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1 Introduction

1.1 Executivesummary

The algorithm development targets the specific technical requirements identified in Task 1 of the @rgect
expandsupon the work initiated during phase In phase 1, the Algorithm Theoretical Basis Document (ATBD)
[AD4]was firstdeveloped,and current document represents the comtiation of thedevelopment.The current
activity focuses on refining antesting the algorithm blocks in the processing chadentified by the Earth
Observing Science (EOS) teafich includes the optical processing chain, SAR processing chain, fusion chain,
and change detection. The optical ppeocessing chain follows the same logical steps established in phase 1, but
with adjustments aimed at improving both the quality of thptical compositegyeneration and classification
together with reducing computational costs. In the SAR processing chain, igapsta distribution are
highlighted, particularly due tthe need to addresghe limited availability of thedata back in time This phase
incorporates a deep learning network applied to multitemporal SAR da#dysis TheDecisionfusion chain is

being extended to reduce and mitigate residual artifacts observed in the phase 1 products, ensuring better spatial
and temporalkonsistency. Lastly, the change detection process is being refined to enhance feature selection and
reduce computational burden, further improving efficiency in detecti@hanges across the study aredkis

version of thedocument hidplights several promisig algorithms but more concrete insights will be provided

after in the next versions of the documefithe activities developed on different extensionpbhise 1 activities

in two cycles can be summarized as follows:

1. Reprocessed Phase 1 historical products: generation of an improved version of historical products of
Phase 1 through improvement of the enhanced sensor decision fusion, spatial and temporal
harmonization modules of the processing chain. The starting pafirthe reprocessing will be the
intermediate products (from hereafter called meta products) consisting of the-piiga clasgposterior
probabilities generated by the SAR and Optical processing chains during Phase 1. Therefore, the SAR
and Optical procssing chain will not be run again on the already produced areas and years, minimizing
costs, and allowing the team to better focus on the temporal consistency and change detection
reliability, as well as on the new area and years that will be produced.

2. Historical production on a newelected area: improved SAR and Optical processing chains will be
defined and run on the new selected area in addition to the previously mentioned enhanced sensor
decision fusion, spatial and temporal harmonization modules. Note that the same sensoonlé&csson
and the spatial and temporal harmonization modules will be used for botproeessing Phase 1
products and for generating new Phase 2 products to generate compatible and consistent products.

3. Historical (forward) production of ye024 for all the considered areas: Phase 2 will develop a different
concept used for the historical production when considering the extension to years following 2019. In
Phase 1, a backward approach was taken, producing static maps for 2019, and then m@ceed
backward for the historical production. Instead, Phase 2 will consider a forward approach to produce
historical maps that extend forward in time after the static maps of 2019. The production of the year
2024 wil be performed on the same historical areas considered in the backward approach. The
backward and forward approaches will differ not only for the temporal direction, but also for the spatial
resolution and data availability. Indeed, we can refer to thekveard phase as the Landsat Era,
characterized by the 30m spatial resolution and reduced data availability, and to the forward phase as
the Sentinel Era, characterized by a 10m spatial resolution and a higher availability of satellite image
data. This alsteads to some differences in how the temporal correlation will be exploited, as in the
Landsat Era more inconsistencies are expected in the meta products due to the use of different sensors
and to lower data resolution, availability, and quality, requiridifferent levels of regularization
between the two eras.
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1.2 Purpose and scope

The ATBD outlines the algorithms used in the processing chain to generate the land cover products described in
the PSOAD?2] Its purpose is to provide a clear understanding of the processing workflow. ATBD version 1.0
presentsrefining and testing of the beslgorithm candidates identified for implementatiofReedback from
ongoinganalysis will be incorporateid the next version of the documenénsuring that the selected algorithms

meet thetechnical requirements

The main blocks of computation can be identified as:

= =4 —a 8 4 _a_9a 9

Optical preprocessing.

SAR pregorocessing.

Training dataset.

Multi-sensor geolocation.

Optical data classification.

SAR data classification.

Decision fusion.

Multitemporal change detection and trend analysis.

1.3 Applicable documents
Ref. Title, Issue/Rev, Date, ID

[AD1]
[AD2]
[AD3]
[AD4]

CCI HR Technical Proposal

CCI_HRLC_PB2.2_PSD, latest version
CCI_HRLC PBA.1 URD, latest version
CCI_HRLC_PRbR.2 ATDBlatest version

available athttps://climate.esa.int/en/projects/highresolutionland-cover/keydocuments/

1.4 Acronyms and abbreviations

3DFCN 3-Dimensionat Fully Convolutional Network

6S Second Simulation of a Satellite Signal in the Solar Spectrum

AC Atmospheric correction

AMI Active Microwave Instrument

AOT Aerosol Optical Thickness

ARD Analysis Ready Data

ASM Angular Second Moment

ATBD Algorithm Theoretical Basis Document

BEAST Bayesian Estimator of Abrupt change, Seasonality & Trend

BFAST Breakd~or AdditiveSeasona& TrendBayesian Online Change Point Detection
BRDF Bidirectional Reflectance Distribution Function

BOCPD Bayesian Online Change Point Detection

CCl+ Climate Change Initiative Extension

CFmask Cversion of Function of Mask

CGLS Copernicus Global Lar8krvice

CGL&.C100 Copernicus Global LargkrviceEDynamic Land Cover map at 100 m resolution
CNN Convolutional Neural Network

ConvLSTM Convolutional Long Shefiterm Memory

CRG Climate Research Group

Csl Cloud Shadowndex

DEM Digital Elevation Model

DL Deep Learning

DN Digital Number

DEM Digital Elevation Model

DSM Digital Surface Model

DuPLO DUal view Point deep Learning architecture for time series classification
ENL Equivalent Number of Looks
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HRLC10
HRLC30
HRLCC30
IP

W

k-NN
L-5/7/8/9
L1C

L1

L2A

L2
LaSRC
LC

LCC
LEDAPS
LDP
LPF

LSP
LSTM
LUT
MCMC
MEaSUREs
MGRS
MHCVA
MMSE
MODIS
MOLCA
MRLC
MSI
MSS
MSSI
MLCNN
NASA
NBR
NDBI
NDI
NDSI
NDVI
NDWI
NIR

OA

OLl

PCA
PSD

European Space Agency

Enhanced Thematic Mapper

Enhanced Thematic Mapper Plus

Fully Convolutional Networks

Function of Mask

Framework for Operational Radiometric Correction for Environmental monitoring
GrayLevel Cédccurrence Matrix

General Regression Neural Network

Ground Range Detected

Gated Residual Unit

NASA Goddard Space Flight Center

Global Positioning System

Harmonized Landsat Sentir2|

HighResolution

CCI High Resolution Land Cover Map at 10m resolution of 2019
CCI High Resolution Land Cover Map at 30m resolfroom 1990 onwards every 5 years
CCI High Resolution Land CobangeMap at30m resolutionfrom 1990 onwards
Image Patch

Interferometric Wide Swath

k-Nearest Neighburs

Landsats/7/8/9

Sentinef2 Level 1C Top of Atmosphere product

Landsat Level 1 Top of Atmosphere product

Sentinef2 Level 2A Surface Reflectamreduct

Landsat Level 2 Analysis Re&@ita product

Landsat Surface Reflectance Code

Land Cover

Land Cover Change

Landsat Ecosystem Disturbance Adaptive Processing System
Local Directional Pattern

LowPass Filter

Land Surface Phenology

Long Short Term Memory

LookUp Table

Markov Chain Monte Carlo

Making Earth Science Data Records for Use in Research Environments
Military Grid Reference System

Multi-feature Hypertemporal Change Vector Analysis
Minimum MeanSquare Error

Moderate Resolution Imaging Spectroradiometer

Map Of LC Agreement

Medium Resolution Land Cover

MultiSectral Instrument

Multispectral Scanner

Mean Structural Similarity Index

Multi-Layer Perceptron Neural Network

National Aeronautics and Space Administration

Normalized Burn Ratio

Normalized Difference Buiddp Index

Normalized Difference Index

Normalized Difference Snoand Icelndex

Normalized Difference Vegetation Index

Normalized Difference Water Index

Near InfraRed

Overall Accuracy

Operational Land Imager

PrincipalComponent Analysis

Product SpecificatioBocument
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PSNR
RABASAR
RBF
RD
RelLu
RGB
RNN
S1/2
S2AC
SAR
SAVI
SCL
SIFT
SITS
SLC
SNAP
SR
SRTM
SVM
SWIR
TempCNN
TIRS
™
TOA
TS
TSA
UEXT
UTM
VH
VHR
\AY,
WSL

Peak Signab-Noise Ratio
RatioBased Multtemporal SAR Images Denoising
Radial Basis Function

Range Doppler

Rectified Linear Unit

Red, Green, andBlue optical bands
Recurrent Neural Network
Sentine}l/2

Sentinel2 Atmospheric Correction
Synthetic Aperture Radar
SoitAdjusted Vegetation Index
Sentirel-2 L2ASceneClassification Layer
Scalelnvariant Feature Transform
Satellite Image Time Series
Scanline corrector

Sentinel Application Platform
Surface Reflectance

Shuttle Radar Topography Mission
Support Vector Machine

Short WavdnfraRed

Temporal Convolutional Neural Network
Thermal Infrared Sensor

Thematic Mapper

Top Of Atmosphere

Time Series

Time Series Analysis

Urban EXa@nt

Universal Transverse of Mercator
VerticatHorizontal polarization
Very High Resolution
VerticalVertical polarization
WeaklySupervised Learning

1.5 List of Symbols

515 N
<

e}

) Ky 1
2

g o c o o)
ogfafm

e}

do:c:€;5_<‘

Convolution operdbn

Dilation operation

Satelliteimage/ multidimensionaltensor
Grayscale image of satellite image band
Number of images in SITS

Timestep of image in SITS

Satellite image tensor at timestepn SITS
Weights of thep  p convolution layers

Pixel location in space and time

Pixel location irspace irthe neighborhood
Imaginary unit

Feature vector/ genericpixel in image)

Scalar [greyscale value of generic pixel in imape
Pixel spectravectorat location "@Q of imagen
Scalar value diandat location "6iQ of imagen
Scalar valuat location "@Q of imagen
Backscattering coefficient at pixeéfiQ

Sant range distance between the radar and the pix@iQ
Matched Filter function

Year in multannual data

Number of years

Total number obands

Width of satellite image
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LT

EC:

Height of satellite image

Width of kernel

Height of kernel

Azimuth filter

Watershed function

Calibration constant or Scaling factor
Calibration facto/ SVM parameter
Number of land cover classes

Total number of pixels

Total number of pixels in the neighborhood
Total number of features

Shape parameter

Fourier transform

InverseFourier transform

Training dataset

Number of training samples

Land cover label

Loss function

Neighborhood defined by the kernel size
Empirical risk

Local incidence angle for pix&iQ

Model parametersector

Hyperplane

Functional margin

Geometric margin

Kernel function

Noise variance (constant)

Cluster of the NN algorithmy SVM slack variable
Energy function

Potential function
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2 Processinghain overview

The CCI HRLC project will deliver toc¢hmate community regional land cover (LC) and land cover change (LCC)
products over three areas in Africa Sahel band, Amiazamd Siberia URPAD3] LC maps will be provided at
10m resolution fowstatic mapof 2019(HRLC1(nd at 30m resolution for thbackwardforw ard historical record

of LC and LCC from 19&02024every five year§or HRLC30 angearlyforHRLCC30rhe higkresolution (HR)
classification legend as agreed by the Consortium is listed infAIRE)} The processing chain, outlinedRigure
landFigure2, was initiallydeveloped during phase 1 and operatedependently without relying on prexisting

LC products

e e
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1
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1
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! |
! | — D Fusion Processors
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database
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£ L
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1 ' «
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Figure2. Blockbased representation of the processing chain for the production of historical HRLTaps.

Optical multispectral imagery is the main source of data as input for the classification. The optical processing
chain is consistent with thegossibility to work mainly with images at 10/30m resolution and generating an output

at 10/30m, based on multitemporal multispectral data frorR2 &nd E8/9 in the recent years and legatyb/7/8

data in the past. The SAR processing chain wilinfpéementedmainly for Sl in the recent years, and ERS and
ASAR data sets in the past (whenever and wherever HR mode data are available). Microwave data sets are useful
for classes where SAR has proven to be accurate at medium resolution, such as water bodiEsstaidines,

and the option to use SAR for urban areas is considered as well. The products obtained by the optical and the
SAR processing chains wiilen be integrated in the data fusion module in order to produce the final HRLC
products. This design choice of fusion at the decision level makes it possible to develop advanced and ad hoc
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processing approaches for optical, SAR, and multisensor data, while keeping the system modular and scalable.
The output products will be theanalysedn the multitemporal change detection and trend analysis block for
identifying different change components to be used for the historical time series HRLC products every 5 years.

Final high resolution land cover classification legend defined by the Climate Research Group (CRG) for the choice
of the best performing classification algorithm is showi ablel.

Tablel. Final high resolution HR Land Cover classification legend defined during the HRLC project activity.

CODE DESCRIPTION
No data

Tree cover evergreen broadleaf

Tree cover evergreen needleleaf
Tree cover deciduous broadleaf

Tree cover deciduous neadleleaf
Shrub cover evergreen

Shrub cover deciduous

70 Grasslands
80 Croplands
Woody vegetation aquatic or regularly flooded

Grassland vegetation aguatic or regularly flooded

110 Lichens and mosses
120 Bare areas
- Bu”t_up
Open water - Open water seasonal
- Open water permanent
150 Permanent snow and/or ice

3 Opticalpre-processing

The optical preprocessing follows the samlegical stepsusedin Phase lasreported in the ATDBAD4]
Nonethelesswe plan onadjustments aimed at improving thrguality of thepre-processinghainoutput (i.e., the
optical composites), and theomputational costs associated wiih The followingwill describethe theoretical
basis for the optical prprocessing chain, witladditional details on the proposed improvements under
investigationand the relatedmotivations.

Cloud/Shadow
Detection
AT

Spectral filtering

L
P N xcom
Seasonal/Annual

Composites 1 Optical

. Composites
|
1
Cloud/Shadow !
Restoration 1
Y !
1

Landsat-5/7/8/9
Figure3. Optical preprocessing chain.

Preprocessing operations are intended to correct for sersod platformspecific radiometric and geometric
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distortions of data and harmonization. Radiometric corrections may be necessary due to variations in scene
illumination and viewing geometry, atmospheric conditions, and sensor noise and response. Each of these will
vary depending on the specific sensordaplatform used to acquire the data and the conditions during data
acquisition. Cloud coverage is a systematic issue related to optical imagery and it requires specific processing
aimed at precisely locating cloud amtbud shadow pixels, with possible tesing steps to recover spectral
information over occluded pixel locations. All the steps needed to prepare optical images for classification, see
Figure3, are detailed in the following sections.

3.1 Atmospheric Correction an€loud/ doud Shadow Detection

The input data to the processing chain are the atmospherically correeBe@@lection 1 data (i.e., L2A products)

and atmospherically correctedd/7/8/9 Collection 2 images (i.e., L2 products., Surface Reflectance (SR)
products Although the data used in the processing chain of Phase 1 are already atmospherically corrected, in
the following subsections we described the algorithms used to generate such products as well as the cloud and
shadows masks. In Phase 2, an alternatieethe original L2Ad L2 productare currently being considered,
whicharebased on FORCH andHLg?2], for the production in the Sentinel Er2015 onward, as they provide
frameworks for seamlessly integrating Landsat and Senfirtglta Theyalso provide alternatie cloud detection
algorithmsthat are beingcomparedwith current operational methodologie3herebre, some details are needed

to understand the key differences of thesgproaches

3.1.1 Sentinel-2 z Sen2cor

TheprecomputedSRproductsin L2A areggenerated usingen2cor TheSen2coiprocessorallows calculation of
atmospherically correcte@Rfrom Top Of Atmosphere (TOA) reflectance images availakl@@products S2
atmospheric correction (S2AC) is based on an algorithm proposf]. imhe method performs atmospheric
correction based on the LIBRADTRAN radiative transfer model preserfdd in

The model is run once to generate a large LUT of sespsexific functions (required for the AC: path radiance,
direct and diffuse transmittances, direct and diffuse solar fluxes, and spherical albedo) that accounts for a wide
variety of atmospheric condins, solar geometries and ground elevations. This database is generated with a
high spectral resolution (0.6 nm) and then resampled \8ithspectral responses. This LUT is used as a simplified
model (running faster than the full model) to invert the rative transfer equation and to calculate ti8R All

gaseous and aerosol properties of the atmosphere are either derived by the algorithm itself or fixed to an a priori
value.

S2AC employs Lambert's reflectance law. Topographic effects can be corrected during the surface retrieval
process using an accurate Digital Elevation Model (DEM). S2AC accounts for and assumes a constant viewing
angle per tile (sutscene). The solar zenittind azimuth angles can either be treated as constant per tile or can

be specified for the tile corners with a subsequent bilinear interpolation across the scene.

The Scene Classification (SCL) algorithm allows the detection of clouds, snow and cloud shadows and generation
of a classification map, which consists of three different classes for clouds (including cirrus), together with six
different classifications fashadows, cloud shadows, vegetation, not vegetated, water and snow. Cloud screening

is applied to the data in order to retrieve accurate atmospheric and surface parameters during the atmospheric
correction step. The L2A SCL map can also be a valuabletinpheg optical processing chaifor further
processing steps or data analy&sg.,composite generation

The SCL algorithm uses the reflective properties of scene features to establish the presence or absence of clouds
in a scene. It is based on a series of threshold tests that use astivgfdilowing TOA reflectance of several

2 spectral bands, band ratios and indexes like Normalised Difference Vegetation Index (NDVI) and Normalised
Difference Snow and Ice Index (NDSI). For each of these threshold tests, a level of confidence is associated. It
produces at the end of the procdag chain a probabilistidloud mask quality indicator and a snow mask quality
indicator. The most recent version of the SCL algorithm includes also morphological operations, usage of auxiliary
data likeDEMand LCinformation and exploit the parallax characteristicsS#? MSI instrument to improve its

overall classification accuracy.

TheS2 SR products are used as the input to the-precessing chain for the statldRLC10 maps production

and the associated SCL is used as starting point for the alodidloudshadowmaslis definition.

3.1.2 Landsat 5/7/8 z LEDAPS, LaSRC

L-5 TM and.-7 ETM+Collection 2SRproductsare generated using the Landsat Ecosystem Disturbance Adaptive
Processing System (LEDAPS) algor{trersion 3.4.Q) a specialized software originally developed through a
National Aeronautics and Space Administration (NASA) Making Earth System Data Records for Use in Research
Environments (MEaSURES) grant by NASA Goddard Space Flight Center (GSFC) and the UNiagyrisitydof

[5]. The software applies Moderate Resolution Imaging Spectroradiometer (MODIS) atmospheric correction
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routines to L1 data products. Water vapor, ozone, geopotential height, aerosol optical thickness, and digital
elevation are input with Landsat data to the Second Simulation of a Satellite Signal in the Solar Spectrum (6S)

radiative transfer models to genate TOA reflectance&sR TOA brightness temperature, and masks for clouds,

cloud shadows, adjacent clouds, land, and water.

L-8/9 OLICollection 2SRdataare generated using the Landsat Surface Reflectance Code (I(@&Ri0h 1.5.0)

which makes use of the coastal aerosol band to perform aerosol inversion tests, uses auxiliary climate data from

MODIS, and a unique radiative transfer mofatp
zenith and view zenith angles are used for calculations as part of the atmospheric correction.

[F{w/
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While both the LEDAPS and LaSRC algorithms produce similar SR products, the inputs and methods to do so
differ. Tablel below illustratesboth.

Table2. Differences between Lands#/7 and Landsa8/9 surface reflectance algorithms.

Parameter

Global Coverage

TOA Reflectance

TOA Brightness
Temperature

SR

Thermal bandsised

in SurfaceReflectance
processing

Radiative transfer model
Thermal correction level
Thermal band units

Pressure

Water vapor
Air temperature
DEM

Ozone

AOT

Sun angle
View zenith angle

Undesirable zenith angle
correction

Pan band processed
XML metadata

Top of Atmosphere
Brightness Temperature
calculated

Cloud mask

Data format

Fill values

QA bands

Identification of clouds, cloud shadows in optical images is necessanC Vhesion ofFmask(GFmaskv3.3.1
has been useth Collection 20 accomplish these tasks for use with images fte547/8/9 [7]. Chnask is a multi

Landsats/7 (LEDAPS)
Yes
Visible (Bandscb,7)

Thermal (Band 6)

Visible (Bands-5, Band 7)
Yes

(Brightness temperature Band 6 is

used in cloud estimation)
6S

TOA only

Kelvin

NCEP Grid

NCEP Grid
NCEP Grid
ETOPO5 (CMGDEM)
OMI/TOMS

Correlation betweerchlorophyll
absorption and bound water

absorption of scene

Scene center from input metadata

From input metadata

SR not processed when solar zenitt

angle

> 76 degrees
No

Yes

Yes (Band 6 TM/ETM+)

CFmaskv3.3.1)
INT16

0

Cloud
Adjacent cloud
Cloud shadow
DDV

Fill

Land water
Snow
Atmospheric opacity

Landsat8/9 (LaSRC)
Yes
Visible (Bandscl7, 9 OLI)

Thermal (Bands 10 & 11 TIRS)
Visible (Bands-TI) (OLI only)

No

Internal algorithm
TOA only
Kelvin

Surface pressure is calculated
internally based on the elevation

MODIS CMA
Not Used
ETOPOS5 (CMGDEM)

MODIS CMG Coarse resolution oza

Internal algorithm

Scene center from input metadata

Hard-coded to "0"

SR not processed when solar zenitt

angle > 76 degrees

No
Yes

Yes (Band 10 & 11 TIRS)

CFmask(v3.3.1)
INT16

0

Cloud
Adjacent cloud
Cloud shadow
Aerosols
Cirrus

Aerosol In


https://www.usgs.gov/land-resources/nli/landsat/landsat-surface-reflectance-quality-assessment
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pass algorithm that uses decision trees to prospectively label pixels in the scene; it then validates or discards
those labels according to scemgéde statistics. It also creates a cloud shadow mask by iteratively estimating
cloud heights and projecting &m onto the groundFmaskalgorithm can also be used witentinel2 images,

and the most recenFmaskv4.6[8] implements strategies foexploiting the parallax effe@s proposed iif9].

3.1.3 Sentinel-2 for HRLC10 Map z SCLCoud Masks Improvement

Cloud and cloud shadow detectitsbased on cloud andioudshadow mas&provided with theS2ASCl(for S

2) andFmaskKfor Landsat). Th®verall AccuracfOA) of cloud and shadow masks provided by S$@A SC84%)

is on average lower than the one providedfiypask(90%)[10]. Therefore, theS2A SCinasks should be further
enhanced to achieve the required accuracy. To this dadng Phase tve adoptedtwo strategies, one for cloud
detection and one for cloud shadow detection and remokat. j i} I8 i}  be the consideredatellite image

TS (SITSWhich includes thé&Yoptical images acquired over a season. The multitemporal pattern associated to
the pixel "@Q of the SITScan be defined as e "GQM "GO he WQ , where o "AQ

o "A%p o @G B o @G represents thecolumnvector ofé spectral values of the pixelfiQ in the
imaged of the SIS For cloud detection, we compute the cloudless backgroBhetimager] for eachseason

[11]:

© dQ 10AT QE® AIGS o ohd @D a o o @M & 6 Q

The difference between thBlue bands of each image from the TS and the background image is computed. The
pixels in the difference image are then clustered into 3 clusters. To understand which from the obtained clusters
belong to cloud cover, the mean of each cluster is comparedtiviblue band mean of the cloudy pixels overall
image. Finally, we merge the obtained cloud mask with the origh28l SCimask. Note that this strategy is
performed only for tiles with a sufficiently large cloud cot@properly model the clustersFigure4 shows the
flowchart of the considered strategy.

Input

Clouds removal Flowchart

s2image  Sen2cor Mask

Sen2cor Mask

Background Removal &
Clustering

Background
Computation
(25% percentile)

TS of S2 Images Bg image

Sen2cor Mask

Cloud Mask
Cloud Spectral Production

Signature
Extraction I —

Sen2cor Masks Clouds Removal
Season

C.Iouds Mask

Clouds Removal

Figure4. Flowchart of theSen2corcloud mask improvement

In order to detect and remove cloud shadows, theud ShadowIndex (CSI)L2] can be used, which is based on
the physical reflective characteristic of cloud shadow. g §mageof i for pixel "@Q is computed by
combining information provided by the NIR and SWIR bands:

Hi o g & "B OY & FEYHOY
To avoid confusion between shadows and water bodies, as they both have very similar spectral signatures
associated with their low reflectance, an additional condition including shorter wavelerigthshe blue band
reflectance, should also lnalysed Thus, the cloud shadow is identified in areas where the following conditions
are fulfilled:

wi @Q I'ﬁE(bi wo {]& i G0 I'E&'.)i 60
m'ﬁdﬁdo'cziﬁé&"ﬁ’fiﬁdén= A/sm @B & 6 Q E& 6 & 6 Q

Coefficients were finduned: _ pfcand_  pft. Note that this approach is performed only for tiles where
there is enough cloud covgand the cloud cover has on average a large reflectafigerre5 shows the flowchart
of the considered strategy.
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Clouds Mask 52 clouds free image

Cloud’s shadows removal Flowchart g

CSl index
generation

e a
Clouds Mask Thresholding™

52 clouds free
image

B2 extraction

Cloud's shadows
Removal

Cloud's shadows mask

Figure5. Flowchart of theSen2corcloud shadow mask improvement and removal

In Phase, this approachs beingre-evaluated against the updated operational algorithm for th2 Sollection

2 masks and the newer versionefnaskA comparisomwill be performed using the recemiulti-temporal global
benchmarkdataset named CloudSEN123], for cloud and cloud shadow detection wit&2. This dataset
provides49,250 & image patches (IPs) with different annotation types: (i) 10,000 IPs withqoiglity pixel
level annotation, (ii) 10,000 IPs with scribble annotation, and (iii) 292%belledIPs. Theabellingphase was
conducted by 14 domain experts using a supervised active learning systagorous fourstep quality control
was designedo guarantee high quality in the manual annotation phase. Furthermore, CloudSEN12 ensures that
for the same geographical location, users can obtain multiple IPs with different cloud coveragefre®(@Pb),
almostclear (&25%), lowcloudy (2%45%), midcloudy (4%65%), and cloudy (>65%), which ensures scene
variability in the temporal domaiTherefore, CloudSENp2ovidesa reliable benchmark for precisedyaluating
different cloud detection algorithms.

3.1.4 Harmonized Landsat Sentinel-2 data

Since the launch dhe first S2 satellite, bothS2 and Landsat missions acquired large volume of data over the
globe, potentially increasing the temporal density of the acquisitions that can be consideredrfanalysis.
However, the integration of the data of thes@o missions comes with its challenges related to the different
characteristics of the sensors onboard the different satellites: this reason, during Phase 1 thekda were
used separately to generate the intermediatsults anccombinedat decisionfusion/cascaddevel(i.e., HRLC30
20152019.
In the last few yearsthanks to the more maturestate of both Landsat an&2 missions international
collaborations delivered a new dataset fully focusedadifferent processing of the Landsat ag& datato
provideseamless producthat bridgethe gapbetween the two missionghe Harmonized Landsat and Sentinel
2 (HLSYataset[2]. HLSs a NASA initiative aiming to produce a seamless surface reflectance record from the
Operational Land Imager (OLI) and Mdfectral Instrument (MSI) aboatdd/9 and S2A/B remote sensing
satellites, respectively. The HLS products are created from a set of algorithms:
1. Atmospheric correctionLaSRC is used for both Landsat and Ser2ihelel lacquisitions.
2. Cbud and cloueshadow masking-mask version 4 is used for battissions.
3. Geographic ceregistration and common griddingSentinel2 bands areresampled to 30m, while
Landsabands are reprojected and resampled to match the Sentinel 2 MGRS tiling grid
4. Bidirectional ReflectanceDistribution Function (BRDF) normalizatioihe view angle effect on surface
reflectance is noticeable even for narrow fiedlview sensors like Landsat ag®, especially where
forward scattering and backward scattering are concerned. HLS normalizes the view angle effect in the
Landsat52 common bands and th&2 rededge bands using thefactor technique and the global
coefficients providedn [14], [15]}
5. Bandpass adjustmentThe small differences between MSI and OLI equivalent spectral bands are
adjusted. The OLI spectral bands are usetkference to which the MSI spectral bands are adjusted.



Ref D2.2- ATBD

&% esa Issue Date Page

1.1 16/12/2024 15

high resolution
land cover

The bandpass adjustment is a liné@nsformationbetween equivalent spectral bandseeTable3).
With four sensors currently in this virtual constellation, HLS provides observations once every three days at the
equator and more frequently with increasing latitude.
This dataseis currently under study for being used in the production of Pha#R2C30 and HRLED mapsThe
use of this dataset can be particularly benefittaproducehistoricalmaps at 30m resolutioranging from 2019
to 2024for HRLCC30 for all areas, for the HRLC38-20192024 maps of the new extended Amazonia area
PSOAD2]and for the updated HRLC30 2024 mapshistorical areas in Siberia and Africa SaNelte that this
datasetcontains only-8/9 data, thughis can only be useddm 2013 onward.

Table3. Coefficients of linear regression used to adjust Senti@dl/B MSI to Landsat 8/9 OLI.
Sentinel2A Sentinet2B

HLS Band Name OLI Band Name MSIBand Name

Slope Offset Slope Offset

(oastal Aerosol 1 0.9959 -0.0002 0.9959 -0.0002
Blue 2 2 0.9778 -0.0040 0.9778 -0.0040
Green 3 3 1.0053 -0.0009 1.0075 -0.0008
Red 4 4 0.9765 0.0009 0.9761 0.0010

NIR 5 8A 0.9983 -0.0001 0.9966 0.0000
SWIR 1 6 11 0.9987 -0.0011 1.0000 -0.0003
SWIR 2 7 12 1.0030 -0.0012 0.9867 0.0004

3.1.5 Framework for Operational Radiometric Correction for Environmental monitoring

As an alternative solution to the use of ptemputed SR productsye are investigating the use of FORCE
(Framework for Operational Radiometric Correction for Environmental monitpfiglt provides arall-in-one
processing engine that caaompute SR products as well as cla@undi cloud shadow masksr both Lamsat and

S2 images in a unified framewarKhe algorithnfor cloud detections based ofrmaskmodified withthe latest
improvements(e.g, S2 parallax effectexploitatior). FORCE provides a tofar generatinga dataset that
integrates Landsat and Sentir@hcquisitionsthus, it is a direct competitofor HLSFORCE AC6] resembles

the techniques used for Landsat datRadiometric correction includes radiatimransferbased atmospheric
correction. Aerosol optical depth is estimated over dark water and dense dark vegetation objects using multiple
scattering. Water vapor is estimated for ea@® pixel; auxiliary data are used for Lands@bpographic
correction is performed with an enhanceec@rrection TheGfactor is estimated for each pixel in the image and
then propagated through the spectrum using radiative transfer theory. Three kernels of increasing size are used
to approximate the background reflectance for environment correctidiadir BRDfadjusted reflectance is
retrieved using a global set of MOBI&rived BRDF kernel parameteFsgure6 shows the flowchart oFORCE

for the generation ofAnalysis Ready Data (ARI®, SR, and the related cloud masks.

file queue DEM WVDB bfl:sti_m

- [ ——— ——— -

 J A 4

Cloud detection

pull

A 4

Level 1
data pool

Level 2
ARD

Radiometric
correction

Data Cubing

Figure6. Flowchart of FORCEC cloud detection and generation ARDE., SR) product$or Landsat and € data.
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Figure7. Example of Data Cube ofi/8 and S2 Level 2SRas generated by FORCE.

3.2 Spectral Filtering

The spectral filtering aims to detect and remove the outlier present in the optical images. To this end, in this step
we discard thereflectance values higher than the 0.999 quantile and lower than the 0.001 quantile of each
spectral band. All the images considered in the experiments have cloud coverage less than 40%. In order to
mitigate any possible effect of clouds and shadow presenthe image, they have been detected by uding
availablecloudmaslksand discarded from the quantitative evaluatidh2 bands at 60m resolution are discarded

and 20m resolution bands are tgampled to 10m resolution by replication.

3.2.1 Landsat-7 SLCoff
The scadine corrector (SLC) of the Land§aEnhanced Thematic Mapper Plus (ETM+) sensor failed in 2003,
resulting in about 22% of the pixels per scene not being scanned. The SLC failure has seriously limited the
scientific applications of ETM+ daféhisproblem affects the considered composite strategy when the available
acquisitions are scarce and come mainly or only fief(e.g., Africa 2005 and 2010)o avoid affectingthe
composites and the classifiation (i.e., striping in the composites and in the landver maps), a gafiling
strategy based on interpolation has been used to fill in the values of the missing pixels. While accurate spatial
information is not retrieved, thesubsquentcomposite strategy is able to partially retrieve it by exploiting the
multitemporal acquisitions. Even though the spatial detail might be reduced, this strategy results in improved
spectral uniformity and consistency across pixels in the composite. Thi®ved the performance othe
classifier, which uses the spectral bandstagrimary featuresThis step is currently under upgrade in Phase 2
to improve the radiometric and geometric properties of the ¢géling operator.We areconsideringimages
acquired just before and after the image of interestpgmvide spatial information within theaffected stripe.
Then, we will consider approachesconstruct the stripe based on the radiometric properties of 1beal
neighbourhoodn the image of interestAn example of such strategy in the literature is IROB{16], a method
that utilizes theNeighbourhoodSimilar Pixel Interpolator to fill in missing values and leverages thederies
information to reconstruct higlesolution imagesTherefore, ly combining thespatial information ofclose
acquisitionsand the radiometric properties of the image of interest, we expect to be able to further improve the
reconstruction qualityFigure8 shows a qualitative example ghpfilling that can be obtainegith IROBOT
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Figure8. Comparison gamplefrom [16] of different gapfilling methods (a) Landsat 7 OLI image. (b) The reconstruction
image of IROBOT method proposed[it6]. (c) The reconstruction image of LineROBOT method. (d) The reconstruction
image of IDWROBOT method.

3.3 Composite Generation

When working at large scale, it is necessary to harmonizd 8oéimages acquired over different tiles which are
characterized by different lengths and are acquired at different times. This is mainly due to the irregular cloud
coverage (which hampers the use of some images of the-tiemes) and the different orbiticquisitions
(different temporal sampling). To solve this problem, in the-precessing step we generate monthly, seasonal
and annual composites. This condition allows us to mitigate clowdusions problem and minimize the
processing resources. To this end, we consider a staliased approach that computes the median value for
each pixel. This approadangenerate consistent results at large scale in an automatic way by sharply reducing
the spatial noise. Let) i} I8 M  be theconsideredSITSwvhich includes the optical images acquired over a
month, a season or the whole year(, according to the sensor and the considered study area). The j{iI
of the compositen is generated by computing the baswdse median of the clouffee multispectral pixels
of the SIT&s follows:

© Qp - AAEHIADp ho AWp B o "Gp

o @ - AAEATAEN o @0 B o @

é
o A - AAESTAD ho AX B o Q@

Qoud, cloudshadow and snow mask pixels are ignored during median computdtae4 summarizes the kind
of composite generated per study area according to different opseakors Due to the increased revisit time
of S2 (5 days) with respect to Landsat (16 days), denser-genges are available for 2019 that can be used to
generate monthly composites. In the case of Sentinel datadRLC10ver Amazonia and Africa, we computed
12 monthly composites. Due to dense cloud coverage over some regions, each monthly composite is computed
usinga buffer of 15 days around the considered morith.( February is computed with data from*13an to 1%
Mar). This conservative choice allows us to sharply reduce the probability of having cloudy pixel$ $hFRbe
S2 data over Siberia, we generate yeadgmpositesdue to heavy cloud and snow coveragmblemswhich
hampered the use of images acquired for most of the year. Hence, the Siberian yearly composite is computed as
the median of data acquired in July and August.
In the case of Landsat dafiar HRLC30we similarly consider yearly composite for Siberia, which is computed as
the median of data acquired between April and September. Finally, for Landsat data over Amazonia and Africa
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we compute four seasonal composites considering the optical data acquired in the following months: (i) January
¢ March, (i) Aprik June, (iii) JuhSeptember, and (iv) OctoberDecember.

For the new products to be generated in Phase 2, both LandsaB2nithages(within HLS or FORQCHI)I be
considered for the composite generation over the extended historical area in Amazonia and the historical in
Africa and Siberia maps for the period 262@®4. Thisallows usto have an even denser time series, thus
significantly improving the composite quality over the areas.

Table4. Composites generated for the different study areas according to #ivailability of cloud free optical images.

Area Sentinel 2 Landsat 5/7/8

Siberia Yearly (July August) Yearly (Apri September)
Amazonia 12 Monthly Composites 4 Seasonal Composites
Africa 12 Monthly Composites 4 Seasonal Composites

3.3.1 Additional compositing strategies

In Phase 2alternatives to the Phase 1 bangise median approachre being investigatedlhe main drawback

of the median approach of Phaseate it being computationally demanding aritl not always generating
representativevalues of theemporal range consideredndeed, the median values of each band may not belong
to the same acquisition, thus the tempdnaosaicwould not depict a real spectral signature for themporal
range considered A solution to this problem is to change the approach to the selection of the most
representative imagéor each pixel. Such an approach guarantees that eat ipixhe temporal mosaic reports

a real spectrasignature Then, the issue we need to address is the selection of the representadivasnmon
approach isthe medoid[17], widely used folLandsat and more recently also f&82 data[18]. The medoid
computesthe representative object of a data set whose average dissimilarity to all the objects in the data set is
minimal. Thereforetetaining thenotation used beforewe could use it to compute the composfie  for pixel

"6Q from "Yimagesas follows:

e @Q AOCI EQe '@Qhe @Q h
6 h

whereQ e "@IQhe "@AQ isa dissimilarity measuree.g, the Euclidean distance:

Qe "HQhe "GO o @ o don 8

Another alternative tomedian or medoid compositing strategies is the usdhaf Time Series Analysis (TSA)
approach proposed ifiL], depicted inFigure9. The time series can be interpolated / smoothed at custom time
steps. Currently available are linear interpolation, moving average filter, and Radial Basis Function (RBF)
ensemblesTSA not only providea tool for processingITS, but also strategies for aggregating témaporal
information over predefined temporal rangeBhe time series can kifoldedé by year, quarter, month, week or

day, which perfectly align with our requineents for monthly, seasonal (i.e., quarterly) and yearly composites.
The time series can be folded with any available statistics, e.g. mean or m&8iéapproach is already part of

the FORCH] suite of utilities providing a convenientvorkspace foirll the pre-processing operations.
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Figure9. Flowchat of the TSA module of FORCE

3.4 Cloud and cloud shadow restoration

Cloudand cloud shadowestoration is an important step in the opticahagepre-processing part. Although we
considerthe composites instead of original tingeries of images, missing information due to poor atmospheric
conditions €.g, thick clouds and related shadows) or defective sensors may be present in the composites. In the
literature, a large effort has been devoted twlvingthis problem. However, to properly recover missing
information, sophisticated and usually computationally intensive techniques should be used, increasing
significantly the computational complexity of the ppeocessing part. Instead of considering comjiataally
demanding approaches, a simple and effective linear temporal gap filling was employed. In this method the
missing informatioris restored as the average of the spectral values acquired in the previous and the following
images in theéime series If clouds are present in the first or last imageSmS the second or the one before last
image are considered, respectively.

4 SAR preprocessing

TheSynthetic Aperture RadaBAR pre-processingchainaligns with Phase 1 production stemsdocumented

in the relevantATDBdeliverable]AD4] A 10m resolution static map was generated using Senrfirddta, while

mapping land cover (LC) back to 1990 at 30m resolution incorporated SAR data from Ser#iR&8/2, and

ENVISAT ASAR. Sentitislinterferometric Wide Swath (IW) mode data has @hetson of 20x22m with 10x10m
pixel spacing and a iday revisit period since 2015.

For historical LC mapping, SAR Level 1 Precision Image Products (SAR_IMP_1P)litapiHREd ASAR IM
Precision Level 1 (ASA_IMP_1P) from EN\[E®RAivere used Both products provide muliook, groundrange

images with specific corrections to ensure consistency with&FHSdata.

Gaps in data coverage from 1990 to 2015 posed significant challenges, requiring careful data selection for
consistent mappingData gaps particularly affected Amazonia (2015, 2010, 1990), Africa (2015, 1990), and
Siberia (2015, 2000, 1990heTable5 summarizes the distribution of SAR datasets used for producing historical
maps in the three target regiondentified in Phase:1Amazonia, Africa, and Siberia.

Table5. SAR data availability in théhree areasidentified in Phase 1 Amazonia, Africa ad Siberia for the productionof
the historical products at 30m.

Area Year Date range Season SAR historical product # images
Amazonia 2005 01.01-03.31 Winter ENVISAT ASA.IMP.1P 466
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Area Year Date range Season SAR historical product # images
Amazonia 2000 01.01-03.31 Winter ERS_SAR.IMP.1P 396
Amazonia 1995 04.01- 06.30 Spring ERS_SAR.IMP.1P 421
Africa 2010 01.01-03.31 Winter ENVISAT _ASA.IMP.1P 274
Africa 2005 07.01-09.30 Summer ERS SAR.IMP.1P 350
Africa 2000 07.01-09.30 Summer ERS_SAR.IMP.1P 350
Africa 1995 04.01- 06.30 Spring ERS SAR.IMP.1P 323
Siberia 2010 07.01-09.30 Summer ERS_SAR.IMP.1P 895
Siberia 2005 07.01-09.30 Summer ENVISAT_ASA.IMP.1P 315
Siberia 1995 07.01-09.30 Summer ERS_SAR.IMP.1P 548

To process and analyze the available SAR data, custom codes were developed in the Python programming
language. These codes were deployed using Docker containers, enabling automated, pgiadigpendent
execution across various operating systems. This @ggr ensured consistent and efficient processing
workflows, regardless of the underlying computing environment.
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Sentinel-1
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SAR pre-processing chain ERS/ENVISAT
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FigurelO. Block diagram illustrating the processing chain used for fire-processing of SAR data: Sentirefor generating
the static map at a 1M resolution, and ERS/ENVISAT for producing historical maps anar&8olution.

The preprocessing involves several key stegisown in block scheme FigurelO:

9 Orbit File application:Corrects satellite position and velocity for accurate geolocation using precise
orbit data.

1 Thermal Noise removal (for Sentindl only): Enhances backscatter reliability by removing noise,
especially from the crosgolarization channel

1 Border Noise removal (for Sentindl only): Applies a thresholdbased masking approach using a
NoiseMak

1 Radiometric calibrationConverts SAR signals to calibratettkscatter values, enabling comparability
across sensors

1 Geometric Terrain correctionlUses Range Doppler (RD) techniques with a Digital Elevation Model
(DEM) for accurate geographic representation

1 Despeckle filteringReduces speckle noise, improving clarity while preserving details

The initial processing involvesbit file application, integrating satellite trajectory data for geolocation tasks
using interpolation methods like cubic splinesLagrange interpolation to account for irregular time spacing
[21].
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The mnge compression uses a matched filter:

i 60 i0z1Q0
wherei 0 is the rangecompressed signal, 0 is the received SAR signal, atd 0 is the matched filter
function. The azimuth compression uses Fourier transfarms

Y 'Q i ohi o _ ymQtomQ

With 'O "Q asthe azimuth matched filter. The final SAR imdgis reconstructed as&= | ©
Thermal noise correctiolis performed using:
&) . a0 ede ¢ dq,

Where @ . "f1Q is the noisecorrected pixel intensity at location@Q; & "fQ is the SAR piel
intensity (output of the orbit file applicatiorstep) at location "HQ, and¢ "@Q represents the thermal noise
estimate forthat pixel For SAR data like Sentirlelthermal noise removal often involves using noise vectors
from the providedmetadatanoise.xml fild22]. Effective noise removal normalises the backscatter signal across
the entire scene, crucial for mu$iwath acquisitions to minimisdiscontinuities between subwaths.[23].

Tools like SNAP facilitate thermal noise removal for Senrtirgdta by providing a specialised operafa4],
capable of updating product annotations and handling LogkTables (LUTSs) for calibrated noise profiles. This
enhances image coherence and quality for various remote sensing applications.

Toremove border noise athresholdbased masking approach is commonly uf2sl. The basic concept is to

set the pixel values at the borders of the SAR image (where the noise is prevalent) to zero or to interpolate the
values based omeighbouringpixels. To remove border noise in Sentirkl the NoiseMaskincluded in the
metadata, which flags areas affected by noise, is utilisfdARprovides algorithms to remove border noise,
enhancing overall image quality by filtering out lawensity artifacts at the edgg6]. This improvement is vital

for applications such as land cover mapping, where edge effects can lead to inaccuracies

Radiometric calibration converts the corrected da¢q. >y gl to the backscattering coefficient

. @Q [22], representingthe radar reflectivity of target surfaces

0 ® _ qQ 6
" o 2o

AT 06

Whered and6 are calibration factorsY "fiQ is the slant range distan@nd| "@Q is the local incidence angle
for the pixel "@Q. For Sentinell data

, d e QB DA QDI OO VEE 0DHDO £ i

Thegeometric terrain correctionaligns pixels to geographic coordinates using a DEM, correcting distortions like
foreshortening and shadowin@71]:
- h
” 'ﬁQ - = 1

Preprocessing ensures higjuality SAR data for applications such as land cover classification and environmental
monitoring, using tools like the European Spaaency (ESA) SentirelToolbox in SNAP. Further details are
available in the SNAP Wjk#4].



Ref D2.2-ATBD high resolution

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

1.1 16/12/2024 22 =

4.1 Application of theDespecking Algorithm

SAR images are inherently affected by speckle, a "dikigé signal that arises from the coherent nature of
electromagnetic scatterin§28]. Although speckle contains some information about the illuminated surface, it
degrades image quality and impairs the performance of scene analysis tasks, such as segmentation and
classification, typically carried out by automated systems. To addresisshis, a range of filtering techniques

have been developed to reduce speckle significantly while preserving important scene features, including
radiometric and textural information.

Speckle is a multiplicative noise, meaning its intensity is proportional to the local grey level of the image.
Therefore, speckle filtering is essential to suppress noise and enable better interpretation and analysis of
backscatter data. However, it is cial to recognize that speckle filtering can also unintentionally remove
valuable information related to key land surface characteristics, such as soil moisture, biomass, and flood extent.
Thus, the goal of an effective speckle filter is to minimize nwit®out sacrificing important image structures.

There are several techniques for speckle removal, and each method involves aoffdaetween noise
suppression and preserving spatial resolution. One of the earliest and most widely used methods is the Lee filter
[29], which was designed to reduce speckle while retaining essential fed@0ks

Another advanced technique is tinseriesbased processing, which leverages a sequence of SAR images
captured over time. In recent years, multitempomspeckling has emerged as a more effective approach,
exploiting timeseries data to address spatial denoising challenges while preserving spatial resolution. This
method benefits from the increasing availability of SAR t8eges, and it is commonly imgrhented in advanced
processing pipelines, such as those available in Docker containers that support both the classical Lee filter and
more sophisticated multitemporal filters. These multitemporal techniques are particularly useful in applications
where spdaial detail is critical and must be preserved while reducing noise over a series of observations.

In summary, speckle removal is a critical step for improving SAR image interpretability, but it requires balancing
noise suppression with thereservation of key scene features. The use of multitemporal methods represents a
significant advancement, offering enhanced results compared to traditional simgige techniques.

Lee speckle filtering

4.1.1 Lee Speckle Filtering

The Lee filter is an adaptive filteritgchnique specifically designéareducespeckle noise iBynthetic Aperture
Radar 8ARiImages. listhe first modetbased filter for this purposdyased orthe Minimum MeanSquare Error
(MMSE) algorithmBYy transformingnultiplicative speckle noise into additiveise, the Lee filter facilitatemore
effective analysis Localstatistics such agnean and variangeare computedwithin a userdefined windowto
determine thenew intensity valugb "@Q for each pixel ‘@Q is determined using:

wdQ *EQ 1 "Wown'de ¢ dQ
Where* "6IQ representthe local mearat pixel "‘@Q, and] "@Q is the weighting factor given by:
1 "6Q

Here,, "@Q is the local variance of the pixeéliQ, and— is the noise variangavhich isassumed costant
across the imagand nd is determined by the Equivalent Number of Looks (ENL):

ENL reflects the level of averaging applied to mitigate speckle noise and influences the filter's smoothing effects;
a higher ENL results in more aggressive smoothing, while a lower ENL retains more detail but some speckle. Users



Ref D2.2-ATBD 1 high resolution

\&\E\i esa Issue Date Page -" land cover

1.1 16/12/2024 23 =

can experimentally adjust ENL to balance noise suppression with image detail preservation, making the Lee filter
adaptable for various SAR image characteristics and applications.

Recentresearch has highlightetthe effectivenesf the Lee filterin enhancing SAR image qualityiimproving
speckle suppressiomhile maintainingspatial detail Studies suggeshat modifying the window size of the filter
based oninput imagecharacteristics can significantgnhance speckle reduction. Ostudy employed neural
networks to predict optimal filtering parametertgading to improvedmage quality and reduced speckle in
Sentinell SAR imagd80].

Severalnvestigationshave exploredombiningthe Lee filter with advanced techniques. Fustance, integrating
the Lee filter with nodinear diffusion and fusiovased thresholding methodkas shown effective speckle
suppressiomwhile preserving edgdetails outperforming traditional filteringechniques on variousetrics[31].
Another approach utilisedliscrete wavelet transformalongsidethe Lee filter achievingeffective noise
reduction whilemaintaining crucialmage featuressurpassingonventionalmethods[32].

Studies[33] and[34] indicatethat using a moving kernel size of 5x5 or @khievesan optimal balance between
speckle suppression and the preservation of image details and texfTines_ee filters recognisedor its ability
to maintainprominent edges, linear features, point targets, and texture informatachieved byminimising
mean square error ousingweighted leassquaresestimation techniques

4.1.2  Multi -Look Speckle Filtering

Multi-look processing is prevalenttechnique inSynthetic Aperture RadaSAR imaging,renowned for its
effectiveness in enhancingnage qualityby reducingspeckle noisgan inherent granular disturbance that
complicates fine detaihterpretation. This process involves averaging multipldependent views of the same
scene, either in the range (horizontal) azimuth (vertical) direction, or both, resulting in a smoother and more
coherent imageHowever, this averaging leads to a tradff: while the image becomes less grainy, its spatia
resolution diminishes, causing fine details to be slightly blurred. This compromise is often acceptable, particularly
for applications such as terrain mapping, object detection, and environmental monitoring, allowing for flexibility
depending on the degtd outcome of SAR image analysis

@) (b) (©

Figure11. Principle of multlook processing (a), acquiring a point on the ground from separated integration intervals
(synthetic antennae) (b) andorresponding singléook images with range axis oriented along different squint angles (c).

In SAR imagingxtended illuminatioroccurs because of tHew directivityof the radar antennacausingpecific

ground points to beilluminated fordurationssignificantlyexceedingthe integration time.As shownin Figure

11(a) agroundpoint is illuminatedasit moves througthe antenna lobeleading to the computation of multiple
images for different integration intervaldjustrated in Figurel1(b). Due to different observation angles, the
"range axis" of these singleok images does not align without proper geometric correctespecially when the
platform's trajectory deviates from a straight line, necessitating an accurate geometrical model for alignment.
Since each integration interval involves distinct observation angles, the "range axis" in these images, often
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referred to as "singldook images," does not align without appropriate geometric correction, as demonstrated
in Figurell(c). This mismatch is particularly pronounced when the platform's trajectory deviates from a straight
line, necessitating a precise geometrical model for accurate alignment of $irddémages.

Multi-look processingeffectively reducesspeckle noisecaused bydiffuse reflectionsfrom rough surfaces.
Speckle noisés independent across singleok images derived from neoverlapping integration intervals. By
coregistering and averaging multiple singgek images within the same coordinate system, a smoother multi
look imagds created. Neverthelessertain textures, particularly those with fractke surfacesmayretain their
graininessdespitethe number of looksawveraged, underscorintpe importance of understanding the statistical
characteristics ofexturesin the context of speckle reductidB5].

The multHlookintensity imagen “61Q is obtained by averaging the intensities of théndependent looks:
N & e
@ Q0 5 W "AQs

Wherew "61Q is the complex value of thi-th independent looksy Qs represents the intensitysquared
magnitude of the complex vallieand 0 is thetotal number ofthe independent looks.

Speckle noiseollowsa multiplicative noise modeThevariance of speckle noise the multi-lookimage,A_ , is
reduced compared to that of the singleok image/; ,as quantified by

AsD increasesspeckle noise decreases, enhancing image quality but reducing spatial resolution. The relationship
between the resolution of thenulti-look image= = and that ofthe singlelook images; . s given by

L ok

Thus, whileincreasing the number of looks resultsarsmoother image with reducedbise, it simultaneously
reducesspatial resolutionin summary, multlook processing createan intensity image by averaging multiple
independent looks, effectivelgitigatingspeckle noise at theostof spatial resolution. This techniquedgsucial

in SAR image processinghhancingclarity and interpretabilitywhile highlightingthe trade-off between
improvedimage quality and resolutiortontingenton the number of lookemployed

4.1.3 Multi -Temporal Speckle Filtering

The multitemporal despeckling filter is a denoising approach that leverages abesem framework for
processing multitemporal SAR dathe RABASAR method, which stands for Radéised Multtemporal SAR
Images Denoisindnstead of working directly on the noisy images, it computes a ratio image by dividing each
noisy image by the temporal mean of the entire stack. This ratio image exhibits improved stationarity compared
to individual noisy images, making it easier to reelmoise effectively.

One of the key advantages of this method is that it better preserves thin structures that remain consistent across
time, thanks to the multitemporal averaging. These stable features are maintained with greater accuracy,
preventing them from being smoothealit during the denoising proce$36].

Furthermore, because the ratio images have more uniform statistical properties, applying spehkition
techniques to these images yields better results than directly processing the original noisy images in the temporal
stack. Another benefit is that thamount of data to be processed is reduced by creaticgugerimage &hich

sums up the essential information from the entire temporal stack. This allows the framework to more efficiently
exploit the relevant content in the data, leading to both enhathemise reduction and preservation of critical
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image details across the stack.
The process can be broken down into three key steps:

1. Superimage CalculationThe first step involves generating a "suimage," which is essentially the
result of averaging a series of SAR images over time. This reduces speckle noise while maintaining the
important spatial details of the image. The sujimage can be spatiallyltered to further suppress
speckle noise.

2. Ratio Image CreationOnce the supeimage is calculated, the next step is forming the ratio between
the noisy SAR image and the sujreage. This ratio simplifies the noise structure, making it easier to
denoise compared to directly denoising the original image. The ratménprimarily retains residual
speckle, which is easier to address due to its stationarity.

3. Reconstruction After denoising the ratio image using conventional speckle reduction methods, the final
denoised image is reconstructed by multiplying the denoised ratio image with the -fupge. This
method effectively suppresses speckle noise while preserving trge@metrical and radiometric
information.

Temporal multilooking |+ Computation of the
(arithmetic mean) ratio image:
noisy image attimer _ Ur
super-image =% U
Uy “super-image”
Spatial filtering of
the ratio image
Denoising of the r-th image: (Lee filter)

temporal stack.
of SAR images

denoised ratio
x “super-image”
Pex

Figurel2. Overall process of the multitemporal despeckling method as applied to SAR time series. It visuafiynarizes

the key steps, including the creation of a supgnage from temporally averaged SAR data, the generation of ratio images,
and the final denoising process. This method leverages both temporal and spatial information to effectively reduce speckle
noise while preserving critical structural details across the time series.

RABASAR outperforms many other techniques by preserving fine details, such as temporally stable thin
structures, while achieving a good balance between noise suppression and detail preservation. It has been tested
on simulated and real SAR data (e.g., Behl and TerraSAR), showing improvements over other stadé

the-art despeckling techniques, both visually and in metrics like PSNR (Peak@igoae Ratio) and MSSIM
(Mean Structural Similarity Indexfhe RABASAR framework makes the processir8A& time series more
efficient by focusing on reducing speckle in ratio images instead of the entire-tenltioral stack, and it can

easily adapt to new data as they become available.

According thesheme irFigurel2 andusing its notationThe supeimaged "@Q is computed by averagirthe
SARtime series of spatially registered and radiometrically calibrated SAR images, reducing the speckle while
preserving spatial resolution. If we have a serieSYS!AR images denotegyb "@Q (where "@Q is the spatial
location andois the time index), the supemage is defined as:
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This corresponds to the temporal multioking, producing a reducespeckle image known as the sugserage.

Next, the ratio image, "€IQ is calculated for each image "fQ in the series by dividing the image by the super
imaged "@Q at each spatial locatioh:
wQ

v U
2 1 g

This ratio image isolates the residual speckle noise between the imad#) and the supeiimage. The ratio
image is easier to denoise as it tends toward pure speckle noise when theisgpe closely approximates the
true reflectivity.

The ratio image is processed using a sperddieiction algorithm. Since the ratio image follows specific statistical
properties, often modeled by a gamma distribution, the denoising step is tailored to the statistics of the ratio
image.For a gamma distribution, the likelihood of the speckle noise in the ratio image can be modeled as:

Nz D3"¥g
where"Yis the shape parameter andis the scale parameter.

Once the ratio imagé "@Q is denoised, the final denoised SAR imagéfiQ is recovered by multiplying the
denoised ratio image with the supémnage:

60 "o tHAEQio AQ

Here, tHI@Q is the denoised ratio image, arid "6Q is the final denoised image at tinte
This formulation ensures that both spatial and temporal information is efficiently used, while speckle noise is
suppressed, and important image structures are preserved.

5 Training dataset

Due to the mismgavailability of training data during Phasgallot of effort has been devoted to the preparation

of photo-interpretation activity carried out to define the training sets. In order to generate a representative and
informative training set, atratified random samplingtrategy was carried out to define to the prior probabilities
of the land cover classes, computed according to the 2015 Copernicus Glob&draimgDynamic Land Cover
map at 100 m resolution (CGLE100).This firstsamplng was adopted to generate the phointerpreted
training points for the three static areas of Phaséofl 2019 Africa Sahel, Amazonia and Sibefihese data
collection of each area was performed the EOSnembers UniGE, UniTN and UniPV, respectiVdin, this
dataset served as the starting point for the definition of the photo interpreted dataséall the historical
HRLC30 products for 1990, 1995, 2000, 2@04,0 and2015.Using a backward approadtarting from 2019
each training poinin the dataset has beemither confirmed o rejectedin the precedingyear. In Phase 2, a
photo-interpretation activity will be carried out for the historical area for the 2024 HRLC30 production, and also
in the extended Amazonia area for all HRLC30 yéams2024, a simitaapproach toPhase 1 can be adopted
except in the forward directioni,e., either confirming or rejecting 2019 training poirits2024.The following
subsections describe the training dataset definition adopted in Phase 1.

5.1 Photointerpreted training sets generation

Operational land cover map production over large areas cannot rely on field campaigns because huge amounts
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of costly data have to be collected, most importantly jeopardising the timeliness of the land cover map. In order
to generate the training set used to perform the supervised classification of the considered study areas, a lot of
effort has been devoted tghoto-interpretation activities. Hence, even though existing thematic products
represent a valid source of information, ground reference data are needed to model complex classes (e.g.,
aguatic vegetation types and seasonal shrubs) which require reliabiplea that cannot be extracted from the
outdated coarse thematic products. Although extremely complex and time consuming the reference data allows
the production ofhigh-quality training set which matches the definition of the legend and corresponds to the
exact same time frame (sdégurel3 andFigureld).

To properly generate the training set, which is representative of the considered area, the team first estimated
the prior probabilitiesof the classes by considering the information provided by the €Gl180nap. Then, the
samples to be labelled, were selected according to the stratified random sampling strateggb&haf each
sample was defined byhotointerpretation of both S2 data andSPOTmages in the RR areas. For areas where
SPOT images were not available, we exploited the public veryrésgglution (VHR) Google and ESRI images (i.e.,

50 cm). The labels of tHast level of hierarchy are assigned according to the rules presentdeigaorel5. In
particular, the data wergixelwise labelled thus we avoided thatrong positive correlatiotnetween samples

units, which is the case for polygevise labelling.

B Feature

I trainingSetChecked
= feature id

2 (Derived)

4 (Actions)
Class 70
Level_1
Level_2

e Level_3
%! o Level_4

3663

Figurel3. Training Set Production conducted via photointerpretation.
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Figurel4. Example of number of tiles to be covered by photointerpretation in Amazonia during Phase 1. In Phase 2, the
photointerpretation is being spatially extended according to the Amazonia area extension and updated for 2024.
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Although the photointerpretation represents a valid solution for generating the training set, the legend scheme
reported in Figure 15 presents some discrepancy with a set of classes which can be discriminated by the
considered remote sensing data. For example, it is difficult to separate shrubs and tree cover by heigiRusing
optical imagery onlyAdditionally, differently from the medium resolution no mixed classes are present in the
legend é.g, Mosaic herbaceous cover (>50%) / and shrub (<50%)). Although we are working at 10 m spatial
resolution, the detection of shrubs in the Sentinel 2 images is challengindrigee16). The identification of
deciduous and evergreen shrubland is even more challenging.

Decametric Land Cover
legend Level 1

Vegetated areas
Vgt > 50%
>= 2 months of the year

water persistence

Non-vegetated areas
Vgt < 50%
>= 10 months of the year

water persistence

<4 months >= 4 months <4 months >= 4 months
Terrestrial Aquatic/ Terrestrial Aquatic/
regularly flooded i regularly flooded
Relative dominance = Relative dominance
— i < 9 months >=9 months
(Semi-)natural Artificial/managed Woody Herbaceous e o Bare areas
. life form ife form e Open Water physical state
Life form Life form water (liquid or frozen)
Relative dominance Herbaceous Woody (| Herbaceous Open Snow
vegetation | vegetation t dfor i
Woody| Herbaceous| | Other Cropland aquatic or || aquatic or water |l andforice
reqularly reqularly permanent| permanent
height > 5 m height < 5m Lichen flooded | flooded
and mosses.
Tree
cover’
leaf seasonality leaf seasonality
Evergreen Deciduous Evergreen  Deciduous
Leaf type| Leaf type

Broadleaf | Needleleaf Broadleaf

Shrub cover || Shrub cover|
evergreen || deciduous

Tree cover

Tree cover

Tree cover|

Tree cover|

Figure16. Differ
cover (>50%) / and shrub (<50%). Although we are working at 10 m spatial resolution, the detection of shrubs in the
Sentinel 2 images is challengjnThe identification of deciduous and evergreen shrubland is even more challenging.

Figurel5. The classification scheme of the trainirsgt production.

In the case of the historical training set phdtderpretation activity, and at the same time changing the
resolution of theavailable images from 10 to 30 meters, the team has identified following challenges:
lessHRimages are available;
L-7 images are corrupted;

1
f
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1 spatialresolution of 30m hampers extraction of training points as the spectral information is often
mixed. Moreover, the NDVI and NDWI trends (crucial to differentiate some very similar classes e.g.
grassland vs cropland) are unclear and difficult to interpret.

Considering all the abowmentioned points, the team has decided to update the training set extracted in 2019.
This means to confirm the label assigned to a sample in 2019 or otherwise to eliminate the sample from the
training set. Thus, the training setquuced for the years 1992015 have smaller number of samples compared

to the one used to classify the static méjgurel7 shows a qualitative example of the data used to perform the
photointerpretation for 2005 in Africa.

Figurel7. Many difficulties going back in the past for the phofaterpretation process: (i) less images are available; (ii)
Landsat 7 Corrupted; (iii) NDVI and NDWI trend not clear; (iv) the spatial resolution of 30m.

5.2 Final static training sets generation

While complex classes require reliable samples that cannot be extracted from the outdated coarse thematic
products, existing thematic products represent a valid source of information for the other classes, allowing to
significantly expand the training sahd properly represent the whole areas to map. For this reason, only for the
static map production for 2019, we integrated the training sets delivered through photointerpretation with
samples extracted from the agreement of land cover products availaers@mpling of the complex classes

was performed to keep the training set prior distribution of the lasaler classes constant. Moreover, the
increased amount of training labels unlocked the possibility of exploiting the specific properties of tharakcal |
cover. This can be done by considering the terrestrial ecored®fis which are areas of water or land that
contain characteristic assemblages of natural communities and species. By training a classifier for each ecoregion,
we can exploit the fact that inside an ecoregion the probability of encountering different vegetsgiecies

(which may be mapped in the same class) and communities remains relatively constant. This feature is important
in landcover mapping with remote sensing images, as it allows to mitigate thedtdss variance, a wedhown

issue in remote sensg.
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Figurel8. Amazon static: (a) photanterpreted training set, (b) finatraining sets divided by ecoregions.

Therefore, we combined the photoiterpreted training sets with samples extracted from the agreement of land
cover products availablim MOLCA38], and then divided each area in smaller areas defined by considering the
ecoregions. This was done at tile level and by aggregating ecoregions to avoid excessive fragmentation of training
set.Figurel8shows asnexample the photenterpreted training set and the final training set of Amazonia static
area, respectivelyrigurel9 shows the final division into ecoregions of the three mapped areas in Phase 1. Note
that the ecoregion training sets are slightly larger and overlapping with each other to guarantee consistent
predictions of the land cover on the ecoregion borders.
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Figurel19. Final division into ecoregion for the three mapped areas.

For the historical training datasets, only confirmed photterpreted training points from 2019 were used to
train the classifies. For this reason, it was not possible to consider an ecoregased subdivision as performed
for the static map. However, in Phase &toregions will be taken into consideration also for the historical
production 19962024 in the extended Amazonia argaiven the lager extent of the historical production of
Phase 2 in Amazonian ecoregiorbased approaclhecomes necessaig order to adapthe model to the local
characteristics of the territory.
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Figure20. Terrestrial ecoregion the south America continefhecolourrepresentthe different ecoregion aggregation
considered during Phasewithout the MGRSS2 tile basedcoarsening. Theolouryellow highlightsnew ecoregions in the
extended areaifote that the exact borders are still to bdefined, seePSAD2]), whoseaggregatiorinto largerecoregions
will be finalized once the final borders of the extended area are defined

To this end, we are considering adopting a less coarse division of the area based on the ecoregions, which will
still be aggregated to avoid excessive fragmentatitigure20 shows the ecoregions of the extended Amazonia

area (note that the exact borders are still to be defined, see [RBR2), where the yellow areas refers to new
ecoregions that are going to be added and aggregated in Phase 2. The other coloured ecoregions show instead
the aggregation of ecoregions that has been performed in Phase 1 within the static area.

5.3 Training Set Generation for DL algorithms applied to SAR LC classification

The Map of Land Cover Agreement (MOLCA) was used to create the training set3#tRbe architecture in

the three static areas identified in Phase 1 of the Climate Change Initiative Extension (CCl+) project: Amazonia,
Africa, and Siberia. MOLCA was generated by integrating existing global High Resolution Land Cover (HRLC) maps,
retaining only those areas where all datasets concur on the same land cover class while discarding areas of
disagreement. These disputed pixels are marked as "no data" and getddn the map to prevent the model

from learning erroneous relationships associated with the "no data" class, which would be both useless and
misleading.

Table6. The MOLCA classification legend that aligns with many existing-hégiolution land cover datasets. It consists of
nine distinct land cover classes, which help in the categorization and analysis of land use in the regions covered, including
the Amazon, Aica, and Siberia.

MOLCA label LC type Color

20 Forest

5 Shrubland -
7 Grassland

8 Cropland

9 Wetland ]
1L Lichens and mosses

12 Bareland

13 Built-up

15 Water

16 Permanent ice and snow
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The MOLCA images are structured according td3B¢1C product tiling grid and distributed in GeoTIFF format,
encompassing approximately 117 billion pixels at a resolution of 10 meters. This dataset was produced as part
of the CCIl+ Phase 1 project.

The land cover classes represented in MOLCA are detaileble6, covering the period from 2016 to 2020. The
accuracy estimate for MOLCA indicates an overall accuracy (OA) (386%

Figure21. The seasonal distribution of Sentindlacquisitions for 2021 corresponding to the selected SentiBeiles in the
Amazon region is illustrated for each season: (a) winter, (b) spring, (c) summer, and (d) autumn. This distribution highlight
the varyingavailability of SAR data across different times of the year, which is crucial for accurate land cover classification
and analysis.

Figure22. The seasonal distribution of Sentindlacquisitions for 2021 corresponding to the selected SentiB¢iles in the
Africa region is illustrated for each season: (a) winter, (b) spring, (c) summer, and (d) autumn. This distribution highlight
the varyingavailability of SAR data across different times of the year, which is crucial for accurate land cover classification
and analysis.

Figure23. The seasonal distribution of Sentindlacquisitions for 2021 corresponding to the selected SentiBeiles in the
Siberia region is illustrated for each season: (a) winter, (b) spring, (c) summer, and (d) autumn. This distribution Highligh
the varying availability of SAR data across different times of the year, which is crucial for accurate land cover classification
and analysis.

To ensure a significant training dataset, the test areas were randomly and uniformly sampled according to the

Sentinef2 tiling scheme, with the spatial coverage displayeBigure21, Figure22, andFigure23for Amazonia,

Africa, and Siberia, respectively. Each tile, measuring 10980 x 10980 pixels in the UTM coordinate reference
system, was subdivided into smaller areas of 549 x 549 pixels, representing 1/20th of the tile's linear dimensions.
The most signifiant patches, defined as those containing the largest number of land cover classes, were selected

through visual inspection for each tile and region. This ensured a balanced representation of the land cover

classes present in the scenes. Special attentias given to including samples from classes that appear in only



Ref D2.2-ATBD 1 high resolution

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

1.1 16/12/2024 33 =

a few patches, such as lichens, mosses, and permanent ice in the selected Siberian region.

Once the most representative patches were identified, the corresponding Setitifegltures were computed
following the methodology outlined in the previous section. The seasonal spatial distributions concerning the
availability of 2021 Sentindl acquisiions are illustrated irFigure21, Figure22, andFigure23 for Amazonia,

Africa, and Siberia, respectively. The colour map used in the graphs indicates varying acquisition scenarios,
ranging from 510 images (red) to more than 50 acquisitions (dark green). Despite the presence of red tiles in
each season, the nuber of acquisitions is sufficient to carry out spatémporal feature extractiori39].

The final training sets comprise 86 MOLCA patches for Amazonia, 103 MOLCA patches for Africa and 64 MOLCA
patches for Siberia.

6 Multi-sensor geolocation

In the CCl+ HRLC pipeline, the makhsor geolocation is applied to the outputs from the optical and SAR pre
processing chains to align the data from both chains spatially. During the Phase 1, the effectiveness of this
processor was confirmed by its extensiaidation (not only in this muksensor opticalSAR application but also

in its use within the SAR pprocessing chain). For this reason, no modification is planned in Phase 2 for the
multi-sensor geolocation module, which is confirmed in its formulatiemeloped in Phase 1. Accordingly, the
detail of the corresponding algorithms (informatidineoretic areabased registration, direct maximization
method, tilingbased processing) can be found in the latest version of the ATBD of Phase 1 [AD4].

7 Optical data classification

For the classification step in the optical processing chain, the main challenges in Phase 1 were defined by i) the
scarcity of available photmterpreted data able to properly characterize the large areas that need to be mapped,

i) the considered inputeatures, and iii) the optimization and efficiency of the considered classification
algorithm. Therefore, Phase 2 i#®cusing on theimprovement ofthe overall classification pipelinén the
following, theoptical classification pipeline is described iniak with the addition of the information related to

the ongoing Phase 2 activities.

SRTM
DEM

h 4

f
Optical Feature Optical
Pre-processing L Extraction Classification

A

Optical

. S‘::Ient':nsl—72,8 0 — Class-posterior
andsat-5/7/8/ Training probabilities
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Figure24. Optical data processing chain for the prototype production of both the static and the historical HRLC maps
obtained by classifying the time series éfRoptical data.

Figure24 depicts the optical data processing chain for the production of both the static and the historical HRLC
maps obtained by classifying the time serieS@fand Landsat data. The images are firstjpmecessed in order

to generatethe optical composites Then, thecomposites are combined withncillary datai(e., SRTM DEM)

extract the final features used by the class#ierhe classifierarefirst trainedusing the available training poit

and then used to generate the pixeise clasgosterior probabilitiesadoptedby thedecision fusion processing
chain to generate the final LC products.

7.1 Featureextraction

The feature extraction step aims at generateget of representativattributes for the given pixabb maximise
the ability of the classifier in detecting the correct land covarPhase 1, the features used as input to the
classifier were the spectral bandéthetime series obptical composites combined with the altitude of the pixel
as given by th&€RTM DEM and the textural features of the first compo¥itieile temporal and spectral features
are good in representing the seasonality of the clastfesaim of the textural and altitude features extraction is
to provide to the classifier information about spatial context of the samples which can provide lagttecover
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discrimination.Textureallows the accurate characterization of the contextual information of a pixel in the image.
In the literature, it can be found that the use of textural information can significantly improve the classification
results. Hence, such features can be moreidddive than spectral features for some land cover classes. Instead
of considering complex spatial features, such as shape and size, which required the unsupervised segmentation
of the image,in Phase e considered other texturakhture extractors. First, the Grdyevel Ceédccurrence
Matrix (GLCM) is computed. Then the GLCM is used to extract the following statistical measures, used as features:
1 Dissimilarity;
Correlation;
Contrast;
Homogeneity;
Energy;
1 Angular Second Moment (ASM).
However, during Phase, I5LCMoased textural features have shown to be computationally demanding to
generate Thereforewe are investigatinglternative strategies, such as precomputed convolutional filtether
adoption of deep learning algorithms able to inherently extrapttial features, e.g, Convolutional Neural
Networks (CNB). Textures are not the only features being improved in Phadeo2us will also be given to the
extraction of better spectral antbpographical features. The formeelieson the use of NDIs, whit can be
definedby using two spectral bands fty of the optical composite§ as follows:
EAE O = — =—N ph p8
n w n W
The latterrelies on specific topographic information that can be extracted feo@EM,.e,, slope and aspect,
which can be definedtarting fran common edge detector filters applied to the DEM.

f
f
f
f

7.2 Classification

Once features are extracted and the trainidgtasets definedfor each training set a supervised classification
model is trained.Then, each model is used to generate the classterior probabilities of the corresponding
area(or ecoregionand year Given a feature vectos for a given pixel, the objective is to train a classifier that
predicts the class posterior probabilitis/ise for eachland cover/b pf8 h , wherei is the number ofand
coversand B‘,b O Jiee p.Ideally,0 /ls» represents the probability dind cover/lgiven observedeatured
vector e. Many statisticabased machine learning methedely on the approximation of) /i . The most
common approachio achieve this is to train the model by minimizing the cresfropy loss on the training set
Let e MbsSQ piB ) bea training set where for each samplave observe a feature vector and a
land cover labelb Then, letd /il be the predictedoptical classposterior probabilities from a model
parametrized by . The model can be trained by minimizing the empirical Tisk” over the training set

with the crossentropyloss, where the empirical risk is defined as follows:

T | 10t N 8

In the casehe chosen classification strategy does not rely ondperoximation ofd Jise , the classposterior
probabilities can still be estimated by meanspobbability calibration strategiese.g, Platt scaling or Isotonic
RegressionThey traina logistic regression model aachonparametric regression model on top of the decision
function scores of the base model to predict/lse , respectively.

During Phase lhe final choice resulted from the algorithselectionphase was the use of Support Vector
Machines(SVMs) which do notestimate the clasposterior probabilities directlylater estimated using an
Isotonic Regressiaomodel SVMs have shown to like optimal candidate for the optical classification given data
and compute constraintselatedto the use of GPUs, limiting the possibility of working vd#ep learning (DL)
strategies However, GPlavailability is now incre@sy. Thus, in Phase the classification strategy to adopt in

the optical processing chain is beirggevaluated. Several deep learning approaches are being considered in our
analysisFocus will be given to strategies for properly handling Hatnaual TSof compositeg40], but also to
multi-year classification fotemporally consistent classificatiorjd1], [42] The considered models will be
compared both in terms of performance and inference time. Indeed, focus will be given to the optimization and
efficiency of the model inference stepy allow faster generation of optical land cover maghe following
subsections will provide details on tleensidered methods as well as the currently adopted SVMlassifier.

7.2.1 Deep Learning Approaches
In Phase 2the main deep learningnethodsbeing studied aramultitemporal architecture able to model the
temporalaspects of the SITS obgations Among them we identified the following architecturgd0].

1 Recurrent Neural Networks (RNNs) with LoBgortTerm Memory (LSTMell architecture[43]. This
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network encodes a SITS to increasingigherlevel ‘Qdimensional representations throughmany
cascadedidirectional LSTM layergach LSTM layer processbhe TS processed by the previous pne
using gates (input, forget, and output gates) to control the flow of information. This allows the network
to retain important temporal features and discard irrelevant ones, which is crucial for capturing seasonal
or periodic changes in land cover

1 Encoder part of a Transformd#a4]. The Encoder leverages sattention mechanisms to capture both
temporal dependencies and global context more efficiently compared to traditional RNNs like LSTMs.
Transformer models, originally designed for natural language processing tasks, have sheptioeat
performance in sequential datmodelling and they have been adapted to handle time series data,
including satellite imageryhe key component is the Sélftention mechanismyhich allows the model
to focus on different parts of the SITS whiearning representations for each composite. Instead of
processing data sequentially, the satfention mechanism computes the relationships between all the
time steps in the series simultaneously, making it more efficient in capturingteyngdependenes
and global patterns than traditional RNNs.

1 Temporal CNNs (TempCNMbB]. TempCNN is a lightweiglatrchitecturecomposed ofsequential 1D
convoltional layerdollowed by ReLU activation functioaad Dropout layersThe 1D convolutions are
applied pixelwise along the temporal dimension, which allows the model to ldamporal patterns
specific to each land cover.

1 DuUal view Point deep Learning architecture for time series classificatiOn (Dul48D))DuPLO is a
complex DL model designed for crop type classification from sequences of small satellite images of five
by-five pixelslt consists of two streams. A thrédayer CNN stream uses 2D convolutions to aggregate
spatial features independently of time. The second stream implements a 2DCNN encoder and
monodirectional RNN layer implemented by a Gated Recurrent Unit (GRU) for talncharacteristics.

Among thesepnly DuPL@s originally designed tmanage both spatial and temporal informatioks anticipated
in Section7.1, we are considering alternatives @LCM features. With DUPLO, it is possible to leanvolutional
filters able to extract this type of informatiotn order to not exclude any of the other approaches are also
investigating theuse of few convolutional layers as firstyers of the other consideredrchitectures thus
effectively making all of them able to exploit both spatial and tempatadracteristics of the SITEhe best
cardidate architectures will be selectedbased on internal benchmarking on soselectedS2 MGRS tiles in the
different areas. Additional detailsill be provided in the context dhe deliverable D2.1 Product Validation and
Algorithm Selection Report.

7.2.2 Weakly Supervised Learning
Given the complexity of the considered classification problem, the training of the classifiers can be performed in
a completely supervised, a partially supervised (or ssupiervised) and an unsupervised framework. In Phase 2
of the project, Weakly QupervisedLearning (WSL)Y47] is being considered. WS3itands in between complete
supervision and partidupervision ands based on the use of unreliable sources of training labels. In the context
of the project,WSLcan be used to leverage obsolete maps as an additional source of [4BgI$49], [50] In
Phase 1, the training set was augmented using part of the maps intercomparison activtjddOLCA)which
provided weak training labels where the available land cover maps agreed. While this was shown to be helpful,
GKSNBE A& adAftft NR2Y F2N) AYLNROGSYSyiliod LYRSSR> flF06Sfta
samples, thus providing littledlp in points where existing maps disagree. Insta&&Lprovides a framework
where all the available labels (not only the nsagreement) can be exploited, and the uncertainty of the label
can be considered during training to guide its effect on the learning protesise framework of Phase 2, this
allows touse a much larger pool of reference (weak) labels for training our classification mdtielgfore,
available lanecover products can be used not only for the production of the static HRLC10 maps, but also for the
historical HRLC30 mapgsroviding two major benefits

1. Ecoregionscan effectively be used faraining also the historical models;

2. DL solution, known fdoeing datahungry, can be usefibr both HRLC10 and HRLC30.
Let e b $Q pMB M) be a dataset containind instances labelled by an inaccurateurce, wherdbis
the weak label. Lefbbe the true label of théZdh instance. Weanassume that thelataset is sampledi.d.from
the following joint distribution:

fefvb O JigBe O S e

b
where0 Jlse is the true clasposterior distribution and) /i¥e represents thenoise process that makebe
given labedinaccurate WSL aims at training a model to be able to predidiise despite being trained ch . To
achieve these, several strategies can be adopted

1 Noisemodekree approaches: these approaches do not make any assumptions orprifeess
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0 Jbe . They usuallyare approaches thaeither exploit alternativerobust loss functions to the
common cross entropyaiming for robustness and overfitting reduction, vse the classification
confidence feedback from the model to try sifting out wrong annotations during trajbibjy
1 Noisemodelbased approaches: these approaches tend to be more successful if they make the correct
assumptionsr provide the correct prior information regarding the proc@sgise . Such approaches
explicitly consider the noise process and exploit training strateiasavoidusingthe weak labeldb
directly. In this category we finadlassdependentlabelnoisebased approaches, which exploit the
confusion matrix of the sources to model th&bel noise in the label§.e., they assume) /igke D
0 J¥b) [49], or approaches that model different aspeatsaracteristics of the weak labels, such as
semantic differences qguixelresolution difference$52].
Ongoing activities are focused dhe developmentand comparisorof deep learning classifiers trained with
multisource weak labelled data as alternative ttee wellestablished SVM classifiers, used in Phas&hge
detailed analysis on thmodel selection process will be thoroughly described in the contegebberableD2.1
Product Validation and Algorithm SelectiBeport

7.2.3 Support Vector Machines

As a classifier, the Support Vector Machine (SVM) is one of the most effective methods in pattern and texture
classification to the land cover mappifsg]. Its fundamental idea is that the feature of input space is mapped
into a highdimensional feature space through nonlinear transformation. The nonlinear transformation is
implemented by defining proper kernel function. SVM has two important featureglyfFiise upper bound on

the generalization error does not depend on the dimension of the space. Secondly, the error bound is minimized
by maximizing the margin, that is, the minimal distance between the hyperplane and the closest datg5#ints

[55]. SVMs are particularly appealing in remote sensing field due to their ability to successfully handle small
training datasets, often producing higher classification accuracy than traditional methods, as well as to be the
best algorithm when classes are seable[55]. In contrast, for larger dataset, it requires a large amount of time

to process.

SVM implements a classification strategy that exploits a mayginda SR a3S2YSGNROFf ¢ ONRGS]

LJdzNBt e qadriAaacgAaAortéed ONRGSNA2Y® Ly 2G0KSNJ g2NRaz {z*a
of classes to carry out the ckification task. Instead, the classification model exploits the concept of margin
maximization. The main properties that make SVM particularly attractive in the considered application are the
following:

9 their intrinsic effectiveness with respect to traditional classifiers thanks to the structural risk
minimization principle, which results in high classification accuracies and very good generalization
capabilities;

1 the possibility to exploit the kernel trick to solve nbnear separable classification problems by
projecting the data into a high dimensional feature space and separating the data with a simple linear
function;

1 the convexity of the objective function used in the learning of the classifier, which results in the
possibility to solve the learning process according to lineashstrained quadratic programming (QP)
characterized from a unique solution (i.e., the system cannot fall intecgtional solutions associated
with local minima);

1 the possibility of representing the convex optimization problem in a dual formulation, where only non
zero Lagrange multipliers are necessary for defining the separation hyperplane (which is a very
important advantage in the case of large datasets). Thielated to property of sparseness of the
solution.

Using the same notation as abovet is assume that a training set is giv®f e MbsQ pMB M) .In their
basic form SVM perform binary classification, and ensembles of SVMs are used to perform-ciags
classificationThereforefor the sake of simplicityetQ @onsiderthe scenario where there are ¢ land covers
and/b"  ph p is the binary label of the sample ™ s . The goal of the binary SVM is to divide the d
dimensional feature space in two subspaces, one for each class, through a separating hyperglaheO

& 1 where 6HiffGis the inner product between vectors and 4 The final decision rule used to find the
membership of a test sample is based on the sign of the discrimination furitien ¢ heO ®associated to
the hyperplane. Therefore, a generic samplwill be labelled according to the following rulgs O E Qb .

The training of an SVM consists in finding the position of the hyperptanestimating the values of the
parametervector’ and the scalaty according to the solution of an optimization problem. From a geometrical
point of view,” is a vector perpendicular to the hyperplare and thus defines its orientation. The distance of
the= to the origin isc¥ £ & while the distance of a sampéeto the hyperplane i§Qe 7 & & Let us define the

;
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functional margifo | %?ETIB‘QO , and the geometric margiftO "Of £ &£ The geometric margin represents

the minimum Euclidean distance between the available training samples and the hyperplane.
In the case of a linearly separable problems, the learning of an SVM can be performed with the maximal margin
algorithm, which consists in finding the hyperplanethat maximizes the geometric margi@ However, the
maximum margirtraining algorithm cannot be used in case the available training samples are not linearly
separable because of noisy samples and outliers. In these cases, the soft margin algorithm is used in order to
handle nonlinear separabldata. This is done by defining thealled slackariables, asfollows:
, I Agip /bGheO &
Slack variables allow one to control thenalty associated with misclassified samples. In this way the learning
algorithm is robust to both noise and outliers present in the training set, thus resulting in high generalization
capability. The optimization problem can be formulated as follows:
[EPkz 6 .
h ¢
oG & p o .o TQ P
where 6 Tis the regularization parameter that allows one to control the penalty associated to err@r® (if
Hb, we come back to the maximal margin algorithm), and thus to control the tadflbetween the number of

allowed mislabelled training samples and the width of the margin. If the valddofoo small, many errors are
permitted and the resulting discriminant function will poorly fit with the data; on the oppositg jsftoo large,
the classifier may overfit the data instances, thus resulting in low generalization ability. A precise definition of
the value of the&d parameter is crucial for the accurathat can be obtained in the classification step and should
be derived through an accurate model selection phase. Similarly to the case of the maximal margin algorithm,
the optimization problem can be rewritten in an equivalent dual form

v, P v 2

A ﬁA g | C /b | Oehe O

r

b m 6hp QO

w
Because of the constraint introduced by the multipligrs that for the soft margin algorithm are bounded
by the parameterd, the problem is also known as box constrained problem. The KausingTucker (KKT)
complementarity conditions provide useful information about the structure of the solution. They state that the
optimal solution should satisfy:

| TbGwO & p , ™ Q pBH
da 6 T QB

Varying thevalues of the multipliers three cases can be distinguished:
| T+ /bQe p
T | 0t J/BQe o

| 0t /BQe o
The support vectors with multiplier 6 are called bound support vectors (BSV) and are associated to slack
variables, TG the ones withrt | 6 are called norbound support vectors (NBSV) and lie on the margin
hyperplane= or= (JbQe P).

+1 -1

e © Training patterns
@ @ Support Vectors i
Figure25: Qualitative example of a separating hyperplane in the case of a-inear separable classification problem.
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An important improvement to the abovdescribed methods consists in considering nonlinear discriminant
functions for separating the two information classes. This can be obtained by transforming the input data into a
high dimension (Hilbert) feature space ¢ N 4 (Q Q, where the transformed samples can be better
separated by a hyperpland-igure26). The main problem is to explicitly choose and calculate the function

e N g for each training sample. Given that the input points in dual formulation appear in the form of inner
products, we can do this mapping in an implicit way by exploiting thealed kernel trick. Kernel methods
provide an elegant and effective way of deagl with this problem by replacing the inner product in the input
space with a kernel function such that:

fi ohe 0 eh e G "G pBH h

implicitly calculating the inner product in the transformed space. The soft margin algorithm for nonlinear
function can be represented by the following optimization problem:

1P, p . .
A2 1 C JWb | fi e e

. h
N3

¥ /B mh mo 6fp Q 0

w

and the discrimination function becomes:
"Qe b ’fi ehe ah

where only support vectos (i.e, ®$° THQ pFfB R ) contribute to (and therefore are usedor) the
decision¢ KS O2y RAGAZ2Y F2NJ I FdzyOilAzy (42 o06S I @FtAR {SNySt
non-linear kernel functions are the following:

f  Homogeneous polynomial functiofi: e he  &e he Oy~ v
&)

f Inhomogeneous polynomial functiofi: e he
f Gaussian functiofa.k.a.Radial Basis Function (RBF)) e he 'Q. : h, N a
'-';D-(;)“"
s ’ A
Do)
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O @)
° D) D)
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Figure26: Transformation of the input samples by means of a kernel function into a hdifhension feature
space: a) Input feature space; b) kernel induced high dimensional feature space.

From an operational perspective, a possible implementation would useRB€kernel since linear and
polynomial kernels are less time consuming but provide in general less accuracy. The Pigrameter is a
positive parameter whosbehaviourregulates the fitting property: if its value increases the model gets overfits,
while decreasing the model underfits. In our implementation, the default value for gamma is initially set equals
to 1 over the number of feature§s6], optimal choiceis made in proper training stagewhere the meta
parameters, and 6 are tuned by considering themodel performance during-fold cross validation on the
training set.Since the problem is mudtilass classification problem withland cover classes, binary SVMs are
trainedto discriminate eactand coverfrom the others resulting inni discrimination function§® e with /b
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pf8 H . However,"Q e do not provide clasposterior probabilities To solve this problem, Isotonic Regression
is used to estimate themit fits a left-out subset of thetraining setwith a non-parametric isotonic regressor,
which outputs astepwisenon-decreasing functiothat approximatesthe posteria probability of each land cover
independently, andhen normalizethem to make them sum to 1.

8 SARData dassification

To perform land cover classification using SAR datasets, based on the classes defiabte Iy feature
extraction will utilize the polarimetric properties of the dg&], [58]. The classification process aims to enhance

the ability of the classifier to identify and distinguish various environmental textures and morphological features,
such as urban areas, agricultural fields, forests, and other land cover types. This wilidheeddy leveraging

the amplitude of different polarization channels (e.g., HH, HV, VH, VV) and/or their combinations. Even when the
SAR data used in the project (SentitgERS and ENVISAT) are not fully polarimetric, valuable information can
still be dotained from the available polarization intensities. This can be done by analyzing individual channels
(e.g., selecting a specific polarization like HV or VV) or through combined metrics, such as calculating the mean,
ratio, or other derived features frormultiple channels. These combinations help capture essential polarimetric
information, allowing the distinction between different scattering mechanisms, such as specular {iikijor
scattering and diffuse (random) scattering. This is crucial for acdyretb@racterizing different land cover types

and improving the overall classification accuracy.

The following section outlines the SAR features that will serve as inputs to the deep learning (DL) network. It is
important to note that these features are consistent with those used in Phase 1, ensuring continuity in the
classification approach. Theseafares have been carefully selected based on their effectiveness in capturing
relevant information from the SAR data, facilitating robust and accurate classification results.

8.1 FeatureExtraction

The proposed enhancement for SAR LC classifigalammed for Phase &ms to use a classification pipeline that
incorporates a deep learning (DL) network applied to multitemporal SAR data. The approach involves segmenting
the SAR time series in®ARseasonal subsequencésimilar to optical composites, this approach differs by not
using temporal filtering. Instead, it focuses on enhancing SAR textural fetireapture temporalariations

in land cover, which can significantly impact classification performance. Spatial features are first extracted from
each seasonal segment, similar to the initial step carried out in Phase 1, and then processed using a deep learning
framework toidentify patterns and characteristics relevant for classification.

The methodology supports a flexible approach by working on spatial subsets of the data, allowing for
comprehensive geographical coverage while managing the computational complexity eftatgalatasets. By
focusing on multitemporal sequences, the apprbaleverages temporal information to improve the
discrimination of land cover types that exhibit seasonal changes, such as agricultural fields, forests, and wetlands.

To analyze and explore the spatial information contained within a single SAR image, whether using VH (vertical
horizontal) or VV (verticalertical) polarization, a Dockdyased application has been developed. This application
provides a suite of spatiabdnain filters designed specifically for SAR image processing. The primary criterion for
selecting these algorithms was their execution speed, making them suitable for rapid application across large
stacks of SAR images. While these filters may not be tbst precise compared to more computationally
intensive methods, their ability to be applied quickly to extensive datasets offers a significant advantage for wide
area processing, enabling efficient and timely analysis of large geographical regions.

This section describes the algorithm used for extracting SAR features in the classification pktbcgsstial
FSFEGdz2NBE&E RSAONAROSR 06St2¢ FNB | LILX ASR (-®mpoflSpedkiad dzLIS NJ
denoising algorithm discussed in Sectibh.3
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The features computation process involves the following steps:

1. Preprocessing of SAR Time Serilse SAR time series is first subjected to-precessing methods,
including techniques for filtering and epeckling as described in Sect#érThese steps aim to reduce
speckle noise, improve image quality, and enhancesigaatto-noise ratio. The choice of filters
balances noise suppression with the preservation of spatial detailsp®ressing also involves
calibration and ge@eferencing to ensure that the images are consistent and comparable across time.

2. Seasonal Aggregation of Imagethe despeckled images collected throughout the year are grouped
based on seasons (e.g., winter, spring, summer, and autumn). For each season, the images are merged
Aya2 F aAy3atsS O2YLRYXRHS: YL RBREA OF 88 S8R Acoft HAKNA ( S LI
retain multitemporal information critical for distinguishing seasonal variations in land cover while also
reducing the computational load for the subsequent classification. The seasonal averaging helps to
smoah out shortterm variations in the data and enhances features that exhibit seasonal consistency,
such as vegetation growth cycles.

3. Feature Extraction from Multitemporal Sequencence the seasonal composite images are generated,
features are computed from the final multitemporal sequence. These features are designed to capture
spatial and temporal patterns that are relevant for identifying various land cover classes, suchras urba
areas, water bodies, forests, and agricultural fields.

The computed features are then used as inputs for classification algorithms, which may include traditional
machine learning models (e.g., Random Forest) or deep learning network#\{eegtion Unef SwinUnetor 3
Dimensional- Fully Convolutional Network (S3ECN)) capable of learning complex patterns in the data. By
leveraging both spatial and temporal characteristics, the approach aims to improve classification accuracy across
diverse land cover typedhese features are crucial inputs for the deepri#ag model, allowing it to learn
complex patterns and improve classification accuracy across various land cover categories.

8.1.1 Mean Filter

The mean filter, a type of lowass filter (LPF), is one of the simplest methods for image smoothing and is
straightforward to implement. It is typically used as a convolution filter, where a kernel defines the size and shape
of the neighborhood sampled tcalculate the mean value. The core concept of mean filtering is to replace each
pixel value in the image with the average of the pixel values within the specified neigtdual, including the

pixel itself. The filter window moves across the image pixglikgl, covering the entire image.

Theuseof mean filters inNSARimages has been widely studied due to their ability to redspeckle noise, a
common issue in these images. Mean filtering, specifically local mean filtering, averages pixel values within a
defined neighborhood, helping to smooth out the noise while retaining some image features.

Research shows that traditional filtering methods like the mean filter can improve image quality by reducing
random variations in pixel intensity caused by speckle noise. However, while mean filters are effective at
averaging out noise, they may also béignificant details, particularly in highequency areas of the imagb9],

[60].

As a result, the noise becomes less noticeable, but the image appears "softened." In theory, bright and dark
speckle pixels within the filter window can cancel each other out, especially as the filter window size increases
(e.g., 7x7 or 9x9), which can earte noise reduction. However, larger filter sizes also tend to blur the image,
causing a loss of fine details and spatial resolution. For this reason, smaller filter sizes such as 3x3 or 5x5 are often
recommended for a balance between noise reduction dathil preservation.

Mathematically, for a given pixel at coordinate€iQ in the SARsuperimage =, the output pixel value
) "f1Q can be defined as:

. oS P

a
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Where™ s the neighborhood defined by the kernel size (e.g., 3x3, B the total number of pixels in the
neighborhood and "@Qeare the coordinates of the pixels in the neighibood around "@Q.

Meanfiltering is not suitable for removing impulse noise, such asaaltpepper noise, where pixel values differ
significantly from their surroundings. In such cases, a median filter is more effective. The median filter replaces
the central pixel with the maian of its neighbourhood, preserving edges and reducing noise while retaining
important image features

8.1.2 Median Filter

The median filter is widely used for noise reduction in images, like the mean filter; however, it often excels in
preserving useful image details. Like the mean filter, the median filter processes each pixel individually,
examining its neighbouring pixete determine if it is representative of the surrounding area. Rather than
replacing the pixel value with the mean of its neighbours, the median filter substitutes it with the median value.
This method is especially effective at retaining important featisesh as edges, step changes, and ramps,
making it suitable for tasks where edge preservation is criticadyit minimizes the risk of losing significant
structural details while still reducing noise levi84].

To compute the median, the pixel values in the neighbourhood are first sorted in numerical order, and the middle
pixel value is then selected to replace the current pixel. This approastivo main benefits

1. Robustness Against Outlierdhe median is less affected by extreme values, ensuring that noise
reduction is achieved without distorting the image

2. Edge PreservatiorAs the median corresponds to one of tleisting pixel values in the neighbourhood,
it avoids creating unrealistic pixel values, which is beneficial for maintaining sharp edges compared to
the mean filter[62].

It is important to highlight that while the median filter preserves edges, it can still result in the removal or
suppression of smaller or linear features, similar to its effect on speckle noise. For example, a 3x3 median filter
can effectively reduce nagsbut may slightly degrade the overall image quality. In contrast, a larger 7x7 median
filter can completely eliminate noisy pixels, though this may cause the image to appear "blotchy.” A more
balanced approach is to use a 3x3 or 5x5 median filter andyapptultiple times, achieving significant noise
reduction while retaining more image detajg&3].

For a given pixel at coordinate¥IQ in a SARmagesuper imagek, the output pixel value) 4 4 ¢ §IQ after
applying a median filter with a kernel of side @ can be mathematically expressed as:

QaiePQ | AAE AT@Ges '@k’ G0

where” "@Q is theneighbourhooddefined by the kernel centered at pixeliQ, the set @ "@Q®e contains
the pixel values within the kernel surrounding the pix@Q. The median function selects the middle value from
the sorted pixel values in theeighbourhood

Forao okernel the neighbourhoodncludes the pixelirom 'Q phQ p to 'Q phQ p .If the number of
pixels is odd, the median is the middle value; if even, practical implementations usually select a value from the
neighbourhood rather than averaging the two central values.

In SAR data processing, the median and mean filters have limited effectiveness due to the multiplicative nature
of speckle noise, which correlates with signal intensity. Both filters areadaptive and do not consider the
specific characteristics of sgde noise. Adaptive filters like the Lee filter, which adjust based on local mean and
variance within a moving window, offer more effective noise reduction tailored to SAR image characteristics.
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8.1.3 Maximum and Minimum Filters

Minimum and maximum filters, known &sosionand dilation filters respectively, are morphological filters that
operate on a neighbourhood (window) around each pixel, defined by a specified radius. For instance, a radius of
1 corresponds to a 3x3 window, while larger radii yield larger windows (e.g., 5x5 ol iggg filters are shift
invariant, meaning their effects are consistent across all pixel positions. The minimum filter (erosion) replaces
the central pixel with the lowest intensity value in theiglebourhood, expanding dark areas and contracting
bright regions. Conversely, the maximum filter (dilation) replaces the central pixel with the highest intensity
value, expanding bright areas and reducing dark regions, thus aiding in image enhancentere,dgaaction,

and noisereduction[64].

Mathematically, for gixel at "6Q in the SAR supdémage<, with anc & neighbourhood

1 Theminimum filter is given by ¢ 7@Q | E T "@Qe

f  Themaximum filteris given by 4 #@Q

Smaller windows (e.g., 3xBleserve fine details, while larger windows (e.g., 5x5, 7x7) provide stronger effects,
potentially connecting separate regions or removing small objects:-sbatl windows ensure a central pixel for
symmetry and ease of calculation.

In SAR imaging, these filters help manage speckle noise and enhance feature boulttasesn suppresses
isolated noise, while dilation highlights structural features like ridges or linear patterns, improving visibility and
detail delineation

8.1.4 Max-Min Filter

The Max-Min filter enhances image contrast by calculating the difference between the dilation and erosion
(maximum and minimum) of the original imagder the SAR super image the filtered output output == ABET
at pixel "@Q is given by:

W ipeiQ @ 400Q @ £70Q

where<; 4 @nd<; ¢ are the results of applying maximum (dilation) and minimum (erosion) filters to the input
image at pixel '@Q, respectively.

The MaxMin filter replaces each pixel with the difference between the highest and lowest intensity values within
a specified neighbourhood, commonly using window sizes kBe=5, or %9. A X9 window is typically used to
balance smoothing while preserving spatial details.

This filter sharpens edges ah@yhlights texture by amplifying intensity variations within local neighbourhoods,
making it valuable for tasks requiring detail enhancement. In SAR imaging, it helps improve feature recognition
by reducing speckle noise and accentuating edges. The-Mitaxfilter's relation to morphological
transformations, such as gradient filtering, adds to its utility in image processing where detail and noise
suppression are important

8.2 Land Coveftlassification

The classification approach employed in this work utilizes a hierarchical method to extract specific land cover
classes, followed by a general classification for the remaining ones. The procedure is organized as follows:

1 The process begins with isolating classes that can be easily identified using a specific subset of features.
Unsupervised classification methods are employed for this purpose, focusing currently on detecting



Ref D2.2- ATBD - . .
gl @] high resolution
\\K\&\:@esa Issue Date Page land cover

1.1 16/12/2024 43 .

built-up areas and water bodies, which exhibit distinctive characteristics in the data. By utilizing
unsupervised techniques at this stage, the complexity of the classification task is reduced, as easily
recognizable areas are paassified, simplifyingie subsequent classification of more complex regions.

1 Deep learning (DL) techniques are applied to classify the remaining land cover types based on a broader
set of features. Three Bliased systems are evaluatedittention Unet[65], SwinUnet[66], or 3DFCN
[67]. The performance of these models will be compared to identify the most effective method for land
cover classification. These DL systems utilize solely radar data, incorporating temporal and spatial
synthetic features derived from annual series organized into seasonal clusters. Instead of using dense
temporal image sequences, the synthetic features are inptat the DL network. This methodology not
only captures spatial information about the scenes but also integrates multitemporal data through
seasonal partitioning, enhancing the model's ability to discern complex land cover patterns.

This structured approach effectively combines unsupervised and supervised classification methods, leveraging
the strengths of each to improve overall classification accuracy in land cover mapping.

The LC information from the Map Of LC Agreement (MOJ3BAWill be used to build the training set for the DL
approach.

8.2.1 Urban EXTent (UEXT) Algorithm

TheUrban EXTentUEXT algorithm [68] primarily focuses on identifying artificial structures, such as buildings,
which manifest as bright points in multitemporally averaged and despeckled SAR image datasets. When the
temporal intervals of interest contain no more than one dataset, the algoritnay operate on single SAR
images.

The process begins by selecting artificial structures associated with the highest normalized backscattered power
values as "seed pixels." Following this selection, an iterative flooding algorithm is applied to the neighborhood
of these seed pixels until predefined lower threshold is reached. To mitigate the risk of false positives,
particularly in mountainous areas, a series of ppgicessing steps are executed, which also incorporate the
DEMof the region.

In the approach described [68], several intermediate steps have been streamlined to reduce computational
demands. Instead of the iterative flooding technique, a single watershed algorithm has been introduced. In this
refined method, the identified seed pixels serve as "markers" forvthagershed algorithm, while the saliency

map is generated using an occurrence data range filter applied to the SAR datasets. This filter operates with a
3x3 pixel window, carefully chosen to maintain the spatial resolution of the data.
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Figure27. The block diagram workflow for the UEXT algorithm.

The workflow is visually summarizedrigure27 and involves the followingey steps:

1 Temporal averaging enhances urban features.
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Seed pixels are identified by thresholding the average image.

Asaliency map is generated using a range filter.

The watershed algorithm segments urban regions using the seed pixels as markers.
The final output is the urban extent map.

= =4 —a -

The first step consists of computing the average across the datasets over the specified time Gemoda set
of SAR images over time, l&t"@Cd represent the backscatter intensity for the pixel at coordinat&¥Q at
time 0. The temporal average oveYSARmages is:

ax ¢ 80 ,,EY o "D

This operation takes advantage of the cohereesponse of urban areas along the temporal axis, resulting in
bright backscattering pixels within human settlements. In contrast, vegetated areas typically exhibit seasonal
variations in backscattered values, leading to lower average values.

The resulting image is employed in two ways: first, it identifies seed pixels through hard thresholding; second, it
generates a saliency map via the data range filter. This filter accentuates urban areas, and the preceding low
pass filter ensures that theap reflects homogeneous regions.

A threshold"YQis applied to the averaged imag%,;ogo identify the seed pixels that correspond to bright,
artificial structures:
Foane @ YO
Akga P) Sho T TR
3 mh T OEAOxEOA
An occurrence data range filter is applied to generate a saliency@m&fIQ, based on the range of pixel values
within a predefined neighborhood:

Sew N -

AR T A@@Ado | Ed GQ
This filter highlights urban regions bynphasizing areas with less temporal variability.

The final stage involves the watershed algorithm, where the identified seed pixels expand within the saliency
map, culminating in the production of the final urban extent m@pe watershed algorithm is applied using the
seed pixels as markers. A typical mathematical formulation for the watershed algorithm is based on the concept
of regiongrowing from the markers. The saliency mapA"@Q is used as a gradient image, and the goal is to
segment it into homogeneous regions. The watershed functioi@Q partitions the image into regions
corresponding to the urban areas:

wdho ANNEQ A OCI3EARQ
This function segments the saliency map based on local minima and grows ragians the seed pixels.

Finally, the urban extent mag is the result of applying the watershed algorithm on the saliency map using the
identified seeds:

6 60 p EJEDN QoA O'Qa £ d éhEd I QR QOE ¢
meE M 0Q Q

This output map represents the urban areas as a binary image, where urban regions are marked as * and non
urban regions as 0.

This methodological refinement not only enhances the efficiency of urban area detection using SAR imagery but
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also maintains high accuracy in distinguishing built environments from surrounding landscapes
8.2.2 Water Extraction Algorithm

The water extraction method applied in this project builds on the approach introducg@B]nwith the main
steps illustrated irFigure28.
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Figure28. The comprehensive workflow for detecting both temporary and permanent water bodies from SAR imagery
involves a series of sequential processing steps.

The process is designed to enhance the accuracy of water surface detection from SAR imagery, particularly by
employing multitemporal denoising, feature extraction, clustering, and {postessing techniques.

Initially, the SAR image stack is subjected to a multitemporal denoising process, descfigetion4.1.3 This
step reduces speckle noise across the temporal series, improving the signal quality for feature extraction.

A variety of statistical and temporal features are calculated to represent the temporal dynamics of water bodies.
These features include:

1 Temporal compositescreated by averaging the SAR images over the entire temporal series or specified
time windows.

9 Statistical metrics such as the temporal mean, minimum, maximum, asdiance, which provide
insights into the variation of backscatter intensity over tirhbe features are computed as follow:

o Temporal mean 5, ,;,1Q -B @@

o Temporal variancef;, , @Q -B @ {3, ,00Q
o Minimumandmaximum valuesver the timedy , , ¢i GRg | ETT A @y, ,"ADD

wheredy , ,@M is the pixel intensity at positiori@Q for the -th time step in the SAR image series,
and"Yis the total number of images.

The algorithm can be improved by adding an optional step that enables the integration of SAR and optical data.
This extension effectively addresses the limitations of using SAR data alone and helps resolve common
misclassification issues.

SAR provides key advantages, such as cloud penetration and the ability to collect data in all weather and at night.
However, it faces challenges in accurately mapping water bodies in areas with specific geomorphological
features, like narrow urban riverg flat, sandy regions, which can cause signal reflections and misclassification.

In contrast, optical data from the Sentir2lmission offers detailed spectral information that helps distinguish
land cover types, including vegetation and water. However, it is limited by cloud cover, restricting continuous
monitoring in frequently cloug regions.
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Leveraging botfSAR and optical dateapitalizes ortheir complementary strengths, significantgnhancing
mapping accuracy. This integrationergesfeatures from both datasets, enhancing tmeodel's ability to
distinguishbetween water and noswater surfacesinder diverseenvironmental conditions

Theexpansiormethodologyemploys a sophisticated integration fefaturesderivedfrom both SAR and optical
sources tasignificantlyenhance mapping precisioBy combining the unigue strengths of these two data types,
the approach takes advantage of abildfy SARo penetrate cloud cover and provide consistent information in
various weather conditions, while utilizing the higksolution visual detail offered by optical imagery. This
synergistic relationship allows for a more comprehensive analysis, enablingctugate identification and
classification of land cover types, including the distinction between water andvater surfaces, under a wide
range of environmental scenarios. Ultimately, this integration leads to improved accuracy and reliability in
mappingapplications.Optical features are extracted arndtegratedinto the existing SAR feature set that was
previously computed

Letqy p ZA0o represent the optical reflectance at spatial coordinaté¥Q for a specifibandd the Normalised
Difference Vegetation Index (NDVI) and Normalised Difference Water Index (NDWI) are defined as follows

1 Normalised Difference Vegetation Index (NDWH)s index measures vegetation health and density by
comparing the reflectance in the neafrared (NIR) and red bands. It is useful for identifying areas
where vegetation may obscure or interact with water surfaces.

o oa QBB ) 2 G pBR %S
| G o8B ) 2 0 pBR %S

1 Normalised Difference Water Index (NDMHe NDW!I assesses the presenosater by comparing the
reflectance in the green and NIR bands. It helps to detect water bodies even in complex environments
where water may be mixed with other land cover types.

$ 7 o & pEH 2 %%. oy pHD ) 2
' W pEh 2 %%. Gy pBh ) 2

Additionally, other statistical metrics are derived from the red, green, and blue (RGB) bands, such as maximum
and minimum reflectance values, as well as temporal variance. These statistics are employed to improve the
model's sensitivity to different landover types and to refine the classification process.

Compute statistical measures, such as maxima o (@0, minimum & PO @D, and variance

i p &I for the red, green, and blue bands over the time winddv

@ oo (GF0 | AD Q) p&IHID

Qoo (fHD | ET @ p i

T p . AT A T
Aipdlnw o @ p I {; p GO

wheret p IBudD is the mean reflectance over time for bady

Construct a combined feature vectgr "6IQ at each spatial location@Q by concatenating features derived
from both SAR and optical data:

7 0Q 5 JHQRy, , (ERMY, 5 AF0QR $ 60N $ 7 JHOR) oo (EED MY, »  EHD A o FHDD
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Then he features are used to train aNN algorithm4 clusters The value ofhe clusersis selected to account
for the expected clusters corresponding to water, vegetation, bare soil, and impervious surfaces.

., 01 QAOERTEQ & A

where, represents the cluster label assigned to the piX@Q, & "fQ is the feature vector at pixel@Q, and

& is the centroid of thax-th cluster.

A 300 m resolution water mask from the ESA CCI land covef#@his resampled to 10 m, dilated with a 3 x 3
kernel window and used to guide the selection of training samples. From each tile, 10000 pixels representing
water and nonwater regions are randomly sampled for trainir@nce the clusters are formed, the results are
compared against the water mask from the map. The cluster that most closely matches the water
distribution in the reference map is designated as the "water cluster."

Several refinements are applied to improve the classification accubagital Surface Model (DSM) filtering is
applied by calculating the slope for each pixel. Areas with steep slopes, which may indicate radar shadows in hilly
or mountainous regions, are excluded from the final water body map to improve the accuracy ofatee w
surface detectionThen, a "opening" operation (erosion followed by dilation) is performed on the sffilpered

output:

F /I AT ET

< %01 OF

W s

where || i is the binary water masK| is the structuring element, anél denotes the dilation operatiorHence,
T is the finalwater map after the opening operatiohismechanismhelps eliminate small isolated false
positives without significantly affecting the extent of larger water bodies.

This water detection workflow efficiently combines multitemporal SAR information, clustering techniques, and
morphological operations to produce reliable water body mdpsaddition,the duatsensor approach improves

the ability of the modelto accurately distinguish water bodies from other land surfaces, particularly in
challenging environments. In flat, sandy regions, SAR signals can reflect away from the sensor, leading to dark
images misclassified as n@rater areas. By integrating opticalata, the malel gains additional spectral
information, reducing false positives and enhancing water body mapping accuracy.

Using SAR data alone, the model struggled to detect narrow rivers in urban areas due to interference from
structures and vegetation. The incorporation of optical indices provided critical spectral details, allowing better
identification of these waterways.

This fusion of SAR and optical data strengthens water body mapping models, enabling more precise detection
and classification across diverse landscapes. It is especially valuable for monitoring water resources, assessing
climate change impacts, and infonngi water management policies, offering a comprehensive solution for global
water monitoring efforts.

The DSM filtering andpening operations help refine the results, enhancing the classification accuracy across
diverse landscapes.

8.2.2.1 Water Masking

Misclassification of bare soil as water in remote sensing imagery is @oaimented challenge in the field of
remote sensing, attributable to several interrelated factors. One primary issue arises from the spectral
similarities between bare soil and wat which can confound classification algorithms. Wet bare soil, in
particular, exhibits reflectance properties that closely mimic those of water bodies, especially when utilizing
limited spectral bands. Research indicates that smooth, wet soil can prdolwdeackscatter responses, further
complicating the distinction between these two land cover types.

In SARmagery, the texture and moisture content of bare soil significantly influence backscatter characteristics,
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often causing it to appear similar to water. For example, smooth or saturated soil surfaces can reflect radar
signals in a manner that resembles water bodies. SAR systems, which are particularly sensitive to surface
roughness, may misinterpret these texas;, leading to classification errors.

Seasonal variations in soil conditions also contribute to this misclassification. Following rainfall, the appearance
of bare soil can change dramatically, making it resemble water. This variability poses a challenge for classification
algorithms that arerained on datasets not representative of such conditions.

A pertinent study[71] explored the effectiveness of SentirEISAR imagery in distinguishing various land cover
types in a tropical coastal environment, specifically the Douala region in Cameroon. The research emphasized
the critical role of textural analysis due to the inhetespeckle noise present in SAR images, which can result in
misclassification. The findings highlighted that SAR data often struggles to accurately separate certain classes,
particularly between water and bare spitwo crucial categories for accurate landver classification in coastal
regions.

To mitigate the issue of misclassification, a masking operatiapgbed during the posprocessing phase of the
water map.Letw be the final binary water mapoutput of thewater detector in SectioB.2.2 the masking
can be expressed as follow:

, &0 0 HQh Edi BQ n
v o EdEdi BQ  p

Whered @i 8 is the binary maskndo afw is the binary watemapat pixel "@Q after the masking
operation.The mask is generated from a LC map (E8A CCI LC at 30@nthe Copernicus Global Land Cover
Layers CGLJ[72] at 100m resolution after identifying the specific LC value associated with the bare soil class

Here,& @i "@Q = 1for bare soil pixelandd & i BQ = Ootherwise

This processnvolves analyzing the LC map to isolate areas classified as bare soil, which helps in accurately
distinguishing these regions from other land cover types. The resulting mask can then be used for further analysis,
such as assessing soil erosion, land Ueeges, or environmental monitoringhis technique aims to enhance

the accuracy of land cover classification by refining the distinction between water and bare soil, thereby
improving overall interpretability and reliability of remote sensing data.

8.2.2.2 Water Dynamics Analysis: Seasonal vs. Permanent Water Identification

A dedicated module was developed to differentiate between seasonal and permanent water land cover (LC)
classes. This distinction is achieved by applying the water extraction method outlined in $e2tkin a time

series of monthlySARimages. As a result, a series of monthly water maps is generated, with each map
representing the spatial extent of water bodies for a specific month.

To analyze the seasonal dynamics of water presence, a logical XOR (exclusive OR) operation is performed across
all monthly water maps. This operation effectively highlights areas where water is present in some months but
absent in others, thereby identifiyg seasonal water bodies. Following this, a thresholding operation is applied

to the results of the XOR operation, denotedqas

The thresholding process is critical for establishing the criteria used to differentiate between transient (seasonal)
and consistent (permanent) water presence. The classification rule can be mathematically expressed as follows:

ph EVE 3 0Q whé¢ &b
0 M ¢ch EfE AQ wa ¢ D
mh T OEAOxEOA
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In this equationp) "H1Q represents the water presence derived from the XOR logical operatipixel "6Q,
whilesr produces the final water classification map. The values in this final map are defined as follows:

a value of 1 indicates areas of seasonal water presence, a value of 2 denotes permanent water bodies, and a
value of 0 signifies newater areas. This systatic approach allows for an accurate characterization of water
dynamics over time, enhancing our understanding of hydrological processes in the study area.

8.2.3 Deep Learning Architectures

Land cover (LC) mapping is an essential tool used in various fields, including forest monitoring, agriculture, urban
development, flood risk assessment, and climate change analysis. It supports the development of effective land
use policies and the evaluah of ecosystem health by enabling the monitoring of environmental conditions
across diverse regions.

The integration of deep learning (DL) methods, especially Convolutional Neural Networks (CNNs), has
significantly advanced the field of remote sensing for LC mapping. CNNs are particulaslyitedlfor this task
because they can directly extract locabsipl features from satellite imageiy 3], [74]. Architectures such as

UNet, which employ encodetecoder structures with skip connections, have proven highly effective in
segmenting images while preserving spatial details.

Innovative methods also involve combining different types of neural networks to exploit their respective
strengths. For example, hybrid models like Fully Convolutional Networks (FCNs) integrated with Convolutional
Long ShorTerm Memory (ConvLSTM) networksin combine spatial and temporal information from
multitemporal SARlata, significantly improving classification accuracy over traditional approdcbgs

The following sections will discuss three deep learning (DL) architettdrgention UNet, Swin UNet, and 3D

FCN considered for mapping Synthetic Aperture Radar (SAR) datasets. These architectures address the unique
challenges associated with SAR datahsagnoise, speckle, and the complex nature of radar backscatter signals.
Each architecture brings specific capabilities to enhance feature extraction, capture spatial and temporal
information, and improve land cover classification accuracy.

These DL architectures leverage cuttedpe techniques to handle SAR data's distinct properties, providing
robust and scalable solutions for land cover mapping across diverse environments and timeframes.

8.2.3.1 Attention Unet

The Attention Une{65] architecture extends the traditional UN§I6] by incorporating attention mechanisms
that focus on the most relevant parts of the input data.maintains the standard structuref U-Net of a
contracting path followed by an expansive path, allowing the network to capture both global context and fine
details, which is especially useful for tasks such as image segmentation.

The main improvement comes from incorporating @tention gate which focuses on relevant regions while
suppressing irrelevant feature activations. This attention mechanism is integrateskgs@nnectiowithin the

U-Net framework, making it particularly effective for tasks like extracting {upilareas from satellite images,
where it allows the model to concentrate on distinct building patterns and structures, resulting in more accurate
height estimatims.
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Figure29. Architecture of an attention gate used in the Attention UNet mod&l7].

The attention blocks mathematicallydescribedaccording to the notatiorshown inFigure29 and in the work
[77], where two inputs are processedl , vector of the features from the decoder or expanded patand

e h&atures from the encoder ocompressed pathat a specific deptfiQ 6Qin the network. These feature
representations undergo separate p convolutions, allowing the model to learn how to refine feature
activations:

d

o ? Z o

=l
=

Wheresr ands are learnableweights of thep  p convolution layers, and represents the convolution
operation.

The outputs of these convolutions are summed elermeige to combine the refined feature maps:

rlo"Q

Next, the summed features are passed throudReatified Linear Unit (ReLU) activation function, commonly used
in deep learning models, particularly in CNNs. It introduceslim&arity into the model, enabling the network
to learn complex patterns:

2A, 5
A Batch Normalization layer is then applied to stabilize the training process:
"AOAE. T OI
The normalized output is fed into anothpr p convolution followed by a Sigmoid activation function to create
an attention map :
N

wherein Jdenotes the Sigmoid function. At this stage, a resampling operation is performed using an additional
p p convolution layer to reduce the dimensionality of the attention map, ensuring it matches the spatial
dimensions of the original input features:

? z
Here,sr represents the learnable weights of the resampling convolution.

Finally, the refined attention map is multiplied elemertwise with the original input featurese , selectively
enhancing important regions:

% oo fe

The outpute; xis a weighted version of the input, emphasizing relevant features that are critical for the
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downstream task. This attention mechanism allows the network to dynamically adjust its focus based on the
input data, leading to improved segmentation performance and more accurate land cover classification,
especially in complex scenarios like urban ae@action from satellite imagery.

In the context of SAR data, attention mechanisms help reduce the impact of noise and highlight significant
features for land cover mapping. By dynamically weighting different regions of the image, Attention UNet can
better capturesubtle variations in land cover types, leading to more accurate segmentation and classification
results.

8.2.3.2 Swin Unet

Swin UNet integrates Swin Transformers, a form of Vision Transformer (ViT), into the UNet framework. Unlike
traditional convolutional methods, Swin Transformers utilize-aténtion mechanisms to capture lorrgnge
dependencies and global context withime image. This architecture partitions the image into raerlapping
windows and performs seHttention within each window while allowing for cresgndow connections.

Skip Connection

in Transformer in Transfarmer
Sentinel-1 Seasonal High Resolution
Features series Land Cover map

UFeatureMap @ Swin Transformer block ——5>  Patch Merging ——--» Dual up-sample

Figure30. The SwiAUNet architecture, applied to the land cover (LC) classification task, integrates distinctive aspects of
the Swin Transformer with the UNet architecture to achieve optim@rformance. This combination leverages the Swin
Transformer's ability to capture longange dependencies and mulicale contextual information, while the UNet structure
ensures precise localization and segmentation capabilities.

TheSwinUnetarchitecture consists of three primary components: the encoder, the bottleneck, and the decoder.
An illustrative diagram of the overall model is providedrigure30.

Theencoderemploys multiple Swin Transformer lay¢r8], designed to hierarchically process the input images
across a series of stages. Each stage utilises the shifted windeaittealion mechanisn{79], allowing the

model to efficiently capture local interactions in the initial stages and progressively build towards understanding
larger areas of the input image. This approach reduces the resolution of feature maps while increasing feature
dimensions, failitating a deep and comprehensive understanding of the input data.

For a given input tensek N 'Y , where0 @s the number of patches aniiQis the number of channels, the
selfattention output< _ can be formulated as:
. o O e
L 31 £O ||—FA%ZQ,_L or
where:

T | L3 ,istheQuery matrix

1 Lge« L3 istheKeymatrix

1 1 =<3 istheValue matrix

T 5 hp b Y are learnable weight matrices.
1 'Q isthe dimensionality of the keys.

The selfattention output, = ‘ , is applied during the encoder stage of the Swin UNet architecture.
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Specifically, it is used in the process of-s#fiéntion within the Swin Transformer layers, where it captures local
interactions and progressively builds an understanding of larger areas of the input iffidagautput is part of

the hierarchical processing done in the encoder, where multiple Swin Transformer layers employ shifted window
selfattention to analyze the input tenso&, representing the image patches and channels. The computed self
attention output helps encode information that contributés feature extraction and dowssampling, which is
essential for the network's understanding of global contextual relationships in the image.

The bottleneck acts as the crucial transition point between the encoder and decoder modules. It typically
comprises one or more Swin Transformer layers located at the deepest part of the network, focusing on
integrating and compressing the hidgvel features learned bthe encoder.

Lety be the feature output from the last encoder layer, the bottleneck layer can be represented as:

3 ,AUAO.=|'I' G -H-
Wheresr is a weight matrix, andt  is a bias vector for the bottleneck layer.

Thedecoderthen gradually expands the encoded features back to the original image resolution. It employs Swin
Transformer layers arranged in stages, each incorporating a eqganding layer to progressively increase the
spatial resolution of the feature mapklsing a patckexpanding layer, the output features from the bottleneck

3 are expanded:

3 0OAOCAE%®YDAT A
whereq represents the feature maps at decoder sta@e

Additionally, skip connections from corresponding encoder stages are integrated at each level of the decoder,

aiding in the restoration of spatial details often lost during desampling in the encodetf 5 is the output
from the encoder at stag@®

The final segmentation output  can be produced by applyinge p convolution followed by a softmax
activation to the output of the last decoder layer:

L 31 £0% A I
Wheresr and-H- are learnable weights and biases for the output layer.

For SAR data, Swin UNet offers an advantage in understanding global contextual relationships, which is crucial
for distinguishing complex land cover patterns across large spatial areas.

8.2.3.3 3-Dimensional - Fully Convolutional Network (3D -FCN)

The 3BFCN extends conventional 2D convolutional methods by adding a third dimension to the data input,
allowing for theprocessing of multitemporal SAR datasets. This architecture captures temporal dynamics in the
data, making it welbuited for applications where changes over time are significant, such as vegetation
monitoring or urban expansion analysis. The 3D convaistienable the network to extract spatismporal
features simultaneously, providing a more comprehensive representation of the observed scene and improving
classification accuracy for complex land cover types.

For the land cover mappingsing SAR datathe methodology from[67] was adopted as afoundation The
referenced work provides a framewqrghown inFigure31, for utilizing SAR time series to classify different land
cover types by capturing unique spatial and temporal characteristics. This approach was selected because of its
ability to effectively leverage SAR sensitigfyhe datato surface structure and moisture, making it suitable for
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distinguishing between various land cover classes under diverse environmental conditions. By building upon this
methodology, the current study enhances the classification accuracy and scalability for broader geographic areas
and more detailed land cover tegyories

lnputi
7x7x7 Conv3D, 64, 1 1 38x3x3 Conv3D, 256,
s=(1,2,2) s=(1,1,1)
BatchNorm-3D, 256
BatchNorm-3D, 64 Block 1 x1 Block 1 x1 Block 1 x1 .
o RelLU
=
ReLU -
o Dropout, p=8.2
g
3x3x3 MaxPool-3D, Block 2 X2 Block 2 X3 Block 2 x5 1x1x1 Conv3D, 18,
w=(2:2,2) s=(1,1,1)
\— Dimension reduction

Layer 1

Layer 2

Layer 3

Output
Figure31. Block diagram of the land cover mapping procedure[@7].

The 3D Fully Convolutional Network (FCN) architecinrg67] consists of several key components and
mathematical operations. The network's design includes a 3D RégNbackbone and layers optimized to
extract both spatial and temporal features from multitemporal Senth&8AR dat®lease note that the notation
and formulation in this section are the same as in the wW6iK.

As illustrated inFigure31, the DL architecture is composed of five primary layers. The initial layer applies a
X X X convolutional kernel with a stride 6f  phchg and padding of ofoto to input data sized

p Y ¢ v @c v,pvhere "Yrepresents the number of temporal images, resulting in the creation of 64
activation mapslLetLz p 'Y be the input tensor, the output is:

i o#t 1 1 OBe$rar fidn
wheresr 57 jregpresents theconvolutional weights.

Following this, a 3D batch normalization step is implemented to standardise the output activations from the
preceding convolutional neural network (CNN) layer, aligning them with a unit Gaussian distribution

L., " AOAE 400

where the normalization is done over the mean and varianeé4}_af o

The next stage involves applying a RelLU activation function,
£4 -t 0 i A@RL . .., succeededbya o omaxpooling operation to produce a dowsempled feature
map, £_.. .- A0 T T kg ® , The resultant tensors are then processed through three layers, each

consisting of two residual blocks.
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Figure32. Scheme of the two main residual blocks.

The backbonef the networkconsists otwo key types of residual blocksin Figure32, which are essential for
enhancing feature extraction and facilitating gradient flow during training.

The first block, depicted iRigure32(a), performs an addition of the result obtained after the 3D convolution and
batch normalization steps with the output of a downsampling operation directly applied to the input data. As
shown inFigure32(a), the convolutions with a stride 6f 3 4 ihdicate that the stride varies across layers. In
particular, a stride of 1 is used in layer 1, while a stride of 2 (for all axes) is applied in layers 2 and 3. The 3D
convolution followed by batch normalization can be formulated as

Lirjono# [ [ OkBroac " AOAE 401
The second block, ifrigure32(b), differs from the first by omitting the downsampling operation, allowing the
residual data from the yellow boxes to be added directly to the input:

Lo Lo L
“OAO TA/ [ OAGOEED

Where= ¢ isoeither the original input or dowsampled input.

Once all the backbone layers have been traversed, the data enters the fully convolutional network (FCN) head,
which comprises @ m ¢ ¢ convolutional kernel with a stride of phphp and no padding, generating 256
activation maps. This is followed by another 3D batch normalization step
Lirioaat !l T Opofgenna and a ReLU activation function

L4 easd AGD GUKE | ézy1 6 eabidropout layer is then incorporated to help prevent overfitting,

with the probabilityr] of a neuron being deactivated set to 0.2.

The final step employs@ p p convolutional kernel with a stride df phpfp to produce a number of
output mapsb , corresponding to the number of classes.

oo #1 1 OB% o Bmisao

A dimension reduction layer is used to reshape the data int@ anp 1 p tdata cube, facilitating the final
pixeklwise classification.
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8.2.4 Posterior normalization

Posterior normalization is the final step in ti&ARclassification process. This stage integrates the posterior
outputs generated from th®©Lmodel for land cover classification, as well as outputs for {fuglareas and water
bodies. The normalization process is critical for ensuring that the combined outputs accurately reflect the
probabilities of each class, thus facilitating effective iptetation and decisionmaking in remote sensing
applications.

This normalization process has been successfully implemented with support from the University of Genoa, which
provided valuable expertise and resources throughout the development.

Currently, the project focuses on a comprehensive evaluation and analysis of the performance of the UEXT and
water extraction algorithms. This assessment examines the effectivendiss thiree mentioneddeep learning
architectures in recognizing builip and water classes, both seasonal and permanent. By systematically
comparing the performance of these algorithms across various scenarios, the research team aims to identify the
most effective approache®r accurately distinguishing between builp areas and water bodies. This research

is essential for enhancing applications in remote sensing and urban plaohingtely contributing to improved
environmental monitoring and resource management.

Should the UEXT and water extraction algorithms demonstrate greater effectiveness in recognizing andt
water classes, respectively, compared to the deep learbimged land cover classifiers, a final task will involve
the normalization of the postéors. The deep learning networks will be trained to recognize the land cover
classes listed iablel, excluding builup, seasonal, and permanent water classes, producing relevant posterior
probability maps as output.

The posteriors for budtip and water classes will be extracted from the bujtand water maps generated by

the UEXT and water extractor outputs, respectively. However, both urban and water recognition approaches do
not yield information about the probadlities due to the masking operation applied during theractionprocess.

To address this, a value known as ttenfidence indexvill be assigned to each pixel. This confidence index
quantifies the reliability of the classification resuli$ie assignment process can be mathematically represented

as follows:

I For a pixel identified asuilt-up:
x 0 T™MhE@EEA DPEGAI EOZXM AOOEZEAA AO AOGEI O
© GEGEA PDEGAEES 11 AOEI O

1 For a pixel identified as water (both permanent and seasonal)
. &0 hEGEEA PEGAI EO Al AOOEZEAA AO xAOAO
@ OEGEEA PEGAI EO 11 xAOAO

In the case of conflicting classifications (i.e., if a pixel is classified as botupuailtd water), an average
confidence index is assigned:

® qQ O "AQ
C

® K5[0)

For example, if a pixel is classified as both huiltand water, it will receive a confidence indextoi@® b,
reflecting the uncertainty in its classification.

The final posterior probabilities are calculated by combining the confidence indices with the outputs from the DL
model. Additionally, the normalization of the posterior probabilities takes into account that the values are
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typically ranged between [0, 255]. This scaling ensures that the output probabilities are accurately represented

The normalized posterior for eagtixel can be represented as:

" CLUT ® ‘dah  EAE A O ARAEAYD
Ay ‘0 cut ® doh EME AOGBAEAD
v noEQ p e e m e o e i

Here,i "6IQ represents the posterior probability output from the deep learning model for-n@ter and non
built-up classes.

Consequently, the normalized posterior image tloe built-up areas will assign a value of 80% for those pixels
recognized abuilt-up, and 5% for other pixels. Similarly, for the water class, a pixel recognized as water (either
permanent or seasonal) will receive a value of 70%, whilewater pixels will have a value of 5%.

Fnally, the normalized output is written to the outppiosteriorsimage, where each pixel's value is computed
and saved:

1 q vt
PTT

By implementing these steps, the deep learning probabilities are normalizeddount for the confidence
indices, ultimately providing a unified SAR classification posterior map. This posterior map enhances the accuracy
and reliability of land cover classification, facilitating better decisiwking in remote sensing applications.

9 Decision fusion

The Decision Fusion processing chain includes 1seiisor fusion, which combines pixgise posteriors of the
classification from optical and SAR data, spatial fusion to consider the spatial contextempitiral fusion that
makes use of the informatioalong the time axis, and spatial harmonization that ensures the spatial smoothness
of the mosaicking results of adjacent tiles (granules). Each subsection will start with a brief summary of the
previous approach from Phase 1 (as the starting point),@tbby the adopted methodology for Phase 2, be it

an extension or a new different method.

9.1 Multi-sensor and spatial fusion

The decision fusion processing chain receives pvigt posterior probabilities from botthe optical and SAR
processing chains. Based on the sources of the data, there are three subsets of classes that are taken into
account. The first one is the set of common classdsch are the classes that exist in both classification results

from optical and SAR data. In order to fusert) the consensus rule based on logarithmic opinion pool (LOGP)

[80], which gives weights differently according to the cksssvasused. This is to consider the difference in the

sets of classes the optical and SAR sensors can classify confidently, i.e., the optical sensor is generally useful in
discriminating all considered land cover classes while urban areas and water bodispetiaky distinguishable

using the SAR data. The second and third subsets of classes belong to the classes that are exclusively classified
using only optical data and SAR data, respectivéiycimare used as they are, and combined in a unique decision

rule as described if80].

In order to consider the spatial context in terms of the interactions between a class and the classes of the
neighboring pixels, a Markov Random Field (MRF) mi@&é&iwas applied after the pixekise decision fusion

step. An MRF is determined by an energy function of which the minimization with respect to the labels is
equivalent to the estimation by a maximurmpasteriori criterion[81]. Specificallyin Phase 1, an MRF model

with only up to pairwise clique potentialgasused. Hence, the energy function can be written as:

YES | 1 T0C boe; ¢ Vb h

where "Yis the pixel lattice and is a shorthand notation for a generic pixel locaticflQ, i.e., e is short for
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o "GO with i "@Q N "Y(and similarly/bis short for/b@Q). Here, the feature vectos collects the input
optical and SAR data, and the time argumerns dropped because the mukiensor and spatial fusion stage
operate on singldime imagery| is a positive weight. The MRF consid8ssas sample of the random field

b ;.~of class labels, whose values are discr&andrj indicate the output label map to be generated and the
input image datal i "Vis the set of neighboring pixels which can be in the form of four connected adjacent
pixels (first order connectivity) or the surrounding eight pixels (second order connectivity). The first term of the
energy function characterizes the likelihood of thass at the pixel level, which depends on the estimated fused
posterior probabilityd /bse; . In the second termp JBVb controls the label regularization which was defined

as:

oMb [ p | /HVb h

where] { is the Kronecker delta function, afdis a weight. This term encourages two neighboring pixels to be
labelled with the same class.

In the Phase 2 development, the focus is on extending this spatial model in order to reduce and mitigate the
residual artifacts that were observed in the validation of the Phase 1 product. The rationale is twofold: first, these
artifacts are generally claglependent; second, the spatial modeling always needs to be tuned through a
compromise between regularization and detail preservation.

In this context, considering that there are some classes needed to be regularized stronger while other classes
need to be kept as they are or to be smoothened out less for detail preservation, in Phase 2, the weight is being
parameterized according to thpair of class labels, through a functioh /EVb whose values are defined
empirically. Hence, the first extension of the second term of the energy function now can be written as:

& JHYb [ JHTb p | J/HTb 8

Furthermore, the extension for Phase 2 also includes the posteriors in the spatigxtual energy term, i.e.,

the pairwise potential is also being conditioned on the feature veosorsg-or this, instead of the MRF approach

that was adopted in Phase 1, the spatial model of Phase 2 is framed within the more general family of
probabilistic graphical models called Conditional Random Fields (CRFs). Switching from MRF to CRF modelling
allows ggnificantly extending the flexibility of the local spatial model, while retaining a similar computational
burden for the inference process. Specifically, the CRF model of Phase 2 makes use of up to pairzése non
potentials and can be defined as:

Y E | 1 T0C Jboe; 6 Jbivbg] h

N

where the pairwise potential also incorporates input imadata. An effective choice for this potential is
generally:

O JHYbe] | /HYb p ] J/HVb U ehe h

where0 e he s a kernel function that expresses a similarity measure associated with the feature vectors of
neighboring pixels. The typical choice is the contta8y a A 0 A PSS / wC t2G04Q Y2RSt =
Gaussian choice of the kernel (radial basis fumjti

fi o b, Q% %~R
where* is a positive parameter. On one hand, the contreshsitive Potts is known toe effective at locally
tuning spatial regularization as a function of the input imagery. On the other hand, it makes use of the feature
vectors extracted from the input imagery directly.
In order to be aligned with the CCI+ HRLC pipeline, in which the Decision Fusion processing chain only receives
the posterior probabilities from the optical and SAR processing chain and not the optical and SAR images directly,
the adopted CRF model is sifemally formulated in terms of posteriors instead of feature vectors. The general
model of the adopted pairwise potential can be written as:

o Mg [ b p 1 S A AR R

where || 1 is the vector collecting the fused posterior probabilitles /b 1 e fof all classes  AQ

[
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pl’va;ﬁ’:F:]:\i , Wwhere i is the number of classes. Accordingly, the spatial model developed in Phase 2 can be
summarized as follows:

Y B | 110G S Vb p 1 bvb fi |k A AR R B

We notice that, unlike the MRF model used in Phase 1, which was spatially stationary, this CRF model is spatially
nonstationary, with the goal of aligning more adaptively with the spalggils in the scene.

We also mention that, with the possibility of using deep learning in Phase 2, there is the opportunity of using a
deep model to address the pixalise posterior fusion while considering spatial information within one unique
neural model. For this purposa,Convolution Neural Network (CNN) can be used to fuse the posterior outputs
coming from optical and SAR processing chains, directly as if they were the outpustsftofax layer. However,

while it comes with the benefit of having a possibly very flexibtadel to do two separate tasks at once, this
approachalso hasa drawback, as the CNN needs training whereas the current probabilistic gramieittedd
(CRFYoesnot need one. Thigmpliesa large modification in th&€Cl+ HRL@peline because the training set
should be fed to the Decision Fusion processing chain as well. More generally, the adoption of a deep learning
strategy within the CCI+ HRLC pipeline geneirallyiesa strong reformulation of the whole pipeline itselfiot

only of the Decision Bipn componentsin the framework of this overall cost/benefit tradeoff, this possibility to

use deep learning formulation will be taken into consideration in view of the second production.

9.2 Multi-temporal fusion

As land cover mapping is addressed in multiple years, doing the classification and fusion in each time step
independently from one another inevitably produces noisy results along the time axis. This is especially relevant
in the case of historical maps lacse of the variability in the availability of the data, whidusesemporal
inconsistency in the classification. In order to prevent this drawback, #temitporal fusionhas beerintroduced

to the Decision Fusion processing chain, allowing the infoomdtbm other time steps to be taken into account

in one particular time step. In Phase 1, a simple cascade nfi®2plvas used to perform the multemporal

fusion by using the static map of 2019 as a reference and by propagating the informatfenditer historical
products backward. On one hand, this choice allowed greatly reducing falsedaredtransitions, as compared

to separate independent classifications at the various times. On the other hand, the cascadéemptiral

fusion model is liméd in its use of the temporal information because it only considers one pair of time steps,
while thereexistsother useful information inthe other time stepsof the time series. In Phase & favor the
temporal consistencywe use the information of the whole time serie$ the posteriors computed for all the

years in which land cover is being mappEdr this purpose, the adopted approach is basedlmtheory of

Hidden Markov Models (HMMs).

Given the set of fused posterior probabilities coming from the classification of optical data and SAR data at every
time step in the considered time series, let us consider, on each pixel, the joint distribiitiGree

0 JbiybMB Wbse he 8 he  of the vector of all labels  Jh{bMB Wb , given the vector of all feature vectors

e e e Bhe .Here, we focus on a single individual pixel, dropping for the sake of clarity the explicit
indication of its location"@Q. A firstorder HMM is defined by these two conditions:

0 /bgb Wb BHb 0 /bgb I oN clof8 RY
0 oS 0eg

which formalize a Markovianity condition along time on the labels and a conditiodapendence assumption
on the relationship between observations and labels, respectively. Undemntbdel, we can prove that the
global posterior can be written as:

. 0 . . .
0~ © %Ufb@rb 0 /b h

whered /b and0 /b are priors and) /bgb s the transition probability stating the probability of one class
changing to another class across time. This formulation supports a maxirqposteriori (MAP) inference
directly. Similarly, the marginal posterior mode (MPM) inferencé dkge can be done sequentially using the
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forward-backward algorithni83]. This formulation involves defining a forward procedure that evaluates the joint
probability of observing all feature vectors up to timand the label at timex

| Jb kO efhe Abh

and a backward step that determines the conditional probability of all observations fromotimgup to "Ygiven
the value of/b

) Jbse hthen, can be computed by:

CA

. Ibebe
e S

The rationale is that inferring this in sequential order makes the algorithm computationally efficient while making
use ofthe information from the full time series. This is the methodological formulation adopted in Phase 2.

In principle, the HMM theory would also allow to estimate automatically the matrix of the transition probability
values through a casgpecific formulation of the expectatiemaximization (EM) algorithm. However, this option

is not being considered, at Isafor the first production, within the CCl+ HRLC processing chain, in which
applicationguided parameter setting is preferable in order to align the product with the desiderata of the climate
community.

As in the case of spatial muftensor fusion, multitemporal fusion can be addressed in ternteep learningas

well, with special focus on the family of Recurrent Neural Networks (R[SME)Several types of RNN such as
the Long Shorterm Memory (LSTM) and the Gated Recurrent Unit (GRRWyorks[85], [86] are known from

the literature to favor a good performance in terms of accuracy. However, as already mentioned in the previous
section, this deep learning alternative comes with requirements of training data and generally higher cost in
terms of processig time and computational loadnalogously, within this cost/benefit balance, the opportunity

to use deep learning will be taken into account for the second production.

9.3 Spatial harmonization

The spatial harmonization module is in charge of favoring the spatial consistency across the boundary between
adjacent mapping tiles during the process of mosaicking them together to generate the final land cover map. The
main challenge of this is the prexsce of residual edge artifacts due, in the Phaggroduct, to the different
properties of the data on the two tiles, which, in turn, is generally caused by the different data availabilities. In
Phase 1, a linear opinion pool approach was applied achesswerlapping areas of two neighboring granules.

The extension in Phase 2 incorporates class information into the spatial gradient from one granule to the other
to favor a more seamless spatial fusion. This means that, during the spatial harmonization, the gradient across
the two granules in the overlajpg area is parameterized as a function of not only the spatial location but also
the class labels. Operatively, this gradient is determined by spaigeéng weights, whose values are defined now

by biasing on the labels.

The rationale is that the aforementioned residual artifacts were noticed to be-dgsndent. Therefore, the

class memberships estimated by the muskinsor, spatial, and temporal fusion modules are used to partially
guide the harmonization in a classiented (hence applicatiospecific) manner.

10 Multitemporal change detection and trend analysis

The use of the High Resolution (HR) Satellite Image Time Series (SITS) in the Change Detection (CD) context
defines challenges fgsrocessing the great amount of data and developing advanced CD methods for handling

the optical data from 199@024in the time dimension. In particular, challenges will be addressed for dealing

with long SITS whefEl 2 images. For the long time scale case (i.e., several years) with high temporal resolution,

CD can be defined in several ways. Among them, we consider the possibility to analyze SITS to detect the changes
that have happened between consecutive years. Melhdeveloped for the CClI Medium Resian Land Cover

(MRLC) accounting for detecting change points of abrupt LC changes at annual scale. They mostly rely on medium
resolution (300m to 500m) SITS and mainly compare vegetation inf8ZgsHowever, the usage of those
strategies does not fit the case of multiple class trends. There is a need to define new methods to analyze dense
HR SITS using a mdé#tature framework and to detect differences between the consecutive years. In this
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context, several factors have been considered in the development of a method: i) it should extract relevant
information from the multiannual SITS to properly model the behavior of various LCs, ii) it should take into
account the irregularity of SITS thiatcaused mostly by atmospheric conditions, iii) it should exploit a strategy
that can effectively calculate the differences of feature time series on a yearly basis and, iv) it needs an effective
and automatic change detector to locate the changes in spad time.

LC Changes can be divided into three clag88% (1) seasonal changes, impacting plant phenology or
proportional cover of LC types with different plant phenology; (2) gradual changes such aanimbed climate
variability (e.g., trends in mean Normalized Difference Vegetation Index (NDVI)) or gcidungle inland
management or land degradation; and (3) abrupt (or permanent) changes, caused by disturbances such as
deforestation, urbanization, floods, and fires.

The CCI HRLC change products will be developed with an emphasis on quantification of abrupt/permanent
changes since climate change tends to be more abrupt than grd88hiThe analysis is performed over the
products derived from the multitemporal optical merging step, plus the HRLC static and five years regional maps.
The generablockscheme showiin Figure33is used for the generation of HRLC change proditts chapter

is organized around two main focuses of CCl HRLC phase 2:

91 The first focus involves reprocessing the products from phase one to refine the produced maps.

1 The second focus extends production to new areas and clusters of Sehtiited, representing each
area of interest using a muénnual, multifeature land cover change detection approach.
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Figure33. Blockbased representation of the processing chain for the multitemporal change detection and trend analysis

10.1 Reprocessing?hase Historical LC Change Detection aficend Analysis

For the historical analysis, the products generated in this phase of the project will undergo refinement through
the integration of ancillary data and multiple inputs derived from the Phase 1 production, as showrFiguihe

34. This workflow ensures consistency and homogeneity throughout the processing chain, which is critical for
accurate detection and mapping of historical changes.

The historicamulti-annual CDstarts with registered optical images from LandsaB%hat are processed in a
sequence that involves the identification of changes and the year of interest. The outputs from Phase 1, which
include LCclassificationgmapsand auxiliary datasets, are used to improve this analysis. Incorporating these
elements guarantees that the historical maps generated are more reliable and consistent across different
periods. This approach will also support better tracking of #tamgy changes by leveraging the temporal depth

and spatial consistency provided by Phase 1 data, leading to more accurate historical change detection results.



=

%{/"‘/

—
~

Ref D22-ATBD q high resolution
esa Issue Date Page Lhead land cover
-

1.1 16/12/2024 61

Registered Opt|lical

ldentifica
change anég—y
of interlest

Frgﬁ

L Staticsyears Chan
ta Ma p(10m) Regional HRB@Y
Ma p 3 0m) 1

10.2 Multi-annual Multi-feature Changeédetection

In phase2new areas are being introduced for analysis and change detection wlBpeéSentinel2 datasets.

Here, we should take into account that the CD processing chain works in pixel level in a yearly basis from 1990
to 2024 considering three subcontinental area in Amazonia, Africa and SikBX3} sothe methodologies will

be updatedconsideringhe higher spatial resolution of Sentir2ldata, the need to harmonize muliensor data

across these regions, and the inclusion of advanced techniques for managing temporal and spatial variability in
land cover dynamics.

The goal is to apply the same preprocessing stages developgdidal preprocessing, with greater emphasis on
creating an integrated and unified preprocessing workflow for both land cover classification and land cover
change detection. This will streamline the optical data analysis process, reduce the number of prod¢epsing s
and ensure a homogeneous and robust preprocessing pipeline

Let"Y'O'Y YOO & B iy be a preprocessed satellite image time series that includegears of images
acquired over the same geographical aréa. & hd B Lo I8 i is a year in the SITS composed of several
satellite images. Let us assume tidat has nonuniform time sampling and each image has a total number of
pixels. Given an image N "Y'O’¥ach pixel value represents the surface reflectance in a given spatial position
AN pfd and atemporal instanbd ¥ plY. Let GO o be the set of bands that compose the images
andv the total number of banddn phase 2, instead of using the original time series data, we utilize composite
data that can better model LC behavior through time generated in optical preprocessing niBuisel). This
enhances the ability of the breakpoint detector methodology to identify change dates and probabilities more
effectivelywith less computationsin this stage, considering the LC maps produced every five \tbars, are
years when LC classification is not conducted; in such cases, the composite generation will be implemented for
LC change detection

The input of the processing chain is the gecessedcompositesthat is employed in the feature selection
module to distinguish the spectral trends of different sets of LC chafigetetailsFigure35).It is possible to
generate the Post Classification Comparison (PCC) usapg LC classification map every five ye@lese maps

have been produced in order to: 1) align the changes that have occurred during five years derived from the LC
maps to the changes detected in multitemporal change detection processing chain, and 2) reduce the
computational burden.The PCC maps effectively filter out unchanged pixels over theydize period by
comparingLCmaps from two different years on a pixey-pixel basis. Only the pixels where a change in LC class

is detected are marked foufther processing, allowing tHess computational effotin the multitemporal change
detection chainCloud/shadow mask is imposed to remove cloudy pixels.

After featureselection for different sensors or the years with high or less frequent acquisitionsirtine series
reconstruction module will be considered or not

1 For SentinePl years with frequent weekly acquisitions and adequate data, composites are generated to
represent the LC behavior without the need for full time series reconstruction. This approach saves
processing time and computational resources.
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1 For Landsatyears with less frequent acquisitions, the strategy will shift toward using monthly, bi
monthly, or seasonal composites generated during thegmecessing phase (as outlined in the optical
pre-processing block iRigurel). Thesecomposites, instead of the original time series data, are used to
properly model LC behavior over time.

1 In the case oftritical Landsat or Sentineé? years where there are data gaps, we reconstruct the time
series to ensure a reliable representation of the LC dynamics

The time series reconstruction generates a continuous and dense feature time series by using a LC map to select
a suitable model for different LCs. This ensures religiidanalysis despite limited data availability. The abrupt
change detection is performed considering the proposed Mdtture Hypetemporal Change Vector Analysis
(MHCVA)90] technique that analyzes the differences between the features extracted from two consecutive
yearlyfeature spacedn phase two, instead of using the original time series data, we utilize composite data that
can better modelLChehavior through timegenerated in optical preprocessing module (d&gurel). This
enhances the ability of the breakpoint detector methodology to identify change dates and probabilities more
effectively.
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Figure35. Multi-annualMulti -feature LC change detection.

10.2.1 Feature Selection

The feature space design will focus on developing regpetific feature spaces customized to the unique
characteristics of each area by using methods to optimize change detection af@lys[82] For example, the
feature space incorporates spatial, temporal, and {fgrained features that capture the detailed information of

the LCs and their changes over time in each region. Pretrained deep learning eredelaluated for extracting
complex spatial and temporal features, leveraging their capacity to learn intricate patterns from large datasets
[93].

The first stage is to determine the suitable features which are the most important factor in distinguishing the
spectral trends of various sets of LC chan@g#erent couples of the available sensor bands are considered to
compute a set of Normalized Difference Indicés@ 0 ,"Q pF8 RQ of different bands as follows:

o O O, -
000 T o h phB O

This stage transforms the-dimensional feature space into adimensional feature space, whe® and @

belong tod (the set of bands available in a sensor) @nand 07 plth8 5 . These different ratios between
different spectral bands (e.g., SWIR/NIR, Red/Green) can highlight different changes in land cover types like
forests, water, or urban areas, as follows:

1 Normalized Difference Vegetation Index (NDVI) is widely used to assess vegetation health and density
by leveraging the high reflectance of healthy vegetation in the Niefsared (NIR) band and the low
reflectance in the Red band. It helps identify changesvegetation cover over time, such as
deforestation, agricultural stress, or regrowth following disturbanj©zg.

1 Normalized Difference Water Index (NDWI) is designed to detect and monitor changes in water bodies
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by capitalizing on the high absorption of NIR radiation by water and its high reflectance in the Green
band. This index helps in mapping lakes, rivers, wetlands, and coastal zones and can track seasonal
fluctuations in water bodies or detect lorigrm water changes due to drought or urbanizatif9b].

1 Normalized Burn Ratio (NBR) is used for identifying burned areas and assessing wildfire severity by
analyzing the changes in NIR and Shortwave Infrared (SWIR) reflectance. Burned areas exhibit lower NIR
and higher SWIR reflectance compared to healthy vetiymt, making this index effective in mapping
fire-affected regions[96]. An enhanced version of NBR is developed that takes into account the
reflectance of water, which is called NBR7].

1 SoitAdjusted Vegetation Index (SAVI) modifies the NDVI formula by incorporating a correction factor
(0) to minimize the influence of soil brightness, making it more suitable for arid regions or areas with
sparse vegetation. The factéris usually set to 0.5 but can be adjusted depending on soil conditions.
SAVI provides more accurate vegetation assessments in areas with exposed soil, such as deserts or
grasslands, where traditional NDVI might not perform i&s].

1 Normalized Difference Builtp Index (NDBI) is designed to identify urban and fuglareas by analyzing
the difference in reflectance between the SWIR and NIR bands. Urban areas typically reflect more SWIR
radiation and less NIR radiation compared to etagjon, making NDBI effective for detecting urban
expansion and monitoring land use chan{3).

1 The NonmHomogeneous Feature Difference (NHFD) is an index designed to detect differences between
various spectral features across multiple bands or between two images taken at different times. It works
by calculating the absolute differences between cop@sding spectral bands (or other relevant
features) of two images, summing these differences across all the available bands to produce a single
value that represents the degree of charig€0].

Each of the provided indices offers valuable information about land cover, aiding in the analysis of changes.
However, depending on the specific area of study, certain indices may be more effective than others. Therefore,
a thorough analysis of the regias conducted to determine the most relevant indices or a combination of them,
ensuring a more reliable change detection process. In this context, temporal features can also be highly useful
for capturing how spectral information evolves over time, allowiogthe identification of abrupt changes in

land cover. Time series analysis of indices like NDVI, NDWI, and NBR provides insights into patterns such as
deforestation, regrowth, and seasonal fluctuations in vegetation or water bodies. Phenological pietlieding

the start and end of growing seasons or peak biomass, help monitor vegetation dynamics, while seasonal
variability analysis distinguishes natural cycles from human disturbances-\Mattiaverages of indices offer a
stable view of persistentlmnges over years, reducing noise and revealing-teng trends like continuous
deforestation or urban growth.

Methods like Principal Component Analysis (PCA), Bvaeiant Feature Transform (SIFT), and Local Directional
Pattern (LDPare highly beneficial in different change detection scenarios due to their ability to extract detailed
spatial features and patterns from imagery. For instance, PCA is widely used for dimensionality reduction and
can highlight the most significant variancedata, making it useful for detecting subtle changes in land cover
over time. SIFT is effective for identifying key points eaadching features between images, which is particularly
valuable for tracking structural or morphological changes in urban atd3B.captures local texture variations,
making it useful for detecting finscale changes in land surfaces, such as soil degradation or vegetation shifts
[101].

Convolutional Neural Networks (CNIH)2], for instance, can automatically learn hierarchical features from raw
image data, capturing both lovevel details like edges and textures as well as-eghl abstractions such as
shapes and objects. This is particularly useful for complex change idetscenarios, such as urban expansion

or deforestation, where both fingrained and largscale changes need to be monitored.

Autoencoders and prrained deep networks (e.g., ResNet or VGG) are also commonly used for feature
extraction, especially when large labeled datasets are unavailable. These networks cantbeddhéor specific

tasks, allowing the extraction of rich, &al, and temporal features that are crucial for identifying land cover
changes. Deep learning techniques have the added advantage of being able to handle diverse input types (e.g.,
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optical and radar data) and can adapt to different regions and landscape characteristics, making them more
versatile for multitemporal change detection.

The overall approach for optical feature extraction, as illustrateEigure36, begins with the preprocessing of
satellite imagery(seeFigurel). The feature extraction involves generating various feature types: normalized
difference features, temporal features, and deep network features. Normalized difference features allow for the
assessment of vegetation health or land cover changes by cafgyldifferent normalized indices. Temporal
features leverage the time series aspect of the data, capturing seasonal dynamics and trends over time. Deep
network features utilize advanced machine learning techniques to extract complex patterns from théfiieta.
extracting these features, the next steps involve feature selection to identify the most relevant variables,
followed by accuracy assessment to evaluate the performance of the feature extraction process. Ultimately, this
comprehensive approach culndtes in change detection, enabling the identification and analysis of changes in
land cover or environmental conditions over the monitored period.
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Figure36. The best feature space textion flowchart.

10.2.2 Time Series Reconstruction

Time series reconstruction will be implemented for the years (sensors) characterized Jegjnalfy distributed
temporal sampling and noeoontinuous trend, also affected by noisy oscillation not corrected in the pre
processing stepn this context, continuous refers to time series data that contains samples at regularly spaced
time intervals without significant gaps or missing values

The proposed time series reconstruction considers two different strategies for the vegetation ard non
vegetation samples. To produce reliable and continuous time series for the@egetation profiles the strategy

is based on two steps: i) for each pixettie image extract the NEBITS, ii) perform NDI dagiTS augmentation

by upper envelope and dropout strategy (a piecewise cubic interpolation is used[heg})

Further details on the augmentation by upper envelope strategy are illustrated as follows

1 Define a NDBSITS setli( O "}, corresponding to a year (365 days), plus the two previous and two
later months of data;
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1 For each) ‘O "Qselect the samples that are above a given threshold (defined by trial and error as
NDI = 0.4). This threshold identifies when a giVéi@" Yexperiences a significant variability over
time;

1 Calculate the local maxima (as the points with zero first derivative and negative second derivative)
of the selected samples and withdraw the remaining ones (fibi® "Q. This leads to the upper
envelope of the data;

1 Use the samples below the threshold and the local maxima from previous step for data imputation
by means of a Piecewise Cubic Hermite Interpolating Polynomial (PCHIP). The selection of PCHIP
over other interpolation methods is justified by its charactadgo preserve the shape of the data
and respect monotonicity. The combination of these samples is defined as the-appelope set;

1  Subtract the imputed data from) ‘O "O Reinsert the withdrawn samples with a difference greater
than zero to the uppeenvelope set. This step allows to better follow the shape of the original data;

Impute the updated uppeenvelope set by means of PCHIP;
Remove the two previous and two later months fr@énio 'O

The definition of0 ‘O "Oallows to better model the beginning and the end of the SITS, thus
smoothing discontinuities and possible errors in LCCD analysis.

In the case of complex land cover classes like vegetation type (i.e., grass, shrubs, forest and crops) that show
strong variabilities over space and time due to intrinsic seasonality and the large amount of species around the
world, a third step is addechat performs adaptive nopparametric regression of NEBITS by considering a
General Regression Neural Network (GRNN) by taking inspiration[f@#h [105](see Figure37). The non
parametric regression is used and adapted to produce continuous and regularly sampled temporal signatures for
vegetation pixels. To do so, four steps are followed: (1) Computation of Normalized Difference Indices (NDI), (2)
uniform sampling intgpolation, (3) low pass filtering and; (4) nparametric regression through a Multayer
Perceptron Neural Network (MERN). First, the spectral temporal signatures are combined, generating NDI
arrays (FS). The combination of the source signals it thends produce an increased number of features. The

NDI temporal signatures are then interpolated, considering the density and the shape maintenance requirement.
A low pass filter reduces the intensity of hiffequency oscillations not usual in the LC pmral signatures,
achieving a smoother behaviour. Last, a fpErametric regression captures the temporal signatures trend
reducing the profile complexity and arithmetic dependency.
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Figure37. Time series reconstruction step.

10.2.3 Abrupt Change Detection

The proposed CD method for mu#thnual SITS detects and characterizes changes occurring between
consecutive years. Abrupt change detection incorporate a feature fusion strategy based on the NBOLTVA
Assumingd ‘OO being the feature time series for each featui@and "Q pf8 RO'Y MHCVA finds the
differences between every couple of consecutive years iti@"O by applying a difference feature magnitude
calculation. First, the regulab ‘O"O is divided into the records acquired in the same year®© O

0 008 i) '0"08 hy 00 8Eachi O'ORQ pfB RO'Yis a regularly sampled feature time series. Then, a
MHCYV is computed between the consecutive year$ i@ O to highlight the temporal differences in the time

series. If for a given period data are not available for two neighboring years at the pixel level, the algorithm
considers the next year to calculate the MHCV.






