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Issue  Changes Date

1.0 First version 02/07/2019

1.1 Revision according to CCI_HRLC_Phl_KO+9 RID_ESA.xlsx 25/09/2019

2.0 Document entirely updated according to current statosthe processing 03/01/2020
chain.Final legend is included.

3.0 Global revision of the document updated with processing chain with its § 23/11/2020
at the end of the second year of activity.

3.1 Updated version according to CCI_HRLC_Ph1_ARE3RMsx 04/12/2020

4.0 Updated figures in Section 2. SectiBnhas been updated with the pre 31/10/2022
processing improvements. Section 6 has been updated, SVM descriptio
been moved here, the use of GLCM and DEM as feature is reportec
inclusion of traimg points from the available land cover agreement and
division of areas in ecoregions has been includgdction 7.2 has bee|
updated with the descriptions of the urban and water detectd®ection 8
now describes the cascade model, the harmonizatiosdoies (spatial anc
temporal) and the fusion post processirgection 9.2 has been added wi
the description of the PCC mask application in the CD produ@iection9.4
has been updatedvith the steps of the miltitemporal change detectior
processing cha. Section8.5.2has been updated with the description of th
temporal consistency checBectionl0 has been added with the descriptio
of the post processing’he whole document includes updated references.

Detailed Change Record

Issue RID Description of discrepancy Sections

1.1 FRO1 The ATBD should report a detaile 7,8,9 Sections are integrated witl
description of the algorithms ani more detailed information
methodologies (reported in the technici and mathematicainsights.

proposal) that should be used to achie
the objective of the project.

We understand that RR#1 activities w
provide better indications on whicl
algorithm candidates on classification, b
a more detailed description of the liste
methods is needed.

1.1 FRO2 Why as Global Product to use as referer 7.1.1 Mention to CORINE Lt
the unique map described is CORINE | (removed) product as global product
CLC is not global. has been removed

1.1 FRO3 Why training the S1 data using i 7 Further clarification has
reference the 300m C&IC maps? We ar been added

going to lose the HR of S1 data, or ar
wrong? Please add some referen
document using this technique

3.1 FRO1 From the documentation it sems that 2,3,7 The atmospheric correction
you will apply Sen2Cor to S2 L1C data, has been removed from the
this will not be the case because you w block scheme, and thmput

download S2 L2A, therefore the AC will
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download L1. (e.g. in Figure 2 AC ¢t chainhave been specified.

should be removed for S2 data).
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1 Introduction

1.1 Executive summary

Algorithm development is specificalgimed ataddresing the technical requirements as providday the
outcome of Task 1 of the projedBest performing algorithmhave been selected among proposed candidates
through an internabenchmarkingtesting iteration by the Earth Observing Science (EOS) tessdocumented

in PVASRT hefinal processing chain as developiedthe three year®f project activity is presented in this version
of the document.

1.2 Purpose and scope

The Algorithm Theoretical Basis Document (ATBD) déteilgorithmsincludedin the processing chaimeeded

to producethe land cover products as presented in the F&D3] It is intended to provide informatiofor the
understandng of the processing chaias a wholeThis ATBD versiois mature, it encapsulates all the updates
and modifications that were introduced to address the feedbacks coming from the validation and
intercomparison activities during the first benchmarking and testing stages of the prajest version of the
document integratsin the whole prgect workflow and it identifies asiain blocks o€omputation the following
ones

I Optical preprocessing.

1 SAR p-processing.

1 Multi-sensor geolocation.

1 Optical data classification.

1 SAR data classification.

9 Decision fusion.

1 Multitemporal change detection and trend analysis.

1.3 Applicable documents

Ref. Title, Issue/Rev, Date, ID

[AD1] CCI HR Technical Proposal, v16103/2018

[AD2] CCI Extension (CCl+) PhagdNew ECVe Statement of Work, v1.3, 22/08/2017, ESSIPRGMEOPS
SW17-0032.

[AD3] CCI_HRLC_Pbi1l.2 PSDlatest version

[AD4] CCI_HRLC_Pb1.1 URD]atest version

[AD5] CCI_HRLC_PbR.1 PVASR, latest version

1.4 Acronyms andabbreviations

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

AC Atmospheric correction

AMI Active Microwave Instrument

AOT Aerosol Optical Thickness

ASAR Advanced Synthetic Aperture Radar

ATBD Algorithm Theoretical Basis Document

BEAST A Bayesian Estimator of Abrupt change, Seasonal change, and Trend
BFAST Breaks For Additive Seasonal and Trend

BOA Bottom of Atmosphere

BowW Bag of visual Words
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CClI

CD
CFMask
CMA
CMG
CNN
CVA
DARD
DDV
DEM
DM
DSM
DTW
ECV
ERS
ETM
ETM+
FC

FS
GCOS
GMM
GSFC
HLS

HR

IFK

INT
IRMAD
L-5/7/8
LandTrendr
LaSRC
LC

LCC
LEDAPS
LLC
LOP
LPF
LSTM
LTS
LUT
MDDTW
MEaSUREs

Climate Change Initiative

Change Detection

C Version of Function ®fask

Climate Modeling GridAerosol
Climate Modeling Grid

Deep Convolutional Neural Network
Change Vector Analysis

Data Access Requirement Document
Dark Dense Vegetation

Digital Elevation Model

Dissimilarity Measure

Digital Surface Model

Dynamic Time Warping

Essential Climate Variables
European Remote Sensing
Enhanced Thematic Mapper
Enhanced Thematic Mapper Plus
Fully Connected

Feature Space

Global Climate Observing System
Gaussian Mixture Model

Goddard Space Flight Center
Harmonized Landsat/Sentin2l

High Resolution

Improved Fisher Kernel

Integer

Iteratively-Reweighted Multivariate Alteration Detection
Landsat5/7/8

Landsatbased detection of Trends in Disturbance and Recovery
Landsat Surface Reflectance Code
Land Cover

Land Cover Change

Landsat Ecosystem Disturbance Adaptive Processing System
Localityconstrained linear coding
Linear Opinion Pool

Low Pass Filter

Long Short Term Memory

Landsat Time Series

Lookup Table

Multi-Dimension DTW

Making Earth Science Data Records for Use in Research Environments

high resolution
i land cover
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MFDTW Multi-Feature DTW
MGRS Military Grid Reference System
MLRNN Multi-Layer Perceptron Neural Network
MMU Minimum Mapping Unit
MODIS Moderate Resolution Imaging Spectroradiometer
MR Medium Resolution
MSS Multispectral Scanner
NA Not Applicable
NASA National Aeronautics and Space Administration
NCEP National Centers for Environmental Prediction
NDI Normalized Difference Index
NDVI Normalized Difference Vegetation Index
NIR Near infrared
NSPI Neighbourhood Similar Pixel Interpolator
OA Overall Acuracy
OLl Operational Land Imager
OMI Ozone Monitoring Instrument,
PCA Principal Component Analysis
PSD Product Specification Document
QA Quality Assessment
RBF Radial Basis Function
RD Range Doppler
REFEREE Learning a transferable changle From a recurrent neural network for change detection
RF Random Forest
RNN Recurrent Neural Network
S1/2 Sentineil/2
S2AC Sentinel2 Atmospheric Correction
SAR Synthetic Aperture Radar
SIFT Scale Invariant Feature Transform
SITS Satellite Imag Time Series
SLC Scanline corrector
SM Similarity Measure
SoWw Statement of Work
SR Surface Reflectance
SRTM Shuttle Radar Topography Mission
SSFA Supervised Slow Feature Analysis
ST Similarity Trend
STWR Spatially and temporally weighted regressi
SVM Support Vector Machine
SWIR Shortwave infrared

TIMESAT Time Series of Satellite data
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TIRS Thermal Infrared Sensor
™ Thematic Mapper
TOA Top of Atmosphere
TOMS Total Ozone Mapping Spectrometer
TS Time Series
UEXT Urban EXTraction
UTM Uniwersal Transverse of Mercator
VHR Very High Resolution
VLAD Vector of locally aggregated descriptors
WGS84 World Geodetic System 1984
XML Extensible Markup Language
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2 Processinghain overview

The CCI HRLC project will deliver to the climate community regional land cover (LC) and land cover change (LCC)
products over three areas in Africa Sahel band, Amazon and SiiROEAD4] LC maps will be provided at 10m
resolution for year 209 (the sccalled Static Map) and at 30m resolution for the historical record of LC and LCC
from 1990 on every five yearsThe highresolution classification legend as agreed by the Consortium is listed
URDADA4] The processing chaioutlined inFigurel andFigure2, isnoveland it does not rely on already existing

land cover products.
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Figure2. Blockbased representation of the processing chain for the productiorhigtorical HRLC maps

The high-level workflow of the processing chain is presented kigurel and Figure2. Optical multispectral

imagery is the main source of data as input for the classificalibe optical processing chain is caaint with

the possibility to work mainly witimagesat 10/30m resolutiorand generatingan output at 10/30m, based on
multitemporal multispectral data from-3 and L8 in the recent yearandlegacy Lands&b/7/8 data in the past.

The SAR processing chaiitl beimplementedmainly for S1 in the recent years, and ERS and ASAR data sets in

the past (whenever and wherever HR mode data are available). Microwave dataesetseful for classeghere

SAR has proveto be accurate at medium resolution, such as water bodies and coastal lines, and the option to

use SAR for urban areas is considered as well. The products obtained by the optical and the SAR processing chains
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will be then integrated in the data fusion modureadrder to produce the final HRLC products. This design choice
of fusion at the decision level makes it possible to develop advaacédad hogorocessing approaches for
optical, SAR, and multisensor data, while keeping the system modular and scalalbeitJiiteproducts will be

then analyed in 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.

Tablel. Finalhigh resolutionHRLand Cover classification legend defineduring the HRL(roject activity.

CODE DESCRIPTION
No data

Tree cover evergreen broadleaf

Tree cover evergreen neadleleaf
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 aquatic 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 Optical preprocessing

Preprocessing operations are intended to correct for sersod platformspecific radiometric and geometric
distortions of dataand 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 sensor and platform useddguire 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 and shadow pixels, with possible restoring steps to rguesteslsnformation

over occluded pixel locationall the steps needetb prepare optical images for classificatji@seeFigure3, are
detailed in the éllowing sections
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Figure3. Optical preprocessing chain.

The inputdatato the processing chain atbe atmospherically corrected Sentingdata (i.e.,L2Aproducts)and
atmospherically correctedlandsats-7-8 images(i.e., L2 products)Although the data used in the processing
chain are already atmospherically corrected, in the following subsections we described the algorithms used to
generate such produciss well as the cloud and shadows masks

3.1 Cloud and cloud shamv detection

3.1.1 Sentinet2 ¢ sen2cor

The sen2cor processallows calculation of Bottorof Atmosphere (BOA) reflectance from TopAtmosphere
(TOA) reflectance images available in La&products. Sentin® atmospheric correction (S2AC) is based on an
algorithm proposed in[1]. The method performs atmospheric correction based on the LIBRADTRAN radiative
transfer modelpresented in2].

The model is run once to generate a large LUT of segpecific 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 conditits, solar geometries and ground elevations. This database is generated with a
high spectral resolution (0.6 nm) and then resampie&2 spectral responses. This LUT is used as a simplified
model (running faster than the full model) to invert the radiatittansfer equation and to calculate BOA
reflectance. 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 cdrckoiag 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 zenith and 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.

3.1.2 Landsat 5/7/8¢ LEDAPS, LaSRC

Landsat4/5 TM and Landsat ETM+ Surface Reflectance are generated using the Landsat Ecosystem
Disturbance Adaptive Processing SysterD@FS) algorithm, 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 (GSEQ)rawverdity of Maryland

[3]. The software applies Moderate Resolution Imaging Spectroradiometer (MODIS) atmospheric correction
routines to Levell data products. Water vapor, ozone, geopotential height, aerosol optical thicknesdigatad
elevation are input with Landsat data to the Second Simulation of a Satellite Signal in the Solar Spectrum (6S)
radiative transfer models to generate TOA reflectance, surface reflectance, TOA brightness temperature, and
masks for clouds, cloud shags, adjacent clouds, land, and watdérandsat 8 OLI Surface Reflectance are
generated using the Landsat Surface Reflectance Code (UdER@®jch makes use of the coastal aerosol band

to perform aerosol inversion tests, uses auxiliary climate data from MODIS, and a unique radiative transfer
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calculations as part of the atmospheric correction.

Iy R

While both the LEDAPS and LaSRC algorithms produce similar SR products, the inputs and methods to do so
differ. The table below illustrates both of them.

Table2. Differences between Landsat/5/7 and Landsat8 surface reflectance algorithms.

Parameter

Global Coverage

TOA Reflectance

TOA Brightness
Temperature

SR

Thermal bands usec
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

Landsat4/5/7 (LEDAPS)

Yes
Visible (Bandscb,7)
Thermal (Band 6)

Visible (Bands-b, Band 7)

Yes
(Brightness temperature Band 6
used in cloud estimation)

6S
TOA only
Kelvin

NCEP Grid

NCEP Grid
NCEP Grid
GTOPOS5

OMI/TOMS

Correlation between chlorophyl
absorption and bound water
absorption of scene

Scene center from input metadata
From input metadata

SR not processed when solar zen
angle
> 76 degrees

No
Yes

Yes (Band 6 TM/ETM+)

CFMask

Landsat8 (LaSRC)

Yes

Visible (Bandscl7, 9 OLI)
Thermal (Bands 10 & 11 TIRS)

Visible (Bandsat-I) (OLI only)
No

Internal algorithm
TOA only
Kelvin

Surface pressure is calculate
internally based on the elevation

MODIS CMA

MODIS CMA

GTOPO5

MODIS CMG Coarse resolution 0za

MODIS CMA

Scenecenter from input metadata
Hard-coded to "0"

SR not processed when solar zen
angle > 76 degrees

No
Yes

Yes (Band 10 & 11 TIRS)

CFMask
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Data format INT16 INT16
Fill values -9999 -9999
QA bands Cloud Cloud
Adjacentcloud Adjacent cloud
Cloud shadow Clou shadow
DDV Aerosols
Fill Cirrus
Land water Aerosol In
Snow

Atmospheric opacity

Identification of clouds, cloud shadows in optical images is necessary. ThHenaweth program named Fmask
has beerusedto accomplish these tasks for use with images from Lar8s48 [5].

3.1.3 Sentinel2 ¢ sen2cor improvement

Cloud and cloud shadow detection are based on cloud and shadow mask provided with the Sen2Cor (for Sentinel
2) and Fmask (for Landsat). The OA of cloud and shadow masks provided by the Sen2Co(B4%&rige
lower than the one provided by Fmask (90%]) Therefore, the Sen2cor masks should be further enhanced to
achieve the required accuracyo this end, we adopt two strategies, one for cloud detection and one for cloud
shadow detectiorand removal
For cloud detectionywe compute the cloudless backgroumdagefor each seasofv]:

® NOOEQ Mg QM; h8
The difference between the blue bas@f each image from the TS and the background image is compitiied.
pixels in the difference image are then clustered into 3 clustBraunderstand which from the obtained clusters
belong to cloud cover, the mean of each cluster is compared with treelidnd mean of the cloudy pixels overall
image. Finally, we merge of the obtained cloud mask with the original Sen2cor Naskthat this strategy is
performed only for tiles witha sufficiently large cloud cover, in order pooperly model the clustersFigure4
shows the flowchart of the considered strategy.

Input

s2image  Sen2cor Mask

Clouds removal Flowchart

Sen2cor Mask

Background Removal &

Clustering

Background
Computation
(25 percentile)

TS of S2 Images Bg image

Sen2cor Mask

Cloud Mask

Cloud Spectral Production

Signature

- Extraction l
Sen2cor Masks ; Clouds Removal
Season ‘

Clouds Mask

Clouds Removal

Figure4. Flowchart of the sen2cor cloud magkprovement

In order to detectand removecloud shadow, the cloud shadow indexCS) can be used, which lzased on the
physical reflective characteristic of cloud shadf8}. The CSI index is computed by combining information
provided by the NIR and SWIR bands


https://www.usgs.gov/land-resources/nli/landsat/landsat-surface-reflectance-quality-assessment
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To avoid confusin between shadowand water bodiesas they both have very similar spectral signatures
associated with their low reflectance, an additional condition including shorter wavelengths, i.e., the blue band
reflectance, should also be analyzed. Thus, the céhadiow is identified in areas where the following conditions
are fulfilled
Yo EBYOoz I AA#3)1 ER3)
o) i ED oz 1 AAd i EB3)
Coefficients were finduned: t1 =1/2 and t2=1/4 Note that this approach is performed only for tiles where there

is enough cloud cover and the cloud cover has on average a large refledfgoe5 shows the flevchart of
the considered strategy.

Clouds Mask  S2 clouds free image

Input

Cloud’'s shadows removal Flowchart

CSl index

generation
-
Clouds Mask Thresholding*
S2 clouds free B2 extraction
1 .
CSI = 3 (Bnir + Bswir) e
* Thresholds T
: —min(C oud'’s shadows

CSI < min(CSI) + t; x (max(CSI) — min(CSI)) e
By < min(Bs;) +ty; x (mean(B;) — min(By))

1 1 Cloud's shadows mask
tl = 5 f-z == I

Figure5. Flowchart of the sen2cor cloud shadow mask improvement and removal

3.2 Spectral Filtering

The spectral filtering aims to detect and remove the outlier present in the optical imagessTemnthiin this step

we discard the reflectance 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 possibleffect of clouds and shadow present on the image, they have been detected by using
Sen2cor mask and discarded from the quantitative evaluation.

3.3 Composite Generation

When working at large scale, it is necessary to harmonizénes-seriesof images 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 (whichaimpers the use of some images of the tiseries) and the different orbit
acquisitions (different temporal sampling). To solve this problem, in theppreessing step we generate
monthly, seasonal and annual composites. This condition allows usitigate cloud occlusions problem and
minimize the processing resourceko this end, we consider a statisbased approach that computes the
median value for each pixelhis approachs ableto generate consistent results at large scale in an automatic
way bysharply reducing the spatial noideet & hd 8 id  be the considered timeeries which includes the
optical images acquired over a month, a season or the whole year (i.e., according to the sensor and the
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considered study area)he multitemporal patten associated to th&h pixel of & o 8 hd  can be defined
as 0 o B B , whereo o, oo B Moo, represents thed spectral values of th@h pixel in the first
image of the timeseries. Thé@h pixel of the compos¢ ¢ is generated by computing the bamdse median
of the cloudfree multispectral pixels of the images presentdn ity F8 fd  as follows:

Wp, 0 Q@ Fﬁ)ﬁ 8 Fﬁ)ﬁ
Wp, 0 Q@ Fﬁ)ﬁ 8 Fﬁ)ﬁ

é
Wy 0 Q@ Flbﬁ 8 Flbﬁ

It is worth noting that cloud, shadow and snow mask pixels are ignored during median compuTatma3

summarizes the kind of composite generated per study area according to different optical sensaothe

increasedrevisit time of Sentinel 2 (5 daygjith respect toLandsat (16 days), denser tirseriesare available

for 2019 that can be used to generate monthly compositeshe case of Sentinel data over Amazonia and Africa,

we computed 12 monthly composites. Due to dense cloud coverage over some regions, each monthly composite

is computed using theonsidered and the following month (e.g., January and February are used for January

composite generation, the only exception is December, where only December images are considered). This

conservative choice allows us to sharply reduce the probability ofhgasloudy pixels in the timseries.For

Sentinel data over Siberia, we generate yearly composite due to heavy cloud and the snow coverage problem

which 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 data, we similarly consider yearly composite for Siberia, which is computed as the median

of data acquired between April and September. Finally, for Landsat data over Amazdridriga we compute

four seasonal compositensidering the optical data acquired in the following moniislanuaryg March, (ii)

April ¢ June (iii) July Septemberand (iv)Octoberg December.

Table3. Compositegyeneratedfor the different study areas according to thavailability of cloud free optical images

Area Sentinel 2 Landsat 5/7/8
Siberia Yearly (July August) Yearly April ¢ Septembey
Amazonia 12 Monthly Composites 4 Seasonal Composites

Africa 12 Monthly Composites 4 Seasonal Composites

3.4 Cloud and cloud shadow restoration

3.4.1 Landsat7 SL&ff

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 nonbescanned. The SLC failure has seriously limited the
scientific applications of ETM+ data.particular, this problem affects thensidered composite strategyhen

the available acquisitions amcarceand come mainly or only from Landsat(e.g., Afria 2005 and 2010). In
order to avoidthe considered composite strategnd the classifieto be affected bythis problem(i.e., striping

in the composites and in the lartbver maps)a gapfilling strategy based on interpolation has been used to fill

in the values of the missing pixels. While accurate spatial information is not retrieved, the considered composite
strategy is able to partially retrieve it by exploiting the multitemporal acquisitions. Even though the spatial detail
might be reducedthis straegy results in improved spectral uniformity and consistency across pixels in the
composite. This improved the performance of the classifier, which uses the spectral bands as primary features.
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3.4.2 Cloud restoration

Cloud restoration is an important step ingloptical images prprocessing partAlthoughwe are considering

the composites instead afriginaltime-series of images, missing information due to poor atmospheric conditions
(e.g., thick clouds and related shadows) or defective sensordmayesentn the compositesin the literature,

a large effort has been devotewb solvethis problem. However, to properly recover missing information,
sophisticated and usually computationally intensive techniques should be used, increasing significantly the
compuational complexity of the prgrocessing partinstead of considering computationally demanding
approaches a simple and effective linear temporal gap fillingis employed In this method the missing
information arerestoredas theaverage of the spectrafalues acquired in the previous atitk following images

in the time-series If clouds are present in the first or last imagdiime-series the second or the one before last
image are considered, respectively.

3.4.3 Topographical Shadoweconstruction

Another problem associated with low reflectance values is related to topographical shétbwey. similarly to
the shadow detection, we identified topographic shadow by using thresholding of the CSI index. Again, to avoid
confusion between sldow and water bodies, we consider also the topographical slope informatmnrestore
topographic shadow, we rely on the assumption that the signal registered in the shadow areas is weak but can
be exploited for shadow reconstruction. The shadow regamiwe retrieved according to the following equation

@ YFY®w 0 0
Where"Y is the standard deviation of the shadow, is the mean value in the shadoW is the standard
deviation in the shadoviree surrounding area, and is the mean values in the shaddvee surrounding area
To harmonize the obtained shadows restoration results and the surrounding spectral signatures of the original
data, we used thénpainting technique based on the fast marching method presentd#]in

4 SAR preprocessing

For the production of Static Map at 10m resolution for 2019 Sentingata were adopted, while the mapping
LC and LCC batck1990 at 30m resolution requires the use of SentiheERS 1/2 and ENVISAT ASAR acquisitions.

We considered Sentindl data acquired in Interferometric Wide swath (IW) mode and Ground Range Detected
(GRD) type, which derive from an application of gggramultiHlooking and ground range projection based on an

Earth ellipsoid model. The datasets are in High resolution (HR) and provide images with a native range by azimuth
resolution 20x22 meters and pixel spacing equals to 10x10 m. Over land surfaceshitakperiod of each

satellite is about 12 days. Consequently, acquisitions have been available since 2015-fuwertods of 6 or 12

days depending on the study region. About the other radar data used for LC and LCC products, we assumed the
SAR Levdl Precision Image Product (SAR_IMP_1P) of ERS 1/2 satellites and ASAR IM Precision L1 (ASA_IMP_1P)
product given by ENVISAT platform.

The SAR_IMP_1P product is a mloltik (speckleeduced), ground range image acquired in Image Mode. This
product type haslready been submitted to early preprocessing operations so as to make it very suitable in many
remote sensing applicatiorjd0]. ASA_IMP_1P is a mtltiok, ground range, digital Precision Image generated
from LevelD data collected when the instrument was in Image Mode (7 possible swaths HH or VV polarisation).
The product includes slant range to ground range correction. The processing uses up to date (at time of
processing) auxiliary parameters corrected for antemfevation gain, and range spreading loss. Engineering
corrections and relative calibration are applied to compensate for-umdlerstood sources of system variability.

This product provides a continuation of the ERSR produdil1].

By an accurate analysis of data availability into the past, we noted that SAR data do not present a good spatial
and temporal coverage iall the years of the period of interest, which goes from 2015 to 1990 nTdjerissue

is related to the tile coverage, since is notiform, andmay generate misclassification effects. For this reason,

the adopted strategy is baseamh the useof just a single season per yedo produce the historical land cover
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maps every five years from 2015 backwargthis way, it is possible t@achieveresultsfor a larger set of tiles
andconsideringg much more homogeneous daset.

The following table shows thentl situation of SAR dataset distribution concerning the three areas, i.e.
AmazoniaAfrica,and Siberia, dedicated to th@storicalmap<production.

Table4. SAR data availability for the historical production

Area Year Date rarge Season SAR historical product # images
Amazonia 2005 01.01-03.31 Winter ENVISAT_ASA.IMP.1P 466
Amazonia 2000 01.01-03.31 Winter ERS_SAR.IMP.1P 396
Amazonia 19% 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 19% 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

Looking afTable4, we see that the SAR data distribution does not cover all the years of the historical period. As
mentioned before, it is due to the poor availability of dateset the past, which leads tthe lack ofany
contribution bySARo the land covemapsfor 2015, 2010 and 1990 in Amazonia, 2015 and 1990 in Afmch
2015, 2000 and 1990 in Siberia.

For processing and analysing SAR data, several codes have been developed in Python progranuagey lang
which were then deployed by means of dockers, general automated applications that can be launched in
every OS.

Orbit file
application

Sentinel-1

Thermal/Border Noise
Removal (S-1 only)

Sentinel-1
Pre-processed

Radiometric
Calibration

Terrain Correction

Despeckle filtering

a2 a & a5 A

ERS/ENVISAT

SAR pre-processing chain ERS/ENVISAT
Pre-processed

Figure6. Block scheme of SAR pprocessing chain.
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Before applying any classification algorithm on raidsages, a preliminary prprocessing phase is required, and
it consists in the following basic steps:

9 Orbit File application

Thermal Noise removal (for Sentirebnly);
Border Noise removal (for Sentirklonly);
Radiometric calibration of data;
Geometric Terrain correction;

Despeckle filtering.

= =4 —a —a -8

4.1 Orbit File application

The first processing step is to apply the orbit files in SAR prodagisovide accurate satellite position and
velocity information. Usuallythe satellite flying orbit track is being detected by many sensors, like mounted
gyroscope, GPS, and also ground observations. To calculate out the precise orbit data takes timprecida

orbit data are not included in many SAR satellite data bundles. SNAP is trying to get more precise orbit data to
help to improve the geocoding and other SAR processing results.

4.2 Thermal Noise removal

In general, an SAR image product contains nmdy ahe wanted signal but also the unwanted noise that is
superposed within the same pixel. Among the various noise components in SAR systems, the thermal noise is an
additive noise, which is processed with the same processing gains applied to the trale sig

In general, an SAR image product contains not only the wanted signal but also the unwanted noise that is
superposed within the same pixel. Among the various noise components in SAR systems, the thermal noise is an
additive noise, which is processedhwthe same processing gains applied to the true signal.

Sentinell image intensity is disturbed by additive thermal noise, particularly in the -gaoissization channel

[12]. Thermal noise removal reduces noise effects in the iatdrswath texture, in particular, normalizing the
backscatter signal within the entire Sentirlebcene and resultmin reduced discontinuities between sslvaths

for scenes in mukswath acquisition modes. The thermal noise removal operator available in SNAP for Sentinel
1 data can also rntroduce the noise signal that could have been removed during{eyebductgeneration,

and update product annotations to allow for-egplication of the correctiorSentinell levetl products provide

a noiseLookUp Table(LUT), provided in linear power, for each measurement data set and used to derive
calibrated noise profilematching the calibrated GRD ddtE3].

4.3 Border Noise removal

While generating level products, it is necessary to correct the sampling start time in order to compefwate

GKS OKFy3aS 2F GKS 9 NIKQa OdzNBI GdzNBEd ' i GKS alYS GAYS
artefacts at the image borders. The border noise removal algorjitthavailable as an operator in SNAP, was

designed in order to remove low intensity noise and invalid data on scene edges.

4.4 Radianetric calibration

Radar images are firstly calibrated with respect to their intrinsic sensor and signal acquisition properties, for
expressing the echoes of distributed target (e.g. grass, dirt, etc.) in terms of the radar backscattering coefficient.
In ather words, the VV and VH intensities are expressed in terms of sigma naught. Generally, this operation was
performed during the generation of a SAR product, but for the land cover map generation is not recommended
to use raw data because of the inconsistg of the uncalibrated signal. The radiometric calibration is therefore
needed since the greyalue of SAR imagery must be adjusted respect the backscattering signals of the objects
present into the scene.
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4.5 Geometric terrain correction

Dueto the active n&ure of the system, every SAR image is acquired in slant looking geometry. If the ground is
elevated because of hills and valleys, the time of the signal to travel t&atth surface and back to the sensor

is distorted, causing geometric shifts in theaige (foreshortening, layover and shadow). These can only be
corrected if a model representing the topography under the image is known. In particular, the Range Doppler
(RD) Terrain Correction is applied, and it shifts all pixels to their correct locaimosding to ancillary data

Shuttle Radar Topography Mission (SRTM) 3 arc sec (i.e. around 20 m of resolution) DEM as input. RD Terrain
Correction increases the location accuracy of your image. The first two stepspifquessing phase have been
conducted using ESA Sentinkltoolbox implemented in the official Sentinel Application Platform software
provided by ESA (for more detailed information, ones should refer to the proper Wiki for Developer
Documentation td13].

4.6 Despeckle filtering

The SAR images are inherently affected by speckle that is a "noise like" signal due to the coherent nature of the
electromagnetic scatterinfl5]. Even though speckle carries itsiglformation about the illuminated area, it
degrades the appearance of images and affects the performance of scene analysis tasks carried out by computer
programs (e.g., segmentation and classification). To mitigate this problem several suitable filtering
methodologies have been developed for reducing the disturbance significantly and preserve at the same time all
the relevant scene features, such as radiometric and textural information. The speckle in SARtiglizative

effect, i.e.it is in direct proportion to the local grey level in any area. Speckle filtering is needed to suppress the
noise in order to allow better interpretation and backscatter analysis. However, it is essential mentioning that
the speckle filter not only suppss the noise, but also remove observations that are not affected by noise and
contain valuable land surface information (i.e. soil moisture, biomass and flood extent). The process of removal
of speckle in SAR image is very essential for the analyst tgpiate A filter should remove speckle without
sacrificing image structures.

There are various speckle removal methods. Speckle removal is necessary for quantitative, analysis but there
exists a tradeoff between speckle removal and resolution. Speckle &sgpn can be done using various
techniques. The first technique is Lee filter, known for being one of the first approach designed for suppressing
speckle effec16]. Second techigque is time seriedased processing. Proper developed docker containers
provide both classical Lee method and a better suitable and advancepetle filter (calledhultitemporal de

speckle filterjhat exploits a SAR time series. Multitemporal den@simethods take advantage of the increasing
availability of SAR image tinseries to solve the spatial denoising problems, for the benefit of a better spatial
resolution preservation.

4.6.1 Lee filter

The Lee filter is an adaptive filter, and reportedly to be tingt modelbased filter dedicated to speckle noise
suppressiorf17]. It is also derived from the Minimum Me&yguare Error (MMSE) algorithm that converts the
multiplicative model ito an additive one, thereby reducing the problem of dealing with speckle to a known
tractable case (more details are reported[i8B]). In Lee filter the statistical distribution of the values of the
pixels within the moving kernel is utilized to estimate the value of the pixel of interest. This assumes that the
mean and variance of the pixel of interest are equal to the local mean and local vapiaait@ixels within the
userselected moving kernel. The resulting grey level valfier the smoothed pixel is:

®w w Op o,

where:
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- "Ois the central pixel of filter kernel;

- "0 value is the mean between all pixels falling within kernel;

- "Yis the standard deviation of all pixels falling within kernel,

 is the weighting function that measures the estimated noise variation coeffiGieoer the image variation

coefficientd . The number of looks parameter ENL is the Equivalent Number of Looks of the radar image, which

is used to estimate the noise variance and control the amount of smoothing applied to the image by the filter.
The user may experimentally adjust the ENL @atucontrol the effect of the filter. A small ENL value leads to
more smoothing while a large ENL preserves more image features.

Several workg19], [20] have proven, with quantitative assessmentbat a good tradeoff between speckle

suppression, details and textures preservation is achieved with 5x5 or 7x7 moving kernel size. Moreover, the Lee

filter is reportedly superior in its ability to preserve prominent edges, linear features, point targeteature
information, by minimizing either the mean square error or the weighted least square estimation.

4.6.2

Multi-look processing is known to improve SAR image quality because it reduces the speckle noise that produces
F LILISTE N¥ yOS
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Multi-look anti-speckle filter
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subsequent lines are averaged to get a better image. Averaging the different looks offers -affradeerms of

resolution, and an image with reduced rdstion but less grainy appearance can be formed.
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Figure?. Principle of multilook 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).
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Due to low directivity of the radar antenna, one given point on the ground can be illuminated by radar during a

much longer time than integratiotime. For examplein Figure7 (a) we have a point illuminated from the time

it appears under the 1st squint (on the forward side of the antenna lobe) to the time it appears under the 2nd

squint (on the rear side of the ammna lobe). SAR images can be computed for a same point with different
integration intervals, as well as shownHigure7 (b) which depicts two image rows containingettarget point

F2NJ SFOK AYyGSaANIGAZ2Y AYUiISNBFfto /tSFNIesx RdzS G2 RAFTTSN
Ffaz2z OF tff SR ¢axa ARA W2 0 Y Figu@K(c).I The aétirdtd dhatciing Bf tha sinddek

images requires a good geometrical model, especially if the platform trajectory is far from[Ragaks itiswell

known, multi-look averaging has the advantage of reducing the speckle of the diffuse reflections on rough
surfaces. One of the speckle property is that grain locations are independent for-gioglanages calculated

from disjoint integration time intervals, thus averaging several sigg& images (after coegistration in the

same coordinate system) will provide a smoother mbl2 21 A Yl 3Sd ¢KA&a NBadzZ i 2y a
empirical. Infact, it is related to the statistical characteristics of the texture. Theoretically, a texture with fractal

surface (fortunately, unlike any real surface is) would remain grainy whatever the number of looks combined.

The simplest approach to despecklilsgto average the intensity over several pixels within a window centered
on a specific pixel. This is tantamount to assuming that the information at each pixel carried RgdaeCross
Section(RCS) (oBackscattering Coefficieni is constant over thélter window. If this assumption is incorrect,
the method is fundamentally flawed. The joint probability thatlalpixels have this mean value is given by

e - 0 © 00
, SaNaB ho © v 0O, 8 - S—AQD—

where'Os the@h obseaved intensity.0 ,, is the likelihood function which describes the effect of speckle during
imaging for0 -look SAR. Assumingindependent pixels, thitMaximum Likelihood Estima@ILE) of, is then
given by

. (¢
which is the averagimtensity over all the pixels in the window, corresponding to roltiking. Note that if this
is applied to a single pixel the MLE is equal to the intensity of that pixel. Only if features of interest within the
scene occur on a large enough scale cartifabk images be effective. An adaptive approach that matches the
size of a window to the scale of objects of interest would provide optimum despeckling at the required resolution.
Where fluctuations were consistent with a constant RCS the window sizebeaimcreased to improve
despeckling as far as possifl®]. Although multlook causes a degradation in the image resolution, it greatly
improves the interpretability of the SAR image. Also the effect of speckle tends to weaken for very high
resolution systems, since the number of elemental scatters within a resolution cell decreases.

4.6.3 Multitemporal despekingfilter

The proposed approach is a ratiased multitemporal denoising framework based on the use of a ratio image
composed of a noisy image attte temporal mean of the stack. This ratio image is easier to denoise than a single
image thanks to its improved stationarity. Besides, temporally stable thin structures are well preserved thanks

to the multrtemporal mean[22]. Because oftte improved spatial stationarity of the ratio images, denoising

these ratio images with a speckieduction method is more effective than denoising images from the original
multi-temporal stack. The amount of data that is jointly processed is also rediaragared to other methods
0KNRdzZZIK (KS drays 3250 WK W ERdae¥SNIdzLd 6 KS dSYLIR2 NI & adl O
information of the multitemporal stack.

The method consists in three steps that are grouped into the following ltrepresented irFigure8:

1. Superimage;
2. Denoising of the ratio image;
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3. Computation of the final image through the multiplication between denoised ratio and sozege.

Temporal multilooking |
(arithmetic mean)

Computation of the
ratio image:
noisy image at timer _ Ur
super-image

Um

Spatial filtering of
the ratio image
(Lee filter)

of SAR images

Figure8. Summary of multitemporal despeckig method applied on SAR time series

The temporal averaging (also called temporal rlgitiking) of SAR time series generates an image with reduced
speckleand @INBS a SNIPSR & LJ GALFf NBaz2fdziA-2yE3gd&kewd Kra 0SSy ARS
Given"Yspatially registered and radiometrically calibrated intensity SAR imagés 8 it 8 it |, the super

image is given by a simple average that offers good propertie=rims of modelling the statistid23]. Hence,

the arithmetic mean is calculated at pixgby:

6 n -B 119 on phHY.
After temporal averaging the second step consists in using the soysge to form the ratio imagé between
the imagef at time t and the super image , at each spatial locatior):
el
6 n
It contains the residual speckle noise between the two images, and the radiometric shifts when changes occur.
When the length of the time seriéscreases and in the absence of change, the super imagsnverges ta |,
the reflectivity of the scene (the signal of interest). The ratio inagken tends to pure speckle (i.e., a collection
of independent identically distributed random variables with unitary mean and the same number of looks as the
original image). In contrast, when changes occur in the time series, these changes impact thienagpenhich
then differs from the reflectivityp of the image at time t. Processing the ratio imagés necessary to correctly
recover the reflectivityp . Anyway, the ratio image still needs of speckle reduction methodologies since both the
noisy imaget and the supeimaged suffer from speckle (although speckle in the supreage is strongly
reduced). The use of this additional spatial filtering step to form the ratio image seems beneficial in terms of
restoration quality: the obtainedmage is smoother.

T

Finally, in the latter step the filtered image is recovered by multiplying the denoised ratio image with the original
super imaged . The estimated imagé at locationn) is given by:

6n o6 nJ nq
Based on the processing 8AR stack corrupted by speckle noise, the approach has showed the potential to

better preserve structures in multemporal SAR images while efficiently removing speckle. A classic application
of this approach has been well reportedFigure 7.



\ . Ref CCI_HRLC_PATBD

high resolution
\QQ‘ esa Issue Date Page i land cover
4.rev0 31/10/2022 24 —

4.7 Multiscale data merging

In case we do not have enough IV 8ata to cover the area of interest, it may become necessary to merge data
at different spatial resolution. This is achieved by a nadtle SAR merging followifizd]. We selected the
Discrete Wavelet Transform and Histogram Matching framework (DWT/HM) because among all other filters, the
DWT is the most common way for dealing the multiscale signal representation atigyigklin simply and
effective manner, due itsase implementation and the low computational c¢25].

Firstly, let us model the vectab ¢ hd F8 iy  that represents a muiscale SAR dataset, with k satellite
imagery that having different resolution levels. In particular, the elements are arranged in ascending order in
terms of resolution level, where the data with subscript 1 has finest resolution while-theelement demtes

the product with coarsest resolution.

4.7.1 Discrete Wavelet Transform and Histogram Matching framework (DWT/HM)

Generally, the wavelet transform decomposes a signal into a set of basialled wavelets. The wavelet
representation provides a way fanalyzing signals in both time and frequency domains. This makes it ideal for
representing norstationary signals, to which most reabrld signals belong. The DWT transforms a discrete
time signal to a discrete wavelet representatif@6]. This procedure carries out a lossy coegsion, since
components of signal that are known to be redundant, are discarded. The classical DWT is implemented by
considering two filters: lowpass (LPF) and higiass (HPF) filters. The DWT method is implemented also in bi
dimensional (2D) case. Incfain image processing, the image , witha  plgfBRQ s filtered by means a high

pass and a lovpass filter combination. After the filtering, the outputs are all downscaled by a factor of two. In
figure 2, a simple diagram that report the basic atetture of the DWT procedure is shown.

columns
rows I or . 12 .
» LPF — |2 —
»| HPF —> |2 — LH
Image
nput o LPF — |2 — HL
» HPF —{ |2 —
» HPF —>| |2 — HH

Figure9. Block scheme of 2D DWT algorithm: the_&vel 2D analysis DWT image decomposition process.

The original image is decomposed into four-$#nd images, it deals with row and column directions separately.
First, the HPF and the LPF are exploited for each row data, and then aresdowphed by two to get highand
low-frequency components of the va. Next, the highand the lowpass filters are applied again for each high
and lowfrequency components of the column, and dowampled by two. By way of the above processing, the
four subband images are generateg:g  ,54 .43 ,andd 4, with a resolution level equals

to & p due tothe downsampling (note that we used the round brackets for emphasize that we were passed
from m to (m+1) resolution by applying the DWT approach). Eactbant image has its own feature, such as

the lowfrequency information is preserved in thed -band (namedcontext imagealso) and the high
frequency information is almost preserved inthey -4 - andd 5 -bands.
Thed 4 -subband image can be further decomposed in the samg (varecursive manner) for the second

level subband image. By using 2D DWT, an image can be decomposed into any ldvahduinages, as shown
in Figure10.
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Figurel0. Diagrams of DWT image decomposition: the-8vel 2D analysis DWT subband.

For carrying out the data fusion between two images having different resolution lévedsid= , with"Q "Qfor
example, we could be use the DWT in addition to the standard Histogram Matching (HM) method. The HM is a

transformation used for generatg an image that is harmonized from a statistical point of view, since its

probability distribution function matches a specified histogrgi).

In fact, the DWT is recursively applied on the finer im&gentil achieving the desired lev&and thed 4

subimage is hence calculated. Then, the HM is applied on the coarser4magerder to obtain the HM image
(calculaed respect the target imagé < ) for resampling it on a common (much finer) grid. The

version, L

next step provides to substituted 4 with the derived image given by the meahd and <

44 L

j ¢. Finally, we derive the data fusi result at’Q &Qresolution level by applying the inverse

, i.e.

DWT, i.e. the reconstruction process, opposite to the decomposition one, is formed by synthesis filters and up
samplerg28] going back until the finer scale.

The method can be implemented for the whole multiscale datasestarting from two images with coarsest
resolution. The DWT procedure is hence iteratively repeated by using the fused mnedulieaimage with the

finest resolution (among all those still unused for the fusion) as input. The output is a unique final fused image.

As a backup, in the procedure has been implemented a second method forstaléi SAR merging, the

Multiscale Kalmarkilter (MKF) can be considered. MKF is a pyramidal approach where the spatial resolution is

assumed as an independent variable as the time. As descrilj2gl]jthe MKF algorithm can be applied following

two different modes respect the DWT one, since the fusion data with different scales might be carrying out

starting loth from finer resolution data to coarser resolution (upward step)

5 Multi-sensor geolocation

Given the outputs of the optical and SAR-precessing chains, a further ppgocessing stage, prior to their joint
use for land cover mapping,denerally necessary to make them spatially aligned. In general teheprdcess

of aligningdifferent sets ofimagedataand of referencing them into a commaoordinate systenfFigurell) is

named image registratiannput datafor registrationmay be multiple photographs, data from different sensors,
times, or viewpoint§30]. h y' S

AYEF3S Aa

the reference image and NB OF f f SR &
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vision, medical imagingpilitary automatic target recognitiorgtc. Registration is necessary in order to be able
to compare or integrate the dateorresponding to thesame scene bubbtained from different measurements.

AYIl 3¢
. Sa

Here, the focus is put on mukiensor geolocation, which corresponds to the case where image registration is

applied to data gathered by different sensors, hamely optical and SAR sensors in the CCpipElRIe.
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Figurell: Image registration example with aerial photos.

By definition, multisensor geolocatiorenables the integration of complementary information from different
sensorsA registration method is broadlgomposedof different elementsi.e.: (i) the geometric transformation

used to warp the input image; (ii) the similarity measure used to compare the reference and input images during
the registration process; and (iii) the optimization strategy used to minimizeaximize the similarity measure,
depending on the semantic of the metric.

Multi-sensor Geolocation

Geometric Similarity Optimization
Transformation Measure Strategy

Figure12: Building blocks of multsensor geolocation.

The following subsections cover each one of such aspects, focusing on the choices relateddodhsipg steps
of the multisensor geolocation block in the CCl+ HRLC pipeline. Hence, Setti@scribes all the geometric
transformations utilized within mulsensor geolocation. Sectiob.2 details the similarity measures, while
Section5.3 deals with the minimization strategies. Finally, Secbofintroduces the possibilitiesf using deep

learning methods for geolocation purposes.

5.1 Geometric Transformations

Image registration assumes a consistent geometric transformation between the sensed and reference images.
Suppose that the sensed (or input) ima@afto is defined @er an Gfo coordinate system, while the
reference imagéY 'Q @ is defined over andty coordinate system. The goal of image registration is to find

the transformation™,hd ™ o that modifies the input image so as to be referencedtihe same
coordinate system as the reference image:

YQ@D é 08y

Within the CCl+ HRLC pipeline, the focus is put on global transformations, i.e., transformations operating on the
entire image or on an image patch of naegligible size. A radr general case is represented by the affine
transformation. Affine transformations are identified by a vector of six parameters, i.e. translation over the x axis
"Y, translation over the y axi¥, rotation angle—-scale factor on the x axis, scale factor on the y axis , and

shear angléo . Particular cases of affine transformations are represented by rotegtatetranslation (RST)
transformations (similarity transformations), where the shear angle is 2&ro ( ) and the scale factas equal

in the two dimensionsi( i i ); rigid transformations, a particular case of similarity transformation where
there is no impact on the scalé ( p); and shift transformations, characterized by a simple translation of the
image & ) [31].
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In more details, the transformatiofd, ohtd m  afto can be formulated as in the following equations, for each
of the aforementioned cases, starting from the simpler shift transformation and moving to the more complex
affine transformation. It is worth riing that, with the following convention, all the rotations are intended to be
counterclockwise.

1 Shift transformations
A p T Y w
@ mp Y
p mm p P
1 Rigid transformation
@ pm Y AT-© OB+ n w
@ nmp Y OEF AT-O m w
p mT T p mn mn p P
1 Similaritytransformatiors (RF)
@ pm YinmnAi© OBtn ®
(A mp Yni nm O+ Al ®
p P

p nmmT o p MWTP T T
1 Affine transformation

O pnm Yi mmnmAI-©O OEF % 11 ®

& mp Y 1mi mOEF ATOS % W

p T o p MM P T s p P

Together with a given geometric transformation, to complete the mapping betweenetieeence and the input
image’yY Q'@ é "OgYO) | it is also necessary to define a resampling straf8@y, In the case of the CCI+
HRLC processing chain, the chosen mgding strategy is the nearest neighbour (NN) interpolation. More in
detail, considering again the transformatiéi, dhd m G, the value of theoutput pixel &y is chosen
equal to that ofthe input pixel c#Eewhoselocation is closest to #reverse sampled positiordto (whose
components are generally neinteger) The advantage of neareséighbair resampling is that the output image
only contains intensity values presdntthe original image.

5.2 Similarity Measures

Image registration isimed at aligning two images, the input and the referenthe reference images fixed,
and the input image is transformed to match the reference image. The matching strategies may be lieestede
(e.g., speededip robust features (SURB?2], Harris corner detectiofi33], maximally stable extremal regions
(MSER])34], etc.), areabased (crossorrelation, information theoretic measurd85], etc.), or hybrid. Within
the CCI+ HRLC pipeline we focus on-tessed methods and in particular on mutual informati@6], [37], [38]
and possibly cross correlatioAdditional details on such strategy are repatie Sectiorb.2.3

5.2.1 Areabased Methods

Areabased strategie$39], [40]rely on similarity and informatiotheoretic measures. In general, arbased
methods are computationally heavier than the feattvased strategies because of the necessity to compute the
similarity measure taking into consideration the whole image or generally large image regions. Nevertheless, the
accuracy achievable by such techniques is generally higher than that achieved by-fesademethod$39].

As anticipated above, within the HRLC pipeline, two similarity measures are taken into consideration. On one
hand, mutual information, an informatietheoretic measurebased on comparing local intensity distributions
rather thanindividual pixel valuesis particularly suited for mulensor geolocation where the images to be
registered have different statistics and acquisition geometries. The main drawback is that, even though it is more
robust and less sensitive to noise thdretcorrelationbased measures, statistical distributions are heavier to be
estimated on largescale imagery, which may contribute to the computation time of the overall HRLC pipeline in
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a nonnegligible way. On the other hand, similarity measures likecthss correlation are faster to compute but
less suited for multsensor data, as they are based on fhigelwise comparisons of intensity values

5.2.2 Featurebased Methods

Featurebased methods are generally faster but less accurate thanfaasad methodsand the accuracy of the
registration result depends on the accuracy of the feature extraction method that is being used. There exist
different strategies for the extraction of informative features. In particuleature-point registration algorithra

[39] extract a set of distinctivand highly informativeindividual points from both images, and theiind the
geometric transformation that matches thenkeatire points are named in different wayscluding control
points, tie-points, and landmarks.

Wellknown approaches in this area are those basedaaleinvariant feature transforma (SIFT}41], speeded
up robust features (SURE2], maximally stable extremal regions (MSEH], and Harris point detectorf83].
Other features of interest may be curvilinear and could b&acted by using edge detection algorithifg9],
generalized Hough transfornjié2], or stochastic geometry (e.g., marked point processes) metftg]s

5.2.3 The CCI+ HRLC strategy

Within the CCI+ HRLC processing chain, where the reference and the input images are the optical aRd the SA
images, respectively, the choice is the use of drased methods based on the estimation of the mutual
information between the two images.

Another common possibility is the use of crassrelation as the similarity measure; however, such option is
particularly critical in the multsensor case of the CCl+ HRLC chain. The computation of thecarasation,
especially using the strategy based on the fast Fourier transform [F#HT)s usually faster and hence more
convenient in an iterative process like image registnat However, the sharply different statistics of the optical
and SAR images, together with the different acquisition geometries, prevent the use ofcorostation within

the CCl+ HRLC pipeline. Nevertheless, the use ofcoosdation and the fast aoputation through FFT will be
dealt with in Sectiorb.4, where the focus will be put on the possibility of using generative adversarial networks
(GANS) to perform domin adaptation as a prprocessing step of registration.

With respect to mutual information )'Y '‘QAQ¢ between the reference and the input images, Te&t and
Y'Q 1) indicate the input and reference images (which are both assumed composddl ofi pixels),
respectively. Let alsq  be their joint distribution, and} andr, be their marginal distributions. The
mutual information is thus computedcaording to:

5 Q5 iHQ
_ )y oa: N ifQI |43“79

There are different methods to compute such quantity. Within the CCl+ HRLC the mutual information is
estimated by approximating the probability distributions thgihuthe normalized histograms. Another option,
which is computationally heavier, is to estimate such distributions using kbassdd methods like Parzen
window density estimatiorj45]. Due to the large scale of the project and the iterative optimization process,
usingheavy estimators is not recommended because of the registration process requiring multiple sequential
estimations.

5.3 Optimization Strategies

As anticipated in the introduction to this chapter, the registration task is viewed as the combination of the
following subprocesse$46]:

1. Selecting a transformation model and a resampling strategy

2. Seleting a similarity metric to decide if a transformed input image closely matches the reference image

3. Selecting a search strategy, which is used to match the images based on maximizing or minimizing the
similarity metric
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We already discussed points 1 aBdn the Sections above; here the focus is put on the optimization strategy
that has been chosen for the CCl+ HRLC +paittsor geolocation step. The optimization strategies that are
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of an approximateconjugate direction methodTheobjectivefunction does notneedto be differentiable, and
no deiivatives areaequired (differently from the standard conjugate gradient algorithfrt)e method mininzes
the functionusinga line search along set ofsearch vectos [47]. Moreover, he line searchis done bythe
GoldensectionandBrent's methals [48].

On the otherthand, COBYLA addresseastrained optimization by linear approximationlt works by iteratively
approximating the actual constrained optimization problem with linear programming probléhseach
iteration, the resultinglinear programming problem is b@d to obtain a candidate for the optimal solution. The
candidate solution is evaluated using the original objective and constraint functions, yielding a new data point in
the optimization space. This information is used to improve the approximating lpregramming problem used

for the next iteration of the algorithm. Wheno improvement is possibjéhe step size is reduced, refining the
search. When the step size becomes sufficiently small, the algostops [49]. COBYLA allows the user to
choose a starting search radius. The tuning of such parameter allows the rdgispadcess to explore regions

of the search space that are far away from theialipoint.
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portion of the parameter space. On one hand, this igadjit because it allows the method to perform a broad
exploration of the parameter space in search of an appropriate transformation to match the input optical and
SAR images. On the other hand, it is also one of the biggest downsides of the method dremavipoint of
reaching convergence in a limited timeframe. Indeed, the input optical and SAR images are natively cropped on
the same pixel grid based on their georeferencing information. Given this model assumption, it is not hard to
determine bounded irgrvals on the transformation parameters. Limiting the search to the multidimensional box
determined by these ranges is not restrictive from the viewpoint of registration accuracy and makes for a
significant reduction in computational burden. A modificatiore G KS &4 yRINR t 2SSt f Qa
integrates a set of barrier functions to cope with the unconstrained nature of the original optimization algorithm
and combine it with the aforementioned box constraint. This way it is possible to restrisetireh space to a
subspace of feasible transformations (i.e., based on the size and spatial resolution of the input images). This
O2yaiNIXAYSR F2N¥dzZ GA2Yy 2F t26StfQa

production.
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5.4 Multi-sensor Geolocation using Deep Learning Architectures

Another approach that is taken into consideration within the CCl+ HRLC processing chain is the use of deep
learning architectures [47] for mul§ensor geolocation. Deep learning solutions foe registration of mult
sensor data is becoming of great interest for the remote sensing community.

dzy O2 y & (i NI
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In the context of the CCl+ HRLC processing chain, a deep learning solution is being investigated. Such strategy
uses auto encoders [47] and adversariatwarks [48] with the goal of developing a domain adaptation [49]
method and transform optical images into SR data or vice versa. With such a domain adaptation, the
application of the aforementioned ardaased techniques is further favoured because tptical and SAR data

are brought together in a common homogeneous domain in which they are more directly compg@pl€he
adversarial network considered heig based on the interconnection of convolutional neural networks (CNNSs),
which have been proven highly effective in the application to the semantic segmentation of remote sensing

images for land cover mapping purposes [50].

In particular, as anticipateddfore, the crossorrelation similarity measure, together with the fast computation
through FFT, may take the place of the heav@eestimate mutual information. Therefore, in the following
section, the details of such computation through the fast Fouremsform are presented.
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5.4.1 Crosscorrelation via Fast Fourier Transform

Let agairi® t and'Y 'Q Windicate the input and reference images (which are both assumed compos$ed af
pixels). Their cross correlation can be computed according to:

# #oho Otk YQ® ot o

There exists a formulation of such quantity computed using the fast Fourier tran$fdinBSuch process takes
advantage of the relation between the convolution operation in the spatial or time domain and the product
operation in the frequency domainiet ~ i denote the Fourier transform operatand let"Qand "Qbe two
signals defined in the spatial or time domain. It is straightforward to write the eros®lation in terms of a
convolution operator, which allows taking befit of the computational efficiency of the FE#®] and derive the
crosscorrelation by combining transformation, products, and inverse transformations (up to introducing the
appropriate zero padding):

g0 09 @ 0 o .. 0] 0
In more detaills, to compute therasscorrelation between two images it is necessary to: (i) compute the FFT of
each image (up to zero padding) to pass from the spatial domain to the frequency domain; (ii) compute the
complex conjugate of one of the two resulting signals in the frequedmyain because of the mirroring
operation performed during convolution and not during correlation; (iii) multiply the images in the frequency
domain; and (iv) compute the inverse FFT transform of the product to obtain the-coosdation of the two
images in the spatial domain. The flowchart of such computation is provid&igurel3.

I Time domain

[ ] Frequency domain

Fast Fourier
Transform

Cross-

Inverse
Correl

FFT

Fast Fourier
Transform

Conjugate

Figure1l3: Computation of thecrosscorrelation via FFT.

5.5 Automatic tiling for largescale registration

The HRLC pipeline operates geometrically on the pixel grid of the Sedtigelnules. Accordingly, the
multisensor geolocation module also works with respect to this lattice. Given the size of the S2rgnaalules,

taken as reference images in the niséinsor geolocation module, a single global transformation may not be
sufficient to carefully address local distortions. In fact, the images acquired by the two satellites may present
distortions which significantly differ locally. This is especially iimuthe cases in which a single S2 granule lays
over a border among different S1 images. Furthermore, the application of the aforementioneshased
approach to the entire granule area may be computationally heavy.

In order to address these problems, adicated automatic tiling algorithm has been developed in the project:
both the reference (output of the optical paerocessing chain) and input (output of the SAR-gnacessing

chain) images are divided into patches. Each of this patches is registpadtsty using a global transformation

and the final image is reconstructed starting from the patches. On one hand, considering one patch at a time
reduces the computational complexity of the registration. Furthermore, the resulting overall transforniation
non-global across the whole granule and allows to better account for misaligned details. On the other hand, the
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developed algorithm also takes into account the need for favouring consistency across the patches and to
prevent border artefacts. While fdhe first patch the algorithm is initialized with the identity transformation
consisting of: (i) no translation along neither one of the two axis; (ii) no rotation; and (iii) unitary s&yg (

Y 1Y mh— mh  p), the result’Y of the geolocation for this first patch is passed to the next one. That
way, the next patch is initialized witty Y. The same is done for each subsequent patchteamsformation

value is propagated so as to initialize the next iteration of the algorithm.

| Divide the 4rrng s into patches

l for each pair

Geolocation Geolocation of a Transformation
configuration pair of patches

————— |

Transformations II

N

I Reconstruct the transformed S1 image |

This allows for faster convergence, giving the algorithm a reliable initialization for each patch after the first one.
Moreover, it generally leads to more precise results, considering that local distortions among adjacent patches
can be assumed to beinor and the initialization allows the minimization algorithm to start from a good solution
and quickly exploring the closer ones in the search sfetk Dedicated procedures are also intated in the
algorithm to detect anomalies in this iterative process and prevent them for affecting the registration output.

6 Opticalimageryclassification

From analysisf the recent literature related to largscale land cover mapping problems the follow crucial
aspectsmust be consideredn order to achieve efficient and robustassification of optical higtesolution
imageg52]:

9 automation for efficiency and timeliness;

1 spatial continuity of the maps;

1 temporal coherence between updates of the product;

1 reproducibility of the results;

1 support of changes of nomenclature without changing the system.

The CCI HRLC project addresses each of these points. To maximize the outcome, the following strategies must
be implemented and assessed in an operational context of land cover map production latglescale:

1 all available imagesaving cloud cover lower than 40&équired during the reference period are used;
1 the procedure is fully automatic witho@need formanual operations;

1 the processing chain is implemented using a massively paralleHiwovkwhich achieves a reduced
computation time allowing timely map production and data reprocessing for ensuring continuity across
reference years in the case of updajithe product specificatian

Project activity for optical imagery classification is oriented in two directions: on the one isigenal
benchmarking activitiesere entirely devotedto the selection of the best performing classification algorithm
on the other side, a selection of reference/ancillary data to empower and enrich the featuracérim and
training processes
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Figurel4. Optical data processing chain for the prototype productiontwdth the static and the historial HR LC map
obtained by classifying the time series bfgh resolutionoptical data.

Figurel4 depicts the optical data processing chain for the productiohath the static and the historicddR LC
maps obtained by classifying the time series of Sentirei® Landsat datarhe images are first pgrocessed
in order to perform the atmospheric caction and detect the clouds. Thetie composites are generated and
the possible missindata(caused by cloud and shadow coverage) are restdbad.to the missed availability of
training data,a lot of effort has been devoted to the preparationpoto-interpretation activitycarried out to
define the training setsin order togenerate a representative and informatitaining set,a stratified random
samplingstrategywas defined to defing¢o the prior probabilities of théand cover classespmputed according
to the 2015Copernicus Global Land Cover mBetails are given in the following.

6.1 Classification

To generate the highiesolution LC maps, the SVM classifier is trained on the-sienies of optical composites
generated in thgre-processing step. To accurately represent the spatial information together with the temporal
one, an optical feature extraction steig performed to extractextural featuresfrom the first composite.
Moreover,the altitude of the land cover is added adeature, such that to better characterize the land cover
typical of specific altitude levels.eAce while emporal and spectral features are good in representing the
seasonality of the classethe aim of the texturahnd altitudefeatures extractiond to provide to the classifier
information about spatial context of the samples whidm provide better classes discrimination.

In order to perform the supervised training of the classifier, a lot of effort has been degetsetatinga training
set by oto-interpretation. The labelled samples associated wiilme-series of compositeare extracted from
the training databaseThe training is performed once for each year in each considered indsgendently
(AmazoniaSahelnd Siberia)

6.1.1 Support VectorMachine
As a classifier, th8upport Vector MachinéSVM)is one of the most effective methods in pattern and texture
classification to the land cover mappifg]. 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 features. Firstly, the upper bound on
the generalization error does not depend on the dimensibthe space. Secondly, the error bound is minimized
by maximizing the margin, that is, the minimal distance between the hyperplane and the closest datd§5gdints
[55]. SVMs are particularly appealing in remote sensing field due to their ability to successfully handle small
training datagts, often producing higher classification accuracy than traditional methods, as well as to be the
best algorithm when classes are separgble]. In contrast, for larger dataset, it requires a large amount of time
to process.
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SVM implements a classification strategy that exploits a mayginda SR & 3 S 2 YridnirateOthah & ONX G S
LJzNBt & qadrlriAaaAortéd ONRGSNA2Yd® Ly 20KSNJ g62NRax {+a F
of classes to carry out the classification task. Instead, the classification model exploits the concept of margin
maximiation. The main properties that make SVM particularly attractive in the considered application are the
following:

w GKSANI AYGNAYyaAO STFSOUA@SySaa gAGK NBaLSOG G2 GNY

principle, which results ihigh classification accuracies and very good generalization capabilities;

w GKS LlRraaroAfArAde (2 S Hihdaradparablg daSsifijatoNgfddlemsdbyNFofedtingli 2 & 2

the data into a high dimensional feature space and separating #ii@ @ith a simple linear function;

w GKS O2y@SEAGE 2F (GKS 202S0GA@GS FdzyOlAazy dzaSR Ay

to solve the learning process according to linearly constrained quadratic programming (QP) characterized

from a unique solution (i.e., the system cannot fall into-sptimal solutions associated with local minima);

w GKS LRaaAoAfAGE 2F NBLINBaSyilAy3dI (GKS O2y d&eéo 2 LIGA YA

Lagrange multipliers are necessary fdefining the separation hyperplane (which is a very important

advantage in the case of large datasets). This is related to property of sparseness of the solution.

Let us assume that a training set is gi®n  who ,whereo@ @B fw is the"@h primitive feature
and Y ={y} ), is the corresponding set of labels. Accordingly, let us assumeythigt 4, 1} is the binary label

of the samplew. The goal of the binary SVM is to divide thdinhensional feature space in two subspaces, one
for each class, through a separating hyperpla@gy @ tcO & 1 The final decision rule used to find the
membership of a test sample is based on the sigrhefdiscrimination functioiQo @ tad dassociated

to the hyperplane. Therefore, a generic samgieill be labelled according to the following rute: i "QXw.

The training of an SVM consists in finding the position of the hyperp@restimating the values of the vector
0 and the scalar b, according to the solution of an optimization problem. From a geometrical point o view,
a vector perpendicular to the hyperplarfeand thus defines its orientation. The distance of &0 the origin

. Let us define the functional margin
F=min{y, f(x)}, i =1,....N and the geometric margirG = F/|w| . 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 benpefwith the maximal margin
algorithm, which consists in finding the hyperplai@hat maximizes the geometric margi@® However, the
maximum margirtraining algorithm cannot be used in case the available training samples are not linearly
separable beaase of noisy samples and outliers. In these cases, the soft margin algorithm is used in order to
handle nonlinear separable data. This is done by defining theaBed slack variables as:

, o hold  , 1A @ ®ied &
Slackvariables allow one to control the penalty 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 prolie can be formulated as follows:



Ref CCI_HRLC_PATBD high resolution

@ esa Issue Date Page i land cover

4.rev0 31/10/2022 34 =

where C2 0 is the regularization parameter that allows one to control the penalty associated to err@s=(it

we come back to the maximal margin algorithm), and thus to control the tdtibetween the number of
allowed mislabelled training samples and the width of the margin. If the val@safoo small, many errors are
permitted and the resulting discrimima function will poorly fit with the data; on the opposite,Gfis too large,

the classifier may overfit the data instances, thus resulting in low generalization ability. A precise definition of
the value of theCparameter is crucial for the accuracy thaan 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:

a az ,-a<>4,xj>5
1] F -

Tady,a =0,0¢a C, 1i¢tN¢C

Because of the constraint introduced by the multiplié»&zs}i'i1 that for the soft margin algorithm are bounded

by the parameterC the problem is also known as box constrained problem. The KeusimTucker (KKT)
complementarity conditions provide useful information about the structure of the solution. They state that the
optimal solution should satisfy:

galy@awxO Bt 4 O i=1..
[x(acC) 9 i=1..)

Varying the values of the multipliel{sai}i'i1 three cases can be distinguished:

g a=0 Yyf(x)a
10<a, € Wf(x) &
I a=C Yyf(x)a

The support vectors with multiplie&; =C are called bound support vectors (BSV) and are associated to slack
variables X 2 0; the ones withO<a, € are called norbound support vectors (NBSV) and lie on the margin

hyperplaneO or’O (Y, f(x)=1).
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Figurel5: Qualitative example of a separating hyperplane in the case of adinaar separable classification problem.

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 spade (x) I A (d'>d) where the transformed samples can be better
separated by a hyperpland-igure16). The main problem is to explicitly choose and calculate the function

F (x) i A for each training samples. Given that the input points in dual formulation appear in thedbrm
inner products, we can do this mapping in an implicit way by exploiting tiwaked kernel trick. Kernel methods
provide an elegant and effective way of dealing with this problem by replacing the inner product in the input
space with a kernel functiosuch that:

K(x,%)= €(x) ) Bj 1.8 (7)

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

- |

fmaaxl,aai'i a Ay a XK X )i

i I i= itjE \ (8)

T.. ,

Tazlyiazi =0,0¢a Cand 1i¢N ¢
And the discrimination function becomes:

f)=8 yia'kx 9 b (©)
il SV

¢KS O2yRAGAZ2Y F2NJ I+ FdzyOliAzy G2 oS F @FtAR 1SNYySt

linear kernel functions are the following:

1 homogeneous polynomial functiork(x;,X;)=(x X)°, p i
T inhomogen®us polynomial functionk(x;,x;)=(c £x; xj('))", p Jcd

I~ [

1 Gaussian functionk(x;,x;)=e 2* , s | ¢
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Figurel6: Transformation of the input samples by means of a kernel function into a high dimension feature
space: a) Inpufeature space; b) kernel induced high dimensional feature space.

From an operational perspective, a possible implementation wouldthseGaussian kernel since linear and
polynomial kernels are less time consumimgf providein generalless accuracyTheSigma, parameter isa
positive parameter whose behavior regulates the fittprgperty: if its valueincreases the model gets overfits,
while decreasinghe model underfits. In our implementation, the default value for gamma is initially set equals
to 1 over thenumber of featureg56], optimal choice can be made in proper training stage.

6.1.2 Textural features extraction

Texture allows the accurate characterization of tle®ntextual information of a pixel in thanage.In the
literature, it can be found that the use of textlrinformation can significantly improve the classification results.
Hence, such features can be more distinctive than spectral features for some land cover dlzstsasl. of
consideringcomplexspatial features, such as shape and sideich required tle unsupervised segmentation of
the image we consideredther textural feature extractorsFirst, theGrayLevel Cadccurrence Matrix (GLCM)
is computed. Then the GLCM is used to extract the following statistical measures, used as:features
Dissimilarity;

Correlation;

Contrast;

Homogeneity;

Energy;

Angular Second Moment (ASM).

= =4 -4 —a -8 -

6.1.3 Photo-interpreted training setsgeneration

Operational land cover map production over large areas cannot rely on field campaigns because huge amounts
of costly datehaveto be collected, most importantly jeopardising the timeliness of the land cover mapder

to generate the training set used to perform the supervised classification of the considered studyaai@eaof

effort has been devoted to photmterpretation activities Hence, even thougkxisting thematic products
represent a valid source of information, ground reference data are needed to model complex classes which
require reliable samples that cannot be extracted from the outdated coarse thematic pr@dAlthough
extremely complex and time consuming the reference data allows the productibighfquality training set

which matches the definition of the legend and corresponds to the exact same time {s@®aEigurel7 and
Figurel8).
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To properly generaté¢he training set,which isrepresentative of the considered area, the tedimrst estimated
the prior probabilitiesof the classes by considering the information prowddy the 2018Copernicus Global Land
Cover(CGLQnap. Then, the samples to be labeled, where selected according tstthgfied random sampling
strategy. Tielabelof each sample was defined bhoto-interpretation of both Sentinel Zata andSPOTmages
in the RR areas. For areas, where POT images were not available, we exploited the pubighvesolution
Google and ESRI images (i.e., 50 @im¢labels assigned to samplesdhose of theHRLC classdseeTablel)
whichhavebeendefinedby applyingthe schematic approactiom LCCSystem(seeFigurel9) andadapting to
what is actually observable with remote sensing dataparticular, the data werpixelwise labeled thus we
avoided thestrong positive correlatiobetween samples units, which is the casefolygonwise labeling.

\- ‘ MWW ‘-’_-:‘i_.'; ? » s
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# (Actions)
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Figurel?. Training Set Production conducted via phetoterpretation.
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Figurel8. Example of number of tiles to beovered byphotointerpretation in Amazonia.

Although the photeinterpretation represents a valid solution for generating the training set, the legend scheme
reported in Figure19 presents some discpancy with a set of classes which can be discriminated by the

considered remote sensing datkigure20 reports an example of ambiguity between grassland (permanent
herbaceous cover) and cropland (a herbaceous cover that is harvebidtie reported example it is not clear
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which is the correct class considering the set of rules defined in the classificaieme. Hencef bare soil is
present during the year, it should be classified as cropland. However, by taking the context of cattle raising in
this region, you might guess this is grasslandothAer problem is reported inFigure21, where the pixels
belonging to the road are classified as bare soil sincedaheyot asphaltedFinally, differently from the medium
resolution no mixed classes are prase the legend (e.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 challenging
(seeFigure22). 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

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

water persistence water persistence
< 4 months >= 4 months <4 months >=4 months
Terrestrial Aquatic/ Terrestrial Aquatic/
regularly flooded regularly flooded
Relative dominance Relative dominance
== =S <9 months >= 9 months
(Semi-)natural Artificial/managed Woody Herbaceous e fom Bare areas .
- - life form life form e Open Water physical state
Life form Life form water (liquid or frozen)
Relative dominance Herbaceous Woody | Herbaceous Open Snow
vegetation | vegetation water | and/orice
Woody Herbaceous|  Other Cropland aquatic or || aquatic or
. N regularl regularl,
height > 5m height < 5m Grassland Lichen ﬂzode;' ;gmdedy
and mosses
Tree
cover’
leaf seasonality leaf seasonality
Evergreen Deciduous Evergreen  Deciduous
Leaf type Leaf type

Shrub cover (| Shrub cover|
evergreen | deciduous

Broadleaf  Needleleaf Broadleaf

Tree cover | Tree cover || Tree cover|| Tree cover|

Figurel9. The classification scheme of the trainirget production.
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Figure20. Example of ambiguity between the classes: (i) grassland (permanent herbaceous cover), and (ii) cropland (a
herbaceous cover that is harvested). If bare soil is present during the year, it should be classif@dand. By taking
the context of cattle mising in this region, you might guess this is grassland.

Figure2l. In Amazonia, the roads far away the city are nagphalted,and they are very similar to bare areas (ambiguous
definition from the RS view point).

Figure22. Differently from themedium resolutionno mixed classes are present in the legend (e.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 challenging. The identification of deciduous aretgreen shrubland is even more challenging.

In the case of the historical training set phedtderpretation activity, and at the same time changing the
resolution of the available images from 10 to 30 meters, the team has identified following challenges:

A Less high resolution imagase available;

A Landsat 7 images arecupted;

A spatial resolution of 30m hampers extraction of training points as the spectral information is
often mixed. Moreover, the NDVI and NDWI trerfdsicial to differentiate some very similar
classes e.g. grassland vs cropland) are unclear and difficult rpriate

Taking into account all tfie abovementionedpoints, the tearmhas 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 set produced in the past have smaller number of sanmguegpared to the
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one used to classifthe static map.Figure23 shows a qualitative example of the data used to perform the
photointerpretation in the past.

Figure23. Many difficulties going back in the pasbr the photo-interpretation process (i) less images are availabléij)
Landsat 7 Corrupted(ii) NDVI and NDWI trendot clear;(iv) the gatial resolution of 30m.

6.1.4 Finalstatictraining sets generation

While complex classegquire reliable samples thatannot be extracted from the outdated coarse thematic
products existing thematic products represent a valid source of informafmmthe other classes, allowing to
significantly expand the training set and properly repreagtie whole areas to mag-or his reasonpnly for the
static map productionwe integratedthe training sets delivered through photointerpretatiomith samples
extracted from the agreement of land cover products availaklgersampling of the complex classes was
performed to keep théraining set prior distribution of the landover classes constariloreover, the increased
amount of training labels unlocked the possibility of exploiting the specific properties of the local landTduser.
can be done by considering the global ecooegj which areareas 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 th@obability of encountering differentegetaion speciegwhich may be mapped

in the same clasgnd communities remains relatively constaiihis feature is important in lartbver mapping
with remote sensing image asit allows to mitigatethe intra-class variangea well-known issuein remote
sensing

Therefore, we combined the phofinterpreted training sets witlsamples extracted from the agreement of land
cover products availableand then divided each area in smaller areas defined by taking into account the
ecoregions. This was done at téwéland by aggregating ecoregions to avoid excessive fragmentation of training
set. Figure24 shows as examplethe photo-interpreted training set and the final training set Amazm static,
respectively.Figure 25 shows the final division into ecoregions of the three mapedas.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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Figure24. Amazonstatic: (a)photo-interpreted training set (b) final training sets divided by ecoregions
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Figure25. Final division into ecoregion for the three mapped areas.

7 SARmageryclassification

7.1 Feature extraction

To carry out the land cover classification usBentinetl duatPol data sets based on the defined classes,
reported inTablel, the feature extraction will be based on the polarimetric information of daig, [58]

To improve the ability of classifier to recognize and discriminate the different environment textures and
morphological structtes (e.g. urban areas, agricultural crops, forests, etc.), the amplitude of VH and VV channels
and their combinations have been assumed.
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Although the S1 data are not fully polarized, we can exploit the polarimetric information arising from the
intensities of the VH and VV channels by means analysis on single channel (by choosing VH or VH) or on their
combination (their mean or ratio, for instance). These features contain essential polarimetric information
provided by the duaPol data since thgolarimetry combination distinguishes specular scattering from diffuse
scattering.

7.1.1 Texture analysis on single polarization

To analyze and exploring the spatial information contained in a single S1 image (VH or VV), a docker application
has been developed in order to provide a set of filters that operate especially in spatial domain. The rationale for
selecting these algorithmis the velocity of the execution. Although they might not be the most accurate ones,

the possibility to apply them quickly to the SAR images in a large stack in a reasonable amount of time is an
invaluable asset for wide area processing. The implemergelrtiques are summarized in the following list:

1 Mean filteris one of the most widely used lepass filters (LPF). It substitutes the pixel value with
the average of all the values in the local neighborhood (filter kernel).

1 Median filter, a nonadaptive fiter and replaces each pixel value with the median of the pixel values
in the local neighborhood.

1 Minimum (maximum) filteis a nonlinear filter that is located the darkest (brightest) point in an
image. It is based on median filter since it is definelia®th (100th) percentile, i.e. by considering
the minimum (maximum) of all pixels within a local region of an image.

1 Max-Min filter, blurs the image by replacing each pixel with the difference of the highest pixel and
the lowest pixel (with respect taiensity) within the specified windowize.

7.1.1.1 Mean filter

The Mean filter is a lowass filter (LPF) and represents the simplest and easiest method of smoothing images,

in addition to being very easy to implement. Mean filtering is usually thought of asvaledion filter. Like other

convolutions it is based around a kernel, which represents the shape and size of the neighborhood to be sampled

when calculating the mean. The idea of mean filtering is simply to replace each pixel value in an image with the
mey o6dal @SNIFIASE0 2F Ol fdzSa o6St2y3aAy3ad (2 ySAIKO2NK22RXI
pixetoy-pixel until to scanner the whole image.

It does not remove the speckle from the image but averages it into one. In fact, the noise bdesemagparent,

odzi GKS AYF3AS 22148 daz2FiSySRéd ¢KS2NBGIAOItte&s RINJ |
each other out. The probability of such situations increases with the size of the filter window, 7x7 or 9x9 for
example. Howeer, it produces image blur, loss of details and, eventually, loss of spatial resolution, giving an

image with less noise but less high frequency detail. For this reasons, 3x3 or 5x5 size filter are recommended.

Note that the mean filtering is not suitable case of pulse and spike noise since the shot noise pixel values are

often very different from the surrounding values, they tend to significantly distort the pixel average calculated

by the mean filter. The median filter is successful at removing puigesaike noise while retaining step and

ramp functiong59].

7.1.1.2 Median filter

The median filter is normally used to reduce noise in an image, somewhat like the mean filter. However, it often
does a better job than the mean filter of preserving useful detail in the image. Like the mean filter, the median
filter considerseach pixel in the image in turn and looks at its nearby neighbors to decide whether it is
representative of its surroundings not. Instead of simply replacing the pixel value with the mean of neighboring
pixel values, it replaces it with the median ob#e values. The median is calculated by first sorting all the pixel
values from the surrounding neighborhood into numerical order and then replacing the pixel being considered
with the middle pixel value.
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By calculating the median value of a neighborhoather than the mean filter, the median filter has two main
advantages over the mean filter:

- The median is a more robust average than the mean and so a single very unrepresentative pixel in
a neighborhood will not affect the median value significantly.

- Since the median value must be the value of one of the pixels in the neighborhood, the median
filter does not create new unrealistic pixel values when the filter straddles an edge. For this reason,
the median filter is much better at preserving sharp edtes) the mean filter.

Hence, the median filter is edge preservi6d] although it may lead tahe removal (or suppression) of small
(also linear) objects from the image, exactly in the same way as it removes (or suppresses) speckle noise.

Applying a 3x3 median filter produces a noise reduction at the expense of a slight degradation in image quality
If we smooth the noisy image with a larger median filter, e.g. 7x7, all the noisy pixels disappear, but the image
looks a bit "blotchy".

A good solution is to use 3x3 or 5x5 median fi[&k] and passing it over the image more times in order to
remove all the noise with less loss of detail, alternatively.

The mean and median filters meet with only limited success when applied to SAR data. @ndoedss is the
multiplicative nature of speckle noise, which relates the amount of noise to the signal intensity. The other reason
is that they are not adaptive filters in the sense that they do not account for the speckle properties of the image.
Adagive filters, such as the Lee filter, assume that the mean and variance of the pixel of interest are equal to
the local mean and variance of all pixels within the essected moving window.

7.1.1.3 Minimum and maximum filters

Minimum and maximum filters, also &wn as erosion and dilation filters, respectively, are morphological filters
that work by considering a neighborhood (running window) around each pixel. The running window is an image
area around a current pixel with a defined radius. For example, if weifspthe radius = 1, the running window

will be a 3x3 square around the target pixel, which is the smallest box size. The maximum and minimum filters
are shiftinvariant. Whereas the minimum filter replaces the central pixel with the darkest one in tidng
window, the maximum filter replaces it with the lightest one. In other words, the minimum filter extends object
boundaries, whereas the maximum filter erodes shapes on the image. The odd size of the neighborhood
considered for each pixel. Also inghiase, the recommended size are 5x5 or 7x7 in order not to incur in issues
have been addressed previousteeSection7.1.1.1

The docker offers also the possibility for each user to choose the kernel filter size adapted to its needs, but the
default dimension is 9x9 because the implemented filter has shown satisfactory results both in terms of
computational complexity and the qlity of output image, due its ability in details preservation, edges
definition.

7.1.1.4 Max-Min filter

The output image is given by the difference between dilation and erosion filters (described in previous section
7.1.1.3.

Hiring & as input image, the mamin filtered image is given taking into the account to the following simple
expression:

where & is the resulting gray level image, whereas and®  are the maximum and minimum filtered
version ofinput image®, respectively. The Mallin filter blurs the image by replacing each pixel with the
difference of the highest pixel and the lowest pixel (with respect to intensity) within a specified wisidewfor
example, the grayscale 3x3 or 5x5 pixelghborhoods). To preserve much more spatial details and texture
structures, we have set up window size to 9 by default, also according to the evaluations explained above.
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7.1.2 Texture analysis on duapolarization

SAR polarimetry allows for the retrievé shape, orientation, and dielectric property information of scatterers
[62],[63]. Since there are multiple polarimetric channels, it provides more information than siof®AR data.
However, the richness of polarimetry is achieved by sacrificing the spatial resolution. To balance theffirade
instead of a fully polarized SAR, Sentifighission provides partially polarized SAR data, known asRhlalata,
with the VV and VH channels. To extract the polarimetric information of Setitidata, we used the signal
acquired from VH and VV channelsedaseveral composite images given by:

1 RatiowdpwO

T SumwO ww

T Mean ©O W

1 Differencem ® ®O
These four features contain essential polarimetric information provided by theRlolatiata. This polarimetry
combination is able to distinguish specular scattering from diffuse scattd6ddy For the purpose of
classification, these features are highly beneficial to differ classes with different surface roughnesses, such as
water, plant, building, and soil. The aim is basically exploit the-glolarization capability of S1 for providing as
many ground surface information as possifig].

7.1.3 Texture analysis by statistics
To incrase the feature space it is also possible to add texture features by applyi@y¢lye_evel Coccurrence
matrix (GLCM), in order to retrieve second order texty68¢[68].

This operation is done before applyinget speckle filtering, since the despeckling destroys most of the image
texture. For example, the classification accuracy related to perennial agroforestry land cover can be improved
by using less correlated GLCM texture measures: Contrast, Entropy, Ganredad Variance. The GLCM texture

can be measured using a 5x5 moving window,-pixel displacement, for examplin [69] it is shownthat the

GLCM texture measures are appropriated to discriminate vegetation types, and less sensitive to no vegetation
cover.ls shown that the more informative variables are the VH Variance and Correlation of SAR images acquired
in a dry season ah and VV Contrast of images in a wet season.

Instead[70] highlights the importance of VH image that ig thest band for differentiating agricultural land from
other land cover types. The major differences in vegetation, their vertical structure, are capturegatacized
(VV) band.

Another way for lanetover classification is to use muiémporal SAR dat (i.e. SAR data time series) analysis
and extract features by considering the temporal variation of backscattering coefficients and information from
interferometric data processing. The wdiKL] exploits the combination of the average backscattering coefficient
and temporal variability. The averagackscattering coefficient permits to classify water and urban areas, since
they present very low and high signatures, respectively. The temporal variability, which is a main feature in
multitemporal analysis, can be used to distinguish cultivated aredsaater from the forest and urban classes.

The behavior of VH and VV backscatter signal is different over vegetated areas. Over vegetation land covers,
there is much volume scattering of the radar signal. And volume scattering tends to cause a dejpmteoizie

return signals, which then corresponds to a high backscatter in qrossization (VH or HV) bands. Thus, VH
bands show a higher sensitivity to vegetation.

For the purposes of classification, these features are highly beneficiibéosify classes with different surface
roughness, such as water, plants, buildings, and soil. In this manner, the classification maps may achieve high
classification accuracy values. Specifically, the feature extraction step is preliminary to thécatassistep in

the sense that only specific features for peculiar classes may be extracted and used each time. In addition,
according to the technical literature, we also identified several works describing most performing classification
methods able to lassify different classgsvater, urban areas, snow, for example) with a proper combination of
features set. Aoreliminary list is reported in the followingables.
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Table5. Preliminary list of SAR features for subsets of classes.

Class Feature(s) Reference
Urban Occurrence range, wD® [AAAYAZ ! @ { I f S-ifasedyirhad Exterts
DEM slope extraction: from ENVISAT 8entineivé ¥ L 999 Wo 2

Applied Earth Observation and Remote Sensing,
10.1109/JSTARS.2017.2782180, vol. 11, no. 8, pp-ZBR3 Aug.

2018.]
Water Average backscatter, [Santoro, Maurizio, and Urs WegmilletMulti-temporal SAR
the minimum metrics applied to map water bodies." 2012 IEEE Internati
backscatter of a time Geoscience and Remote Sensing Symposium. IEEE, 2012.

series and
standarddeviation of
the backscatter
Snow » VV band; [Tsai, YAunS., et al.'Wet and Dry Snow Detection Using Sentin
backscattering ratio 1 SAR Data for Mountainous Areas with a Machine Lear
Technique.'Remote Sensingy1.8 (2019): 89%

Crop Occurrence variance; [Fontanelli, Giacomo, et dlAgricultural crop mapping using optic
co-occurrence and SAR muliemporal seasonal data: A case study in Lombe
contrast region, ltaly." 2014 |EEE Geoscience and Remote Se

Symposium. IEEE, 2014.]

Deciduous  Temporal signature  [Ruetschi, Marius, Michael Samman, and David Small. "Usil

vegetation multitemporal Sentinell Gband backscatter to monitor phenolog
and classify deciduous and coniferous forests in north
Switzerland."Remote Sensint0.1 (2017): 55%.

Evergreen  VV and VH channels [Abdikan, Saygin, et al. "Land cover mapping using seitii8AR

vegetation data." The International Archives of Photogrammetry, Rem
Sensing and Spatial Information Sciences 41 (2016): 757]
Saoll VV and VH channels [Hu, Jingliang, Pedram Ghamisi, and Xiao ZheatliFe Extraction

and Selection of Sentindl DuatPol Data for Globebcale Loca
Climate Zone Classification." ISPRS International Journal of
Information 7.9 (2018): 379.]

At this point, features are computed according to the following steps:

a) Initially, the SAR time series is properlyjprecessed by means of the methods and filters previously
introduced in Section 4.

b) Then, all the despeckled images in one year are first divided according to the season and then merged

into one image per seasdy means of a temporal average. This step is performed as a tbfead
between the need to keep multitemporal information and the one to reduce the computational load
of the classification procedure.
c) Finally, the features useful for the extraction ofthlasses reported in the table above are computed
for the final multitemporal sequence.

7.2 Classification

The classification procedure implemented in this work is based on a hierarchical extraction of specific classes

followed by a generatlassification applied to the rest of the scene. Specifically:

1 First, some of the classes that are recognizable using a specific subset of features are extracted from the

data by means of unsupervised techniques. This is currently performed for the andamater classes

1 Then, supervised classifiers, namely Random Forest (RF) and Support Vector Machines with Radial Basis

Function (RBF) kernel, are applied to the set of features.
For the latter step, suitable training data anecessaryand two methodologes have been adopted to assess
the performance of the classification chaifoavoid the unbearable cost of a manual extraction of high
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resolution samples a procedure able to extract samples for many of the desired classes from existihgsnaps
been iderified. This procedure must be complemented for specific areas and classes by more performing
sample extraction methods (manual selection, for example), but it helps to reduce the cost of that procedure
to a level which is manageable in the context of@gl mapping methodology.

The following sectionare dedicated tgresentthe extractors developed fahe urban and water classification,
andto descrike the ways followed to generate the training sets.

7.2.1 Descriptionof the Urban EXTraction (EXalgorithm

The main idea of The UEXT algoritf#4] is to use artificial structures, such as buildings, that show up as very

bright points in multitemporally averaged and despeckled setSAR images (possibly reduced to single SAR

images in case the temporal intervals of interest do not include more than one data set). The artificial structures
O2NNB&LRYRAY3I (G2 GKS tIFINBSal O ftdzSa 2F (RKRE S22 T ATRSF
flooding algorithm is subsequently and iteratively applied to their neighbourhood, until a lower threshold value

is reached. Eventually, a series of ppsbcessing steps, also considering the Digital Elevation Model of the area

to avoid fale positives due to mountainous slopeate applied. The approach if24] includes several

intermediate steps that have been simplified in the approach implemented tiné project to reduce the
computational cost. Specifically, instead of the abowentioned iterative flooding procedure, a single

watershed technique has beeyf ii N2 RdzOSR® ¢KS &aSSR LAESta NB daASR | & ¢
while the saliency map of the same algorithm is obtained by applying an occurrence data range filter to the SAR

data sets. The size of the data range windows has been seleckegpoas much as possible the spatial resolution

of the data, and it is just a 3x3 pixel window.

i o Occurrance
— Rlkiemeos) Despeckle filtering
average Data Range

Saliency
map

Sentinel-1/ERS/ENVISAT

Seed pixel 1]

Sampling Watershed Urban extent
map

Figure26. Graphical representation of the workflows for the UEXT method

This method is visually described by the workflow in figure26. The first step is the aboweentioned
temporal average over the data sets in the temporal range of interest. This operation exploits the fact that urban
areas respond coherently along the temporal axis, and thus a multitemporal average still results in bright
backscattering pixels inside human settlements. This is not true for vegetated areas, whose backscattered values
changes during seasons, hence theirrage will result in a lower value. The resulting image is then used twice:

to identify seed pixel by hard thresholding the image, and to extract a saliency map by applyingrandigta

filter. This filter highlights urban areas, and thanks to the previtag-pass filter, the map results in
homogeneous areas. The final step is the watershed algorithm, where the identified seeds would grow within
the saliency map, thus producing the final urban extent map.

7.2.2  Descriptionof the water extractionalgorithm

The water extraction algorithm applied in this work has been recently presen{@@jiand is summarized in the
following figure. First, a multitemporal denoising step is performed on the SAR stack. Then, a set of statistical
and temporal features are computed to trainkeNearest NeighborkéNN) clustering algorithm. Finally, a few
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post-processing steps (such as morphological operations and steep slope removing) are applied to the classified
result to improve the final water surface mapping accuracy.

=
23
g S Iti I i
52 plutitampors Features extraction Kol carest elehbous Classification
e - speckle filtering (KNN) training
[TT))
v e
i
a
[ .
£ Water class extraction T Slope removal and HR water
Q and morpl_'lolog\cal o Opening map
= dilation
=

Figure27. Overview of the complete procedure designed to exttaboth temporary and permanent water bodies.

To extract water bodies fewfeatures are computeccomposites obtained by averaging in time all the available
SAR imagegf necessarywithin more temporal windovs) and their temporal mean, minimum, maximmy and
variance Then,starting from the300 mmap by the ESA CCI project, a mask representing water areas is extracted,
resampled at 10 m spatial resolution, and dilated with xa33kernel window. In each tile 10.000 pixels that fall
either on water or n-water regions are randomly selected. These training points are clustered, and the
extracted model is used to classify all poimtshe tile. The k-NN algorithm igperformedwith k=4, asinside the

initial mask there may be water, vegetation, bamed impervious soilFinally, mcethe clusters are extracted,

the same number of points is randomly extracted from each cluster and compared with the water layer in the
ESACCImap. TheclustgrA G K Y2NB LIR2AyGa o0St2y3Aay3a G2 GKEFAG tF &SN A
This result optionally undergoes gostprocessing stepising a Digital Surface Model (DSM) is performig

slope on a pepixel basis is used to filter out radar shadowhilty and mountaimusregions. Lastly, afbpening
morphological operation is applied to the slofikered result to remove foreground pixels. Contrary to a simple
erosion, which may be too disrupting, the opening operation is defined by an erosiowéddllby a dilation
whichensures to remove only isolated false positive

7.2.3 Training set generation from medium resolution maps
To automatically carry out a classification based on a training set extracted from the medium resolution products,
we stat from the assumption to classify in high resolution only pure classes that were recognized in medium
resolution maps.

Specifically, the medium resolution maps that were considered are:

1 ESA CaIC 2018 (300mYhe annual ESA CCI LC maps coperied of 24 years from 1992 to 2018 at a
ALJ GAFE NBaz2fdziazy 2F onnYd ¢KS&aS YrLlA RSaONROGS i
based on the United Nations Land Cover Classification Systesth@QN)73]. The product that covers
the 2015 year have been assumed as baseline

1 GLCNMO (1km)The Global Land Cover by National Mapping Organizations (GLCNMO) is geospatial
information in raster format whic classifies the status of land cover of the whole globe into 20 classes
at a spatial resolution of 1 kifv4]¢[76]. The classification is based on LCCS developed by Food and
Agriculture Organization of the United Nations (FAO).

The proposed strategy aims to exploit the information associated only to those MR classes that present a good
correlation with the highresolution legend, excluding for instance the MR migkbsses of ESA @@ product
reported in Table 4.

Table6. Mixed classes list of the ESA @@l 2015 (330m) product

Values ESA CdalIC 2015 (300niabels

30 Mosaic cropland (>50%)/natural vegetation (tree, shrub, herbaceous cover) (4
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40 Mosaic natural vegetation (tree, shrub, herbaceous cover) (>50%)/cropland (<

100 Mosaic tree and shrub (>50%)/herbaceous cover (<50%)

110  Mosaicherbaceous cover (>50%) tree and shrub (<50%)

180 Shrub and herbaceous cover, flooded, fresh/ saline/brakish water

A comparison of the abovmentioned medium resolution map and the desired classes for HR mapping in this
project has eventually brought tihe results summarized in the following table:

Table7. List of several medium resolution classes dealing to a training set for a high resolution classes subset

COILR LC classes ESA CCI LC 2018 (300n

(€ MO (1km) values

values

Tree cover evergreen broadleaf 50

Tree cover evergreen needleleaf 70, 71,72

Tree cover deciduous broadleaf 60, 61, 62

Tree cover deciduous needleleaf 80, 81, 82

Shrub cover evergreen 121

Shrub coverdeciduous 122

Grassland 130

Cropland 11,13
;I/(;eg(;etation acquatic or regularly 160,170,180

Lichens and mosses 140

Bare areas 200,201,202

Sands 17
Rocks 16

. Urban extraction
Built-up areas

methodology[22]
Openwater seasoral
210
Openwater permanent
Snow and/or ice 220

In the second and third colummé Table7, several values of ESA and GLCNMO legends, respectively, are selected
in a way to provide a redundant yet meaningful set d@ining points for the corresponding highsolution
classes reported in the first columifor an easier reading @able7, the legends of ESA @@ 2015 and GLCNMO
maps have been shown iRigure28 and Figure29, respectively.
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Legend of the global CCI-LC maps, based on LCCS

Value Label Color
0 No Data

10 Cropland, rainfed

11 Herbaceous cover
12 Tree or shrub cover
20 Cropland, irrigated or post-flooding
30 Mosaic cropland (>50%) / natural vegetation (tree, shrub, herbaceous cover) (<50%)
Mosaic natural vegetation (tree, shrub, herbaceous cover) (>50%) / cropland (<50%)
Tree cover, broadleaved, evergreen, closed to open (>15%)
Tree cover, broadleaved, deciduous, closed to open (>15%)

88|88

61 Tree cover, broadleaved, deciduous, closed (>40%)
62 Tree cover, broadleaved, deciduous, open (15-40%)
70 Tree cover, needleleaved, evergreen, closed to open (>15%)

71 Tree cover, needleleaved, evergreen, closed (>40%)
72 Tree cover, dlel d, evergreen, open (15-40%)
80 Tree cover, needleleaved, deciduous, closed to open (>15%)
81 Tree cover, dlels d, deciduous, closed (>40%)
82 Tree cover, , deciduous, open (15-40%)
90 Tree cover, mixed leaf type (broadleaved and needleleaved)
(a) 100 Mosaic tree and shrub (>50%) / herbaceous cover (<50%)
110 Mosaic herbaceous cover (>50%) / tree and shrub (<50%)
120 Shrubland
121 Evergreen shrubland
122 Deciduous shrubland
130 Grassland
140 Lichens and mosses
150 Sparse vegetation (tree, shrub, herbaceous cover) (<15%)

151 Sparse tree (<15%)
152 Sparse shrub (<15%)
153 Sparse herbaceous cover (<15%)

160 Tree cover, flooded, fresh or brakish water

170 Tree cover, flooded, saline water

180 Shrub or herbaceous cover, flooded, fresh/saline/brakish water

190 Urban areas

200 Bare areas
201 Consolidated bare areas
202 Unconsolidated bare areas

210 Water bodies

220 Permanent snow and ice

Figure28. The CCLC MR maps referred to Amazonian tile 21KUQ (q) Amazonian tile 21KXT (b) classified according to the
legend of the globalCCILC maps (c).

Value | Class Name

Broadleaf Evergreen Forest

1

2 | Broadleaf Deciduous Forest
3 | Needleleaf Evergreen Forest
4 | Needleleaf Deciduous Forest
5 | Mixed Forest

6 | Tree Open
7 | Shrub
8
9

Herbaceous

Herbaceous with Sparse Tree/Shrub

10 | Sparse vegetation

11 | Cropland

12 | Paddy field

13 | Cropland / Other Vegetation Mosaic

14 | Mangrove
15 | Wetland

16 | Bare area,consolidated(gravel,rock)

17 | Bare area,unconsolidated (sand)
18 | Urban

19 | Snow / Ice

20 | Water bodies

Figure29. Legend associated to GLCNMO medium resolution map.
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The final step for training point selection is performed using random sampling. This is performed by first selecting
the points belonging (for eadHR class) to the corresponding classes in the MR maps into binary maps. To avoid
inaccuracies and collect more reliable samples, a morphological erosion step is applied to this binary map, and
only its "internal” area is considered. Then, random sampdiragplied. The procedure is repeated for each class,
and a consistent set of training samples is extracted.

This approach does not reduce the resolution of the final HR map, which is obtained considering the original
resolution of Sl data. Moreover, byedecting only classes that are not mixed, it allows to obtain reasonably good
training samples at a very limited cost. Of course, these samples are as accurate as (in average) the maps from
which they are taken, and this is the reason why robust classjfserch as RF and SVM has been selected.

7.2.4 Training set extraction from HR satellite images by visual interpretation

Reference data for largscale land cover map are commonly acquired by visual interpretation of multiple
remotely sensed data. Visual integtation of highresolution imagery is a valid alternative to a ground truth
collection that would supply such very highiality data, but populating a global dataset with a sufficiently large
sample of field measurements is extremely costly. The proposstiad consists in adopting a stratified strategy
that aims in interpreting the land cover classes vdelfined into the CCI HRLC legend taking into the account
their characterization. The hierarchical approach is a simple but powerful methodology andts@fsa top
down analysis organized as a clearly defined sequence of tasks grouped in levels, also called branches.

Decametric Land Cover
legend Level 1

Vegetated areas Non-vegetated areas
Vgt > 50 % Vgt < 50 %
>= 2 months of the year >= 10 months of the year

water persistence water persistence
<4 months >= 4 months <4 months >= 4 months

Terrestrial Aquatic/ Terrestrial Aquatic/
regularly flooded regularly flooded
Relative dominance Relative dominance
T = <9 months >= 9 months
(Semi-)natural Artificial/managed Bare areas

Woody  Herbaceous

Life form Life form life form | _life form Cpan Vatar physical st

water (liquid or frozen)
seasonal

Relative dominance Herbaceous Woody | Herbaceous
vegetation | vegetation
Woody Herbaceous Other Cropland aquatic or || aquatic or

regularly | regularly
height > 5m height < 5m Grassland|  Lichen flooded || flooded

and mosses
Tree Shrub
cover | cover

leaf seasonality leaf seasonality

Open Snow
water and/or ice
permanent|| permanent

Evergreen Deciduous Evergreen Deciduous

Leaf type Leaf type Shrub cover|[Shrub cover
evergreen || deciduous

Broadleaf Needleleaf Broadleaf

Tree cover || Tree cover|| Tree cover || Tree cover
evergreen || evergreen || deciduous || deciduous

Figure 24. Decision tree of hierarchical approach based on 1st Level of CClI HRLC Legend

Each level solves a fundamental decision problem where systematic methods can be applied for the synthesis of
further subsystems. All this can be depicted as a simple decision tree, as shown in Figure 24, where clear rules
and exhaustive definition of lantbver classes are needed to reach completeness of labelling training points via
thresholds. With reference t&igure 24 a decision tree with four levels has been designed for identifying the
Level 1 of CCI HRLC legend. Firstly it needs to distinguighiah percentage the area is covered or not by
vegetation, in order to differentiate between vegetated and neggetated area. A similar reasoning is then
replicated in each subsequent branch of decision tree, $tgptep, to verify relative dominance.
All the rules are explained below:
1st Level:
0 Vegetated areapresence of vegetation >= 50% and for >= 2 months a year;
0 Nonvegetated areapresence of vegetation < 50 % and for >= 10 months a year.
2ndLevel:
0 Terrestrial water persistence < 4 months;
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0 Aqudic/regularly flooded water persistence >= 4 months:

Seasonal: presence of water of water >= 4 months and < 9 months a year;
Permanent: presence of water of water >= 9 months a year.
3rd Level:

0 (Semi)natural natural vegetated areas are defined @®as where the vegetative cover is in
balance with the abiotic and biotic forces of its biotope. Saatural vegetation is defined as
vegetation not planted by humans but influenced by human actions.

o Artificial/managed natural vegetation has been rema¥@®r modified and replaced by other
types of vegetative cover of anthropogenic origin [93].

4th Level:

0 Tree A tree is a woody, perennial plant with a simple and \defined stem, bearing a more
or less defined crown and a minimum height of 5 m;

0 Shrub A shrub is a woody perennial plant with persistent woody stems and without any
defined main stem, being lesisan 5 m tall.

0 Grassland Herbaceous plants without persistent stem or shoots above ground and lacking
definite firm structure

o0 CroplandsMainly herbaceous plants are sowed/planted and harvestable at least once within
the 12 months after the sowing/plantindate. Herbaceous plants are defined as plants without
persistent stem or shoots above ground and lacking definite firm structure. Cropland includes
rain fed crops, irrigated crops, aquatic crops and annual pastures. It is an adaptation of the
Joint Expdement for Crop Assessment and Monitoring (JECAM) cropland definition.

0 Lichens and MosseBlosses are a group of phetutotrophic land plants without true leaves,
stems or roots. Lichens are composite organisms formed from the symbisdiaciation of
fungi and algae.

To cover the HRLC classes, it needs also to define the leaf seasonality, for distinguish between evergreen (never
entirely without green foliage) and deciduous (leafless for a certain period during the year), and thepkeaf ty
(needled or broad).

For instance, following the tree iRigure 24 a shrub cover deciduous class is a vegetated area where water
persists for less than 4 months, that is (s@matural, where the shrub cover dominates other life forms and
where the shribb cover has deciduous leaf seasonality. A vegetated area where the shrub cover-reaggali

and flooded for more than 4 months a year is a woody vegetation aquatic or regularly flooded.

There are challenges associated with the visual extraction of paistan abstraction of the nature of the land
surface at a given point in space and time, and suitable sampling models have to be properly designed. About
the sampling plan, the training points are typically extracted from sample sites with size 10xXfpgsea of

smaller sized square elements, with approximate 3x3m size. According the stratified approach and the land cover
types, the interpreter can be assign to training point the class which predominates into the sample site of
interest.
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Figure 25. Exaple of sample site (highlighted in red) with 10x10m size. Working in hierarchy and taking into the account
the scenario surrounding the site, the sample can be labelled as grassland.

Sample sites are extracted in random order, so to interpret differentl leover types over the course of the

samples labelling task.

A useful tool used to localize and analysis HR training points in a set of samples site is Collect Earth. Collect Earth

is a free and open source software for land monitoring developed by tbhed Bad Agriculture Organization of

the United Nations (FAO). Built on Google desktop and cloud computing technologies, Collect Earth facilitates
access to multiple freely available archives of satellite imagery, including archives with very high spatial
resolution imagery (Google Earth) and those with very high temporal resolution imagery (e.g., Google Earth
Engine, Google Earth Engine Code Edigd]) Collect Earth offers accesso to ggmchronized visualization and

use of imagery of varying spatial ateimporal resolutions, including Sentinel 2, Landsat and MODIS imagery

within Google Earth and Google Earth Engine. These imagery providelaikamultispectral imaging of the
9INIIKQa fFyR &adz2NFI OS |G NBaz2f dzi A 2 yveragblprgviddsyazhigh€rNR Y  H N
probability of observing the surface without interference from clouds, thus allowing the construction of global
RFEGFrasSia Ay 6KAOK ySIFENIe Fft LRAyGa 2y GKS 9 NIKQa fI
be labdled was properly identified on the basis of an accurate photointerpretation of site sample, collect Earth
enables the point confirmation by the NDVI analysis in Google Earth Engine of its corresponding optical time
series (Sentine?2, MODIS or Landsat).
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Figure 26. An example of Collect earth application. On the top, the visual interpretation of a point localised in a sample

site belonging to the tree cover evergreen broadleaf HR land cover class. Its confirmation is realised according the
corresponding NDVI analysis (on the bottom).

In Figure 26 an example of Collect Earth application for labelling a training point is shown. The considered sample
site belongs to a tree cover broadleaf area, easily recognized by visual inspection witiimatie2on the top

because the crowns have a large round form. The point is also classified as evergreen by the NDVI seasonality
analysis in Google Earth Engine (shown on the lower image), since its profile is constant over the year, indicating
a low seasonlity.
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Figure 27. HR training points collected by visual interpretation and stratified approach. The area of interests is the
benchmark tile 42WXS, belonging to Siberia area.

8 Decision fusion

Data fusion methodologies, and specifically the-sldss of deision fusion, allow making a common decision in
case of multiple actors and opinions. Within the CCIl+ HRLC pipeline, decision fusion combines the posterior
probabilities associated with the outputs of the single classifiers that are applied to opticabaRddata
separately. Therefore, multiple decisions are combined into a final result by taking into account the level of
uncertainty associated with each source. This uncertainty is expressed precisely by the probabilistic
characterization provided on axglwise basis by the aforementioned posteriors.

The sets of classes that can be accurately discriminated by using optical and SAR data separately do not coincide
in general. While optical data are generally expected to be useful to the discriminatiohaofinaidered land

cover classes, SAR data are expected to well discriminate especialjpbulasses and water bodies.
Accordingly, SAR and optical classification algorithms generally work on different, although obviously non
disjoint, sets of classeBecision fusion methodologies are aimed at fusing posterior probabilities related to the
classes in common across the two sets. Hence, a-sfssfic combination rule has been devised to take this

into account and, correspondingly, integrate this fusiesult on the common classes with the results obtained

using only optical or SAR data for the remaining classes.

Specifically, the whole class legengds divided into three disjoint subsets of thematic classgs; the set of

Oft FaaS4a GKIG FTNB RAAGAYIdzh & ISER 2nf) BeSsetéocimsds ythat are LG A O €
RAAGAYIdzh AKSR 2yt &S @t dzamg3he sellofwlagRes wHich aredd{sdriminated by the

classifiers oprating with both data modalities (common classes). Accordingly,m) © nm ° m . While the

optical classifier works on the set of clasegs m , the SAR classifier outputs posterior probabilities for the set

of classesny * m .

As a tradeoff between compitational complexity and expected accuracy, in the context of the CCl+ HRLC
processing chain the following families of decision fusion methods are developed: (i) weighted voting and
consensugheoretic methods, and (ii) fusion strategies based on Markoviazdelling (i.e., Markov and



Ref CCI_HRLC_PATBD high resolution

@ esa Issue Date Page i land cover

4.rev0 31/10/2022 55 =

conditional random fields). Both families are combined with eclgscific combination rules that take into
account the aforementioned rationale. Details can be found in the following subsections.

8.1 Consensus Theory and ClaSpecific Combination Rule

Consensus theory78], [79] involves general procedures witthe goal of combiningnultiple probability
distributions to summarizéheir estimates. The problemcan be formulated ashe combiration of different
opinions This is represented as the fusion of posterior probabilities coming from different classifiers, each
associated with a particulatata source

Under the assumption that all the dsifiers can be made into generating Bayesian outputs and that, accordingly,
their predictions are endowed with a probabilistic characterization, i.e., pixelwise posteriors are available, the
goal is to produce a single probability distribution that sumines their estimatesThe study of such
combinationprocedures is called consensus theory.

A first weltknown consensus rule is the linear opinion pgbfOP) Focusing on the specific case of optical and
SAR classifiers as sources generating the posterior probabilities and keeping in mind that the two classifiers
generally work on different sets of classes,det 0RY be the input data vector on a genericxail, resulting

from the stacking of opticali() and SARYY individual feature vectorsand leff be the@h information class

¢ ™~ m). The LOP functional can be expressed as:

i1 am | 01 gfm 1 071 €¥m h
where0 1 gihm s the optical posterior probability of conditioned to the common subset of classgs
and0 1 $Yim is the SAR posterior probabiligpnditioned to the same subse .| and! are optical and
SAR sourespecific weights, respectively, amdntrol the relative influence of the two sources on the fusion
output corresponding to clags . We note that the pixelwise outputs of the optidahsed and SARased
classification chains ar@ 1 ifm “ m and071 $Ym ° m , respectively, i.e.the pixelwise posteriors
associated with the corresponding sets of classes. Defivinggifm andd 1 $Ym (aswella® 1 Fm
and0 1 $Ym ) is straightforward.

LOP has several good properties: it is simple, it yields a probabilistic formulation, and the weighdt can

reflect the relative expertise of the optical and SAR classifiers, respectively. The opportunity to use different
values for these weighparameters in relation to different classes also allows reflecting possible prior
information on the expected capability of optical and SAR data to discriminate each class. This can be interpreted
indirectly as a weighted voting scheme that incorporatkssspecific rules. Moreover, if the data sources have
absolutely continuous probability distributions, LOP may be related to an absolutely continuous distrjiz@tion

LOP also assumes that all the experts (classifiers) observe the input weGtoerefore, LOP can be viewasia
weighted average of the probability distributions from the experts that results in a combined probability
distribution. Yet, LOP is a simple method and, besides the aforementioned advantages, has also several

weaknesse$80]. An example isapasd f S GRAOGF G2NEKALI STFSOG¢ oKSy .I&Sa
REGE a42dNDS R2YAYIFGSE Ay YI{Ay3 | RSOA&AAZ2Y0® a2NB20S
rueeAG A& Hfaz y2i SEGSNylLffte . lFeSaaly o6R2S& yz2i 2088

Another weltknown and usually effective consensus rule, the logarithmic opinion pool (LOGP), has been
proposed to overcome some of the problems of LOP. In the ogfid#&! case addressed here, the LOGP functional
can be defined as:

il am | 110g gfm 1 1170Q $¥m
LOGHIiffers from the lineawersionin that it isusuallyunimodal and less dispersedieros areonsideredsetoes
if anyof the two sourcesassignsa zero posterior (i.ed 7 gifm mor0 1 $Ym 17), then by defnition
fl] ofm 1L This dramatic behaviour is a drawbadienthe singlesource predictionsire very inaccurate
and can be generated even by roundoff etrior order toprevent this, all posterior values are increased by the
machine epsilon (the minimum number that can possibly be represented given a certain data type).
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i t andfl t provide probabilistic fusion results associated with the classes in common betweéndsingle

sensor outputs, although they generally do not take values in the interval [0, 1]. Either can be mapped to proper
posteriors by suitably transforming to a probabilistic output, which represents a fused posterior probability
0 1 dfm .Inthecase of LOR) 1 ofm is computed fromi 1 &fm by just renormalizing so that the

sum over all N ny is unity. In the case of LOGP, the following softmax operator is appropriate to take into
account the logarithmic relation between tiet functional and the original probabilities:

A gfb  ofm
B . Agb am

This probabilistic fusion outpu])A t covers the subset of classes in common across the two siegigor
classifications. To extend it to the whole set of sk the posterior probability (unconditional with respect to
m ) can be defined according to the total probability theorem:

01w 01 gmimwp 01 ¢dmdmoe 071 amidmo
01 ¢fm Omgw 01 0m Omo 01 Ym O0moh
where the aforementioned probabilistic fusion resﬁ]t1 wfm  is used for the common classes, whereas the

0 1 wim

opticatbased and SABased posterior$) 1 Gfm and0 71 "Ym are used for the two sets of exclusive
classes. The aggregatedgperiors of the three subsets of thematic classgsm and m are modelled as
follows:

bmo _omdém mh Odmo p _0m¥m mh
Omew _Omdm ' m p _0m¥m mh
wheret _ p. This choice makes sure that thesudting terms correctly sum to unity (for allv 1ip ),
combines the opticaland SARspecific probabilistic outputs using a L{{ke formulation on the common classes,
and expresses the items associated with the exclusive classes as functions of tisoboipe of the two single
sensor processing chains. To determine an appropriate valug fee note that, in the limit casey  n (i.e., if
the set of classes discriminated using SAR is a subset of the set of classes discriminated using optical data),
is a desired choice. Vice versa, in the limit aase N, a desired value is 1. A suitable weight that covers
both limit cases is:
_
Sum v m
where the prior probabilite® m andd m can be estimated on the training set. Therefore:
01w 01 gm _0mbim ' m p _0mN¥m' m
01 6fm _0m 6fm"m 071 Ym p _0m¥m ' m 8
This combination rule is applicable to all cases, independently on the skeissks with which the two classifiers
works. It is worth noting that, in the fusion of optical and SAR data, a frequent scenario is that one of the two
sources discriminates among a larger set of classes than the other source. In particutaps8édRlasifiers
typically work on a set of classes which is a proper subset of the set of classes considered by optical classifiers.
In this case, we have; 1 and thenm“ m mbhm ° m m and_ p. Therefore the previous
formulation simplifies as follows
01 071 xfm O0m Gm 071 6 0 m Gmh
where it is possible to remove the conditioning on the whole set of classes:
01w 01 xmdmd 07 0m omids8
Within the HRLC pipeline, special focus is given to the definition of the weigirtdl . Several approaches are
being explored. The first is the use of uniform weights, which formalizes the case intivbidkcision maker
has no knowledgen whichsouceis more reliableOn one hand, this is straightforward; on the other hand, it
does not benefit from the aforementioned properties of optical and SAR data in terms of the capability to
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discriminate the various classes. More accurately, it is possibdsgmn the weightproportionaly to a score

that is setaccording tdhe & 3 2 2 R of &a&hdséurceyhere a highescoreindicates aetter (i.e., more reliable)
source This scoring may be accomplished by assessing the accuracy of trelemngredicions coming from

the optical and the SAR sources. Another solution that is considered is to compute the weights through linear or
nonlinear optimization[81] [78]. In particular, the method if17] which is based on the expectation
maximization (EM) algorithm, can be incorporated into the HRLC pipeline. It regards dyip@@mdel in the
framework of unsupervised change @etion and will be generalized here to the case of superviseddandr
classificationFinally, casepecific tuning can be performed according to possible intermediate feedbacks from
the Validation Team and the Climate Group about the quality of the resulting HRLC map. In the formulation of
the method integrated in the first production, ilast option has been selected to align as much as possible the
output product to the requirements of the climate community.

8.2 Markov Random Fields

Markov random fields (MRFs) are probabilistic graphical models able to include contextual informatien in th
form of class interactions between neighbouring pixels. An MRF is determined by an energy function, whose
minimization with respect to the labels is equivalent to the application of a maximposteriori criterion[82].
Considering an MRF model in which only up to pairwise clique potentials argemor(comparing items one
couple of nodes at a time), this energy is composed of two main terms: one characterizing class likelihood at the
pixel level(depending on peclass scores obtained from any method able to estimate posterior or-class
conditional probability density functions), and another promoting label smoothness in a local neighbourhood
[82]. This means that the model encourages two neighbouring pixels to be labelled with the same class.

Letmbe again the set of thematic classes. Define the regular pixel latti€2sasl Ietcbgbe the class label of the
"@h pixel (3 mAiQ Q) The MRF consideggas sample of the random field  « . of class labels, which is

discretevalued. A neighbourhood systeml '@ Which provides each@h pixel with a set! "Q "Oof
neighbouring pixels, is defind83]. It is possible to choose different kinds of adjagesgstems: the ones that
have being used the most include the firahd seconebrder connectivity{83]. In the former! @ made of the
four pixels adjacent to théah pixel (fourconnected) while in the latter the eight pixels surrounding it are
considered.

Considering the aforemeioned frequently used family of the MRF models in which only up to pairwise clique
potentials are norezero, the energy can be written as:
Y G |1 T0Chgn I 1 ohd 8

N

where| and] are positive weights arid t is the Kronecker impulse. In the munsor case, a different unary
term is added for each sensor, so that it is possible to fuse the different posterior probabilities while enforcing
contextual relationships. The overall equation is:

Y GO | 1 ToGwgy 1 1 whoh

where the notationw indicates the dependence of image data on both the pixel locatiand the sensof
(i phFB RY,"Yis the number of sensors, and is a set of positive weight

Within the HRLC pipeline, in order to ensure consistency with the aforementioned pixelwise formulation and
inspired by the similarity between the unary term and LOGP, the MRF approach is applied to the posterior
probabilities resulting from the pixelwesfusion of the outputs of the optical and SAR classifiers. Therefore, in
our specific setting, the overall equation becomes:
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As compared to the previous fusion approaches, the strategy based &is MRBorporates spatial information,

an important contribution in the application to higlesolution remote sensing imagery, which is intrinsic in the
HRLC project. The weightsindl that tune the tradeoff among the various contributions to the enefigryction

"Y are optimized by extending to the MRF fusion formulation the approaches described in SEgtioh R
eference source not foundwith regard to the consens formulation Also in this respect, intermediate feedback

from the Validation Team and the Climate Group about the desired characteristics of the output HRLC map in
terms of smoothness, removal of salhd-pepper classification noise, and detail prese¢ima have been taken

into account.

In the application of MRBased methods to decision fusion, special focus is devoted to the minimization of the
energy function™Y with respect to the random fieldb of the class label§84]. First, as an efficient tradeoff
between accuracy and computational burden, the iterated conditional mode (ICM) algorithm is adopted. It
ensures short exaition times, yet, it converges to a local minimum of the energy, which can be possibly
suboptimal [82]. We shall investigate, either methodologically or experimentally, the opportunity to make use
of global (or neaglobal) energy minimization methods lemon grapkheoretic concepts (namely, graph cuts

[83] and belief propagation methods [82]). On one hand, they ensure convergence to minima with stronger
optimality properties than ICM. On the other hand, their computational burden is significantly lagdereeds

to be properly evaluated according to the data size involved in the HRLC project.

8.3 Cascade multitemporal model

Multitemporal models are used to propagate information towards years. This is especially important in the case
of historical mapsince, in these cases, the availability of data has lot of variability. This may cause inconsistencies
in the classification, due to sparse acquisitions taken in different months of the year.

With the use of anultitemporal cascade modgt is possible t@nforce consistency in the maps while preserving

the actual changes of interest for the study. According to the rationale of the HRLC project to generate a static
product in 2019 and historical products going backward to 1990, a cascade multitemporahelpjis used. The
scheme of the cascade approach is shown in Figure 8.1:

2019 (t,) 2015 (t,)
I |1
x; Xt

Figure 8.1: Temporal dependence in cascade model (example for the pair-2018).

Keeping the same notations used in previous section, let the entire feature vector fof(pideieso ando
be, respectivelyo andw . In the same way, the corresponding labels abe « | .
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Then, the fused posteriors at timg (the ones to propagate) ar8 ® & , while the ones at time& are
0 & .ltisworthnotingthatd @ G coincides with the final posteriors probabilities obtained at titng
as described in section 8.1.

The final fused posterior probability obtained by the cascade method is then giy&s]by

5 _n T N
o 0 OwWw 0 W o
0 0 o 8 —— — 0 ohd h
0 ® 0 ®

whered & and0  are the prior probabilities corresponding to and 0 , respectively, which are often
omitted considering thiaspatial MRF prior is already in the model. Tie fo is the joint probability matrix
(JPM) representing the chances of having a temporal transition among certain classes.

This matrix is different for each area of study and derived accordingetindications of the Climate group. It is

worth recalling that the adopted cascade approach is a rigorous probabilistic Bayesian strategy to incorporate
temporal dependence information in the classification of a time series. Its integration in the pigefirihe

historical product is aimed at minimizing inconsistencies across the different years. At the same time, its
LINPOFOAfAAGAO . F@SaAly F2N¥NdzZ A2y LINB@Syida (GKS NXaj
a deterministic rulebased approach could do). In particular, the use of a dedicated JPMs on each one of the
three study areas of the project is consistent with the fact that diverse temporal transitions are expected in Sahel,
Siberia, and the Amazon. In this respect, the ulthis prior information about the JPM plays a role similar to

the use of prior information about the land cover classes, as represented by their training samples.

The obtained) @ @ f is then integrated into an MRF formulation at tifhe 6 , having:

o Ul

Y 6 £ B ::c‘xéf)‘Qd) o 1 ol A
Il

u " U

8.4 Spatial Harmonization

The spatial harmonization module is in chargeep$uiing consistency across the granule borders in the final
fusion product In general, it may happen that, due to the different characteristics of data, and more generally
due to possible issues on data availability, neighbouring granules may result in landhep® with slightly
different characteristics. These differences may generally impact the output product in terms of edge artifacts
at the interface between the two granules. Therefore, in order to prevent such possible artifacts in the final
mosaic, a satial harmonization module is run on such neighbouring granules. The overlapping parts among the
two granules are indeed fused using ad hoc linear opinion pool that incorporates spaaeying weights to
ensure seamless spatial fusi(see 8.2).

1 [ 2
X >~ X
P>
Granule 1 Granule 2 a

Figure 830: Overlapping granules and spasgrying weights(brighter values are closer to 1, while darker values are
closer to 0)
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Letw be the value of thé@h pixel in the lattice of the first granule, Iéd be the vale of the corresponding
pixel in the lattice of the second granule, and ldte a set ofveights thatspatiallyvarywith aconstant gradient
over the intersecting areawith| N T1ip be the weight corresponding to the previously considei@t pixel.
The spatial harmonization module computes the harmonized posterior probaRiliyso fo  according to:

0 O o | 0 O p | 0omwh
whered @3 is the posterior probabilityesulting from the decision fusion module applied to the grafn@e
with"O  plt . More specifically, the two input posteriors are meant as the output of the MRF stage. The spatial
harmonization process, which has been described here with regard to afpa@ighbouring granules, is then
applied across all four borders of each granule (i.e., up, down, left, and right).

8.5 Temporal Harmonization

8.5.1 Post classification comparison module

The PCC generator moduteresponsible focomputingthe post classificatiomomparison (PCC) mdpat is an
input to the change detection module.

The change detection module analyses the whole time series of raw data to determine whether a change
occurred in a given time window and, in the positive case, in which yeacdtrred. To minimize its
computational burden, the processing is performed only on those pixels that are marked as changed by the
optical, SAR, and fusion processing chains, i.e., the pixels that exhibit different land cover labels in the LC maps
obtainedfive years apart from each other. The PCC generator processor is indeed responsible for providing the
change detection module the indication about such pixels to process.

Let® and® be the land cover maps generated by the decision fusion moduléaledYbe the corresponding
years, withd "Y and letd® and@® be the labels assigned to tfi@h pixel in the two maps. In case and®
are defined on the same pixel lattice (i.e., they are generated with the same spatial resqltiimnpmputation
of the PCC map is straightforward and only requires comparing the two maps on-ayppigé! basis:
5 & p QW  »

T QYW &
When the two lanecover maps are defined on two different pixel latti¢es., one map corresponds to the year
2019 at 10m resolution and the other corresponds to the year 2015 at 30m resolution), a different processing
scheme is adopted (see 8.3). Please note that the PCC map is always defined on the coarser lattideamagehe c
detection module works at the resolution of 30m.
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Map 1 {10m resolution grid) Map 2 {30m resolution grid) Upsampled Map 2 {10m resolution grid)

1 1 2 1 1 1 3 3 2 1 i 1 1 1 1 2 2 2
1 1 1 1 1 2 3 2 2 1 1 2 1 1 1 1 1 1 2 2 2
1 1 1 1 1 2 2 1 1 1 1 1 1 1 1 2 2 2
1 1 1 2 2 2 2 2 2 1 1 1 2 2 2 2 2 2
3 1 1 2 2 2 2 2 2 1 2 2 1 1 1 2 2 2 2 2 2
3 1 1 1 2 3 1 1 2 1 1 1 2 2 2 2 2 2
3 3 B B 3 3 3 3 2 g g 2 3 3 3 2 2 2
2 2 3 3 3 3 3 3 2 3 3 2 3 3 g 3 3 3 2 2 2
3 B 3 3 3 3 3 B 2 3 g 3 3 3 3 2 2 2

No change in the upper-left part {only 1 changed pixel)

PCC Map (30m resolution grid)

1 1 2 1 1 1 0 0 1
0 0 0 1 1 1 1 1 1 0] 0 0

1 1 1 1 1 1 0 0 0
0 0 0 ) ’ :

Change in the lower-right part (6 changes at 10m resolution)

3 3 2 2 2 2 1 1 o]
0 0 1 3 3 2 2 2 2 1 1 0

3 3 2 P 2 2 1 1 ]

Figure 8.3: Flowchart of the PCC generation when two different resolutions are considered.

First, the coarseresolution image is upsampled to the finesolution grid. Due to the integer resolutigatio,

there exists a 3x3 window on the finer lattice that corresponds to a single pixel in the coarser lattice. The
upsampling is done by replicating each pixel at 30m resolution onto the corresponding window of the 10m lattice.
Then, the PCC map is comted by comparing each 3x3 window: a change label is assigned when there are more
than 4 pixels (out of the 9 pixels in the window) with different values.

8.5.2 Temporal harmonization module

The temporal harmonization module is deployed in the historical pingschain and iesponsible for the post
processing of théusedland cover mapand the successive update basauthe results of the change detection
module In practice, the module acts as a feedback loop between the change detection module and the fusion
module.

First, dter applying the cascade multitemporal module, a check is performed on the produceddsed maps

for assessing proper temporal congisty. The cascade multitemporal module is able to model the probability

of landcover transitions between two separated years and uses this information to properly regularize the
predicted class posterior probabilities of the historical classifiers byo#km a robust Bayesian formulation.
However, it does not model larcbver trends over more than two years as it is allowed to see the posteriors of
only two dates at time. For this reason, some wrong laoder changes might remain in the maps. In many
cases, a priori information can be used to detect and remove them. For example, for some classes is not
reasonable that their presence in the time series is allowed to oscillate, such as the urban areas. Hence, expert
rules have been adopted to detect thosarealistic trends and then to correct them with the expected trend.

For example, in the case of urban areas, if we have-bpilin the whole time series but not in 2005, then the

land cover of 2005 is expected to be buift as welllt is worth notingthat the historical time series of land

cover maps is at the resolution of 30m. In the case of 2019, the static map at the resolution of 10m is first
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downsampled to the target resolution of 30m. Due to the resolution ratio with the historical maps, thakeays

a 3x3 window at 10m resolution that corresponds to a single pixel in the 30m resolution lattice. The label assigned
to the 30m pixel corresponds to the most frequent label in such a 3x3 window. In the case of a tie, the label is
chosen randomly amng such most frequent labels. There are cases where the temporal consistency check finds
errors and inconsistency in the 2019 map with respect to the whole historical time series, which are thus
corrected. Hence, the output 30m resolution version of 264 %aved and delivered as part of the historical
products.

10m resolution grid 30m resolution grid

1 1 2 1 1 1 3 3 2

1 1 1 1 1 2 B 2 2 1 1 2

1 1 1 1 1 2 2 1 1

Figure31. Practical example of the downsampling of the highsolution LC map.

Then, the change detection module is run iteratively starting from 22008 to 19901995. After each iteration

the change detection output is used to update the least recent4aonkr map.Therationale is that theemporal
consistency chectiutputs theland cover maps of all the considered years. Then, the change detection module
analyses the pixels that, according to the fusion module, have changed within a given time frame. For such an
analysis, the change detection module uses the entire time sefiekata for a given pixel. There are cases in
which thisthoroughanalysis reports that no change is detected in the considered time window. Therefore, the
temporal harmonization module uses this information to ensure consistency witthttreughanalysigione by

the change detection moduld=igure32 details the processing scheme of the temporal harmonization module.
The image only considers the badass product. Neertheless, the output of the CClI HRLC processing chain
consists of the bestlass map, the second bestass map, and the two posterior probabilities corresponding to
the aforementioned maps. Concerning the second kass map, it is always kept unchadgand, for those
pixels in which the change is reverted, it inherits the baass label that was chosen by the fusion module and
then reverted. Finally, the output uncertainty measures mirror those coming from the optical, SAR, and fusion
processing chas.
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LC Map (T-5) LC Map (T) PCC Map (T-5 -->T)

1 1 2 2 1 1 2 2 0 0 0 0
1 2 2 3 1 2 2 2 0 0 0 1

o s LLLLLLLLLLLE (LTI PCC Generator
3 3 1 1 3 3 1 1 0 0 0 0
3 3 1 2 3 3 1 1 0 0 0 1

Time Series
1 1 2 2 0 0 0 0
1 2 2 3 0 0 0 1
Temporal Change
Harmonization Detection
3 3 1 1 0 0 0 0
3 3 1 1 0 0 0 0
Updated LC Map (T-5) Real Changes (T-5 —->T)

Figure32. Flowchart of the temporal harmonization processing scheme

8.6 Deep Learning Solution

As an alternative to the aforementioned approacheslecision fusion, the multisensor fusion stage of the HRLC
processing chain can also benefit from deep learning architectures. In this casesensbir classification and

fusion are dealt with by a deep convolutional neural network [47], [84], [&H] father than by the specific
aforementioned formulations. This is promising from the viewpoint of classification performance as confirmed

by the accuracy gain observed in several recent international contests, in which deep learning solutions have
overmme previous methods (e.g., recent IEEE GRSS Data Fusion Contests [87], [88] or ISPRS 2D Semantic Labeling
competitions [89], [90]). On the other hand, the implementation, training, and computational complexity of the

deep formulation will be significantlyigher than those involved by the previous, more traditional, approaches.

In the specific case of the decision fusion block of the HRLC processing chain, an effective deep learning
formulation would be based on the aforementioned CNN, autoencoder, andradsiial components that have

been mentioned in previous sections. Adversarial networks are especially promising in this case thanks to their
domain adaptation capabilities and to the opportunity to use them to map optical and SAR products into a
homogeneais domain [49] (see also Section 5).

9 Multitemporal changedetection and trend analysis

In accordance with the Soy&D2]Jand as per the lessons leathfrom the CCI MRLC, the scheme showkigare

33is used for the generation of HRLC change products. In particular, the multitemporal change def€Et)o

and trend analysis processing chain, assumes to have the entire optical data time series frea019%0ready
pre-processed (i.e., radiometrically corrected andregistered). Additional to this information, this processing
chain requires as inguhe five years regional HRLC maps (30m). As output from the processing chain, there will
be the change information at 30 m in yearly time scale.
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Figure33. Blockbased representation of the processing chain for the multitempbrhange detection and trend
analysis.

LC Changes can be divided into three clag8é% (1) seasonal changes, impacting plant phenology or
proportional cover of LC types with different plant phenology; (2) gradual changes such aanimted climate
variability (e.g., trends in mean NDVI) or gradual change inland managemantadegradation; 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 sinceiahate change tends to be more abrupt than gradual. The analysis is performed over the products
derived from the multitemporal optical merging step, plus the HRLC static and five years regional maps.

9.1 Timeline analysis and Cascade Paradigm

Backward timelineainalysis considering every five years is defined in order to {ieeénwith land cover maps
production and faster in the processing chain (5egure34). The analysis will be performed in a tdpwn time

scale direction and abrupt/permanent changes occurring at longer time scales will be identified in an
unsupervised way.

< Static map 10m

Backward analysis
Phase 1 ends
% 2015 2020 2025 @

5 years . Annual
Regional HRLC StaticPhase CD Maps (30m)
Maps (30m) map 1

-
Benchmark map Backward analysis 10m ends

|

1990 1995 2000 2005 2010 2015 2020 2025

A LC maps @ Annual LC change maps
Figure34. Timeline analysis in the processing chain.

The processing chain is based on a cascade paraBigar¢35) and the CD algorithm will use the LC maps every
five years to produce the yearthange maps.
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Figure35. cascade paradigm of the processing chain.

9.2 Post Classification Comparison Map

Considering the LC maps produced every five years, it is possible to generate the Post Classification Comparison
(PCC) maps. These maps have been produced in order to: 1) align the changes that have occurred during five
years derived from the LC maps tcetbhanges detected in multitemporal change detection processing chain,
and 2) reduce the computational burden. Here we should take into account that the CD processing chain works
in pixel level in a yearly basis from 1990 to 2019 considering three subeatdl area in Amazonia, Africa and
Siberiag]AD4] The changes in different areas have been categorized to what really matters for climate modelling
as it is visulized inFigure36.

Amazonia Africa Siberia |

landslides linked to heavy
precipitation on thawed

deforestation, land q h perm.afros.t areas
clearing by firesor  ~ Rl el - floodings linked to extreme
cutting - deforestation precipitation events or dam
- crop plantation elitaitzie e construction _
~ Land - afEsEiEn - EFOZ}J'antlétllfﬂd - longer freezing periods
disturbances floodings linked to hfég lngfe::? i(taatitc())n QUrlng cold years .
heavy precipitation or d\;ympcongtruction - flres(storm/tree cuttlpgs
or dam construction !eadlng to land clearing
infrastructure

developments for gas
exploitation in the arctic
zone

Figure36. High priority transitions for different areas.

As a result, the changed pixels derived from PCC map have been divided into two categories, high priority changes
and low priority changes. The pixels that have highligligthe high priority changes will be further analyzed in
the multi-temporal CD and trend analysis step.

9.3 Abrupt/permanent change and trend detection

A limited number of methods have been developed in the literature that allow the analysis of long time series
(with 16 days acquisitions) and can be considered as scalable to the spatial resolutions of the available sensors
in this project. Possible adagian/combination is foreseen, given the fact that most of stafethe-art methods:

(1) have been developed for medium and/or low spatial resolution applications; (2) make use of a single spectral
value per each evaluated year; and (3) focus on singlenlyqeg., forest and/or vegetation). In order to map

the abrupt/permanent changes, Breaks For Additive Seasonal and Trend (B4 &Te considered that is a
generic CD approach for time series, involving the detection and characterization of change. BFAST integrates
the iterative decomposition of time series into trend, seasonal and noise components with methods for detecting
changes, without the need to select a reference period, set a threshold, or define a change trajectory. In other
words, using BFAST methodology will allow us to: i) detect multiple abrupt/permanent changes in the seasonal
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and trend components of the time serigg,characterize the gradual and abrupt ecosystem changes by deriving
the time, magnitude, and direction of change within the trend component of the time series; and iii) generate
color-coded maps where different colours represent the year in which angiveange has occurred. The main
limitation of this method is that it has been developed for MODIS data and tested mainly in NDVI index, and a
few vegetation indices, and in particular for forest change detection. Adaptation to both HR data and other
spectral information is thus required.

Figure37 shows the general block scheme followed in this case, where features are first extracted from optical
TS. A second step, feature TS are regularized to compensate for further errors like cloud/shadow from pre
processing steps. As third step, the adapted BFAST algorithm will be used to generate tloedetbchange

map. As the output, the method uses the milature regular SITS to provide the information of: i) pixels with
abrupt changes in long term SITS across regional extents ii) the time in which a change has happened, iii) the
probability of a given change.

Registered Optical

Change HRLC
Maps (30m)

—1
. ’ Abrupt Changes
RETE i and Trends
Detection Ll

Figure37. Generablock scheme multitemporal change detection processing chain.

9.4 Multitemporal change detection processing chain

Let"Y'O"Y"Y® hd F8 ity be a preprocessed satellite image time series acquired over the same geographical
area in the periodd fd . Assume the SITS have aamiform time sampling, and each image has a total number
of 0 pixels. Given an imagg N "Y'O’¥ath pixel value represents the surface reflectance value in a given spatial
position and a temporal instant . Let6 whb 8 o be the set of bands that compose the images and

the total number of bands.

In details Figure38), the input of the processing chain is gyeocessed SITS that is employed in feature
extraction together with feature reduction to distinguish the spectral trends of different sets of LC changes. Then
the time series reconstruction is developed to geriera continues and dense SITS. Here, the cloud/shadow
mask and the PCC mask have imposed to the algorithm to remove cloudy pixels and select high priority changed
pixels, respectively. Finally, the abrupt change detection by means of BFAST methodalggeriseinted to

detect the year in which the change has happened. A feature fusion step is considered before BFAST
methodology to fuse all the available features by using a modified multifeature Change Vector Analysis (CVA)
based method.



\\\\\\\\\\&& Ref CCI_HRLC_RAITBD q high resolution
\\?:esa Issue Date Page [_Jemd land cover
A -

4.rev0 31/10/2022 67

_____________________________

1 1
1 i 1
1 Cloud/Shadow Pozto(;\_lapsasgﬁscizﬁﬂn 1
: Mask Maslc :
1 1

A Change HRLC
: Maps (30m)
1

1 1
1 1
1 1
1 | 1
1 | 1
e X 1
@t : i
H! Feature Extraction Feature Reduction e B AETE TS
! -, @ 1 Regularization Detection
1 . 1
1
1
H B
1
1

1 1
! Breaks for Additive !
i Feature Fusion Seasonal and i
| Trend (BFAST) |
1 1

Figure38. Detailed blockbased representation of the multitemporal change detection processing chain.

The SITS carries information about the ground response in different spectrum. The extraction of the information
from the multiband SITS needbe employment of algorithms to learn the suitable feature space for the
problemsolving. The main character that involves in the feature space analysis is the discrimination capability
of different LC classes. As a result, the employment of just a dewgiere is not enough. Multiple features are
required, and the identification of the most proper is an essential task.

9.4.1 Feature Extraction and Feature Reduction

The first stage is to determine a suitable Feature Space (FS), which is one of thinparsant factors in
distinguishing the spectral trends of various sets of LC changes. The combination of the spectral bands acquired
by the sensor provides suitable information to analyse the LC behaviour for SITS. Thus, all possible couples of the
available sensor bands are considered to compute a set of Normalized Difference INdiGe©Q pf8 FO)

of different bands as follow:

0 00 ——=HRQ pB KO 1)

This stage transforms thie-dimensional FS into adimensional FS (equati (2)). wheren and & belong tod,
the set of bands available in a sensor, &ahd @ plth o .

O -0 p U 2

Falo)

Depending on the number of bands)( the number of resulting NDIs is equal@The obtained NDI indices are
in the [1,1] interval, they are more stable to noisy changes, they are able to highlight the interaction between
singular bands and mitigate the undesirable oscillations of the spectral bands.

It has been shown in literature that combinations of the different spectral bands can result in redundant
information [88] . Equation (1), when applied to numerous spectral bands of satellite images, yields a huge
number of NDIs, the majority of which are uninfornvatisince they are either unrelated or redundant to the
class concept. Additionally, developing a CD methodology with a large number of features is computationally
demanding. Principal Component Analysis (PCA) can be used to select the most relevans teaderbon the
statistical association of different bands in order to execute band selection. However, PCA can only detect linear
correlations between data features. Kernel Principal Component Analysis (KRCé&3ypands PCA to include
non-linear patterns in the dat. As a result, a feature reduction method based on the KPCA is used to keep most
informative and reliable features.

9.4.2 Time series reconstruction.

At this stage, the temporal signature is a raw signal characterized bequally distributed temporal samplin

and noncontinuous trend, also affected by noisy oscillation not corrected in theppoeessing step. The state
of-the-art mainly compares vegetative profiles between inner class temporal signatures. The behaviours are
modelled, taking into account vetgion cycles and cycling harmonics models. The usage of those strategies
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does not fit the case of multiple class trends and fails in the presence of abrupt changes or number of cycles
different from the preestablished values. The development of arhaa non-parametric strategy to reconstruct

the vegetationbased temporal signature is needed. Moreover, the choice of the appropriate interpolation
approach is critical in this case since it has a direct impact on the CD accuracy. To this end, preliminary
synmetrical and consistently sampled NBITS must be created, which is often accomplished by filling in the
gaps with a linear combination of nearby values.

To produce reliable and continuous time series for the-megetation profiles the strategy is based two steps:
i) for each pixel in the image extract the NBITS, ii) perform NDI daglTS augmentation by upper envelope
and dropout strategy (a piecewise cubic interpolation is used Hof)

Futher details on the augmentation by upper envelope strategyibustrated as follows

1 Define a NBBITS setl)( 'O “Q, corresponding to a year (3@kys), plus the two previous and two later
months of data;

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 givefi®@"Yexperiences a significant vabidity 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 (ftbi@ "Q. This leads to the upper envelope
of the data;

1 Use the samplebelow 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 characteristic to preserie shape of the data and respect
monotonicity. The combination of these samples is defined as the uppeelope set;

1 Subtract the imputed data fromd ‘'O "O Reinsert the withdrawn samples with a difference greater than
zero to the uppetenvelope set. Ris step allows to better follow the shape of the original data;

1 Impute the updated uppeenvelope set by means of PCHIP;

1 Remove the two previous and two later months fr@niO "O

The definition of0 'O "Oallows to better model the beginning and ehend 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 indinseasonality and the large amount of species around the
world, a third step is added that performs adaptive Roarametric regression of NEHITS by considering a
General Regression Neural Network (GRNN) by taking inspiration [&bh{92](see Figure 39). The nonr
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 in 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 fral signatures,
achieving a smoother behaviour. Last, a fparametric regression captures the temporal signatures trend
reducing the profile complexity and arithmetic dependency.



\\\\\\\k\\“‘}f Ref CCI_HRLC_PATBD _' high resolution
\\\E_eesa Issue Date Page [_Jemd land cover
\ -

4.rev0 31/10/2022 69 -

e ) |
i 1-Day LawsPess Fiier MNon-parametric :
! Interpolation Regression 1
| Reconstructed
i i ND{p
Upper-envelope
> PCHIP 3

Cloud
Masks

PCC
Mask

Figure39. Blockbasedrepresentation of the time series reconstruction.

The cloud/shadow mask for each image in SITS is imposed to exclude cloudy and cloud shadd@8pixels
Moreover, the PCC map is considered to identify the pixels that have changed during the five years processing
time. As a result, the highriprity changed pixels have been selected to detect the year of change from them
only and limit the computational burden. The low and high priority changes have been defined by climate users
considering the climate LC transition matrix. These two filtepingesses have a significant impact on improving

the CD map reliability while reducing the overall processing chain computingAd¥]

9.4.3 Abrupt Change Detection

Abinary CD method is implemented to effectively discriminate changed and unchanged pixels. The approach is
based on a generic CD approach for time series, involving the detection and characterization of Breaks For
Additive Seasonal and Trend (BFABT) . BFAST detects multiple abrupt changes in the seasonal and trend
components of the time series and characterizes gradual and abrupt ecosystem change by deriving the time,
magnitude, and direction of change within the trend component of the time setitmvever, BFAST was
developed using MODIS data and has been tested mostly on NDVI and a few other vegetation indices, focusing
on forest change detection. In this study the BFAST is employed fevegeiated environments, with a set of
features that accrately capture the properties of different classes. The pixiske abrupt CD based on BFAST
imposes heavy computations to the system. Thus, in order to meliorate the computational burden, a feature
fusion strategy is considered to fuse informative featudesived from feature selection step. The process is
based on feature magnitude calculation and is performed by considering data of two adjacent years in SITS. If
data were not available for two adjacent years in the pixel level, the algorithm considengxt year to produce

the feature magnitude and change information becomes biannual. BeD "B 0°BF8 f ’Ov‘?@ and

500 "W 00 "B 0% pe the sets of NDIs dffeatures for theath and & p th year of SITS,
respectively. Let & correspond to the total number of days for each year.

god "wod "B od " iscomputed by subtracting OCandi OO for each feature.
Finally, a hyper magnitied) ‘O ‘@ s calculated following the popular technique C9A:

503 503 (3)

The output of this process will be used as the input for BFAST. The final product ishdonel image, one is
related to the year in which a change has occurred, the second provides information on the probability of a
certain change occurring, the tlirone shows how reliable is the reported year, considering the time span
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between the years in which the feature magnitude is calculated and the last channel is the PCC map giving the
information of the high and low priority pixels.

The analysis will be fiy unsupervised and the CD accuracy is strongly reliant on the SITS fitting quality, as well
as the characteristics and speed of change over time. The method allows the user to know if there has been some
disturbance/change, but not the type of disturbachange. Therefore, the user can derive the information of

the LC of interest from the five year regional HRLC maps.

_____________
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Figure40. Blockbased representation of the abrupt change detection.

9.5 A deep learning perspective

The processing chain for the multitemporal CD and trend analysis could be also analysed from a Deep Learning
(DL) perspective (seeigure4l). In particlar, some workg95]¢[99] can be found nowadays in literature that

deal with rather longer time scale changes or irdenual changes. The main problem for deep learning
approaches remains the lack of enough training samples to train the algorithms. This problem is even bigger
when we talk about CD and losigne series. When training samples are available, the potential in terms of
accuracy is quite remarkable. Some examples of works carried out in literature, rather in Landsat like data or
long time series, are provided in the riér order to show the potential of DL. Inspiration could be taken from
these works in order to be applied on the CClI HRLC with some extra work for training data collection.

] 1
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Figure41. New deep learning blockased representatiorof the processing chain for the multitemporal change
detection and trend analysis.
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9.5.1 Learning a Transferable Change Rule from a Recurrent Neural Network (RNN) for Land Cover

Change Detection (REFEREE).

The goal of this work is to design an efficient trf@nable change rule for binary and mutfiass CDs. To do so,

the method relies on an improved Long Shdgrm Memory (LSTM) model, in a RNN learning framework, that
acquires and records the change information of lgegn sequences of remote sensing daExperiments were
carried out in three different datasets/cities (Taizhou, Kunshan and Yancheng in China), with different types of
changes. The results of REFEREE were compared wittleepnlearning approaches such as Change Vector
Analysis (CVA), PrinaipComponent Analysis (PCA), IterativieBweighted Multivariate Alteration Detection
(IRMAD) and Supervised Slow Feature Analysis (SSFA). The results, summdisae8inshow the high
potential of REFEREE over standard methods with an increase of accuracy-808t 1€ the binary CD case

and over 1825% for the multiple CD case.

Table8. Kappa coefficient and Overall Accusa@OA) for the three datasets in (a) binary and (b) multiple change
detection cases.

TaiZhou KunShan Yancheng
KAPPA OA KAPPA QA KAPPA OA
CVA 0.3755 0.6982 0.4011 0.7160 0.7907 0.8722
PCA 0.5413 0.7419 0.633 0.7741 0.8174 0.9025
IRMAD 0.7942 0.9133 0.87 0.9397 0.6973 0.8352
SSFA 0.8229 0.9454 0.9361 0.9763 0.9032 0.9516
REFEREE 0.9477 0.9777 0.9573 0.9837 0.9563 0.9828
(@)
F-score
OA Kappa
Unchanged City (C) Water (C) Soil (C) Farmland (C)
REFEREE 0.95 0.8689 0.9788 0.7887 0.8749 0.7524
CNN 0.9235 0.8063 0.9675 0.6679 0.8721 0.5521
Taizhou
SVM 0.8391 0.6758 0.8717 0.5203 0.8326 0.3558
Decision free 0.7113 0.5221 0.8701 0.6403 0.7496 0.3558
REFEREE 0.9587 0.8988 0.9432 0.9735 / / 0.8750
CNN 0.9336 0.8413 0.8844 0.9559 / / 0.8491
Kunshan
SVM 0.8024 0.6654 0.6830 0.8762 / ! 0.3743
Decision tree 0.6979 0.4844 0.6642 0.7913 / / 0.1542
(b)

9.5.2

The goal of this work is to detect forest cover changes (deforestation and fire) over a period of 29 years (1987
2015). The study area is located in Australia and Landsat images are used. This is the closest example to what we
will face in the CCI HRLC jexd, both in time span and data type. Given the walbwn problem of incomplete

and contaminated Landsat data, this approach includes theoppeessing steps as well, which are not addressed

with deep learning approaches. The CD problem is addressadlassification problem itself, where features

are learnt using a deep neural network in a ddtiven fashion. Based on these highly discriminative
representations, it is possible to determine forest changes and predict their onset and offset timiaghks Res
compared to stateof-the-art approaches such Support Vector Machines (SVM), Random Forest (RF), Bag of visual
Words (BoW) and Scale Invariant Feature Transform (SIFT). The proposed approach in this paper showed an
improvement of about 184% forthe forest changes (see Table 9) and a mean onset/offset prediction error of
4.9months (an error reduction of five montlkgseeTable9 and Figure4?2).

Forest Change Detection in Incomplete Satellite Images with Deep Neural Network.
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Table9. Example of classification/change detection and onset/offset detectior
Accuracies are given in percentage, whereas #reor units are months.

Figure42. Sample result of the ground truth onset/offset events. In each plot, the top bar shows ground truth, an
the bottom bar shows prediction from the proposed approach.

9.5.3 LongTerm Annual Mapping of Four Cities on Different Continents by Applying a Deep
Information Learning Method to Landsat Data

The goal 0f98]is to detect longterm urban changes by addressing temporal spectral variance and a scarcity of
training samples in Landsat images from 12846. Once again, we are in a similar situation to the CClI HRLC
project. This time the focus is on urban changes, and not on vegetation LC like, which is indeed complementary
to the paper presented in section 10.4.2. The method is applied to Landsat atisas/over urban areas in four
cities in the temperate zone (Beijing, New York, Melbourne, and Munich). The method is trained using
observations of Beijing collected in 1999, and then used to map urban areas in all target cities for the entire
1984¢2016 period. The method uses two main steps: (1) use of RNN to minimize seasonal urban spectral
variance; and (2) introduce an automated transfer strategy to maximize information gain from limited training
samples when applied to new target cities in similamale zones. The method is compared to other state

the-art methods (SVM, RF and RINNITM), achieving comparable or even better accuraciesTigale10). The

overall accuracy of singlgear urban maps is approximately 98% among the four target cities.









