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EXECUTIVE SUMMARY 

 

The Horizon 2020 (H2020) project, “Evolution of Copernicus Land Services based on Sentinel data” 
(ECoLaSS) addresses the H2020 Work Programme 5 iii. Leadership in Enabling and Industrial technologies 
- Space, specifically the Topic EO-3-2016: Evolution of Copernicus services. ECoLaSS was conducted from 
2017 to 2019 and aimed at developing and prototypically demonstrating selected innovative products 
and methods for next-generation operational Copernicus Land Monitoring Service (CLMS) products of 
the pan-European and Global Components. This will contribute to demonstrating operational readiness 
of the finally selected products, and shall allow the key CLMS stakeholders (i.e. mainly the Entrusted 
European Entities (EEE) EEA and JRC) to take informed decisions on potential procurement of the next 
generation of Copernicus Land services from 2020 onwards. To achieve this goal, ECoLaSS makes full use 
of dense time series of S-2 and S-3 optical data as well as S-1 Synthetic Aperture Radar (SAR) data. 
Rapidly evolving scientific as well as user requirements were analysed in support of a future pan-
European roll-out of new/improved CLMS products, and the transfer to global applications.  

This report constitutes a methods compendium of potential S-1/-2/-3 (S-1/-2/-3) integration strategies 
aiming at developing and testing integration strategies for S-1, S-2 and coarse resolution optical data to 
allow benefitting from their complementary multi-resolution, multi-temporal and multi-sensor 
characteristics. Given the delayed readiness of S-3 data [AD06], this report explores the experiences 
made with PROBA-V as an alternative coarse resolution sensor. 

The objective of WP 31 is to investigate the possibilities of combining S-1, S-2 and other coarse 
resolution optical data (aimed at S3 data, but tested with PROBA-V data) with regards to the envisaged 
evolution of Copernicus Land Services addressed in ECoLaSS. Within this WP, a feasibility analysis for a 
better characterisation of the HRLs by means of two types of integration/fusion strategies is pursued: the 
integration of S-1 and S-2 data as well as the fusion of S-2 and PROBA-V data. With the combination of S-
1 and S-2 data, the integration of complementary information is established, resulting from different 
physical interactions with the land surface, describing primarily different characteristics of the Land 
Cover/Land Use. With a fusion/integration of time series data from S-2 and PROBA-V corresponding sets 
of spectral bands are analysed, sensible for the same biophysical properties with partially overlapping 
spectral bands in the visible and NIR spectral regions of both sensors, but lower spatial resolution. The 
additional data-takes and denser time series derived from coarse resolution sensors such as S-3 and 
PROBA-V offer high potential generating a fusion product of both satellite sensors using interpolation 
methods. 

The ECoLaSS project followed a two-phased approach of two times 18 months duration. This deliverable 
comprises the second issue report. The first issue “D6.11 - D31.1 Methods Compendium: S-1/2/3 
Integration Strategies” primarily focused on identifying suitable approaches for the integration of S-1/-
2/-3. Therefore, current state-of-the-art methods have been investigated to define fusion approaches 
integrating data with different spectral and/or spatial resolutions from two or more sensors in order to 
exploit both their high spectral and temporal resolution properties and to target the challenges of 
missing data in a time series. Furthermore, candidate approaches for a fusion/integration of S-1/S-2 and 
S-2/S-3 have been identified and benchmarked. This second issue of the report expands into a high-level 
summary of the methods and the remote sensing data requirements posed for HRL production and 
identified in the different ECoLaSS application domains in all other Tier 3 (WP32-WP35) and Tier 4 
(WP41-WP45) work packages.  Following the reviewer recommendation, benchmarking and practical 
testing initiated in issue 1 has therefore been moved out of WP31 and was carried out and reported in 
WPs 32-35 [AD07-AD10]. Nevertheless, this report also contributes some additional phase II tests of a 
data fusion approach with S-2 and PROBA-V, since the S-2 / S-3 time-series fusion, while promising, was 
not operationally ready [AD06] and therefore not part of any other prototype testing and production. 
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1 Introduction 

The Horizon 2020 (H2020) project, “Evolution of Copernicus Land Services based on Sentinel data” 
(ECoLaSS) addresses the H2020 Work Programme 5 iii. Leadership in Enabling and Industrial technologies 
- Space, specifically the Topic EO-3-2016: Evolution of Copernicus services. ECoLaSS was implemented 
from 2017 to 2019 and aimed at developing innovative methods, algorithms and prototypes to improve 
and invent future next-generation operational Copernicus Land services from 2020 onwards, for the pan-
European and Global Components. ECoLaSS makes full use of dense Sentinel time series of optical and 
Synthetic Aperture Radar (SAR) data. Rapidly evolving scientific as well as user requirements are 
analysed in support of a future pan-European roll-out of new/improved Copernicus Land Monitoring 
services, and the transfer to global applications.  

Through the combination of S-1 and S-2 data, automated classifiers can benefit from complementary 
information resulting from wavelength dependent physical interactions with the land surface, which in 
turn describe different characteristics of the Land Cover and Land Use (LC/LU). The combination of SAR 
and optical data can improve the differentiation of LC/LU classes and biophysical states and therefore 
increase mapping confidence. While SAR data contributes information on geometric and di-electric 
properties, such as vegetation structure and water content, optical data is sensitive to vegetation 
chemistry and biophysical states, such as photosynthetic activity. By considering the temporal dynamics 
of these single-datum predictors in addition, for example phenological trajectories, further useful 
predictors can be derived.  

Another kind of integration is addressed concerning time series of S-2 and S-3 (or PROBA-V as a 
substitute replacement). These sensors deliver a partially corresponding set of spectral bands, which are 
sensitive for the same biophysical properties but at different spatial resolutions. The additional data-
takes and denser time series derived from S-3 offer high potential generating a fusion product of both 
satellite sensors using interpolation methods. However, as described in [AD06], challenges due to 
missing S-3 readiness within the ECoLaSS project time-frame were addressed by expanding tests on data-
fusion algorithms to PROBA-V data instead. 

1.1 Purpose and objectives 

This report expands on the first issue of the methods compendium [AD05] on S-1/-2/-3 integration 
strategies aiming at developing and testing the integration of multi-resolution, multi-temporal and multi-
sensor data. The objective of WP 31 is to investigate the possibilities of combining S-1, S-2 and further 
coarse resolution optical data (with the eventual aim being transferability to S-3) with regards to the 
envisaged evolution of Copernicus Land Services addressed in ECoLaSS. Issue 2 of this report contains 
further relevant updates concerning the methodology and benchmarking of S-1/S-2 and PROBA-V 
integration and fusion methods. In addition to the benchmarking and methods compendium of issue 1 
[AD05], this issue of the report contributes a high-level summary of the ECoLaSS consortium’s findings 
and conclusions regarding data requirements for high resolution layer (HRL) production with particular 
focus on the complementarity of S-1 and S-2 data for an operational production of Copernicus HRLs 
throughout the work packages of task 3 and task 4 [AD04 – AD15].  

The objectives of WP31 are 

 to identify adequate pre-processing steps enabling complementary information integration and 
fusion; 

 to identify and explore suitable time series indicators from optical data (S-2)  

 to identify and explore suitable time series indicators from SAR data (S-1) 

 to explore SAR and optical based indicator approaches as parallel inputs in classification /post-
classification schemes; 
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 to assess the potential of improving S-2 time series by fusion with coarse resolution information; 

 to define and develop interpolation and fusion tools of S-2 and S-3 data. 

 to summarize the findings regarding the complementarity of S-1 and S-2 across the ECoLaSS 
application domains 

1.2 Outline 

Chapter 1 of this document is the Introduction. Chapter 2 gives background information on remote 
sensing for land use / land cover analysis. It outlines the limitation of using optical or SAR times series 
data solely and the advantages of integrating or fusing them for different classification applications. 
Chapter 3 describes the state of the art of fusion and integration methods for the fusion of S-1 and S-2 as 
well as S-2 and S-3 and identifies candidate methods for a possible application within ECoLaSS, while 
chapter 4 describes the testing and benchmarking of these identified candidate methods. Chapter 5 
provides the high-level synthesis of the S-1 / S-2 –complementarity. Finally, chapter Section 6 gives 
conclusions and an outlook. 

In order to increase the impact of the work accomplished in Task3 and Task 4 prototype developments, it 
was agreed upon that, following the summary of the state of the art approaches in data fusion, this 
second issue of [AD05] should summarize the approaches developed and tested within ECoLaSS to derive 
improved and novel CLMS products, with particular focus on the data requirements regarding S-1 and S-
2 data as well as the potential for classification improvements through their combination. Except for a 
number of data fusion tests with S-2 and PROBA-V instead of S-2 and S-3, benchmarking and practical 
testing initiated in issue 1 has therefore been accomplished and reported in [AD07-AD10]. 
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2 Multi-sensoral Remote Sensing for LC/LU Analysis 

One of the major challenges of past pan-European high-resolution layer (HRL) production (e.g. 2006, 
2009 and 2012) based on optical remote sensing data has been data gaps due to high frequency cloud 
cover and low sun incidence angles, which significantly impacts any approach on operational LC/LU 
derivation.  Consequences thereof were a) product incompleteness (data gaps due to cloud cover in the 
final products), b) decreased thematic accuracy in specific regions (e.g. image acquisition not suitable 
with relation to phenology), c) inconsistency between planned reference year (e.g. image data 2012 +/- 1 
year) and actual implementation (partly 2012+2 years for gap filling), d) homogeneity of the product (EO 
data situation different between most regions of EEA-39), and e) delays in the production of the 
Copernicus HRLs until sufficient cloud-free observations could be acquired. The need to improve this 
situation was already expressed by EEA, which is implementing the Copernicus Land Services on pan-
European and local level. Even though the availability of two S-2 satellites in constellation did 
significantly improve the data situation, cloud cover remains the single most challenging drawback of 
optical data acquisition. Heavy cloud cover over specific regions which coincide with important points in 
time (phenology-wise) require the additional usage of alternative data sources such as SAR and require 
new strategies how to combine and integrate multi-source data sets in order to improve the 
completeness and homogeneity of full coverage high resolution information products on LC/LU. 

Therefore, the usage of alternative image data and how to combine and integrate SAR and optical data is 
introduced in the following. S-1 SAR data are used a) as alternative inputs to close data gaps from optical 
image sources and b) as complementary information to S-2 to increase thematic classification accuracies 
of specific classes or c) to derive information, which can be used in the post-processing. 

2.1 Optical time series data and its limitations 

Optical remote sensing data is usually acquired as multi-spectral imagery, sampling important 
wavelengths in the solar reflective spectrum. Compared to SAR, optical sensors offer more 
comprehensible images to derive information about LC/CU. For this purpose, the spectral reflectance as 
well as further features such as spectral indices describing i.e. the condition of vegetation can be 
employed. Optical data is available operationally for over four decades (i.e. Landsat archive) and, hence, 
allows the analysis of dense time series to address e.g., change detection of LC/LU. However, cloud 
coverage is one of the main obstacles and constrains the use of optical imagery (Joshi et al., 2016). The 
occurrence of clouds often significantly reduces the actual density of the optical time series. A further 
drawback of multi-spectral data (depending on the spectral and spatial resolution) are similarities in the 
spectral characteristics of different land cover types, such as between bare soil and built-up areas or 
between different crop types (Joshi et al., 2016).  

2.2 SAR time series data and its limitations 

SAR data provide limited spectral space (one wavelength and multiple polarisations) and a high 
radiometric accuracy which is why an application of radar time series analysis is very suitable for 
temporal information extraction (Schmullius et al., 2015). Moreover, radar systems record data 
independently from atmospheric conditions, such as cloud coverage and provide information about 
geometric and dielectric properties of the land surface. Depending on the used wavelength, microwaves 
can also penetrate the land surface or forest cover. This characteristic allows retrieving data on e.g. soil 
moisture or growing stock volume. With the launch European Remote Sensing 1 (ERS-1) in 1991, SAR 
imagery became available at a global scale (Schmullius et al., 2015). Until today, there are, however, only 
a limited number of studies investigating monitoring of the land surface globally using radar time series 
(Joshi et al., 2016). Available studies, however, indicate the applicability of SAR time series in the context 
of e.g. land cover classification, grassland monitoring, and biomass estimation (Joshi et al., 2016). 
Nevertheless, there are also limitations with respect to the use of radar time series. One of them is the 
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presence of speckle noise in all recorded SAR images, which may lead to errors in classification maps. 
Another aspect is the occurrence of geometric distortions due to topography, limiting the usage in 
mountainous areas. 

2.3 Advantages of the integration of optical and SAR imagery  

With the combination of S-1 and S-2 data, the integration of complementary information is established, 
resulting from different physical interactions with the land surface, describing primarily different 
characteristics of the LC/LU. The combination of SAR and optical data can improve the differentiation of 
vegetation classes and therefore increase classification accuracies. This can be achieved by combining S-
1-derived information of the plants structure and the seasonal development of these classes (together 
with the changing situation of water content, both in the plant canopies and the soil) with information, 
extracted from optical time series (e.g. S-2) along the year, which indicates the change fraction of 
photosynthetically active vegetation as a main feature.  

2.4 Advantages of spatial - temporal fusion of optical imagery 

Remote sensing optical sensors are subject to a trade-off between spatial, temporal and spectral 
resolutions and can often excel only in one of these dimensions. The fusion of optical images offers an 
advanced way to exploit the full potential of those images by blending their complementary data, thus 
creating hybrid images at high spectral resolution and high spatial resolution, at the densest available 
temporal resolution. In particular, in areas experiencing persistent cloud cover, imagery created using 
fusion algorithms may be a suitable solution to properly characterize temporal dynamics through high-
resolution time-series. 

This is why another kind of integration can be explored concerning time series of fused images between 
S-2 and coarse spatial high temporal resolution data, such as S-3 or PROBA-V. S-2 and S-3 feature a 
corresponding set of spectral bands, sensible for the same biophysical properties with nine overlapping 
spectral bands in the visible and NIR spectral regions of both sensors, but lower spatial resolution (S-3). 
The additional data-takes and denser time series derived from S-3 offer high potential generating a 
fusion product of both satellite sensors using interpolation methods. 

On the one hand, the S-2 multi-spectral instrument (MSI) provides a low temporal resolution time series 
of high spatial resolution images such as images produced by Landsat, Ikonos or Quickbird. While, S-2 
images exhibit a spatial resolution ranging from ten to sixty meters, a low revisit time of five to six days, 
and twelve spectral bands, the S-3 ocean and land color instrument (OLCI) provides a dense time series 
of low spatial resolution images with a high spectral resolution and enough spectral overlap with the 
latter, such as images produced by S-3, but also by other sensors like PROBA-V, MODIS or MERIS. The low 
spatial resolution is compensated by a frequent revisit time, from one to three days, and twenty-one 
spectral bands. 
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3 State-of-the Art 

To monitor land cover and its changes, Earth observation (EO) data with a high temporal and spatial 
resolution are required. However, up to recently these data needs could only be satisfied by employing 
data from more than one EO satellite (Gao et al., 2015). Nevertheless, the available EO sensors differ 
extensively in terms of spatial resolution, temporal acquisition repetition cycles, and spectral bands. 
Therefore, data fusion approaches have been developed to combine the advantages of different sensors 
and provide higher value of data and/or classification results. In general, fusion approaches integrate 
data with different spectral and/or spatial resolutions from two or more sensors in order to exploit both 
their high spectral and high temporal resolution properties. Furthermore, fusion approaches target the 
challenges of missing data in a time series (Chust et al., 2004; Reiche et al., 2015). This way, different 
fundamental physical principles can be used as synergetic information on land properties and 
compensate the limitations of using only single datasets (Joshi et al., 2016). In this context, the 
Copernicus Sentinel fleet with its vast span of different sensor and sensing technologies provide the 
unparalleled opportunity to achieve more accurate mapping products by fusing their data. The Sentinels 
with the coordinated acquisition strategies and design of S-1, S-2, and S-3 bring up new opportunities 
and challenges for optical multi-spectral and SAR (C-band) land cover classification on local, continental 
and global scale with high spatial and temporal resolution (Ferrant et al., 2017; Molina & Datcu, 2016).  

In general, image fusion approaches in remote sensing can be categorised according to their level of 
integration, namely: i) pixel level fusion, ii) feature level fusion, and iii) decision fusion (Joshi et al., 2016; 
Pohl & Van Genderen, 1998).  Image fusion on the pixel level is the computationally most intensive 
approach because it takes place at the lowest processing level by merging measured physical parameters 
of two EO datasets at pixel level (Pohl & Van Genderen, 1998). This approach requires a very high 
geometric accuracy at sub-pixel level to avoid artificial errors being introduced to the fused dataset due 
to misregistration. Therefore, image data need to be resampled to a common pixel spacing as well as 
map projection and are limited in geographic coverage to the joint area shared by all datasets (Pohl & 
Van Genderen, 1998).  

The feature level fusion uses different features derived from optical and SAR data prior to using them for 
classification purposes. Approaches for feature level fusion can grow increasingly complex, e.g. through 
image segmentation and extraction of fused object features and their geometric properties (e.g. Pohl & 
Van Genderen, 1998). Advanced fusion approaches use feature extraction from individual sources to 
selectively induce spatial detail and thus enhance the feature space for better discrimination of objects 
(Pohl & Van Genderen, 2015; Stefanski et al., 2014). 

Decision fusion methods combine results obtained through separate classifications of optical and SAR 
data (Joshi et al., 2016). This approach has the advantage of being less computationally intensive. Indices 
and statistics for the classification are calculated for each data set separately and the results of 
classification are combined by logical AND functions (Pohl & Van Genderen, 1998). The extracted indices 
and applied classification approaches depend strongly on the thematic focus (i.e., imperviousness, forest, 
grassland, permanent water bodies, and wetlands). 

In the following, this State-of-the-Art section describes necessary pre-processing steps to enable 
complementary information retrieval, integration and fusion (section 3.1). Methods for the fusion of 
optical and SAR data to improve classification results are described in section 3.2. Section 3.3 focusses on 
fusion approaches for high spatial/low temporal and high temporal/low spatial resolution data from 
different optical sensors (e.g., S-2 / S-3) to exploit the advantage of both datasets. Here, spectral, spatial, 
temporal interpolation and/or fusion approaches (section 3.3.1) as well as spectral and textural time 
series metrics/variables (section 3.3.2) are described. The identified approaches are mentioned and 
discussed in detail keeping the main objectives of the ECoLaSS project such as the update of HRL and 
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LC/LU classification by improvement of the thematic classification in mind. Section 3.4 discusses 
candidate integration and fusion approaches for benchmarking. 

3.1 Pre-processing steps enabling complementary information integration and fusion 

Before the actual multi-sensor data fusion, it is of utmost importance to perform all necessary image 
correction and pre-processing steps (especially dealing with sensor specific effects) to provide the best 
single data geometry and radiometry (Pohl & Van Genderen, 1998). As multi-sensor data can vary in their 
spatial and temporal resolution, the pre-processing of the data has to be adjusted with respect to the 
specific needs and field of application, including sensor specific steps such as calibration, speckle 
reduction (SAR) or atmospheric correction (optical), and geocoding as well as resampling to a common 
pixel size (Pohl & Van Genderen, 2015).  

A major challenge considering the fusion of optical and SAR imagery is to ensure an accurate co-
registration, since spatial mismatch quickly leads to artefacts and misclassifications because different 
predictors do not represent the same object on the ground (Pohl & Van Genderen, 1998). The objective 
is to guarantee that measurements of the Earth’s surface are accurately aligned in all available images 
(Pohl & Van Genderen, 1998; M. Schmitt & Zhu, 2016). In cases where precise geo-location cannot be 
achieved, image data must still be co-registered relative to each other, which is possible by empirical 
retrieval of a spatial transformation function for every target image, relative to a reference image. 

3.2 Integration of S-1/S-2 complementary information 

The complementary information of optical and SAR EO data provide enhanced information on the LC/LU. 
While optical data are affected by the physical-chemical characteristics of the surface (such as leaf 
structure, pigmentation or moisture) SAR data represent the geometric and dielectric properties of the 
surface (Woodhouse, 2006). For the update of specific HRLs or LC/LU products relevant on a global level, 
SAR data can improve the thematic classification of various classes (e.g. urban areas, forest), as they 
respond strongly to physical structures of the scattering elements (Joshi et al., 2016). Balzter et al. (2015) 
already demonstrated the potential of SAR data to support the assessment of CORINE land cover (CLC) 
using multi-seasonal S-1 images and derived products from the Shuttle Radar Topographic Mission 
(SRTM) DEM. S-1 and S-2 data deliver complementary information. Hence, land cover classification tasks 
can benefit from the fusion of both data types leading generally to higher mapping accuracies. 

3.2.1 SAR data as complementary information to S-2  

Optical time series have the most suitable spectral information for discriminating different vegetation 
types and have been applied most frequently among the different sensing systems. However, their main 
disadvantage is their sensitivity towards weather conditions such as cloud cover, which hampers their 
suitability in operational applications (Blaes et al., 2005). Contrastingly, SAR data are acquired 
independently from weather and daytime conditions and often allow for an improved discrimination of 
structurally different vegetation types due to their diverse response to different polarisation signals 
(Betbeder et al., 2015; Hill et al., 2000; Schuster et al., 2015; Anne M. Smith & Buckley, 2011). Compared 
to optical data in the solar reflective spectrum, microwaves are less affected by the physical-chemical 
characteristics of the surface, but by its structure such as geometry and roughness (Woodhouse, 2006). 
Active energy scattered by vegetation is dependent on the size, density, orientation, and water content 
of elements relative to the size of radar wavelength. Most studies utilising both optical and SAR data, rely 
on a mixture of multi-spectral reflectance values, spectral indices, and different band ratios and band 
differences from multi-polarised SAR backscatter coefficients  (Joshi et al., 2016)). Studies differ further 
in whether only one single time step or multi-temporal information is being used as input dataset and 
what output temporal resolution is required. 
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This subsection presents studies and methods dealing with the synergetic use of optical and SAR imagery 
to enhance accuracies of classification results. The thematic focus of this section is on applications for 
the classification of the thematic classes of the HRLs, hence, forest and vegetation monitoring, 
agriculture and grassland, urban areas, as well as water, wetlands/wetness and soil moisture. 

Forest and natural vegetation 

In the context of forest and natural vegetation monitoring, several studies are dealing with fusion and/or 
synergetic use of optical and SAR data. Reiche et al. (2015) presented a pixel based tool called MulTiFuse, 
which is based on time series of Landsat NDVI and ALOS PALSAR-L-band backscatter data. It exploits the 
full information content of both optical and SAR time series data for the detection of abrupt human 
induced deforestation in tropical regions. At this, pre-processing of optical data comprises cloud cover 
and cloud shadow masking using the FMask algorithm (Z. Zhu et al., 2015), atmospheric correction, and 
reprojection. The pre-processing of PALSAR data includes multi-looking, radiometric calibration using 
standard calibration coefficients, topographic normalisation and geocoding. Based on the pre-processed 
optical data a NDVI time series is calculated. The SAR data is used to compute a time series of HH, VV 
images and a HHVV ratio. Next, the SAR images are temporally filtered by an adaptive multi-temporal 
approach to reduce speckle noise. The actual fusion consists of two main steps. First, the relationship 
between both Landsat NDVI and PALSAR backscatter time series is analysed by means of a correlation 
analysis. Next, a regression model is applied to estimate a time series based on the available data. Reiche 
et al. (2015) conclude that the classification results based on NDVI time series only provide low spatial 
and temporal accuracy. Contrastingly, the fused dataset indicates significant improvements in 
deforestation detection compared to single source observations. Furthermore, the authors note that the 
multi-temporal speckle filtered HHVV ratio dataset shows the strongest correlation with the NDVI time 
series. This might be due to reduced sensitivity of the ratio index towards environmental covariates such 
as changing moisture conditions. 

Lehmann et al. (2015) analysed the fusion of SAR and optical data in the framework of a large-scale 
operational forest monitoring system. This study assessed the contribution of complementary 
information derived from Landsat, L-band PALSAR, and C-band RADARSAT-2 (RS-2) data for forest 
detection. For this purpose, independent as well as joint SAR/optical classifications have been tested. 
The authors investigated a “low cost” approach by considering advantages of established and proven 
monitoring systems. Thereby, they focused on temporal consistency considering time series of remote 
sensing data instead of single acquisitions. The pre-processing of Landsat data includes re-projection and 
resampling to a common spatial reference, calibration to top-of-atmosphere reflectance, correction of 
scene-to-scene differences (using bidirectional reflectance distribution functions (BRDF)), calibration to a 
common spectral reference (using invariant targets), and correction for differential terrain illumination. 
Additionally, the pre-processing of PALSAR and RS-2 data includes multi-looking, speckle filtering (Lee 
filter), geocoding, radiometric calibration and normalisation, as well as correction for terrain-induced 
illumination differences (Lehmann et al., 2015). As mentioned before, also in this study the co-
registration of SAR and optical data are essential. The authors applied a digital image correlation (DIC) 
approach which is based on gradient cross-correlation. Furthermore, the authors tested 18 different 
texture measures related to the degree of disorder, similarity and central tendency on pixel level. The 
combination of Landsat and C-band was found to provide highly enhanced results, whereas the texture 
information and single-date C-band SAR data delivered only limited improvements. The analysis of the 
used feature space indicates that adding texture features did not automatically correlate with significant 
improvements of forest classification results. Nevertheless, texture features improved the results in 
distinct and more complex areas such as urban regions. In such context, the consideration of texture 
features depends on the scale of the study area and the spatial resolution.  

A study of Vaglio Laurin et al. (2013) presents an approach based on multi-spectral Landsat TM imagery, 
the Advanced Visible and Near Infrared Radiometer type 2 (AVNIR-2) and PALSAR synergies for forest 
and land cover mapping in the tropical regions of Africa. The optical data is atmospherically corrected 
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with hemispherical directional reflectance factor (HDRF) using the Fast Line-of-Sight Atmospheric 
Analysis of Spectral Hypercubes (FLAASH) algorithm of the ENVI software. In addition, a haze removal is 
performed. Multi-looking, terrain-correction and geocoding is applied to PALSAR images. The texture 
variables used in this study include the mean, entropy, correlation, variance, and second moment based 
on Grey-Level Co-Occurrence Matrix (GLCM). However, the calculation of texture features is limited to 
bands that are sensitive to vegetation. Hence, bands 4, 5, and 7 of Landsat TM, bands 3 and 4 of AVNIR-
2, as well as for both PALSAR polarizations are considered, using 64 grayscale quantization levels, 1 pixel 
shift and 3 × 3, 5 × 5, 7 × 7, 9 × 9 and 15 × 15 window sizes. For classification purposes two methods, 
specifically, the Maximum Likelihood (MLC) and Neural Networks (NN) classifiers are used. The results 
show that the combination of the abovementioned data sources provides the best results for both 
classification methods (91.1% and 92.7% for Landsat TM as optical input and 95.6% and 97.5% for AVNIR-
2 as optical input, respectively). In this study, texture features improve the classification results 
significantly by 10.1% and 13.2%, respectively (Vaglio Laurin et al., 2013).  

A near real time forest disturbance mapping based on S-1, S-2 and Landsat-8 time series data is 
conducted by Hirschmugl et al. (2017). They used a sequential approach where an initial forest / non-
forest classification is derived from optical data and, afterwards, forest disturbance data are derived by 
means on the Bayes’ theorem using SAR and optical data stacks. Disturbance mapping is performed 
separately on each input dataset and then fused to one forest disturbance dataset based on specific 
weighting functions. For optical data the authors apply common pre-processing steps using FMask for 
Landsat-8 and Sen2Cor for S-2 data. The S-1 data are pre-processed with Joanneum Research software 
RSG including processing to gamma nought based on SRTM and multi-looking to 20m. A modified Frost 
and a multi-temporal filter with a window size of 3x3 pixels are used to reduce speckle noise. In this 
study, all available images are reduced to temporal statistics including the metrics mean, minimum, 
maximum backscatter, standard deviation, coefficient of variation, mean of the first three images, and 
mean of the last three images. Next, the information on forest disturbance is derived using a threshold-
based approach with the assumption that forest cover change is characterised by high backscatter 
variation similar to agricultural areas (Hirschmugl et al., 2017). At this, positive backscatter values are 
related to vegetation regrowth and negative backscatter values with vegetation loss. The final 
combination of individual classified results is based on defined probabilities and weighting factors by the 
user. The results indicate that when using only S-1 for forest disturbance detection 43.56% of the areas 
are classified correctly. For the optical data the percentage of detected areas amounts to 79.95%. To 
sum up, the synergistic use of optical and SAR improves the detected percentage of disturbed areas to 
83.67%. 

Agriculture and grassland 

With regards to agriculture and grassland applications, several studies have been performed over the last 
two decades using optical and SAR data to achieve higher thematic accuracies. In similar studies, 
classification results derived by either optical data, SAR data (C-, X-, L-band) or the combination of both 
were compared to each other. The objective of these studies was to create dense time series during the 
growing season of crops, combining regular SAR time series and optical time series with irregular time 
intervals using derived statistical metrics. A variety of approaches jointly apply multi-sensor imagery 
from SAR and optical satellites for the classification of vegetation classes, such as crop types (Blaes et al., 
2005; Brisco & Brown, 1995; McNairn et al., 2009), and crops combined with more general land-cover 
classes (Waske & Benediktsson, 2007; Waske & van der Linden, 2008), or for the estimation of 
herbaceous biomass (Svoray & Shoshany, 2003). Villa et al. (2015) investigated main crop type 
identification by SAR and optical time series up to the early growing season (here mid of July), using 
indicators like the Enhanced Vegetation Index (EVI), Red Green Ratio Index (RGRI) and the Normalized 
Difference Flood Index (NDFI) in optical data and sigma nought backscatter coefficients from X-Band SAR. 
Bach et al. (2012) and Dotzler et al. (2013) demonstrated the information potential of TerraSAR-X (TS-X) 
for certain growing phases of crop types delivering similar results compared to a Leaf Area Index (LAI) 
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retrieval from RapidEye (RE) data, in order to perform yield modelling for wheat and to assess 
heterogeneous growing patterns within the fields. Jordi Inglada et al. (2016) presented an approach for 
early crop type identification especially for the start of growing season when cloud coverage is a major 
challenge. They assessed the impact of data fusion using SAR image features aiming at temporal gap 
filling of optical time series. Polarisation ratio, local mean and VV data with textures described by 
Haralick et al. (1973) were used and assessed as useful features enhancing the accuracy of the results. 
This kind of crop detection is essential for yield forecasting and irrigation management, especially for 
crop types with more than one annual cycle. Le Hegarat-Mascle et al. (2000) investigated the use of ERS 
data and Landsat TM over a test site east of Paris dominated by agriculture with ten different land cover 
types based on unsupervised classification and Dempster-Shafer evidence theory framework. The study 
shows that using multi-source data as input to the classification leads to more robust and reliable results. 
A systematic improvement was found by fusing SAR and optical data sources especially for land cover 
types with minor surface coverage. 

Notarnicola et al. (2017) used S-1 and S-2 data for mountain crop monitoring. S-1 backscatter coefficients 
in VV and VH polarisation were used to monitor the trend over different crop types that are extracted 
from the existing land cover classification CORINE 2012 (meadows, pasture, orchard, vineyards and 
forest as additional class). The generated time series from S-1 data was compared with S-2 NDVI time 
series. According to the preliminary results of this study, the highest dynamics are associated to 
meadows, which were strongly managed in terms of fertilisation, irrigation, and mowing. The signature 
of meadows varies between -16dB and -12dB and from -22dB and -17dB for VV and VH polarisation, 
respectively. This trend is clearly different from natural grassland as well as from other classes. 
Furthermore, the study indicates that due to the C-band configuration both polarisations (VV and VH) are 
strongly dominated by vegetation characteristics and may have a limited sensitivity to soil 
characteristics. Notarnicola et al. (2017) found a high correlation between the features VH polarisation 
and S-2 NDVI with a coefficient of determination of 0.81.  

Recently, Veloso et al. (2017) published a study focusing on the temporal behaviour of crops (wheat and 
barley, rapeseed, maize, soybean and sunflower) based on data comparable to S-1 and S-2. For this, S-1 
data are pre-processed with SNAP software to derive the calibrated backscatter coefficient. Additionally, 
a multi-looking is applied to reduce speckle noise resulting in an output image at a spatial resolution of 
20m. Furthermore, terrain correction is applied to generate accurately geocoded images by correcting 
geometric distortions (foreshortening, layover and shadow) using SRTM data (Veloso et al., 2017). The 
used optical data are atmospherically corrected using the Multi-sensor Atmospheric Correction and 
Cloud Screening prototype (MACCS) spectro-temporal processor (Hagolle et al., 2008; Hagolle et al., 
2010, 2015). With respect to crop monitoring, the study showed that wheat and rapeseed are better 
distinguished using VH and VV backscatter between March and July and using NDVI between November 
and December. Regarding summer crops, Veloso et al. (2017) recommend using VH/VV and VV to 
separate maize, soybean and sunflower during the heading/flowering phase. Their results also indicate 
that for the identification of the crop types barley and maize, both NDVI and VH/VV profiles provide 
reliable results.  

Navarro et al. (2016) applied crop monitoring for the estimation of crop water requirements. For this 
purpose, they used SPOT NDVI and time series of dual (VV + VH) polarisation backscattering based on S-1 
to compute the basal crop coefficient curve for four crop types (maize, soybean, bean and pasture) and 
to estimate the length of each phenological growth stage. The main objective of this study was to assess 
the potential of multi-temporal and multi-source data for crop parameter estimation and crop type 
identification at high spatial (10m) and temporal (5 days) resolution focusing on irrigated agriculture. The 
authors observed a significant correlation of determination between NDVI and backscatter time series 
for all considered crop types, pointing that multi-spectral imagery can be replaced by SAR imagery data 
to fill gaps caused by cloud coverage. Furthermore, the authors assessed the integration of S-1 VV + VH 
polarised data into the classification process and compared the obtained accuracies between the 
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different configurations. For classification purposes, two supervised methods, specifically the support 
vector machine (SVM) and neural network (NN) are used. Here, the results indicate that NN delivers 
slightly better accuracies compared to the SVM classifier. However, the land cover classification could 
not be improved when using SAR and optical data in combination, which could be seen in the results 
where the highest overall accuracy was achieved by using SPOT images solely. 

The combined use and/or comparisons of classifications by optical and SAR intra-annual time series or 
multi-seasonal data were also performed for grassland mapping (Dusseux et al., 2014; Hill et al., 2005; 
Schuster et al., 2015). A. M. Smith et al. (1995) analysed ERS-1 SAR data together with Landsat TM, SPOT 
VIR, and airborne optical imagery to assess the combination of radar and optical data for monitoring 
rangeland in the Agriculture and Agri-Food Canada Research Substation at Onefour (Alberta) by means of 
discriminant function analysis (DFA). The combination allowed obtaining an improved categorisation of 
the vegetation classes with respect to considering each data type separately. Moreover, while optical 
data proved to be more suitable to characterise the vegetation status, SAR imagery provided key 
information about the structure and surface topography. Also Price et al. (2002) used a classification 
system based on the DFA to study the separability of three tallgrass land management practices in 
eastern Kansas (USA), where usually cool- and warm-season grass species occur, by means of three 
multi-seasonal Landsat TM and four multi-seasonal ERS-2 SAR images, as well as their combination. The 
results showed that by using Landsat TM data alone, performances were better than those obtained with 
ERS-2 imagery and, when combined, the SAR data did not allow increasing the classification accuracy. Hill 
et al. (2005) showed the potential of improving the categorisation of heterogeneous herbaceous cover in 
pastures and grasslands by combining independent classifications obtained by means of mono-temporal 
Landsat TM and Jet Propulsion Laboratory AirSAR data. Experiments were performed for a test site in the 
Cervantes area (Australia) using an unsupervised version of the Complex Wishart classifier for the C-, L-, 
and P-band polarimetric SAR data as well as a principal component analysis on the green, red and near-
infrared Landsat bands followed by a centroid distance measure clustering. In particular, they were able 
to map vegetation types based on the different sensitivity of SAR and multi-spectral sensors to specific 
vegetation characteristics. Erasmi (2013) assessed the capability of combining optical (six RE scenes) and 
SAR (four RS-2 and six TS-X scenes) data for the classification of semi-natural habitats over the study site 
Schorfheide Chorin in eastern Germany and compared the results with single sensor classifications. The 
object-based classification was performed by means of a classification and regression tree (CART) 
algorithm. Results showed that single-sensor classifications based on multi-temporal RE data 
outperformed the ones carried out with TS-X and RS-2 data and demonstrated that bi-sensor 
combinations of optical and SAR data resulted in classification accuracies between 60.83% and 84.53% 
(with RS-2 polarimetric data providing higher classification accuracies than TS-X). Furthermore, Talab-Ou-
Ali et al. (2017) used S-1, S-2 and SPOT data for monitoring coastal vegetation in France. Also Chang and 
Shoshany (2016) conducted preliminary research for S-1 and S-2 data focusing on shrubland biomass 
estimation. Their fusion model showed 14% improvement compared to single sensor models (R² 
increases from 0.72 to 0.86). Their proposed fusion technique is mainly controlled by S-2 data and is 
supplemented by an active S-1 data supporting vegetation structure/density information. 

For all vegetation-covered targets, only a limited additional benefit is seen because of the high level of 
temporal decorrelation (Morishita & Hanssen, 2015; Wei & Sandwell, 2010). In the context of crop area 
and crop status monitoring, interferometric coherence has the potential to enable the mapping of stable 
(unvegetated) surface with possibilities of farming practises and crop detection. To date, most common 
polarimetric decompositions (Freeman & Durden, 1998) can only be computed for fully polarimetric 
(quad-polarimetric) data. S-1 only contains dual-cross-polarimetric capabilities (HH-HV, or VV-VH) for 
which there is a need for further developments. Alternative concepts for the use of dual-polarimetric 
data have been published by A. Schmitt et al. (2015).  
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Urban  

Considering the usage of multi-source data in the framework of land cover and urban applications there 
is a number of recently published studies. Michelson et al. (2000) successfully applied Landsat TM and 
ERS SAR data for country-wide land cover classification over Sweden. Balzter et al. (2015) have 
demonstrated the potential of SAR data, to support the assessment of CORINE LC using multi-seasonal 
(two coverages) S-1 images and derived products from SRTM DEM. Haas and Ban (2017) used S-1 and S-2 
data for ecosystem mapping within urban areas based on image segmentation and classification. The 
synergy of S-1/S-2 enabled large-scale urban analysis with utilising spatial characteristics and topological 
relations (e.g. area, contiguity, perimeter-to-area ratio and distance). Another study of Chen et al. (2003) 
used Intensity–Hue–Saturation (IHS) transformation to integrate the high spectral resolution, provided 
by hyperspectral data (Airborne Visible Infrared Imaging Spectrometer, AVIRIS), and the surface texture 
information, derived from radar data (Topographic Synthetic Aperture Radar, TOPSAR), into a single 
image of an urban area. In this way, several urban land cover types are resolved to a larger degree using 
the higher spectral and spatial resolutions and the synergistic visual content provided by the fused 
image. Furthermore, Marconcini et al. (2017) presented an approach employing the temporal statistics 
of different spectral indices derived  from Landsat-8 and of the S-1 backscattering to classify urban areas 
at a 10m spatial resolution on a global scale.  

Water and wetlands/wetness 

Yesou et al. (2016) used S-1 in the context of flood and wetland mapping and showed that it ensures 
monitoring of water bodies, whereas optical S-2 imagery provides complementary information on 
vegetation, floating or growing on sand banks. Furthermore, Taha and Elbeih (2010) concluded that for 
water/non water separation HIS fused data clearly indicate highest accuracies. Jenerowicz and Siok 
(2017) conducted tests on mapping water bodies based on S-1 and S-2 data, comparing the results of 
individual features and thresholds. The results also imply that complex detection of water bodies e.g. 
quality monitoring of water reservoirs can be improved. Clement et al. (2017) analysed detailed flood 
mapping using different polarisations of S-1 data. 

Q. Gao et al. (2017) presented an approach for soil moisture mapping over agricultural fields at 100m 
spatial resolution based on the interpretation of S-1 data recorded in the VV polarisation and combining 
S-1 with S-2 data for the analysis of vegetation effects. The authors present an approach to map soil 
moisture using S-1 and S-2 data in a synergistic way. The reduction of spatial resolution from 10m to 
100m is conducted to decrease uncertainties due to different types of heterogeneities in agricultural 
fields such as local changes in roughness as well as heterogeneities in vegetation cover. All available S-1 
data are pre-processed with respect to noise removal, radiometric calibration, and terrain correction. S-2 
data are used to calculate NDVI, but prior to NDVI derivation a cloud mask is generated using the QA60 
band. In this study, two methods are proposed to retrieve soil moisture. The first one comprises a 
change detection technique based on an inversion approach, which was already successfully applied on 
ERS data and now adjusted to S-1 data. The second one takes into account the difference of the S-1 
backscatter coefficient observed over two consecutive acquisitions. By analysing two consecutive 
observations only a small temporal change of vegetation is expected for a nearly constant value of 
roughness and thus the difference of the backscatter signals depend mainly on the change in soil 
moisture. Both methods also take into account the S-2 NDVI. The results of this study indicate that both 
methods are suited for soil moisture estimation and the necessity to further research with respect to 
vegetation discrimination and the consideration of a larger time series of S-1 (Gao et al., 2017).  

A further study of Poggio and Gimona (2017) compared MODIS, Landsat, S-2 and S-1 data for Digital Soil 
Mapping (DSM). The authors applied several configurations and concluded that the synergistic use of 
optical and radar datasets provided the best estimation models and most accurate results. The findings 
include that S-1 data is suitable for the analysis of soil properties and texture in particular. Also Baghdadi 
et al. (2015) worked on soil moisture and LAI retrieval over irrigated grasslands from RS-2 and Landsat-
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7/-8 data. The main objective was to study the relevance of features extracted from SAR (backscattering 
coefficient, polarimetric information) and optical images (NDVI, Fraction of Absorbed Photosynthetically 
Active Radiation (fAPAR) and Fractional Cover (FCover)) for retrieving soil moisture, leaf area index, 
biomass, and vegetation water content and height. The authors summarised their outcome as follows: i) 
HH polarisation is the most relevant information among the SAR layers, ii) dual or full polarisation modes 
do not improve the estimation of soil moisture and vegetation parameters, and iii) the use of 
polarimetric parameters (Shannon entropy and Pauli components) does not improve the estimation of 
soil moisture and vegetation parameters. 

3.2.2 Conclusions 

As described above, studies using the combination of S-1/S-2 data show promising results and underline 
that accuracies of different thematic classifications based on fused image data frequently exceed those 
based on single source data (Joshi et al., 2016). However, most studies focussed on using optical/SAR 
fusion for improving mono-temporal classifications to define more enhanced land cover properties 
rather than for change detection (Joshi et al., 2016). Besides, it is key to select suitable data fusion 
techniques for different land cover classifications and change detection (Lu et al., 2014). 

The above-mentioned studies and reports underline the positive synergy between SAR and optical data. 
Especially, the combination of data of the Sentinel fleet show great potential in terms of geometric 
consistency and enhancement of thematic classification and change detection. For the update of specific 
HRLs or LC/LU products relevant on a global level, complementary information derived from S-1 can 
improve thematic classification based on optical data of various classes (e.g. settlements structures or 
forest differentiation), as they react mainly on vertical or structures with steep slopes based on double 
bounce backscatter effects. 

 For crop area and crop status monitoring, SAR based parameters can provide complementary 
information to optical based parameters due to their different physical interactions with the land 
surface. Therefore, different characteristics of LC/LU objects can be described and classification can be 
improved. In order to maintain the experiences from previous Copernicus HR Layer production, the 
ECoLaSS consortium assessed in phase II of the project, where applicable, whether and how parameters 
derived from dense SAR time series can supplement the available optical time series data for the 
production of incremental HRLs.  

3.3 Integration of S-2/S-3 (fusion)  

This subsection focusses on methods for the fusion and integration of S-2 and S-3. Thereby, current 
state-of-the-art methods for a spectral, spatial as well as temporal interpolation/fusion are being 
presented (subsection 3.3.1). Furthermore, spectral and textural time series metrics/variables are being 
identified which are suitable to describe seasonal dynamics of LC/LU and thus are potentially useful in a 
S-2/S-3 fusion/integration approach (subsection 3.3.2) 

3.3.1 Spectral, spatial, temporal interpolation and/or fusion approaches 

This subsection investigates and describes various spectral, spatial and temporal interpolation and fusion 
approaches for the integration of S-2 and S-3 time series. It assesses in particular the potential of 
improving S-2 time series by fusion with S-3 information to avoid land cover mapping distortions caused 
by cloud cover. Firstly, an overview of the optical data fusion at the pixel-level is presented. Secondly, 
advanced and appropriate methods for the S-2 and S-3 data fusion are explained in detail.  



D6.2 – D31.1b - Methods Compendium: S-1/2/3 Integration Strategies Date: 29.12.2019 
ECoLaSS – Horizon 2020  |Page 13| Issue/Rev.:2.0 

  

3.3.1.1 Overview of the optical data fusion at the pixel-level  

The pixel-level fusion, mainly focusing on optical data, is the combination of raw data from multiple 
sources into single resolution data, which are expected to be more informative and synthetic than either 
of the input data. The purpose is to improve spatial resolution, enhance structural and textural details or 
retain the spectral fidelity of the original multi-spectral (MS) data simultaneously (Zhang, 2010). There 
are many ways to address pixel-level image fusion due to its diverse input in terms of multi-modal 
images and its variability in terms of targeted outcome (Pohl & Van Genderen, 2015). Depending on 
users’ need, a large variety number of pixel-level algorithms have been developed and widely applied for 
the data fusion of remotely sensed images.  

In particular, much attention has been paid on the aspect of increasing the spatial resolution of MS 
images by introducing spatial detail derived from a higher spatial resolution panchromatic band (PAN), 
while preserving the high spectral resolution properties of MS images. This fusion method is commonly 
called ‘pansharpening’. A major reason for its popularity is the accessibility of single platform 
acquisitions, which avoids the introduction of errors due to temporal changes on the ground as well as 
geometric problems arising from multiple platform orbits. Thus, pansharpening has become one of the 
most popular approaches in remote sensing image fusion (Pohl & Van Genderen, 2015; Zhang, 2010). 

Although there are many categorizations suggested for remote sensing data fusion approaches, pixel-
level pansharpening fusion methods have been categorized by Pohl and Van Genderen (2015) in five 
groups: (i) component substitution (CS); (ii) numerical and statistical approaches (NSA); (iii) modulation- 
based approaches (MBA), (iv) multi-resolution approaches (MRA), and (v) hybrid techniques. (i) The CS 
techniques convert a number of bands of the original image into another data space (e.g. another colour 
space) where one of the resulting channels is replaced by a new image (e.g. higher spatial resolution 
image). The reverse transform creates the actual fused image containing information from both input 
data. Within this category, the intensity hue saturation, principal component substitution (PCS), and the 
Gram-Schmidt techniques are most frequently exploited. CS methods suffer from spectral distortion due 
to the significant incompatibility of PAN (or any high spatial resolution image) and substituted 
component. (ii) The NSA perform multiplicative operations, create subtractive and ratios images. Widely 
used Bovery transform (BT) resides in spectral modelling intended to reach a normalization of the input 
bands via addition, subtraction and ratio. The principal component analysis (PCA) is also a very popular 
algorithm. It implies the replacement of the first PC by a high-resolution (e. g. a PAN or a low spatial MS) 
image. (iii) The MBA uses a ratio between the PAN and its low-pass filtered image with a further 
modulation of a lower spatial MS image. (iv) Whereas the previous methods are based on various linear 
combinations and substitutions of the original bands, the MRA are nonlinear. The MRA-based 
approaches decompose images into multiple channels depending on their local frequency content, 
employing wavelets, curvelets, contourlets and similar transforms. They find their application in deriving 
spatial detail to be imported into finer scales or multi-spectral images. The wavelet methods may suffer 
from color distortions.  

Most of these data fusing approaches are devoted to the case of spatial or spectral enhancement of 
remotely sensed images only in the case of simultaneous images. However, they may not be suitable for 
capturing quantitative changes in surface reflectance, e.g. caused by phenology (Gao et al., 2006) or crop 
growth. In addition to the traditional spatio-spectral data fusion methods (typically pansharpening), 
pixel-level fusion can also aim at increasing the temporal resolution of a sensor of low temporal 
resolution but high spatial resolution images through fusion with the data with lower spatial resolution 
but higher temporal resolution (Dominique Fasbender et al., 2009; F. Gao et al., 2006; Sedano et al., 
2014; Xue et al., 2017). For multi-temporal data, the purpose of pixel-level fusion is to highlight the 
informative changes between different times, using either the same or different sensors. 

Some methods interesting for the fusion of S-2 and S-3 images are explained in more detail here below. 
Spatial and spectral enhancement methods are firstly explained. Then, by the temporal component of 
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the fusion between sensors of high and low temporal resolution is reviewed through several 
applications. Finally, some cases of fusion at the product level are presented.  

3.3.1.2 Spectral and Spatial Fusion 

Pansharpening and spatial enhancement in a Bayesian data fusion framework 

As previously explained, fusion methods for spatial enhancement, or pansharpening methods, are a set 
of techniques aiming at improving the spatial resolution of remotely sensed multi-spectral images. 
Pansharpening is frequently applied to a single optical sensor data containing both PAN and MS data, in 
order to benefit from both sources of information, but sometimes also applied to multi-source data 
provided by two independent optical sensors differing in spatial, spectral and temporal resolution. 
Ideally, the outcome of pansharpening is an artificial image identical to the image that the MS sensor 
would yield provided it had the spatial resolution of the panchromatic. 

In Fasbender et al. (2007), Fasbender et al. (2008a) and Fasbender et al. (2008), a novel approach to the 
pansharpening and spatial enhancement problems is suggested within a Bayesian framework, using 
IKONOS, SPOT 5, SPOT-VEGETATION and ASTER images. A Bayesian data fusion (BDF) framework has 
been proposed by Bogaert and Fasbender (2007). Initially developed in a spatial prediction context, it 
also provides a consistent framework for fusing an arbitrary large number of information sources that 
are related to the same variable of interest. This BDF method relies on statistical relationships between 
the various spectral bands and the panchromatic band without suffering from restricting modeling 
hypotheses.  

Furthermore, BDF allows the user to weight the spectral and panchromatic information with respect to 
either visual or quantitative criteria, which leads to adaptable results according to users’ needs and study 
areas (Fasbender et al., 2008). This ability for balancing spectral and spatial information is one of BDF’s 
most appealing features. For example, photointerpreters may wish to favor image sharpness with a 
weighting parameter close to one, while automated procedures may require a better color consistency 
and, thus, a lower weight for panchromatic information. Results showed that BDF yielded the highest 
spectral consistency, and small details were adequately added to the pansharpened images with little 
artifact as compared to those created using wavelet-based methods. No particular colour distortions are 
observed and quantitative quality criteria (i.e. correlation coefficients) attest that the BDF framework 
provides significant results in the case of pansharpening application.  

The BDF approach is also tested for the enhancement of the spatial resolution of coarse images using 
higher resolution images coming from same or different sensors (Fasbender et al., 2007; Fasbender et 
al., 2008), showing interesting results. Contrary to the pansharpening application, several higher 
resolution spectral bands were available. The method can be used to derive high resolution reflectance 
values based on medium resolution observations by taking advantage of a multivariate approach 
including covariate information (i.e., spectral information is processed as a whole and not band by band). 
The high values of the correlation coefficients between original and fused coarse resolution spectral 
bands indicate that no particular colour distortions are noticed, whereas small details and linear patterns 
were added. 

The BDF has performances similar or higher to the wavelets approach. The main advantage of Bayesian 
approaches is to set the problem in a proper probabilistic framework. In addition, as it does not have any 
intrinsic limitations on the type of data to be processed or the number of bands to be merged, it could be 
used for optical/SAR or hyperspectral image fusion.  
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Multi-spectral and -spatial data fusion between S-2 MSI and other sensors 

In Korosov et al. (2017), a fusion between S-2 and S-3 is simulated by choosing the analogue Aqua-
MODIS sensor to the S-3 OLCI instrument. The S-3 data present a good set of colour wavelengths, but a 
rather coarse (300m) spatial resolution, while the MSI data on S-2 have much higher spatial resolution 
(10-60m) but a more sparse number of spectral channels in the visible spectrum. The data are fused at 
pixel-level to get products with values of remote sensing reflectance wavelengths of OLCI and with MSI 
spatial resolution of 60m using an artificial neural network (ANN).  

Many of applications indicated that the ANN-based fusion methods had more advantages than 
traditional statistical methods, especially when input multiple sensor data were incomplete or noisy. It is 
often served as an efficient decision level fusion tool for its self-learning characters, especially in LC/LU 
classification. In addition, the multiple inputs-outputs framework make it to be a possible approach to 
fuse high dimension data, such as long-term time-series data or hyper-spectral data. Comparison of 
reflectance values from MODIS and fused data shows high level of agreement and suggests that the 
developed algorithm can be successfully applied for fusion of data from S-2 and S-3 (Korosov et al., 
2017). 

Further recent studies are dedicated to the fusion of S-2 with Landsat imagery, the most widely 
accessible medium-to-high spatial resolution multi-spectral satellite data. Since S-2 and Landsat data 
have similar wavelengths, this combination provides an excellent opportunity for synergistic use of these 
two types of satellite sensor data (Wang et al., 2017). Their combination offers a unique opportunity to 
observe globally at medium spatial and temporal resolution, and thus creates unprecedented 
opportunities for timely and accurate observation of Earth status and dynamics. This is particularly 
valuable for areas that are often covered by clouds, thereby, contaminating some Landsat or S-2 
observations.  

In Wang et al. (2017), a new approach (the area-to-point regression kriging (ATPRK)) is presented for the 
fusion of Landsat 8 Operational Land Imager (OLI) and S-2 MSI data to coordinate their spatial 
resolutions for continuous global monitoring. ATPRK treats the coarse band as the primary variable and 
the fine spatial resolution band (hereafter, fine band) as a covariate. It is an advanced image fusion 
approach which has the appealing advantage of precisely preserving the spectral properties of the 
observed coarse images (i.e., perfectly coherent). It was shown to outperform 13 methods in pan-
sharpening. The 30 m spatial resolution Landsat 8 bands are downscaled to 10 m using available 10 m S-2 
bands. To account for the LC/LU changes that may have occurred between the Landsat 8 and S-2 images, 
the Landsat 8 PAN band was also incorporated in the fusion process. The experimental results showed 
that the proposed approach is effective for fusing Landsat 8 with S-2 data, and the use of the PAN band 
can decrease the errors introduced by LC/LU changes.  

The Harmonized Landsat-S-2 (HLS) project is a NASA initiative to produce a consistent, harmonized 
surface reflectance product from Landsat OLI and S-2 MSI data at 30m spatial resolution. The HLS will be 
beneficial for global agricultural monitoring applications that require medium spatial resolution and 
weekly or more frequent observations. In this context, a “harmonized” reflectance product means that 
necessary radiometric, spectral, geometric, and spatial corrections have been applied to create a 
seamless time series, such that it is transparent to the user which sensor contributed any particular 
observation. To create a compatible set of radiometric measurements, the HLS product relies on rigorous 
pre- and post-launch cross-calibration activities. The processing chain includes the following 
components: atmospheric correction and cloud/shadow masking based on OLI and adapted to the MSI 
data, nadir BRDF-adjustment given the differing solar and view angles associated with Landsat-8 and 
Sentiel-2, spectral-adjustment, regridding, and temporal composite to produce the M30 (10-day NBAR 
30m Landsat-8 OLI or S-2 MSI harmonized surface reflectance resampled at 30m over the S-2 tiling 
system). The spectral-adjustment, or band pass adjustment, relies on a linear fit between equivalent 
spectral bands from the two sensors which present small differences. This band-to-band linear 
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regression has been calibrated and evaluated using synthetic data and surface reflectance processed 
from a large number of hyperspectral EO-1 Hyperion scenes globally distributed. 

3.3.1.3 Temporal fusion between high and medium spatial resolution time series 

S-2 data with improved high spatial resolution and higher revisit frequency will play a fundamental role 
in monitoring land cover at regular intervals. Nevertheless, technological limitations pose challenges for 
sensor designs, and trade-offs have to be made to balance spatial details with the spatial extent and 
revisit frequency (Xue et al., 2017). High spatial resolution images, such as Landsat, and S-2 with revisit 
cycles of 16 and 5 days respectively, are indeed limited in their applications due to frequent cloud 
contamination. Cloud-free high resolution imagery may not be available at the required period, which 
hinders the time series availability and consequently the continuous land surface monitoring. On the 
contrary, low spatial resolution sensors, such as MODIS, PROBA-V, SPOT-VEGETATION and recently S-3, 
have a daily revisit period but a relatively low spatial resolution ranging from 250 m to 1000 m, limiting 
its effectiveness in the monitoring of ecosystem dynamics in heterogeneous landscapes. 

In an attempt to overcome these limitations, the synergistic use of high spatial resolution images such as 
Landsat or S-2 time series with the high temporal frequency of coarse resolution sensors (MODIS, S-3), 
while taking explicitly into account the spatial resolution discrepancies between images, is investigated. 
For instance, monitoring agriculture via remote sensing or detecting rapid surface changes are typical 
applications where the combination of fine spatial resolution and a frequent temporal revisit time is 
important.  

Pansharpening methods previously described are devoted to the case of spatial and spectral 
enhancement of remotely sensed images only in the case of simultaneous data acquisition. This section 
presents some examples of temporal fusion models, in addition to spectral and spatial merge. 

Radiometric calibration 

Radiometric calibration is an imperative pre-requisite before any data fusion attempt. Without a 
common radiometric basis, proper fusion is not possible, mainly due to: 

- Different spectral responses from both sensors; 
- Different atmospheric conditions (aerosol presence, atmospheric composition), potentially 

generated by different times of capture for both images; 
- Different physical set-up for the satellites, such as sun angles, satellite inclinations, both leading 

to different illuminations, etc. 

There are two types of calibrations: relative and absolute. 

The absolute calibration is the most accurate, but also the most demanding in terms of required auxiliary 
information. It requires not only sensor parameters, but also all available atmospheric parameters at the 
given time of data acquisition (composition, refraction coefficient, scattering estimation, partially based 
on aerosol presence and types). 

In comparison, the methodology of the relative calibration is much simpler. One of the images is set as a 
reference, and the other sees its properties being adjusted until a match with the reference’s ones is 
found. 

Several techniques can be used to achieve this relative calibration. The most effective and simple is the 
histogram matching, where a time series or a single image is modified by matching its histogram to the 
reference histogram. It can be used to match images from different sensors with slightly different 
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spectral responses or to match different images from the same sensor whose response changes over 
time. 

A cumulative histogram is calculated for each dataset (the reference and the one to calibrate) and the 
relation between the value both distributions is deduced. For small amount of discrete states, it is 
possible to realize a mapping of each of the different values. 

Kalman filtering 

A data assimilation method to produce complete temporal sequences of synthetic medium-resolution 
images combining moderate- and medium-resolution imagery is presented in Sedano et al. (2014). 
Within the framework of a Kalman filter recursive algorithm (Kalman, 1960) also known as linear 
quadratic estimation, the method integrates models, observations and their respective uncertainties, 
with partly or fully missing variables, in the calculation of the synthetic images at time steps for which 
medium-resolution imagery is not available. It therefore allows continuous monitoring of land surfaces at 
higher spatial resolution than moderate-resolution sensors and higher temporal frequency than existing 
medium-resolution sensors. To demonstrate the approach, time series of 30-m spatial resolution NDVI 
images at 16-day time steps were generated using Landsat NDVI images and MODIS NDVI products at 
four sites with different ecosystems and LC/LU dynamics. The results show that the time series of 
synthetic NDVI images captured seasonal land surface dynamics and maintained the spatial structure of 
the landscape at higher spatial resolution. The method provided a robust performance for input data of 
variable qualities and environmental conditions, highlighting the relevance of including uncertainties in 
the integration of multi-sensor remote sensing data. 

This method was applied on PROBA-V time series. Kempeneers et al. (2016) present a data assimilation 
method to increase the temporal resolution of the nadir-viewing 100-m product with the off-nadir 300-m 
images, having identical spectral specifications, in order to produce a continuous 100-m time series. 
Indeed, the swath of the nadir-viewing sensor is only half of the swath of a single off-nadir viewing 
sensor. Due to its limited field of view, a global coverage can only be obtained every five days, which is a 
serious drawback for a number of applications especially in cloud-affected areas. The method 
implements the Kalman filter recursive algorithm to generate the assimilated imagery at the fine spatial 
detail (100 m). The assimilated product is a cloud-free time series at the temporal resolution of the 300-
m data, while preserving the spatial detail of the fine resolution data. Quantitative results show the 
potential of the method for continuous monitoring of land surfaces compared to a simple data 
assimilation and the Savitzky–Golay (SG) filter.  

One of the strengths of the Kalman filter is its robustness to a relatively large number of gaps in temporal 
time series. Especially in the context of data acquisition with optical sensors in conditions with frequent 
cloud cover, this is an important asset. The added value of the improved spatial resolution from 300 to 
100 m has also been illustrated for monitoring agriculture via remote sensing in this area. It was shown 
that the synthetic profile at 100 m based on the Kalman filter was better able to capture the 
phenological patterns of the crops with respect to the original PROBA-V product at both 100 and 300 m. 

Recently, the Kalman filter method was used for the implementation of the dynamic land  cover product 
at 100 m resolution provided in the Copernicus Global Land Service (Buchhorn et al., 2017). In order to 
overcome the low data density and therefore data gaps in the PROBA-V 100 m MC5 time series product, 
PROBA-V 300 m data which has a daily revisit time is fused in via a Kalman filtering for the input of the 
classification.  

STARFM and ESTARFM 

PROBA-V 100-m and 300-m S-1 products were also fused in Zheng et al. (2016) in order to map the 
biomass and yield of winter wheat, this time using the Spatial and Temporal Adaptive Reflectance Fusion 
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Model (STARFM) (Gao et al., 2006) and later also the Enhanced Spatial and Temporal Adaptive 
Reflectance Fusion Model (ESTARFM) (Zhu et al., 2010) algorithms.  

F. Gao et al. (2006) used the STARFM to obtain images high in both spatial and temporal resolutions, 
predicting daily surface reflectance data at the Landsat ETM+ spatial resolution and the MODIS temporal 
resolution. It is one of the first fusion algorithms that has been widely used for synthesizing Landsat and 
MODIS imageries. The Landsat images can be sparse in time, letting the MODIS data capture temporal 
changes. The STARFM accurately predicts surface reflectance at an effective resolution close to that of 
the ETM+. However, the performance depends on the characteristic patch size of the landscape and 
degrades somewhat when used on extremely heterogeneous fine-grained landscapes (Gao et al., 2006). 
To overcome STARFM’s inaccurate predictions of the surface reflectance over heterogeneous 
landscapes, the ESTARFM was proposed and has proven to be extremely effective (Zhu et al., 2010).  

A synthetic daily PROBA-V 100 m land surface reflectance was generated (Zheng et al., 2016). The results 
indicated that this fusion had excellent abilities because the blended reflectance was closely correlated 
with the observed reflectance. It shows the strong potential of using PROBA-V 300 m data to enhance 
the temporal resolution of PROBA-V 100 m data.  

STARFM and ESTARFM are shown to be useful in capturing reflectance changes due to changes in 
vegetation phenology, which is a key element of seasonal patterns of water and carbon exchanges 
between land surfaces and the atmosphere. However, they may have problems in mapping disturbance 
events when land-cover changes are transient and not recorded in at least one of the baseline high-
resolution (e.g., Landsat) images. In order to detect the spatial and transient changes, the Spatial and 
Temporal Adaptive Algorithm for mapping Reflectance Change (STAARCH) was introduced by Hilker et al. 
(2009) to serve change detection of reflectance values used for Landsat and MODIS. Based on Tasseled 
Cap transformations of both Landsat and MODIS reflectance data, the algorithm detects vegetation 
changes and employs each optimal Landsat-MODIS image pair in the fusion process.  

Bayesian data fusion 

A BDF framework was applied in Fasbender et al. (2009) for the update of scarce high resolution images 
of a first sensor with time series of coarser images from a second sensor. This BDF framework aims at 
reconciling various secondary information sources into a unique prediction. Although initially proposed 
in a spatial prediction context, a generalization of this BDF approach was presented here for space-time 
predictions. Two methods differing with respect to the amount of information sources at finer resolution 
were considered for the prediction of the target image. Details are provided by the high resolution image 
whereas the global fluctuations and seasonal trends are provided by the coarser image. The information 
relevance of the finer image with respect to the fused one is expected to drop along with the change of 
seasons. Although they only applied the method to a synthetic case study, generalizations of this BDF 
method are possible in order to tackle real case applications with images having different spectral bands.  

In Fasbender et al. (2009), linear regression is used to reflect the temporal dynamics, which, however, 
may not hold in a variety of situations. Moreover, there may be no regression-like trends in some cases. 
Xue et al. (2017) developed a formal and flexible Bayesian framework for the fusion of Landsat and 
MODIS images to obtain images high in both spatial and temporal resolutions. It provides a formal 
framework for the spatio-temporal fusion of remotely sensed images with a rigorous statistical basis that 
enables to efficiently handle uncertainties, it imposes no requirements on the number of input high 
resolution images, and it is suitable for heterogeneous landscapes. It makes use of the advantage of 
multivariate arguments in statistics to handle temporal dynamics in a more flexible way rather than just 
by linear regression. Experimental results demonstrate that the proposed method outperforms STARFM 
and ESTARFM, especially for heterogeneous landscapes. It produces surface reflectance highly correlated 
with those of the reference Landsat images. 
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3.3.1.4 Product-level fusion 

To illustrate the fusion at the product-level, three cases of post-classification fusion are presented here. 

To update built-up areas of the 2012 European HRL Imperviousness, a large set of images including IRS 
LISS-3, RE, SPOT-5 and IRS AWiFS time series are available through the ESA Data WareHouse (DWH). 
These latter are heterogeneous and particularly complex to process all in one as they have very different 
spectral/spatial resolution and they have been acquired at different time, in different conditions. 
Lefebvre et al. (2013) propose a robust approach able to combine all DWH products. They perform a 
separate image classification based on these data and then combine of each classification probabilities 
using a data fusion technique. The classification step is based on a neural network algorithm and the 
fusion step is performed with the Dempster-Shafer Theory (DST). This technique relies on evidence 
theory, it combines multiple classifiers dealing with the imprecision and uncertainty. Results bring out 
the efficiency of the method to process large projects such as GIO HR Layer and to benefit from the large 
diversity and availability of the ESA DWH products. 

A fusion of Landsat data and MODIS active fire detections product is performed by Boschetti et al. (2015) 
to map systematically burned areas at 30 m resolution. Spectral changes in time series of Landsat 30m 
data and temporally and spatially near-coincident daily 1 km MODIS active fire detections are used as 
separate sources of evidence for the occurrence of fire. A multistage mapping approach is used with an 
initial per-pixel change detection based on spectral rule-based pre-classification of Landsat 30m time 
series to identify candidate burned areas. The candidate burned area objects are then either retained or 
discarded by comparison with contemporaneous MODIS active fire detections, and an object-oriented 
fusion of the candidate with the MODIS product is performed.  

It is a common case that several and partially conflicting land cover products are available at the same 
time over a same area, where each product suffers from specific limitations and lack of accuracy. In 
order to take advantage of the best features of each product while at the same time attenuating their 
respective weaknesses, Gengler and Bogaert (2018) propose a methodology that allows the user to 
combine these products together based on a general framework involving maximum entropy/minimum 
divergence principles, BDF and Bayesian updating. First, information brought by each land cover product 
is coded in terms of inequality constraints so that a first estimation of their quality can be computed 
based on a maximum entropy/minimum divergence principle. Information from these various land cover 
products can then be fused afterwards in a Bayesian framework, leading to a single map with an 
associated measure of uncertainty. Finally, it is shown how the additional information brought by control 
data can help improving this fused map through a Bayesian updating procedure. 

3.3.2 Candidate variables for time-series fusion 

The detection of changes in land use and the monitoring of seasonal dynamics can be hampered by 
various physical effects that affect the signal of the sensor. 

Several issues can be mentioned, with varying impacts on the time series building. At the level of the 
sensor itself, saturation and non-linear response can occur during the capture of the digital count. This 
digital count for each pixel is also known to be permanently affected by the drift of the radiometric 
calibration – a familiar problem caused by the slow alteration of the sensor spectral capacities, subjected 
the short-wave radiation, that carries more energy and are prone to damage the material over time. 

At the level of the surface, topographical effects, as detailed in the report D10.1b on WP 32, combined 
with surface reflectance effects and atmospheric distortion, cause false change detection. Those effects 
reveal themselves in the shape of shadows over relief that fluctuate from one image to the other, of sun 
glint over water bodies and wetlands, due to the brief matching of the sun zenith angle and the one of 
the satellite, or of the presence of aerosols in the lowest layers of the atmosphere that causes light 
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scattering and absorption. Reflectance on the surface can also be modified by the evolving optical 
properties of the background soil underneath vegetal cover. 

All those factors can significantly produce variations in the raw data from one date to the other – even 
though a RTM has been applied to produce BOA images. Without in-situ data to support such models 
and provide measured parameters, the output of the model is still subject to small errors and 
uncertainties. This is why spectral and textural indices, some of them more or less resistant to such 
variations, can be used as a substitute for raw spectral band images. It should also be mention that multi-
sensor approaches, by handling different spectral and spatial properties of various sensors, benefit from 
the use of such metrics. 

3.3.2.1 Spectral variables 

Many spectral indices have been defined in the past three decades. Some have been and are still widely 
used, such as the NDVI, while others have only been proposed as alternatives in the recent years and 
have not found the same uptake. In Table 3-1, the main spectral indices are listed focusing on vegetation 
and built-up discrimination in order to explore their potential contribution to the evolution of Copernicus 
Land Services products and at the same time, favouring indices used in time series studies. The following 
sections discuss in depth a selected set of optical spectral indices, which are suitable to quantify distinct 
characteristics of the land surface and which hence are prime candidates for time-series generation to 
monitor temporal trends. 
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Table 3-1: List of spectral indices and their use for the creation of time series in published studies. 

CATEGORY INDICES USED IN TSA 

VEGETATION INDEX NDVI (Normalized Difference Vegetation Index) √ 

VEGETATION INDEX DVI (Difference Vegetation Index) √ 

VEGETATION INDEX RVI (Ratio Vegetation Index) √ 

VEGETATION INDEX IRECI (Inverted Red Edge Chlorophyll Index) √ 

SPECTRAL INDEX BI (Brightness Index) - 

ARTIFICIAL AREAS INDEX NDBI (Normalized Difference Built-Up Index) √ 

ARTIFICIAL AREAS INDEX UI (Urban Index) - 

ARTIFICIAL AREAS INDEX BUI (Built-Up Index) √ 

ARTIFICIAL AREAS INDEX IBI (Index-based Built-Up Index) √ 

ARTIFICIAL AREAS INDEX NBI (New Built-Up Index) √ 

ARTIFICIAL AREAS INDEX EBBI (Enhanced Built-Up and Bareness Index) - 

ARTIFICIAL AREAS INDEX NBUI (New Built-Up Index) √ 

HYDRIC STRESS INDEX NDWI (Normalized Difference Water Index) √ 

HYDRIC STRESS INDEX MNDWI (Modified Normalized Difference Water Index) √ 

HYDRIC STRESS INDEX MSI (Moisture Stress Index) √ 

SOIL INFLUENCE INDEX PVI (Perpendicular Vegetation Index) - 

SOIL INFLUENCE INDEX SAVI (Soil-Adjusted Vegetation Index) √ 

SOIL INFLUENCE INDEX TSAVI (Transformed Soil-Adjusted Vegetation Index) √ 

SOIL INFLUENCE INDEX MSAVI (Modified Soil-Adjusted Vegetation Index) √ 

VEGETATION INDEX NDMIR (Normalized Difference Middle Infrared Index) √ 

VEGETATION INDEX NDRB (Normalized Difference Red Blue) √ 

VEGETATION INDEX NDGB (Normalized Difference Green Blue) √ 

BIOPHYSICAL INDEX LAI (Leaf Area Index) √ 

SOIL AND ATMOSPHERE 
EFFECTS INDEX 

EVI (Enhanced Vegetation Index) √ 

ATMOSPHERE EFFECTS 
INDEX 

ARVI (Atmospherically Resistant Vegetation Index) √ 

ATMOSPHERE EFFECTS 
INDEX 

GEMI (Global Environment Monitoring Index) √ 

VEGETATION INDEX TDVI (Transformed Difference Vegetation Index or TDVI) √ 

BIOPHYSICAL INDEX FCover √ 

BIOPHYSICAL INDEX fAPAR √ 

Normalized Difference Vegetation Index or NDVI 

Healthy plants are mainly green, thus absorbing sun radiation in the visible spectrum region called 
photosynthetically active radiation (PAR), which contains the perfect amount of energy to induce a 
photosynthesis reaction. Infrared light is not used as an energy source for photosynthesis and is largely 
reflected by the structural leaf tissue. This is why plant reflects most of the IR wavelengths, while 
appearing dark in those bands - which is known as the 'red edge' effect. 

The NDVI (Rouse Jr. et al., 1974; Tucker, 1979) is used as an indicator to monitor vegetation health, and 
can be used as a proxy for photosynthetic activity and primary production from vegetation biomass. It is 
calculated as the difference in the reflectance between those two spectral regions, normalized by the 
sum of the reflectance measurements: 

𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑
𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑

 

It is then expected for the NDVI to vary between -1 and 1, where: 
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 dense vegetation canopy exhibits values between 0.9 and 0.6; 

 shrubs, grasslands or senescing crops gives smaller values, between 0.5 and 0.2; 

 soils, such as barren rocks, sand or snow, are characterized by small positive values, usually 
between 0.1 and 0.2; 

 deep water and clouds yield negative values. 

Since the clouds exhibit NDVI values below zero, the NDVI can provide helpful information for cloud 
screening. This index is one of the oldest and most used means to map vegetation (or non-vegetation) 
presence on the ground. 

The first limitation of the NDVI lays in the fact that by mathematical construction, it carries less 
information than both spectral channels used to compute its value. In particular, this design, with its 
compression of the high ratio values, is linked to the well-known and problematic saturation of the NDVI 
for dense canopies, which always leads to an underestimation of the green biomass for strong foliage 
density (Wang et al., 2005). Several other factors have been pointed as responsible in part for this loss of 
information, such as the width of the red band. The non-linearity of such a ratio also results in a non-
linear relation with other vegetation indices, directly linked to the amount of vegetation present in the 
area of interest (AOI), among which, the fAPAR or the LAI are found. 

The NDVI is also known to be sensitive to atmospheric effects, in particular to the presence of aerosols 
and water vapour, producing a degradation of contrast between the two spectral channels, but also to 
the conditions of observation, for example the absorption and the scattering occurring along the 
atmospheric path. The difference between the spectral response of two sensors yields different values of 
the NDVI over the same AOI, at the exact same date, making it harder to compare time series. However, 
the creation of composite images of NDVI is able to improve the resulting time series, with the 
minimization of anisotropic effects. 

Several factors on the ground can degrade the interpretability of the NDVI. The inclination of the leaves 
modifies the BRDF and thus the ratio – the planner the leaves, the stronger the signal of the NDVI, while 
their shadows artificially decrease its value. The soil underneath the foliage, depending on its brightness, 
its colour and its degree of moisture, or even the distribution of greenness on it (i.e. the same amount of 
vegetation covering the ground, but disposed in a different fashion) can have a significant impact on the 
NDVI values. 

The NDVI is widely used to detect the presence of vegetation and it’s state; however, the derivation of 
biophysical parameters can be hampered by the outlined inter-dependences. 

Difference Vegetation Index or DVI 

The DVI (Richardson & Wiegand, 1977) was proposed before the NDVI and, as its name indicates, it is 
only the difference characterizing the red edge, without normalization. It is also known as the 
Environment Vegetation Index (EVI). It can be calculated with: 

𝐷𝑉𝐼 =  𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑 

Even though the DVI is not a normalized quantity, once directional effects are corrected (using in 
particular bidirectional anisotropy standard shapes and reflectance correction) and for water vapour 
absorption, the DVI is more robust than NDVI to atmospheric effects and noise in general (Bacour et al., 
2006). 

However, the DVI still exhibits similar limitations to the NDVI ones, due to its close mathematical 
construction. In fact, the DVI remains sensitive to several key parameters, in particular, the presence of 
aerosol in the atmosphere, and the resulting scattering of the radiation. The geometry of the 
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observation, mainly presenting a solar zenithal angle higher than 60° can lead to disparaging results – 
this is specifically an issue for old sensors, which are subject to orbital drift effects. 

Overall, it should be noted that like the NDVI, the DVI cannot be used as a tool to quantitatively estimate 
the state of vegetation when the vegetation is canopy is too dense. 

Ratio Vegetation Index or RVI 

Also called Simple Ratio (SR), the ratio vegetation index (Jordan, 1969) is defined by: 

𝑅𝑉𝐼 =  
𝜌𝑁𝐼𝑅
𝜌𝑅𝑒𝑑

 𝑜𝑟 𝑅𝑉𝐼 =
𝜌𝑁𝐼𝑅
𝜌𝑉𝑖𝑠

 

where the red channel is replaced by the visible channel if it is not available. RVI for bare soils are near 1, 
its value increases as the amount of green vegetation in an AOI. The ratio is not bound and can increase 
far beyond 1. 

By design, the RVI is less sensitive to topographical and atmospheric effects when the vegetation 
coverage is dense; it is due to the fact that the equation eliminates irradiance and transmittance values 
in both channels. Unlike the NDVI and the DVI, a good correlation exists between the plant biomass 
present in the AOI and the RVI values. 

Yet those improvements remain limited. Sensitivity to the spectral contribution of the soil, to the 
geometry of the observation, in particular the sun illumination angle, cannot be eliminated from the 
computation of the RVI. When the vegetation is sparse (i.e. covering less than 50% of the observed AOI), 
the RVI also needs to be atmospherically corrected. 

Inverted Red Edge Chlorophyll Index or IRECI 

The IRECI was introduced by (Frampton et al., 2013) to evaluate the capability of the S-2 sensor for the 
estimation of canopy chlorophyll content. It utilizes the maximum and minimum vegetation reflectances 
in the RED EDGE 3 (proposed NDVI band adjusted to S-2 wavelength specifications) and RED bands and 
the leaf chlorophyll concentration indicative RED EDGE slope. The incorporation of the Red Edge bands 
also limits the effects of saturation. Although not the initial aim of the development, the IRECI index 
showed a strong linear correlation with the biophysical Leaf Area Index (LAI) parameter. 

𝜌𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 3 − 𝜌𝑅𝑒𝑑

𝜌𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 1 / 𝜌𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 2
 

Brightness Index 

The brightness Index (BI) can expressed as (Mathieu et al., 1998): 

𝐵𝐼 = √
𝜌𝑅𝑒𝑑 + 𝜌𝐺𝑟𝑒𝑒𝑛 + 𝜌𝐵𝑙𝑢𝑒

3
 

which is a measure of the average reflectance magnitude in the visible bands, used to quantify the soil 
color effect. 

Normalized Difference Built-Up Index or NDBI 

The “Normalized Difference Built-Up Index” (Zha et al., 2003) is defined as: 
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𝑁𝐷𝐵𝐼 =  
 𝜌𝑆𝑊𝐼𝑅 − 𝜌𝑁𝐼𝑅
 𝜌𝑆𝑊𝐼𝑅 + 𝜌𝑁𝐼𝑅

 

This index highlights urban areas, where the SWIR radiations are more reflected than the NIR ones. It has 
been originally developed for Landsat TM bands 4 and 5 and it will work with any multi-spectral 
instrument with a NIR band between 0.76 - 0.9 µm and a SWIR band between 1.55 – 1.75 µm. The NDBI 
determination does not rely on seasonality consideration and should not be impacted by the date of the 
image; however, it remains best to put an emphasis on image acquired at times when the vegetation 
cover is at its peak, like for any vegetation indices. The use of a different spectral channel, the SWIR 
band, in the equation of the NDBI makes it independent yet complementary to the NDVI, and they both 
can be used together. 

The NDBI does not distinguish the different parts constituting the urban tissue, for example, residential 
land cover will exhibit the same NDBI as highly industrial areas. This is why the NDBI is mainly used to 
map wide urban land cover, requiring few details. It should also be noted that the NDBI confuses barren 
lands, such as sandy beaches, agricultural areas subjected to drought, due to the loss of moisture in the 
soil, with urban zones. This confusion between beaches and urban areas can be circumvented by 
assessing the closeness to water bodies; however, peripheral urban zones mixed with barren soils will be 
less simply discriminated using this index. 

Urban Index or UI 

The Urban Index (Kawamura et al., 1996) is defined as: 

𝑈𝐼 = (
𝜌𝑆𝑊𝐼𝑅_2 − 𝜌𝑁𝐼𝑅
𝜌𝑆𝑊𝐼𝑅_2 + 𝜌𝑁𝐼𝑅

+ 1) ∗ 100 

where 𝜌𝑆𝑊𝐼𝑅_2 is the SWIR band with wavelengths ranging from 2.08 𝜇𝑚 and 2.35 𝜇𝑚, matching the 
band 7 of Landsat TM. The UI exploits an observed inverse relation between the brightness of built-up 
lands in the NIR and SWIR bands. 

While on one hand, the UI cannot distinguish between barren lands and built-up areas; this can be 
improved by combining it with an automatic segmentation method. 

Built-Up Index or BUI 

The Built-Up Index, in order to separate the barren lands from the urban sprawl (Kaimaris & Patias, 
2016), is defined by: 

𝐵𝑈𝐼 =  
2 ∗ ((𝜌𝑅𝑒𝑑 ∗  𝜌𝑆𝑊𝐼𝑅_2) − (𝜌𝑆𝑊𝐼𝑅_1 ∗ 𝜌𝑆𝑊𝐼𝑅_1))

(𝜌𝑅𝑒𝑑 + 𝜌𝑆𝑊𝐼𝑅_1) ∗ (𝜌𝑆𝑊𝐼𝑅_1 + 𝜌𝑆𝑊𝐼𝑅_2)
 

where SWIR_1 matches the band 5 of Landsat TM, which ranges from 1.55 𝜇𝑚 to 1.75 𝜇𝑚, SWIR_2 
tallies with the band 7, from 2.09 𝜇𝑚 to 2.35 𝜇𝑚. 

In their article, Kaimaris and Patias showed that the built-up index identifies areas without constructions 
with a better accuracy than NBI, UI, NDBI, IBI and EBBI, due to the fact that the CART does not take into 
account the contribution of the spectral band in the near infrared, which leads to a reduced overall 
accuracy to identify constructions. However, the test has only been realised at the scale of a city.  
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Index-based Built-Up Index or IBI 

The Index-based Built-Up Index (Xu, 2008) is the first urban index based on other indices results, rather 
than the raw data of the images spectral bands. It is defined as: 

𝐼𝐵𝐼 =

(𝑁𝐷𝐵𝐼 −
(𝑆𝐴𝑉𝐼 + 𝑀𝑁𝐷𝑊𝐼)

2
⁄ )

(𝑁𝐷𝐵𝐼 +
(𝑆𝐴𝑉𝐼 + 𝑀𝑁𝐷𝑊𝐼)

2
⁄ )

=  

2 ∗ 𝜌𝑆𝑊𝐼𝑅
(𝜌𝑆𝑊𝐼𝑅 + 𝜌𝑁𝐼𝑅)

− [
𝜌𝑁𝐼𝑅

(𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑)
+

𝜌𝐺𝑟𝑒𝑒𝑛
(𝜌𝐺𝑟𝑒𝑒𝑛 + 𝜌𝑆𝑊𝐼𝑅)

]

2 ∗ 𝜌𝑆𝑊𝐼𝑅
(𝜌𝑆𝑊𝐼𝑅 + 𝜌𝑁𝐼𝑅)

+ [
𝜌𝑁𝐼𝑅

(𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑)
+

𝜌𝐺𝑟𝑒𝑒𝑛
(𝜌𝐺𝑟𝑒𝑒𝑛 + 𝜌𝑆𝑊𝐼𝑅)

]
 

then later refined (Ray, 1994) as: 

𝐼𝐵𝐼 =

{
 
 
 
 
 

 
 
 
 
 (𝑁𝐷𝐵𝐼 −

(𝑆𝐴𝑉𝐼 +𝑀𝑁𝐷𝑊𝐼)
2
⁄ )

(𝑁𝐷𝐵𝐼 +
(𝑆𝐴𝑉𝐼 +𝑀𝑁𝐷𝑊𝐼)

2
⁄ )

,  if the plant cover is < 30%

(𝑁𝐷𝐵𝐼 −
(𝑁𝐷𝑉𝐼 +𝑀𝑁𝐷𝑊𝐼)

2⁄ )

(𝑁𝐷𝐵𝐼 +
(𝑁𝐷𝑉𝐼 +𝑀𝑁𝐷𝑊𝐼)

2⁄ )
,  if the plant cover is > 30%

 

The three indices represent the three main components of urban environments: vegetation, water and 
built-up land. The values range from -1 to 1, where null or negative values are generated by background 
noise, such as water and vegetation.  

The IBI is constructed to suppress background noises and to clearly separate the diverse land cover or 
land use classes, in particular to detect asphalt and concrete surfaces. Yet compared to simple indices 
such as the NDVI, the IBI requires either a complex computation composed of four spectral bands or the 
computation of four different indices. 

New Built-Up Index or NBI 

The Built-Up Index (Jieli et al., 2010) is defined by: 

𝑁𝐵𝐼 =  
2 ∗ (𝜌𝑅𝑒𝑑 ∗  𝜌𝑆𝑊𝐼𝑅_1𝑚𝑢)

𝜌𝑁𝐼𝑅
 

 

It should be noted that the NBI is only able to highlight built-up areas, not to separate water bodies or 
forest from mixed agriculture. Moreover, this index is not a dimensionless quantity, and therefore is 
dependent on the sensor – time series of maps generated with it, but issued from different satellites 
cannot be compared between each other. 

Enhanced Built-Up and Bareness Index or EBBI 

The Enhanced Built-Up and Bareness Index (As-Syakur et al., 2012) is defined by: 
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𝐸𝐵𝐵𝐼 =  
 𝜌𝑆𝑊𝐼𝑅_1𝑚𝑢 − 𝜌𝑁𝐼𝑅 

10 √𝜌𝑆𝑊𝐼𝑅_1𝑚𝑢 − 𝜌𝑇𝐼𝑅
 

It relies on 3 channels, in order to highlight contrast reflection range and absorption in built-up and bare 
land areas. The Thermal InfraRed (TIR) wavelengths are used to map high and low levels of albedo in 
urban areas. The high emissivity in urban areas is caused by the type of material found in those, while 
the emissivity of bare soil is determined by the degree of moisture and the presence of mineral 
constituents. 

The positive values are associated with built-up and barren land pixels, while the presence of vegetation 
generates negative values, roughly varying between -1 and 1. The TIR channel is also sensitive to the 
higher temperature radiation emitted by the urban areas.  

The EBBI has been specially constructed to distinguish between barren soils and built-up lands. Based on 
the work of As-Syakur et al. (2012), it shows an increased accuracy to determine the percentage of 
surface covered by built-up structures, but its relative accuracy may be lower than other indices, 
specifically designed to target only one type of land covers, which is to be expected in highly 
heterogeneous landscapes. This index also has the advantage to eliminate artefacts produced by the 
shadows or the water bodies’ presence. 

New Built-Up Index or NBUI 

The New Built-Up Index (Sinha et al., 2016) is defined by the combination of 3 other indices: 

𝑁𝐵𝑈𝐼 = 𝐸𝐵𝐵𝐼 − (𝑆𝐴𝑉𝐼 +𝑀𝑁𝐷𝑊𝐼) 

𝑁𝐵𝑈𝐼 =  
 𝜌𝑆𝑊𝐼𝑅_1𝑚𝑢 − 𝜌𝑁𝐼𝑅 

10 √𝜌𝑆𝑊𝐼𝑅_1𝑚𝑢 − 𝜌𝑇𝐼𝑅
− (+ 

𝜌𝐺𝑟𝑒𝑒𝑛 − 𝜌𝑆𝑊𝐼𝑅
𝜌𝐺𝑟𝑒𝑒𝑛 + 𝜌𝑆𝑊𝐼𝑅

) 

The use of EBBI highlights the contrast reflection between built-up and barren lands, while the second 
part uses SAVI to signal the presence of vegetation, instead of NDVI, which remains less effective in an 
area with low plant cover. The final part, the MNDWI, is used to map the presence of water. This leads to 
positive values for built-up and barren lands, while water and vegetation yield negative values. This index 
has shown a better accuracy to map urban areas than NDBI or UI, taken alone, as demonstrated in the 
works of Sinha et al. (2016). 

Normalized Difference Water Index or NDWI 

The “Normalized Difference Water Index” (Gao, 1996) is defined as the ratio 

𝑁𝐷𝑊𝐼 =
𝜌𝑁𝐼𝑅 − 𝜌𝑆𝑊𝐼𝑅
𝜌𝑁𝐼𝑅 + 𝜌𝑆𝑊𝐼𝑅

 

where 𝜌 is the radiance in reflectance unit. Both wavelengths are localized in the part of the spectrum 
reflected by vegetation canopies. The NIR channel is linked to a negligible absorption of light by the 
water content present in the vegetal, while the SWIR channel present a weak liquid absorption. The 
NDWI is therefore sensitive to slight changes in the liquid water absorbed by vegetation canopies, giving 
an indication on the vegetation water stress. 

The NDWI is the opposite of the NDBI in theory, but other set of bands in the SWIR and NIR are often 
used. The NDWI is therefore also independent yet complementary to the NDVI. Compared to the latter, 
the NDWI is less sensitive to the atmospheric effects, in particular to the presence of water vapour in the 
atmospheric column. While the NDVI is linked to vegetation greenness and the presence of chlorophyll in 
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the plants, it is not directly to the quantity of water in them, contrary to NDWI. The soil background has a 
non-negligible effect on the values of this index when the vegetal cover at the surface is only partial. 
Drought and water stress are not the only factors responsible for land cover changes, pest and diseases 
can alter the vegetal cover; the NDWI should be used with other vegetation indices. 

Modified Normalized Difference Water Index or MNDWI 

Another derived index is the “Modified Normalized Difference Water Index” (MNDWI) (Xu, 2006) which 
focuses on extracting water presence from background dominated by built-up land: 

𝑀𝑁𝐷𝑊𝐼 =  
𝜌𝐺𝑟𝑒𝑒𝑛 − 𝜌𝑆𝑊𝐼𝑅
𝜌𝐺𝑟𝑒𝑒𝑛 + 𝜌𝑆𝑊𝐼𝑅

 

where 𝜌𝐺𝑟𝑒𝑒𝑛 is the reflectance of a green band between 0.5 - 0.6 µm and 𝜌𝑆𝑊𝐼𝑅 a band between 1.55 – 
1.75 µm. The water bodies are expected to be more finely delineated by this index, using a proper 
thresholding value – thanks to an improved discrimination between open surface water and the noise 
emerging from the built-up areas, the moisture present in the vegetation and soil. 

Moisture Stress Index or MSI 

In order to track the amount of water in the vegetation, and in particular the leaves, it is possible to 
switch the red band for a band in the mid-infrared. Based on the model of the RVI, a new index (Hunt & 
Rock, 1989) can be defined as: 

𝑀𝑆𝐼 =  
𝜌𝑀𝐼𝑅
𝜌𝑁𝐼𝑅

 

This index is used to monitor canopy stress, to predict productivity of crop fields and to study biophysical 
modeling. The interpretation of the MSI is inverted, compared to the other water indices: the high values 
indicate a greater water stress in the foliage. The variation ranges from 0 to 3, and common values for a 
healthy green vegetation is comprised between 0 and 2. 

Perpendicular Vegetation Index or PVI 

In order to take into account the influence of the soil underneath the vegetation, this index is computed 
in the feature space between the NIR band and the red one (Richardson & Wiegand, 1977). Each pixel of 
an image can be placed in a graph called feature space graph using its radiation reflected luminance in 
the red band and its radiation reflected luminance in the NIR band as coordinates. Using this visualization 
in the red, NIR 2D space, it is possible to spot isolated groups of pixels that may be related.  

The soil line is the line defined by a slash called the soil brighten line, and the PVI is taken equal to the 
perpendicular distance from this line to the point representing the pixel. Each pixel of equal vegetation 
density cover is supposed to be found along parallel lines to this soil line, which are called vegetation 
isolines. The greater the distance to the soil line, the greater the vegetation biomass. The PVI can then be 
computed from the equation: 

𝑃𝑉𝐼 =  √(𝜌𝑠𝑜𝑖𝑙 − 𝜌𝑣𝑒𝑔)𝑅𝑒𝑑
2

+ (𝜌𝑠𝑜𝑖𝑙 − 𝜌𝑣𝑒𝑔)𝑁𝐼𝑅
2

 

where 𝜌𝑠𝑜𝑖𝑙  is the soil reflectance and 𝜌𝑣𝑒𝑔 is the vegetation reflectivity. 

The main advantage of the PVI lays in its ability to filter out the undesired influence of the soil 
background in an effective manner; moreover, it exhibits also less sensitivity to the atmospheric effects. 
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This is why the PVI is often preferred to the NDVI for the inversion of surface vegetation parameter 
(grass yield, chlorophyll content) or the computation of the LAI. 

Nonetheless, the PVI remains sensitive to soil brightness and soil reflectivity, in particular in the presence 
of sparse vegetation coverage, and therefore needs to be adjusted for each kind of couple (soil type, 
percentage of vegetation coverage). 

Soil-Adjusted Vegetation Index or SAVI 

In order to improve even more the way soil is being considered in the PVI, Huete (1988) proposed to 
include the nature of the background as a parameter, leading to: 

𝑆𝐴𝑉𝐼 =  
(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑)(1 + 𝐿)

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑 + 𝐿
 

where 𝐿 is called the soil conditioning index. The values of 𝐿 are fixed according to the specific 
environmental conditions, from 1 to 0. When the vegetation cover is dense, in the case of large canopies 
mainly, 𝐿 has a value near 0.25, while for areas devoid of green vegetation, 𝐿 is set to 1. Under most 
environmental conditions, 𝐿 is close to 0.5 and when it is near 0, the value of SAVI nears the one of the 
NDVI. SAVI values range from -1 to 1: the lower this value, the lower the amount of green vegetation. 

One of the most key features of the SAVI lays in its ability to be more robust than the NDVI without 
requiring atmospheric corrections, and, as a consequence, to be even more accurate with the use of 
those corrections. On the other hand, this accuracy depends upon the specification of a soil brightness 
correction factor, which is a function of the kind of land cover present in the image – thus changing for 
each considered landscape. 

Transformed Soil-Adjusted Vegetation Index or TSAVI 

An improvement of the SAVI, called TSAVI, has been constructed (Baret et al., 1989) using the 
determination of the soil line for the considered sensor, modeled by a slope 𝑎 and an intercept of the 
soil line 𝑏: 

𝑇𝑆𝐴𝑉𝐼 =
𝑎 ∗ (𝜌𝑁𝐼𝑅 − 𝑎 ∗ 𝜌𝑅𝑒𝑑 − 𝑏)

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑 − 𝑎 ∗ 𝑏 + 0.08 ∗ (1 + 𝑎
2)

 

where the coefficient value 0.08 has been adjusted to minimize soil effects. 

The TSAVI uses the slope 𝑎 and the intercept of the soil line 𝑏 instead of an arbitrary parameter like the 
soil conditioning index 𝐿, which is an advantage to better retrieve information, but also a limitation, as it 
needs a function depending on the kind of land cover present in the image. 

Modified Soil-Adjusted Vegetation Index or MSAVI 

Another improvement proposed for the SAVI is the MSAVI, based on other local indices (Qi et al., 1994), 
rendering the parameter 𝐿 dynamically adjusted using the image data: 

𝑀𝑆𝐴𝑉𝐼 =  
(𝜌𝑁𝐼𝑅−𝜌𝑅𝑒𝑑)(1+𝐿)

𝜌𝑁𝐼𝑅+𝜌𝑅𝑒𝑑+𝐿
, with 𝐿 = 1 − 2 ∗ 𝑎 ∗ 𝑁𝐷𝑉𝐼 ∗𝑊𝐷𝑉𝐼 

where 𝑎 is the slope of the soil line and 𝑊𝐷𝑉𝐼 =  𝜌𝑁𝐼𝑅 − 𝑎 ∗ 𝜌𝑅𝑒𝑑 is the Weighted Difference 
Vegetation of Clevers, functionally equivalent to the PVI. To correct the soil brightness, the MSAVI loses 
overall sensitivity to changes in vegetation cover, unlike NDVI, which thus remains a more appropriate 
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tool to detect changes. It should also be added that the MSAVI is more sensitive to the atmospheric 
conditions between different AOI and/or taken at different times. 

Normalized Difference Middle Infrared Index or NDMIR 

The Normalized Difference Middle Infrared Index (NDMIR) has been originally proposed by Lu et al. 
(2004) for Landsat TM data and is a normalised difference of both middle infrared bands: 

𝑁𝐷𝑀𝐼𝑅 =  
𝜌𝑀𝐼𝑅1 − 𝜌𝑀𝐼𝑅2
𝜌𝑀𝐼𝑅1 + 𝜌𝑀𝐼𝑅2

 

Thus, it is sensitive to vegetation moisture. However, change in forest volume has been identified in 
many studies of being revealed best by middle infrared wavelengths and also Lu et al. (2004) showed 
that the NDMIR significantly correlated with forest stand parameters.  

Normalized Difference Red Blue or NDRB 

The Normalized Difference Red Blue Index  (Zhou et al., 2014) has been designed based on the red and 
blue bands of Landsat-8 OLI data: 

𝑁𝐷𝑅𝐵 = 
𝜌𝑅𝐸𝐷 − 𝜌𝐵𝐿𝑈𝐸
𝜌𝑅𝐸𝐷 + 𝜌𝐵𝐿𝑈𝐸

 

It has been introduced to better discriminate red/grey-roofed built-up from bare land areas (Zhou et al., 
2014).  

Normalized Difference Green Blue or NDGB 

The Normalized Difference Green Blue Index  (Zhou et al., 2014) has been designed based on the red and 
blue bands of Landsat-8 OLI data: 

𝑁𝐷𝐺𝐵 = 
𝜌𝐺𝑅𝐸𝐸𝑁 − 𝜌𝐵𝐿𝑈𝐸
𝜌𝐺𝑅𝐸𝐸𝑁 + 𝜌𝐵𝐿𝑈𝐸

 

Similar to the NDRB, the NDGB has been introduced to better extract the blue-roofed built-up areas and 
part of the red/grey-roofed built-up areas (Zhou et al., 2014). Combined with the NDRB it was used to 
discriminate built-up areas and bare soil and achieved better results than with the standard NDBI 
approach.  

Leaf Area Index or LAI 

The “Leaf Area Index” (Turner et al., 1999) is used to characterize plant canopies and determine the size 
of the interface for the exchange of energy (including mainly radiation) and mass between the canopy 
and the atmosphere. It is defined as the green leaf area per unit of ground surface for broadleaf trees, 
and concerning conifers, there have been several proposed definitions: 

 Either the total needle surface per unit of ground surface area, divided by two; 

 Either the projected needle surface per unit of ground surface area; 

 Or the total needle surface per unit of ground surface area. 

The leaf area index can range from 0 for barren lands to 10, for dense canopies and is used to estimate 
leaves cover and to forecast crop yield, but also examine relationships between environmental stress 
factors and forest insect damages. It remains strongly non-linear with reflectance, scale-dependent and 
not accessible directly from remote sensing observations, which are sensitive to the ‘effective’ LAI, a 
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fraction of the ‘true’ LAI. The LAI can theoretically be retrieved with physical models, but some 
assumptions on the distribution of leaves have to be made, and cannot be applied for all types of 
vegetation. 

One of the ways to determine the LAI in-situ involves the measurements of a foliage sample – which is a 
destructive method. The true LAI is difficult to acquire from remote sensing images, for numerous 
reasons, e.g. the effect of branches and stems blocking the light – and the validation of this product using 
in-situ data can prove to be difficult. 

Enhanced Vegetation Index or EVI 

The “Enhanced Vegetation Index” (Liu & Huete, 1995) is defined by the following equation: 

𝐸𝑉𝐼 = 𝐺𝑎𝑖𝑛 ∗ 
(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑)

(𝜌𝑁𝐼𝑅 + 𝐶1 ∗ 𝜌𝑅𝑒𝑑 − 𝐶2 ∗  𝜌𝐵𝑙𝑢𝑒 + 𝐿)
 

where the numerical parameters 𝐺𝑎𝑖𝑛, 𝐶1, 𝐶2 - both weights related to the aerosol conditions in the blue 
and red bands - and 𝐿 - a canopy background adjustment term - need to be adapted for each sensor and 
each situation. The main feature of the EVI is to incorporate background corrective term as well as 
atmospheric resistance concepts, therefore 𝜌 is the “apparent” reflectance, at the top of the 
atmosphere, that requires no further calibration – which means in return that 𝐶1 and 𝐶2 depend on the 
atmospheric conditions, while 𝐿 depends on the kind of vegetation present on the image – thus forcing 
the EVI to require an empirical tuning for each AOI. 

Atmospherically Resistant Vegetation Index or ARVI 

This index is based on the knowledge that the red band is significantly impacted by the atmospheric 
effects, more than the NIR band (Kaufman & Tanre, 1992). Thus, the red band value is replaced by a 
difference between the blue and the red bands value, taking into account the (Rayleigh) molecular 
scattering and gaseous absorption for ozone corrections. The ARVI is expressed as: 

𝐴𝑅𝑉𝐼 =
𝜌𝑁𝐼𝑅− 𝜌𝑅𝐵

𝜌𝑁𝐼𝑅+ 𝜌𝑅𝐵
, with 𝜌𝑅𝐵 = 𝜌𝑅𝑒𝑑 −  𝛾 ∗ (𝜌𝑅𝑒𝑑 − 𝜌𝐵𝑙𝑢𝑒)  

where 𝛾 depends on the aerosol type – which can be set to 1 if the aerosol model is unknown, 
presenting thus no change with the NDVI. 

The ARVI is based on a reformulation of the NDVI designed to eliminate the effects of atmospheric 
aerosols and the ozone absorption, and this improved version of the NDVI, with this atmospheric 
resistance concept, can be incorporated into other indices, such as SAVI, to form a soil and 
atmospherically resistant vegetation index or SARVI; however, soil and atmosphere influence are 
interactive, and the removal of one source of noise increased the presence of the other. The main 
constraint of the ARVI lays in the fact that it should be computed with an aerosol model, and without 
one, it remains no better than NDVI. Therefore, one needs in-situ data on the actual atmospheric 
conditions, varying for each given time of the temporal series and each considered AOI. 

Global Environment Monitoring Index or GEMI 

In order to minimize the influence of atmosphere on the computation of index, such as the Rayleigh 
scattering, the GEMI (Pinty & Verstraete, 1992) is a non-linear index, defined as: 

𝐺𝐸𝑀𝐼 = 𝜂 ∗  (1 − 0.25 ∗  𝜂) − 
𝜌𝑅𝑒𝑑−0.25

1− 𝜌𝑅𝑒𝑑
, with 𝜂 =  

2 (𝜌𝑁𝐼𝑅
2+ 𝜌𝑅𝑒𝑑

2) +1.5 𝜌𝑁𝐼𝑅 +0.5 𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅+ 𝜌𝑅𝑒𝑑+ 0.5
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which varies from 0 to 1 over continental areas. 

The GEMI, like the NDVI, involves only two spectral channels to be computed, and has been designed to 
be resistant to atmospheric conditions, leading to an almost linear relationship between the GEMI 
computed without atmospheric corrections, computed at the top of the atmosphere, and the pre-
processed GEMI, obtained at the bottom of the atmosphere. On a given AOI, the GEMI has the 
disadvantage to be highly sensitive to soil noise, and is unable to deal with variations in soil reflectance – 
therefore being unsuitable for the creation of time series over arid regions. 

Transformed Difference Vegetation Index or TDVI 

The Transformed Difference Vegetation Index (Bannari et al., 2002) has been theorized to be an 
improvement of the NDVI and the SAVI, by having a linear function of the vegetal canopy, while being 
resistant to the optical properties of the bare soil: 

𝑇𝐷𝑉𝐼 =  √0.5 + 𝑁𝐷𝑉𝐼 =  √0.5 +
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑
𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑

 

The TDVI does not saturate like NDVI and SAVI for high values and exhibit a linear behaviour as function 
of the amount of vegetation cover. However, like the NDVI or the SAVI, the TDVI requires calibrated 
images to perform better than both indices, in particular to avoid the impact of atmospheric effects. 

Fractional Cover or FCover 

FCover is the estimated fraction of green vegetation that covers the soil, as seen from the nadir (Carlson 
& Ripley, 1997). It used to quantify the surface occupied by vegetation, giving an indication of the crop 
growth rate. Several methods can be employed to determine its value for a given image, among which: 

 Conventional classification, using supervised or unsupervised algorithms 

 Linear modelling, correlating field-measured fractional cover with sensor reflectance bands or 
vegetation indices 

 Physical models, that simulates how the light energy is reflected or absorbed by the different 
surfaces and can derive an estimation of the FCover, based on the LAI and other structural 
canopy variables 

When the FCover is numerically computed using physical models, its determination requires a precise 
description and/or group of assumptions on the BRDF: it is mostly done on high-resolution images, over 
small AOI. 

Fraction of Absorbed Photosynthetically Active Radiation or fAPAR 

The fAPAR is the fraction of photosynthetically active radiation absorbed by the green parts of the 
canopy. It depends on the canopy structure, on the vegetation element optical properties and the 
illumination conditions. The major methods to generate the fAPAR are mainly simulations, such as linear 
modeling interpolation or physical models. 

The fAPAR excludes the fraction of incident PAR that is reflected by the leaves and absorbed by the soil, 
as well as the fraction directly absorbed by the soil. It remains difficult to measure directly, and is usually 
computed by numerical radiative transfer models, like the LAI and the FCover, for given assumptions on 
the canopy structure. 
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The fAPAR values prove to be relatively linear related to the reflectance values, but depend on the 
chosen scale, which can be an issue as the fAPAR is routinely used as a key variable to forecast crop yield 
(Prince & Goward, 1995) and to monitor forest health. Estimations of the fAPAR are excessively sensitive 
to the presence of snow in the background. 

Conclusion 

Despite presenting some drawbacks, the NDVI is still widely in use, largely because of its computation in 
well-calibrated enduring time-series, like the NOAA-AVHRR data set or the Landsat one, spanning over 
several decades, thus easing the analysis of LC/LU evolution. It remains an one of the most important 
variables in the creation and analysis of time series, not only to classify new time series of images, but 
also to compare the results to other studies. The same can be said for the NDBI and the BI, and it is 
proposed here to use the first two indices first jointly to characterize the imperviousness layer. Other 
interesting indices have also been tested to better characterize the LC/LU and in particular the forest and 
agriculture. The NDMIR complements the NDVI to better distinguish vegetation over low water content, 
whose spectral response can be mistaken as urban areas while using the NDVI. The MNDWI is of help to 
better discriminate the water bodies and wetlands, and is used when the NDWI accuracy is deemed not 
sufficient. The IRECI, specifically designed to take advantage of the red edge bands available in S-2 data, 
can be used to evaluate the canopy chlorophyll content, while being linked to the LAI. The NDRB and 
NDGB are used to enhance the discrimination between urban areas and bare soils or bare rocks. 

3.3.2.2 Textural variables 

Spectral indices allow the exploration of spectral correlation, but without further analysis, valuable 
information inherent in the spatial correlation existing between adjacent pixels is neglected. Several 
techniques, quantifying either the overall spatial repartition of pixel intensity (the so-called spatial-
frequency index) or the special correlation between a distinctive group of pixels (designated as textural 
indices), can be listed, as seen in the Table 3-2. Integrating such texture measures into the temporal 
domain can help create more robust time-series, because it allows to monitor the joint behavior of 
neighboring pixels, which may be a more robust measure to separate noise from actual changes in LC. 
Textural variables may be derived from both optical and SAR data and can hence contribute to the joint 
use of both. 

Table 3-2: List of textural indices and their use in the creation of time series. 

CATEGORY INDICES USED IN TIME SERIES 
STUDY TEXTURAL INDEX GLCM/GLCH √ 

TEXTURAL INDEX PanTex √ 

SPATIAL-FREQUENCY INDEX FT √ 

SPATIAL-FREQUENCY INDEX WT √ 

Co-occurrence matrix 

The computation of co-occurrence matrices is a widely used method to extract texture features, where 
an image texture is defined as an arrangement of intensities (a pattern) that can be repetitively found at 
various scales in an image. This method is able to capture the similarity in the gray tones of those 
patterns and the spatial relations between them. 

A co-occurrence matrix or distribution (Haralick et al., 1973) is a matrix 𝐶 defined over an image to be 
the descriptor of the state of two pixels simultaneously considered, therefore characterized by a distance 
𝑑 and an orientation 𝜃 or an offset in each direction, for example (Δ𝑥, Δ𝑦). For an image 𝐼 of 𝑁 pixels, of 
size 𝑛 ∗ 𝑚, the co-occurrence matrix 𝐶 can be written as: 
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𝐶 = 

[
 
 
 
 
𝑝(1,1) 𝑝(1,2) 𝑝(1,3)

𝑝(2,1) 𝑝(2,2) 𝑝(2,3)

𝑝(𝑖, 1) 𝑝(𝑖, 2) 𝑝(𝑖, 3)
⋯

𝑝(1,𝑁)

𝑝(2, 𝑁)

𝑝(3, 𝑁)
⋮ ⋱ ⋮

𝑝(𝑁, 1) 𝑝(𝑁, 2) 𝑝(𝑁, 3) ⋯ 𝑝(𝑁, 𝑁)]
 
 
 
 

 

where (𝑖, 𝑗) are pixel values and 𝐼(𝑥, 𝑦) is the value of the pixel at  (𝑥, 𝑦). Several texture measures can 
be derived from this matrix: 

 The uniformity or energy: 

𝑈𝑁𝐼 =  ∑ ∑ 𝑝2(𝑖, 𝑗)

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

 The contrast: 

𝐶𝑂𝑁𝑇 = ∑ ∑|𝑖 − 𝑗|𝑘 ∗ 𝑝(𝑖, 𝑗)2
𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

 
 

 The maximum probability: 

𝑀𝐴𝑋 =  max
𝑖,𝑗

𝑝(𝑖, 𝑗) 

 

 The correlation: 

𝐶𝑂𝑅𝑅 = ∑ ∑ [
(𝑖 − 𝜇) ∗  (𝑗 −  𝜇)  ∗ 𝑝(𝑖, 𝑗)

𝜎2
]

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

 The entropy: 

𝐸𝑁𝑇 = ∑ ∑ 𝑝(𝑖, 𝑗) ∗  log(𝑝(𝑖, 𝑗))

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

 The inverse difference moment: 

𝐼𝑁𝑉 =  ∑ ∑
𝑝(𝑖, 𝑗)2

|𝑖 − 𝑗|𝑘

𝑁−1

𝑗=0
 𝑗≠𝑖

𝑁−1

𝑖=0

 

 The angular second moment: 

𝐴𝑆𝑀 = ∑ ∑ 𝑝(𝑖, 𝑗)2
𝑁−1

𝑗=0

𝑁−1

𝑖=0
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 The homogeneity: 

𝐻𝑂𝑀 = ∑ ∑ [
𝑝(𝑖, 𝑗)

1 + |𝑖 − 𝑗|
]

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

 The dissimilarity: 

𝐷𝐼𝑆𝑆 = ∑ ∑ 𝑝(𝑖, 𝑗) ∗  |𝑖 − 𝑗|

𝑁−1

𝑗=0

𝑁−1

𝑖=0

 

Co-occurrence matrices are also referred to as gray-level co-occurrence matrices (GLCMs), as gray-level 
co-occurrence histograms (GLCHs), or as spatial dependencies matrices. The computation can be done in 
the entire image or in a reduced window for a particular analysis. The co-occurrence matrices are well 
adapted to describe natural textures, e.g., grassland or cultivated fields. Those matrices are widely used 
in remote sensing analysis in order to distinguish patterns resulting from anisotropy. 

Nonetheless, their handling necessitates the set-up of multiple parameters such as the direction offset, 
the size of the analysis window or even the choice of one or several metrics described by (Haralick et al., 
1973). Depending on the size of the analysis window, bigger or smaller patterns will be detected; the 
accuracy of the classification procedure thus strongly depending on the values of this particular 
parameter. Moreover, the temporal evolution of a local texture, based on its size, can be difficult to 
interpret.  

PanTex 

The procedure for the calculation of a texture-derived built-up presence index, shortened by PanTex 
(Pesaresi et al., 2008), is based on fuzzy rule-based composition of anisotropic measures derived from 
co-occurrence matrix applied to the image. Instead of using spectral signature produced by physical-
chemical properties, the PanTex exploits stable structural traits producing local contrast, which can be 
enhanced by rotation-invariant anisotropic textural analysis based on GLCM measures. 

The workflow of the processing chain can be summed up in the following steps: 

 Pre-processing, which encompasses ortho-rectification and mosaicking 

 Calculation of Built-Up Presence Index (computation of co-occurrence measure, like the contrast, 
for all the considered directions, integration of different directions in the fuzzy built-up area 
membership) 

 Extraction of built-up areas polygon (calculation of the de-fuzzyfication threshold and polygon 
extraction) 

 Layer production (visual interpretation, cross-checking) 

There are numerous advantages in the selection of the PanTex index, compared to the general theory of 
the co-occurrence matrices, in order to study urban areas, among which can be found: 

 A reduction of edge effects on non-built-up features; 

 A robustness against seasonal changes, from multi-sensor images, or multi-scenes, i.e. images 
with various illumination, weather, atmospheric conditions; 

 A robustness against image compression based on wavelet transformation; 

 A robustness for various landscapes present in the scene; 

 The use of panchromatic images instead of multi-spectral datasets; 

 No need for calibration of the input data; 



D6.2 – D31.1b - Methods Compendium: S-1/2/3 Integration Strategies Date: 29.12.2019 
ECoLaSS – Horizon 2020  |Page 35| Issue/Rev.:2.0 

  

 No need for training data. 

From the list of parameters needed to use the co-occurrence matrices alone, the PanTex leaves the user 
only one free parameter to set up, the value of the threshold applied to the built-up index continuum 
function to generate discrete polygons. 

Fourier transforms 

The Fourier transform 𝑓 is the representation of a temporal function 𝑓 in the frequency space 

𝑓(𝑘) =  ∫ 𝑓(𝑡)
∞

−∞

𝑒−𝑖𝑘𝑡𝑑𝑡 

where 𝑖 is the imaginary number and 𝑘 is the frequency. The transformation is reversible. For an image 
𝐼(𝑥, 𝑦) of size 𝑛 ∗ 𝑚, the Fourier transform can be written as: 

𝐼(𝑘, 𝑙) =
1

𝑁𝑀
∑ ∑ 𝐼(𝑥, 𝑦)𝑒

−𝑖2𝜋(
𝑥𝑘
𝑁
+
𝑦𝑙
𝑀
)

𝑀−1

𝑦=0

𝑁−1

𝑥=0

 

All frequencies are represented, whichever their direction in the image is. A privileged direction for the 
studies is not needed to determine and isolate a given pattern, contrary to the previously mentioned 
indices like the GLCMs. 

Yet, the Fourier transform is applied on the whole image, and the frequency spectrum cannot spatially 
localize the characteristics of the texture; this can be eventually resolved by using a sliding window, but it 
therefore introduces the size of the window as another parameter to set up. 

Wavelet transformation Analysis 

The wavelet transform has been theorized by (Morlet et al., 1982a) and (Morlet et al., 1982a, 1982b) to 
study seismic activities. This approach has been reused in image processing (Mallat, 1989; Meyer, 1990). 
The continuous wavelet transform of a continuous signal 𝑓 is written as: 

ℱ(𝑎, 𝑏) =  ∫ 𝑓(𝑡)
1

√𝑎
 𝜑∗

+∞

−∞

(
𝑡 − 𝑏

𝑎
)  𝑑𝑡 

where 𝑎 is the scale factor that cannot be null, 𝑏 is a real number called the translational value and 𝜑∗(𝑡) 
is the complex conjugate of 𝜑, which is a continuous function in the time domain as well as in the 
frequency domain. This function, called a “mother wavelet”, is used to derive “daughter wavelets”, 
translated and scaled for different 𝑎 and 𝑏 parameters. 

ℱ(𝑎, 𝑏) is the projection of 𝑓(𝑡) on the analysis function 𝜑∗ (
𝑡−𝑏

𝑎
) which can be chosen among various 

wavelet types, such as the Morlet wavelet, the Mexican hat wavelet, the Haar wavelet, or the Hermitian 

wavelet. One can demonstrate that the family of functions defined by 𝜑𝑗,𝑚(𝑘) = 2
−𝑖 2⁄  𝜑 (2−𝑖 ∗ 𝑘 −𝑚) 

forms an orthonormal basis, which can therefore represent the whole signal without loss. An image 𝐼 is 
represented in those basis functions as 

𝐼 =  ∑𝑐𝑗0,𝑚 ∗ 𝜑𝑗,𝑚(𝑘)

𝑚

+∑∑𝑑𝑗,𝑚 ∗ 𝜓𝑗,𝑚 

𝑚𝑗≤𝑗0
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where the 𝑐𝑗0,𝑚 is the continuous component at the scale 𝑗0 and 𝑑𝑗,𝑚 are the detailed component (or 

high frequency component). 

3.4 Candidate interpolation and fusion approaches for benchmarking 

In the following, the candidate methods for integration and fusion approaches to combine S-1, S-2 and S-
3 data with regards to the envisaged evolution of Copernicus Land Services are presented. 

3.4.1 Candidate approaches for integration of S-1/S-2 complementary information  

Aim of the integration of S-1/S-2 data is to better describe the different physical interactions with the 
land surface, defining primarily different characteristics of the LC/LU objects, and thus improving 
mapping accuracy. Optical multispectral data on the one side describe e.g., the leaf structure, 
pigmentation and moisture of vegetation, while SAR data on the other side describe their size, density 
and dielectric properties. Two approaches of the three methods mentioned above, are most relevant for 
this analysis: the feature fusion based on indices derived from each sensor (pre-classification fusion) and 
the fusion of thematic classification results (post-classification fusion).  

For large areas, sets of indicators and metrics derived from time series of SAR and optical data need to 
be robust, but should deliver complementary information. Various sets of indicators are being used in 
the literature, which can also be derived from S-1 or S-2 data. The following indicators from optical and 
SAR data have been identified of being useful and improving the thematic classification results: 
Backscatter coefficient and polarisation ratio (VH/VV) for SAR data as well as the multispectral indices 
NDVI, NDBI, MNDWI, NDMIR, NDRB. Furthermore, temporal statistics on the derived indices based on 
defined seasons and time intervals (i.e., NDVImean, NDVImax, NDVImin, etc.) are applied as they are useful 
especially for determining vegetated classes (Esch et al., 2018). The presented candidate indices and 
bands are input for further testing the feature and decision level fusion: 

 For feature level fusion the bands and indices from S-1 and S-2 are stacked into one dataset, 
which is then used for the classification of the specific HRL. 

 For the decision level fusion, the classifications are performed separately based on either S-1 
data or S-2 data. The results of both classifications are then fused based on post-classification 
decision rules. 

3.4.2 Candidate approaches for spectral, spatial, temporal interpolation and/or fusion approaches 

The synergistic use of the high spatial resolution of S-2 data with the high temporal frequency of S-3 time 
series aims to improve significantly the continuous monitoring of ecosystem dynamics in heterogeneous 
landscapes and cloud-affected areas. The candidate approaches for spectral, spatial and temporal fusion 
between S-2 and S-3 data have to be able to capture the initial, middle and final states of changes shapes 
and thus capture phenology, crop growth disturbance and land cover change processes, while taking 
explicitly into account the spatial and spectral resolution discrepancies between images. The high spatial 
resolution S-2 data act as phenology “transition points” that bracket the temporal interpolation 
supported by S-3 time series or other coarse resolution - high revisit frequency alternatives. 

The selected methods for this spatio-spectro-temporal fusion are the following ones: the Bayesian data 
fusion (Fasbender et al., 2009; Xue et al., 2017), the STARFM and ESTARFM (Gao et al., 2006; Zhu et al., 
2010) and the Kalman filtering (Kempeneers, 2016). These methods are justified and described in section 
4.1.2. As none of these approaches has been applied to both S-2 and S-3 data, or S-2 and PROBA-V data 
and they have to be adjusted to the specifications of the respective sensors. 
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3.4.3 Candidate approaches for spectral time series metrics/variables 

Time series of images provided by sensors such as S-3 or MODIS cover wide areas on a daily basis, while 
time series acquired by S-2 and other similar sensors such as Landsat cover a few hundreds of square 
kilometres, but with less than a dozen of exploitable acquisitions during the year. To identify grassland 
cover at a field scale, for example, this scarce temporal availability of high-resolution images is 
problematic, as a full season cycle cannot properly be reconstructed based on so few points on the 
temporal scale. 

In this part, candidate approaches that are looked at aim at quantifying the accuracy of the vegetation 
cycle based on data acquired by S-2 and the fused images. To this end, the most widely used indices are 
looked at, such as the NDVI, the NDBI, and the NDWI, while their statistical properties are computed in 
order to select the most relevant ones to study seasonal changes in the vegetal cover and as well as 
other kinds of evolution in the rest of the AOI not covered in greenery, by contrast. Other metrics can be 
constructed to focus on a particular land cover class or usually in combination with one or several 
spectral or textural indices reviewed in part 3.3.2. The types of variable can be listed as: 

 Statistical metrics of spectral values over one or several periods, such as the average, the 
maximum, the minimum – especially relevant to follow seasonality and phenology, they can be 
used as descriptive or predictive tools, in particular to identify certain land cover classes or to 
monitor the evolution of forest cover; 

 Change metrics, usually derived from a segment of radiometrically calibrated images, called a 
temporal trajectory, for example, the magnitude and the duration of the change, or the slope of 
the modelled trend – they are also used to characterize land cover and to map forest, for 
deforestation and recovery; 

 Stationary or non-stationary shape variables, corresponding to the modelling of temporal 
trajectories as continuous functions of time, that can exhibit stationary (for example, periodic) or 
non-stationary (e.g. transitions from one cover to another) patterns – deviations from those 
patterns may characterize the disturbance of the land cover, while expected patterns such as 
seasonal growth can be used to derive biomass estimates; 

 Trend metrics, among which one can find simple linear trends, seasonal trends and breakpoints 
to describe and decorrelate simultaneous landscape processes. 

Several indices can be used to form those metrics, the NDVI being one of the most used. The review in 
Table 3-3 summarizes advantages and disadvantages to use the indices in global time series. 

Furby et al. (2008) studied the Landsat time-series over Australia to monitor change in the land cover, 
and in particular, forests. For each image of the time series, land cover zones of similar spectral 
properties were constituted, based on manually selected training samples. Using canonical variate 
analyses and contrasts between forest and non-forest regions, the spectral separability of the samples 
led to the creation of new indices, combinations of spectral bands, to characterize the ‘woodiness’ of the 
land cover, and other masks that would help to split the land covers not exactly distinguished by the first 
index. Thresholds were then set and applied to label forest and non-forest regions with a certain 
probability, based on the previous images in the time series. The following multi-temporal classification 
based on neural networks refined the probability and generates a layer of changes from year to year. 
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Table 3-3: List of potential candidate indices for the creation of time series. 

CATEGORY INDEX ADAPTED FOR 
GLOBAL TSA 

CONDITIONS REMARKS 

SPECTRAL 
INDEX 

NDVI √ Applied on calibrated 
images BOA (atmospheric 
effects corrected) 

Composite of images can improve the 
result 

SPECTRAL 
INDEX 

DVI  X - Not normalized, different spectral 
responses from different sensors 
would yield different DVI over the 
same AOI 

SPECTRAL 
INDEX 

RVI X - Sensitivity to the geometry of the 
observation 

SPECTRAL 
INDEX 

IRECI X Used over a specific AOI – 
not a global scale 

- 

SPECTRAL 
INDEX 

NDBI X - Not sensitive to the date, works best 
at the peak vegetation though 
Not good with details, can depend on 
the lithological regimes within the AOI 
(e.g., volcanic vs non-volcanic soils) 

SPECTRAL 
INDEX 

NBI X - Depends on the sensor 

SPECTRAL 
INDEX 

NDWI √ Applied on calibrated 
images BOA (atmospheric 
effects corrected) 

Not sensitive to the date, works best 
at the peak vegetation though 
Not good with details 

SPECTRAL 
INDEX 

PVI X - Needs to be adapted to the AOI, 
depends on the soil type 

SPECTRAL 
INDEX 

SAVI X Used over a specific AOI – 
not a global scale 

Needs to be adapted to the AOI, 
depends on the soil type 

SPECTRAL 
INDEX 

TSAVI X Used over a specific AOI – 
not a global scale 

Needs to be adapted to the AOI, 
depends on the soil type 

SPECTRAL 
INDEX 

MSAVI X Used over a specific AOI – 
not a global scale 

Needs to be adapted to the AOI, 
depends on the soil type 

BIOPHYSIC
AL INDEX 

LAI √ Products computed from 
Landsat raw images, 
available with the Landsat 
time series 

- 

SPECTRAL 
INDEX 

EVI √ Can be used with TOA 
images, needs in-situ 
measurements (?) 

Depends on the sensor, on the AOI, 
on the atmospheric conditions 
(aerosol presence) 

SPECTRAL 
INDEX 

ARVI √ Can be used with TOA 
images, needs in-situ 
measurements (?) 

Depends on the atmospheric 
conditions (aerosol presence) 

SPECTRAL 
INDEX 

GEMI X - Unsuitable for creating time series 
over arid regions, not normalized 

SPECTRAL 
INDEX 

NBR 
(Normali
zed Burn 
Ratio) 

√ Applied on calibrated 
images BOA (atmospheric 
effects corrected) 

- 

SPECTRAL 
INDEX 

Unknown suitability for time series: 
UI, BUI, IBI, EBBI, NBUI, MNDWI, MSI, TDVI 

BIOPHYSIC
AL INDEX 

Unknown suitability for time series: 
fAPAR, FCover 
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4 Testing and benchmarking of candidate methods  

As lined out in the introduction and the interim progress report [AD16], it has been agreed to move the 
phase II benchmarking to WPs 32-35. Therefore this section discusses the candidate methods identified 
in chapter 3.4  accomplished in phase I along with their summarized phase I testing and then expands 
into additional phase II testing of S-2 / PROBA-V time-series fusion, since the S-2 / S-3 time-series fusion, 
while promising, was not operationally ready [AD06] and therefore not part of any other prototype 
testing and production. 

4.1 Description of candidate methods 

In the following, the candidate approaches for the integration/fusion of S-1/S-2 as well as S-2/S-3 time 
series data are explained in detail. 

4.1.1 Candidate approaches for integration of S-1/S-2 complementary information  

For large areas, sets of indicators and metrics derived from time series of SAR and optical data need to 
be robust, but should deliver complementary information. Various sets of indicators are being used in 
the literature, which can also be derived from S-1 or S-2 data. The following indicators from optical and 
SAR data have been identified of being useful and improving the thematic classification results: 

Candidate indices from SAR data: 

Two types of indices are seen to be relevant for a fusion with optical data, namely the backscatter 
coefficient in the available polarisations (VH, VV), related to plant biomass and morphology and soil 
conditions (moisture and roughness) (Villa et al., 2015), and polarisation ratios VH/VV (Bach et al., 2012; 
Dusseux et al., 2014; A. Schmitt et al., 2015). 

Candidate indices from optical data: 

According to Esch et al. (2018), six indices are seen to be well-suited for a fusion with SAR data, namely 
the Normalized Difference Vegetation Index (NDVI), the Normalized Difference Built-up Index (NDBI), the 
Modified Normalized Difference Water Index (MNDWI), the Normalized Difference Middle Infrared index 
(NDMIR) and the Normalized Difference Red Blue index (NDRB) and the Normalized Difference Green 
Blue index (NDGBI).  

The NDBI (Zha et al., 2003)) and applied to extract built-up areas in many studies (Xu, 2008); 
nevertheless, due to the use of the middle infrared band (i.e., band 6 of the Landsat-8 OLI sensor) this 
index is also sensitive to vegetation with low water content (Xu, 2006) which exhibits values comparable 
to those of urban areas. Accordingly, the NDMIR and the NDVI are applied to overcome this issue. On the 
one hand, the NDMIR uses both middle infrared bands, thus being sensitive to vegetation moisture (Lu et 
al., 2004)). On the other hand, the NDVI was first published by Rouse Jr. et al. (1974) and since then it has 
been widely employed in a variety of land cover applications. Moreover, the MNDWI is also employed to 
discriminate water. This index was proposed by (Xu, 2006) who enhanced the performance of the NDWI 
by replacing the NIR with the MIR band, which leads to a reduction of noise from built-up areas. In 
addition to the previous, two additional spectral indices introduced by Zhou et al. (2014) have been also 
included for improving the discrimination between urban areas and bare soil/bare rocks; specifically, 
these are the NDRB and NDGB indices. 

In order to integrate the temporal domain, temporal summary statistics can be calculated on the derived 
indices based on defined seasons/time intervals (i.e., NDVImean, NDVImax, NDVImin, etc.), which are 
frequently found useful especially for mapping vegetated classes (Esch et al., 2018) and which have 
indeed been utilized in many of the ECoLaSS phase II prototype developments, like the grassland HRL 
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status layer classification, for example [AD13]. The approach to integrate S-1 and S-2 data used for these 
prototypes development in ECoLaSS was pixel level fusion by stacking variables derived from both S-1 
and S-2 and performing joint modelling. 

4.1.2 Candidate approaches for spectral, spatial, temporal interpolation and/or fusion approaches 

In the following, the candidate approaches for a spectral, spatial and temporal interpolation/fusion of S-
2/S-3 are described in detail. Specifically, those are the Bayesian data fusion (section 4.1.2.1), STARFM 
and ESTARFM (section 4.1.2.2), as well as the Kalman filtering (section 4.1.2.3). 

4.1.2.1 Bayesian data fusion 

This BDF framework aims at reconciling various secondary information sources into a unique prediction. 
The space-time BDF data fusion relies on a general Bayesian Data Fusion approach in the context of 
spatial data described in Bogaert and Fasbender (2007). The prediction is based on a High-Pass Filtering 
approach. Details are provided by the high resolution image whereas the global fluctuations and 
seasonal trends are provided by the coarser image. It relies on the idea that variables of interest cannot 
be directly observed. Instead, they are linked to the observable variables. Some specific assumptions are 
chosen in order to tackle the issue of updating high resolution images.  

The main advantage of a Bayesian approach is to set the problem of data fusion into a clear probabilistic 
framework. Another advantage of the BDF framework over other existing multi-sensor data fusion 
methods is that it proposes a general formulation when accounting for several secondary information 
sources whatever the nature of this secondary information is. Finally, an appealing feature of the BDF 
method is that it is freely accessible within the ORFEO Tool Box software.  

4.1.2.2 STARFM and ESTARFM 

The Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al., 2006) and the 
Enhanced Spatial and Temporal Adaptive Reflectance Fusion Model (ESTARFM) (Zhu et al., 2010) 
algorithms are used to obtain images high in both spatial and temporal resolutions. They can generate 
synthetic images based on a pair image of coarse-spatial-resolution and high-spatial-resolution (base 
images) and the coarse-spatial-resolution data on the prediction date through establishing a linear 
relationship between the base images of coarse-spatial-resolution and high-spatial-resolution. 

The STARFM accurately predicts surface reflectance at an effective resolution close to that of high spatial 
resolution sensor. However, the performance depends on the characteristic patch size of the landscape 
and degrades somewhat when used on extremely heterogeneous fine-grained landscapes (Gao et al., 
2006). To overcome STARFM’s inaccurate predictions of the surface reflectance over heterogeneous 
landscapes, the ESTARFM was proposed and has proven to be extremely effective (Zhu et al., 2010). For 
this reason, ESTARFM is generally preferred.  

Some applications showed that this fusion had excellent abilities as the blended reflectance was closely 
correlated with the observed reflectance. STARFM and ESTARFM are both shown to be useful in 
capturing reflectance changes due to changes in vegetation phenology. However, they may have 
problems in mapping disturbance events when land-cover changes are transient and not recorded in at 
least one of the baseline high-resolution (e.g., Landsat) images.  

4.1.2.3 Kalman filtering 

The data assimilation method is presented in Sedano et al. (2014) and Kempeneers et al. (2016). Within 
the framework of a Kalman filter recursive algorithm (Kalman, 1960) also known as linear quadratic  
estimation, the method integrates models, observations and their respective uncertainties, with partly or 
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fully missing variables, in the calculation of the synthetic images at time steps for which medium 
resolution imagery is not available. 

The method provided a robust performance for input data of variable qualities and environmental 
conditions, highlighting the relevance of including uncertainties in the integration of multi-sensor remote 
sensing data. One of the strengths of the Kalman filter is its robustness to a relatively large number of 
gaps in temporal time series. Especially in the context of data acquisition with optical sensors in 
conditions with frequent cloud cover, this is an important asset. It was also shown that the derived 
synthetic profile based on the Kalman filter was able to capture the phenological patterns of the crops. 

4.1.3 Candidate approaches for spectral time series metrics/variables 

The use of spectral or textural indices cannot capture all temporal details of the time series upon which it 
is built, even less to exploit S-2 and S-3 optical properties at their full potential. It is therefore essential to 
combine the results of spectral indices with metrics aiming at highlighting the temporal correlations. 

For each improved or new product, a candidate method has been selected, based on the following 
detailed literature review: 

 For the forest layer and the crop layer, statistical metrics ought to be tested; 

 For the new LC/LU products like CLC+, temporal “reduction” of the time series on a monthly 
basis looks promising; 

 For grassland, the decomposition of seasonality in the vegetation indices into trends has proved 
to improve the results of classification, in particular for all vegetation type classes; 

 For the imperviousness layer, the method is detailed in the WP 34 [AD09], since it entirely relies 
on change detection. 

4.1.3.1 Statistical metrics 

Petitjean et al., (2012) proposed a statistical method in time series analysis based on the global 
comparison between two annual time series, called Dynamic Time Warping (DTW) – where the cost of 
alignment between two annual quantities (the reflectance of each spectral band, for a given pixel) is 
measured individually before being merged – by averaging – in order to determine the possible 
alignment of those multi-temporal sequences (Petitjean et al., 2012). 

In their paper, Inglada et al. (2017) designed an almost operational process to determine the land cover 
type of a time series of images sensed by Formosat-2. To enforce a time coherence between the monthly 
updates of the product, a “composite” at a fixed date in the month is created by linear interpolation 
between the available images. All classification processes, with supervised learning, following this 
treatment are complemented by existing databases, without the input of external in-situ measurements 
and features extracted from this composite, such as NDVI, NDWI and brightness index. 

For the time series of Landsat images over the US aimed to monitor the forest change, from 2006 to 
2010, Hansen et al. (2014) used several spectral indices – the NDVI, the brightness temperature – and 
then derived temporal metrics based on weekly mosaics from them: 

 5-year percentiles per band, for each spectral band; 

 All percentiles from the first and last years of the temporal range of the study; 

 multi-year percentile differences; 

 slope of the linear regression between the band reflectance and the time-sequence 
observation date; 

 And the number of “good” observations. 
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The training data were extracted in the median NDVI image, which is resistant to the presence of 
outliers, unlike the mean value. 

Regarding the forest layer, it seems relevant to test the statistical metrics used by Hansen et al. (2014) in 
order to detect the disturbance in the NDVI from year to year. The simple median NDVI over the 
phenological season, or at a monthly scale, is a good start to measure the relevance of this variable. 

At a monthly scale, the temporal option to create a monthly composite at a fixed date based on the 
interpolation of the previous and following images in the time series. This technique is giving good 
results for land cover and land use while balancing the volume of data from the time series. It will be 
explored for the creation of general land cover/land use for products such as CLC+. 

Depending on the results of those simple methodologies, it could be interesting to look at the following 
metrics that one could describe as more refined. 

4.1.3.2 Change metrics 

In their paper, Franklin et al. (2015) used various metrics to quantify changes in the time series. From the 
Landsat time series calibrated images, annual best available pixel (BAP) composites were created for 
each year, from 1990 to 2010, and spectral indices as well as time-series disturbance metrics, assessing 
the variations of land cover and based on the NBR products, were computed. Those change metrics are: 

 the trend type (monotonic trend, single breakpoint or disturbed), 

 the NBR root square mean error of the fitted trend regarding to the pixel values, 

 the trend magnitude (difference between the first and last values of the fitted trends), the 
greatest disturbance magnitude, the pre-disturbance magnitude, the post-disturbance 
magnitude, etc., 

 the greatest disturbance year, 

 the greatest disturbance duration, the pre-disturbance duration, the post-disturbance duration, 

 the pre-disturbance monotonic trend duration, the post-disturbance monotonic duration, etc. 

The use of NBR is justified by the considered AOI, covered with dense boreal forests. This use of time-
series metrics as input for the classification of land cover improved overall accuracy by more than 6% 
compared to the single-date results. 

It could be interesting to use the NDVI in place of the NBR if simple statistical metrics mentioned in the 
previous part were to fail at improving the classification outputs. 

However, this method, related to change detection, should be part of the WP 34 – if set up for tests, 
results will be discussed in the concerned report. 

4.1.3.3 Trend metrics: Modeling seasonality 

Jia et al. (2014) used the added temporality of the Landsat time series to derive phenological features, 
based on the NDVI data provided with the raw images. Fusing MODIS and Landsat images with the 
STARFM algorithm, they obtained a dense time series at the Landsat spatial resolution. The indices 
extracted were: 

 the beginning and ending dates of the growing season; 

 the length of the growing season; 

 the seasonal amplitude; 

 the maximum fitted NDVI value. 
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The classification based on Maximum Likelihood Classifier (MLC) and Support Vector Machines (SVM) 
was fed with those indices, improving the land cover identification accuracy by an overall 3%, especially 
for vegetation type classes. However, they noted that the use of statistical temporal measures related to 
the NDVI (maximum, minimum, mean, standard deviation values of the time series) did significantly 
improve the results of classifiers for human-managed vegetation types, compared to the phenological 
features alone. 

4.2 Testing criteria 

To analyse the usefulness of the described metrics, they can be (1) analysed visually by the operator to 
qualitatively compare the results, and (2) analysed quantitatively based on a detailed accuracy 
assessment for the separate HRL classification. A comparative quality assessment of fusion methods can 
be based on various criteria, none of which is currently considered as standard in the literature. The 
evaluation of fusion performance can be divided into qualitative and quantitative approaches. 

Visual comparison between the merged images given by different fusion methods is the main qualitative 
approach. The visual inspection will allow observing small added details and artifacts.  This methodology 
can seem subjective, since the interpretation can vary from one observer to the other, due to their  
qualification. Nevertheless, the “look and feel” method can often more quickly discern chromatic and 
spatial artefacts in the resulting images, either by examining each spectral band individually or by using 
colored multi-band composites. Furthermore, comparison between other reference images, e.g. VHR 
images, can help looking into more detail of the overall chromatic coherence of given entities, such as 
water bodies, vegetation, bare soils or urban areas. Visual inspection is therefore an indispensable 
approach to image fusion validation. 

There are several spectral quality criteria for quantitative comparisons of fused data. A large family of 
criteria is based on correlation coefficients. Here, the correlations between the merged and the original 
images are computed and analyzed as it is clear that the fused band has to be close to the original band. 
Methods aiming at low color distortion should therefore yield high correlations between the original and 
fused bands. Correlations have the advantage of comparable value ranges, usually in [−1, 1], thus 
enabling direct comparisons between quality criteria. Correlation coefficients allow to validate temporal 
fusion approaches by testing fused pixels against pixels previously removed from the time series. 

Recently, Alparone et al. (2004) proposed a generalization of the correlation coefficients metric and 
referred it as Q4 that could also be used in complement. It aims to encapsulate both spectral and 
radiometric distortion measurements by accounting for local measurements of the following: (i) the 
correlation coefficient, (ii) the bias and (iii) the change in contrast. 

Furthermore, to quantitatively compare those methods however, it seems simpler to look at the results 
of the classifications based on those metrics. One widely spread measure to estimate the quality of an 
output of a clustering process is the spectral separability. The spectral separability quantifies the distance 
between two LC/LU class spectral signatures, for any number of spectral bands that is effectively used in 
the classification process. It can spot unused spectral bands, and also evaluate the accuracy of a given 
classification output. This metric can be calibrated by several distances, among which: 

 the Euclidian distance; 

 the Jeffries-Matsusita distance (Swain et al., 1971). 

The Euclidian distance is computed as the spectral distance between the mean vectors of each pair and is 
written as: 
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Where 𝑥 is the first spectral signature vector, 𝑦 is the second and 𝑛 is the number of bands considered. It 
is a very simple measure and can be useful to evaluate the output of a Minimum Distance classification. 

The Jeffries-Matsusita distance calculates the separability of two probability distributions, the spectral 
classes, and is expressed as: 
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Σ𝑥 and Σ𝑦 being the covariance matrix for, respectively, the mean vectors of each signature 𝑥 and 𝑦 

being compared. The Jeffries-Matsusita distance is known to perform better than other distance 
measures (such as the Euclidian distance or the divergence) but it is costly to fully compute, due to the 
multiple presence of covariance matrices in its expression - and can become expensive for a high number 
of classes. 

4.3 Implementation of Testing 

4.3.1 Candidate approaches for integration of S-1/S-2 complementary information  

The proposed method for the integration of S-1/S-2 imagery can only be assessed qualitatively by visual 
inspection within this WP. The proposed method needs labelled data to compare the gain brought by the 
combination of spectral indices and temporal metrics. Therefore, various classification methods that 
were explored in much further detail in [AD08] quantitatively analyse the to-date proposed methods 
concerning the different thematic classification. 

This section illustrates the potential complementarity of S-1 and S-2 derived time-series statistics. The 
following methodology was used: Based on pre-processed S-2 (atmospherically corrected and cloud 
masked) and S-1 (gamma naught VV) the indices proposed in chapter 4.1.1 are computed and 
summarised over the full time series data. The resulting statistics are then compared individually as well 
as in S-1 / S-2 fused RGB displays. Important features, which are best discriminated only when combining 
S-1 and S-2 derived features, are discussed. 

In the following, the indices and temporal metrics derived for the South-East test site for S-1 and S-2 data 
from 2017 are discussed. Figure 4-1 shows the temporal mean over one year (2017) of S-2 blue (Band 2), 
green (Band 3) and red (Band 4) reflectance. In direct comparison,  Figure 4-2 shows the temporal mean 
of one year of the S-1 gamma naught backscattering coefficient (VV, descending). Figure 4-3 presents an 
optical-only RGB composite of the mean NIR, red and green band over the course of 2017. Figure 4-4 
shows a false colour composite of the mean NDBI, NDVI and MNDWI. Here, one can see that mineral 
extraction sites (see the bright red areas in the small top image on the right) have a similar spectral 
behaviour as the dense urban areas in the centre of Toulouse (which can be seen on the right sight of the 
big image and appear in a bright red colour). These areas would be most likely misclassified using only 
optical imagery from S-2. 
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Figure 4-5 shows a false colour composite of temporal mean of the S-1 backscattering coefficient, the 
mean MNDWI and mean NDBI and Figure 4-6 shows a false colour composite of temporal mean of the S-
1 backscattering coefficient, the mean NDMIR and mean NDBI. In both figures one can see that the 
before mentioned extraction sites show a different spectral behaviour compared to the dense urban 
areas and thus, the complementary information derived from S-1 data in addition to optical data are 
promising in helping to distinguish between urban areas and bare soil. Moreover, in Figure 4-5 one can 
clearly distinguish between inhabited (in purple colours) and industrial areas (in bright yellow colours). 
Furthermore, one can better differentiate between forests (in brown colours) and grassland areas (in 
dark blue colours) in Figure 4-5.  

 

 

 
 

 

Figure 4-1: S-2 Mean true-colour RGB for 2017 for area West of Toulouse. 

 

 

 
 

 

Figure 4-2: S-1 VV gamma naught descending mean for Area West of Toulouse over the entire year 2017. 
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Figure 4-3: S-2 Optical only false colour composite of bands R: NIR MEAN, G: RED MEAN and B: GREEN MEAN for 
Mean of 2017 for area West of Toulouse.  

 

 
 

 

Figure 4-4: Optical only S-2 false colour composite of R: NDBI MEAN, G: NDVI MEAN and B: MNDWI MEAN for 
2017 for area West of Toulouse. 
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Figure 4-5: S1/S2 fusion colour composite of bands R: S-1 VV MEAN, G: S-2 MNDWI MEAN and B: S-2 NDBI MEAN 
for Mean of 2017 for area West of Toulouse. 

 

 
 

 

Figure 4-6: S1/S2 fusion false colour composite of bands R: S-1 VV MEAN, G: S-2 NDMIR MEAN and B: S-2 NDBI 
MEAN for Mean of 2017 for area West of Toulouse.  

 

4.3.2 Candidate approaches for spectral time series metrics/variables 

This section takes a quantitative approach to follow up on the previous section. It tests how the 
separability between major LC classes is influenced by different S-2 predictors. To this end, it uses an 
existing LC classification as reference data and extracts and quantifies their separability based on the 
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statistical distance metrics introduced in Section 4.2, namely the Euclidean distance and the Jeffries-
Matsusita distance. 

4.3.2.1 Methodology  

First, the 31UFS S-2 granule is selected due to its flat terrain and the full year 2016 is used. Due to a 
strong cloud cover, the initial count of 63 images is reduced to 19 exploitable images. It should be noted 
that most of the observations are still exhibiting cloud presence, which reduces the real number of 
images used in the computation of the temporal metrics. Fused data between S-2 and S-3 should provide 
much denser time series in the future. 

Secondly, spectral indices, NDVI, NDBI and BI, are computed for each remaining image which have been 
pre-processed images by the JR over the Belgium site. 

Thirdly, statistical metrics are derived for the yearly time series, for each spectral index. The yearly 
extrema (minimum and maximum) are computed per pixel as well as the standard deviation. Due to its 
sensitivity to outliers, the mean is passed over in favour of the median. 

Fourthly, the spectral distances (Euclidian and Jeffries-Matusita) are computed over parts of the images 
already correctly identified and labelled, which can be used as training data (composed of 108 different 
polygons), for simple clusters of five classes – cropland (class 1), forest (class 2), grassland (class 3), urban 
areas (class 4) and water bodies (class 5). 

In the following figures, Figure 4-7 to Figure 4-10, metrics related to the NDVI have been computed. The 
Figure 4-8 depicts the computed median NDVI over the entire time series composed of 18 exploitable 
images for the year 2016 which is less sensible to outliers than the arithmetic mean. The Figure 4-7 
displays the maximal NDVI, while the minimal values of the NDVI can be seen on the Figure 4-9 – the 
darker the green, the denser the vegetal cover is. Finally the standard deviation, which captures the 
phenological variations of the NDVI is depicted in the Figure 4-10. 

 
Figure 4-7: Maximal NDVI values per pixel: the dark green zones indicate the presence of vegetation, while 

lighter zones characterize urban areas and water bodies. 
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Figure 4-8: Computed NDVI median over 19 images for the year 2016, on the whole 31UFS tile. Negative values 

(minimum at -1) are represented in white and positive values (maximum at +1) in dark green. 

 

Figure 4-9: Computed minimal NDVI values per pixel: the lowest values highlight the presence of water bodies 
and urban areas. 
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Figure 4-10: Computed standard deviation NDVI values per pixel: the highest values indicate areas where the 
NDVI varies the most – here, where vegetation is the densest. 

The next set of images, Figure 4-11 to Figure 4-14, the same metrics have been computed based on the 
NDBI this time. The maximal values of the NDBI, seen on Figure 4-11, highlight the water bodies, whose 
NDBI can be very high, which is unusual but can be related to the suspended matter in water or the 
sunglint effect. The minimal values of the NDBI, on Figure 4-13, and the standard deviation, on Figure 4-
14, can be used to spot urban areas, whose NDBI stays constant at a positive value. The median NDBI, on 
Figure 4-12, highlights its undiscriminated sensitivity to bare soils as well as urban areas. 
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Figure 4-11: Maximal NDBI values per pixel: the black (positive values near +1) values delineate the water bodies 
with high suspended matter that reflects MIR wavelengths stringer than the NIR. 

 

 

Figure 4-12: Median NDBI values per pixel: the highest values (in dark grey) are found over urban areas as 
expected. 
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Figure 4-13: Computed minimal NDBI values per pixel: the highest values (in dark grey) over urban areas are even 
more highlighted than with the maximal values. 

 

 

Figure 4-14: Computed standard deviation NDBI values per pixel: areas where the NDBI varies the most are 
vegetated, as expected due to the seasonality. 
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Figure 4-15: Computed median values for the red band (3) per pixel: the blackest values indicate the least 
reflective zones, while the yellowest are the brightest, as seen in this band. 

 

 

Figure 4-16: Computed median values for the green band (4) per pixel: the blackest values indicate the least 
reflective zones, while the yellowest are the brightest, as seen in this band. 
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Figure 4-17: Computed median values for the narrow red edge band (7) per pixel: the blackest values indicate the 
least reflective zones, while the yellowest are the brightest, as seen in this band. 

 

Figure 4-18: Computed median values for the wide red edge band (8) per pixel: the blackest values indicate the 
least reflective zones, while the yellowest are the brightest, as seen in this band. 
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Figure 4-19: Computed median values for the first SWIR band (11) per pixel: the blackest values indicate the least 
reflective zones, while the yellowest are the brightest, as seen in this band. 

As a point of reference, the five most significant band mean values are displayed in Figure 4-15 (for the 
red band 3), in Figure 4-16 (for the green band 4), in Figure 4-17 (for the narrow red edge band 7), in 
Figure 4-18 (for the wide red edge band 8) and in Figure 4-19 (for the first SWIR band 11). Some features 
can be easily identified, such as water bodies and some part of urban areas, but the discrimination 
brought by the spectral indices is clearly stronger. 

4.3.2.2 Results and conclusion for the statistical metrics 

The Euclidian distance is not confined – unlike the Jeffries-Matusita distance which is limited by the value 

1000 ∗ √2. This means for the Jeffries-Matusita a compression of the lowest or highest values; the two 
distances are thus complementary. Whichever distance is used, the higher the distance value is, the 
more separated the two considered classes are. 

NDBI statistical metrics and their spectral signatures 

Using only the NDBI and its statistical metrics leads to a good discrimination between the water bodies 
and the other type of land cover, but urban areas and grassland zones are not well separated, as seen in 
Table 4-1 and Table 4-2. The index cannot be used alone without further spectral or spatial information. 

Table 4-1: Euclidian distance of LC discrimination using NDBI statistical time-series metrics (maximum, median, 
minimum, standard deviation). Classes are coded as integers. Cropland = 1 etc. 

    1 2 3 4 5 

CROPLAND 1 0.00 0.26 0.27 0.40 0.88 

FOREST 2  0.00 0.33 0.37 1.08 

GRASSLAND 3   0.00 0.15 0.77 

URBAN 4    0.00 0.84 

WATER 5     0.00 
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Table 4-2: Jeffries-Matusita distance of LC discrimination using NDBI statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0 1320.19 1110.06 1351.08 1409.13 

FOREST 2  0 1173.81 1141.91 1412.2 

GRASSLAND 3   0 886.304 1350.65 

URBAN 4    0 1384.25 

WATER 5     0 

 

NDVI statistical metrics and their spectral signatures 

The NDVI signatures outperform the NDBI ones to separate the five classes, as seen in Table 4-3 and 
Table 4-4. However, as expected, small vegetation classes (cropland and grassland) exhibit the weakest 
score. This may be resolved by using a different temporality for the statistical metrics, based not on the 
year, but on the phenological seasonality. 

Table 4-3: Euclidian distance of LC discrimination using NDVI statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0.00 0.31 0.17 0.56 1.43 

FOREST 2  0.00 0.26 0.68 1.70 

GRASSLAND 3   0.00 0.45 1.45 

URBAN 4    0.00 1.15 

WATER 5    
 

0.00 

 

Table 4-4: Jeffries-Matusita distance of LC discrimination using NDVI statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0.00 1318.78 1064.58 1385.77 1413.66 

FOREST 2  0.00 1223.86 1323.15 1414.21 

GRASSLAND 3   0.00 1152.05 1412.17 

URBAN 4    0.00 1403.54 

WATER 5    
 

0.00 

Combined NDBI and NDVI statistical metrics and their spectral signature 

The best results are achieved when all spectral information condensed in both indices are used to 
separate LC/LU classes, as shown in Table 4-5 and Table 4-6. Compared to the NDVI results, it should be 
noted that the cropland and grassland weak discrimination is greatly improved. 

Table 4-5: Euclidian distance of LC discrimination using NDBI/NDVI statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0 0.41 0.32 0.69 1.68 

FOREST 2  0 0.42 0.77 2.01 

GRASSLAND 3   0 0.47 1.64 

URBAN 4    0 1.42 

WATER 5    
 

0 
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Table 4-6: Jeffries-Matusita distance of LC discrimination using NDBI/NDVI statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0 1394.49 1257.52 1405.64 1414.19 

FOREST 2  0 1317.1 1351.04 1414.21 

GRASSLAND 3   0 1297.18 1413.72 

URBAN 4    0 1412.5 

WATER 5     0 

 

“Reference data”: the spectral signature of 5 of the most significant bands for S-2 

As a point of comparison, reflectance in five bands (the red band, the green band, one of the red edge 
narrow bands, the wide red edge band and the first SWIR band) among the most significant (at 10 and 
20m resolution) have been used to generate statistical metrics for the year 2016. Using those five 
independent sources of spectral information leads to what can be considered as the best separability 
achievable by our selection of indices, as shown in Table 4-7 and Table 4-8. 

Table 4-7: Euclidian distance of LC discrimination using bands 3-4-8-7-11 statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0 4553.08 2540.89 4200.23 8763.16 

FOREST 2  0 2345.96 1752.29 4518.30 

GRASSLAND 3   0 1980.18 6557.42 

URBAN 4    0 4960.12 

WATER 5     0 

 

Table 4-8: Jeffries-Matusita distance of LC discrimination using bands 3-4-8-7-11 statistical signatures. 

    1 2 3 4 5 

CROPLAND 1 0 1414.19 1379.59 1413.71 1414.21 

FOREST 2  0 1409.72 1408.83 1414.21 

GRASSLAND 3   0 1404.24 1414.21 

URBAN 4    0 1414.21 

WATER 5     0 

Conclusion 

The statistical metrics (extrema, standard deviation and median) derived from the five most significant 
bands contain the most complete information, therefore lead to the best results regarding the spectral 
separability of targeted classes, as assessed over the training data. The combination of two classical 
spectral indices, the NDBI and NDVI and their statistical metrics, gives the next best results compared to 
the statistical metrics directly derived from a selection of the most meaningful bands. The spectral 
separability of the five test classes is still achieved, despite a clear reduction of the spectral information.  

The use of those combinations of statistical metrics and spectral indices to feed various kind of 
classification were explored in more detail in WP33 and 34 reports [AD08, AD09]. With this method, a 
time series of 19 images with ten spectral bands each, totalling 190 bands, can be reduced to a 
concatenation of four statistical metrics for the NDBI and as many for the NDVI, totalling only eight 
bands, while still achieving comparable results in term of spectral separability. 
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4.3.3 Candidate approaches for spectral, spatial, temporal interpolation and/or fusion approaches 

S-3 daily surface reflectance (S-3 synergy product combining SLSTR and OLCI observations) is required to 
fill the gaps in S-2 time series. However, since S-3 data were not ready for productive use during the 
project duration [AD06] the integration of S-2 and S-3 in the project has been partially tested by using 
PROBA-V data instead.  

On the WEST test site, 24 Proba-V bi-monthly synthesis of NDVI at 100m have been tested as a 
complement to the S-2 time series NDVI. Therefore, only one channel is being calibrated in this test. 

Following the method described in section 3.3.1.3, an histogram matching is realized. The Xcalib library 
was used to linearly calibrate Proba-V on S-2. To achieve this goal, 2 close acquisition dates of Proba-V 
and S-2 have been chosen manually. Then, the Xcalib tool has been applied to obtain the Proba-V 
calibration model. Finally, this model is applied to calibrate all other Proba-V images. Histogram 
matching results can be found in Figure 4-20¡Error! No se encuentra el origen de la referencia.. 
Calibrated image results can be found in Figure 4-21. 

 

Figure 4-20: Illustration of histogram matching based intercalibration of Proba-V/S-2 for 2 adjacent acquisition 
dates: (left) Proba-V NDVI histogram, (center) S-2 NDVI histogram, and (right) calibrated Proba-V NDVI histogram 

 

Figure 4-21: Calibrated images of Proba-V/S-2 (left) Proba-V NDVI image, (center) S-2 NDVI image, and (right) 
calibrated Proba-V NDVI image 

Based on visual interpretation, conclusion have been made that even if intercalibration of Proba-V and S-
2 data is feasible and accurate, the improvement does not bring enough information to justify the use of 
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such MR images. Indeed, the probabilities of clear view acquisitions with S-2 is very high (with a revisit 
time of 2 to 3 days) and even if Proba-V, or other MR sensors, could improve that probabilities (with a 
daily or less revisit time), the lower resolution will not give sufficient improvement compared to S-2 
temporal gap-filling method by interpolation finally selected to generate the prototypes. 

For the majority of the prototype, the use of carefully selected S-1 features is far more cost-effective and 
beneficial to improve the optical classification results and/or fill gaps left by clouds. 
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5 Data requirements and methods used by ECoLaSS application domain  

The ECoLaSS project aimed at making full use of dense SAR and optical time-series data for all current 
and potential future implementations of Copernicus High Resolution Layers. Wherever expected helpful, 
S1 and S2 data were used in combination. This chapter provides a high-level summary of the experiences 
made in prototype development and production. In particular, where applicable, it answers the question 
on how much added value could be achieved by combining S-1 and S-2 data. Each section summarizes 
also the methods used, as listed in table Table 5-1. 

Table 5-1: Classification of the types of methods used during prototype production. 

Code Method Method Example Prototype Example 

UC Unsupervised Classification Clustering proximity groups in 
feature space 

Max Phenological 
Activity 

IND Indicator Directly derived indicator from RS 
data 

Crop Emergence Date 

SC Supervised Classification random forest classification based 
on ground truth training data 

Grassland Status Layer 

RBC Rule-based classification 
without training data 

User-defined thresholds on time-
series to identify changes 

HRL Time Series 
Change Indicators 

PC Post classification 
comparison 

Change detection Tree Cover Change 

 

5.1 WP41 Time-series derived indicators & variables 

Time-series derived indicators and variables derived by the ECoLaSS project focused on characterizing 
specific vegetation properties as described in [AD11] “Prototype Report: Time Series Analysis for Change 
Detection”. See Table 5-2 for the overview over data used and methods applied. They are based on 
theoretical considerations without further in-situ training data; hence they depend on direct 
interpretability as opposed to supervised classification approaches which rely on statistical relationships. 
For this reason each prototype in WP41 on its own made use of either optical or SAR data, but not both 
at the same time. Crop growth condition and emergence date detection rely strongly on the phenological 
dynamics of photosynthetic processes, and therefore used optical data, while the potential change 
indicators aimed at structural changes and therefore relied on SAR data.   

Table 5-2: WP41 prototype summary. Data, Sites and Methods used as described in Table 5-1. 

Prototype Input Data Method Training 
data 

Demosite 

 S-1 S-2 S-1 + 
S-2 

Other    

Generic Landcover Metrics  X   UC + IND NA South-
West, 
Central 

Emergence Date Detection  X   IND NA South-
Africa 

Crop Growth Condition  X   IND NA West 

Time Series Indicators – HRL 
potential change 

X    RBC, IND NA West, 
Central 
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5.1.1 Generic Land Cover Metrics 

The Proba-V/S-2 time series did not fill all gaps left by clouds – therefore decision was made to use 
interpolation between S-2 images at fixed dates, generating 2 dates per month in order to create gapless 
NDVI time series over the demonstration sites, while smoothing potential anomalies such as undetected 
clouds. This dense time series allows the automation for the computation of phenological activities 
parameters via a clustering of pixels by a K-means followed by the use of TIMESAT algorithm. 

5.1.2 Potential Change Indicators 

The potential change time-series indicator prototypes (TSI) are based on long-term SAR time-series only. 
The indicators focus in particular on long-term time-series changes of structural properties. In particular 
this concerns changes in forest canopies. For this reason S-1 was the ideally suited dataset due to its 
sensitivity to geometric properties and changes therein as well as the temporally gapless time-series 
acquisition unaffected of cloud-cover. S-2 was therefore not applicable for this indicator. 

5.2 WP42 Incremental Updates of HR Layers 

For the prototype productions regarding the incremental updates of HR layer domains imperviousness 
and forests, in almost all cases, both S-1 and S-2 were used in combination (Table 5-3) after initial testing 
in phase I had highlighted the advantages of this approach. Only in case of the TCD the input-data is 
restricted to optical only, since it is technically not possible to derive the density from radar data. One 
overarching finding is that optical data generally achieve higher accuracies in the classifications than it is 
the case for radar data. However, the presence of a high percentage of cloud cover makes the 
combination of optical and radar sensors indispensable. In section 5.2.1 details are given for the testing 
related to the imperviousness prototypes whereas further explanations for the Forest related prototypes 
are given in section 5.2.2. 
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Table 5-3: WP42 prototype summary. Data, Sites and Methods used as described in Table 5-1. 

Prototype Input Data Method Training data Demosite 

 S-1 S-2 S-1 + 
S-2 

Other    

Improved IMD status layer 
(10m) 

  X  SC HRLs 2015 Central, 
South-
West, 
South-East 

Incremental IMD change (IMC) 

  X  PC HRLs 2015 Central, 
South-
West, 
South-East 

Imperviousness Change 
Classified (IMCC) 

  X  PC HRLs 2015 Central, 
South-
West, 
South-East 

Imperviousness Built-Up Layer 

 

 X 

 SC ESM, OSM Central, 
South-
West, 
South-East 

Improved DLT status layer 
(10m) 

 
 X 

 SC HRLs 2015 North, 
Central, 
South-East 

Improved TCD status layer 
(10m) 

 
X  

 SC HRLs 2015 North, 
Central, 
South-East 

Incremental Update 
Tree Cover Change (TCC) 

 
 X 

 RBC  North, 
Central, 
South-East 

 

5.2.1 Imperviousness 

The automated supervised classification used to derive the Imperviousness layers was performed using 
supervised machine learning methods, achieved with a selection of reference/training data. The input 
data selected rely on multispectral information and granulometry by mathematical morphology 
(Differential Attribute Profiles). 

Regarding the HRL IMD production the optical series were not dense enough to highlight the inter-yearly 
and intra-yearly phenology dynamics in order to highlight non-urban areas and so it was decided to use 
S-1 time series and features. The combination of S-1/S-2 shows promising results with very good 
thematic accuracies. The additional SAR data improves the thematic classification of various classes 
including the urban areas as they react to physical structures of the scattering elements. Nevertheless, 
the addition of S-1 doesn’t lead to large and significant improvements of the results as demonstrated in 
phase 1 but permits to have better balance thematic accuracies (Table 5-4). Indeed, in one hand, the use 
of S-1 permits to reduce the commission errors. In the other hand, the omission errors are greater but 
are still above the specification’s thresholds. Moreover, it has been shown that the only use of S-1 data is 
not sufficient to characterize the urban areas.  
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Table 5-4: Comparative training accuracies of the imperviousness testing achieved by using either a) S-1 only, b) 
S-2 only and c) S-1 plus S-2 predictors. 

Site PA UA 

2017 S-1 S-2 S-1 + S-2 S-1 S-2 S-1 + S-2 

South-West 77.78% 88.89% 85.19% 72.41% 70.59% 74.19% 
 

Based on the outcomes of phase 1, a multi-sensor approach combining S-1 and S-2 data was adopted in 
phase 2 providing increased accuracies of the results. For the imperviousness prototypes of phase 2 no 
single-sensor accuracies have thus been assessed but Table 5-4 shows the accuracy results for the SVM 
classification of phase 1 for comparison. Table 5-6 and Table 5-7 display the final prototype performances 
based on the selected S-1 and S-2 predictor combination. 

Table 5-5: Area-weighted accuracies of IMD 2018 achieved by fusion of S-1 plus S-2 

Site OA PA for sealed / Non-sealed  UA for sealed / Non-sealed 

South-West 97.03% 91.74% / 97.59% 80.21% / 99.11% 

Central 99.11% 94.76% / 99.56% 95.70% / 99.46% 

South-East 99.41% 91.42% / 99.67% 86.37% / 99.81% 
 

Table 5-6: Area-weighted accuracies of IMCC 2015/17-18 achieved by fusion of S-1 plus S-2 

Site OA PA for New Built-up class UA for New Built-up class 

South-West 99.68% 98.24% 97.29% 

Central 98.37% 87.55% 100.00% 

South-East 99.58% 60.82% 100.00% 
 

Table 5-7: Area-weighted accuracies of IBU 2018 by fusion of S-1 plus S-2 

Site OA PA for Built-up / Non-Built-up UA for Built-up / Non-Built-up 

South-West 99.21% 94.74% / 99.35% 81.82% / 99.84% 

Central 98.64% 92.86% / 99.06% 87.84% / 99.48% 

South-East 99.45% 92.86% / 99.58% 81.25% / 99.86% 

 

5.2.2 Forest 

A pixel-based Tree Cover Mask (TCM) forms the basis for all other forest products and thus represents 
the first step in the thematic workflow. The Random Forest (RF) classifier has been selected as the best 
rated classification algorithm in terms of processing time and achieved accuracy for creation of the Tree 
Cover Mask and the improved primary status layer Dominant Leaf Type (DLT). The forest change 
products are based on a map-to-map change detection method, which is fully detached from the input 
data used for the TCM generation and therefore completely independent from the input data applied for 
production. Same as for imperviousness, the outcomes from phase 1 suggested that a combined use of 
S-1 and S-2 in combination with an extended observation period yields the best results in terms of 
accuracies. For forest change analysis, however, the difference to S-2 only is relatively low, when taking a 
good data situation into account (see Table 5-11). However, since a good data situation cannot always be 
guaranteed especially when implementing the products on a pan-European scale, the combined use of S-
1 and S-2 is preferred over the single-sensor approach. 
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Table 5-8: Accuracies of TCM achieved by fusion of S-1 plus S-2 

Site OA PA for tree cover / no 
tree cover 

UA for tree cover / no 
tree cover 

North 2017 89.94% 87.71% / 91.73% 89.49% / 90.29% 

North 2018 94.40% 90.71% / 97.60% 97.03% / 92.38% 

Central 2017 93.82% 88.29% / 95.34% 83.89% / 96.74% 

Central 2018 98.11% 93.59% / 99.23% 96.76% / 98.43% 

South-East 2017 90.53% 70.70% / 96.95% 88.24% / 91.08% 

South-East 2018 96.75% 89.28% / 98.83% 95.47% / 97.08% 

 

Table 5-9: Accuracies of the forest DLT status layer 2018 achieved by fusion of S-1 plus S-2 

Site OA PA for no tree cover / 
broadleaved / coniferous 

UA for no tree cover / 
broadleaved / coniferous 

North 92.78% 97.60% / 84.23% / 88.89% 92.38% / 89.64% / 95.35% 

Central 97.80% 99.23% / 87.76% / 97.17% 98.43% / 93.61% / 96.87% 

South-East 95.83% 98.83% / 83.04% / 90.18% 97.08% / 91.95% / 88.60% 

 

Table 5-10: Accuracies of the TCC 2017-2018 achieved by fusion of S-1 plus S-2 

Site OA PA for forest loss UA for forest loss 

North 94.34% 95.54% 96.77% 

Central 96.81% 98.21% 96.48% 

South-East 96.78% 100.00% 80.26% 

 

Table 5-11: Benchmarking criteria, chances and issues of the different input data scenarios of TCC* 

  Accuracy 

(Kappa) 

Processing 

cost 

Storage 

cost 

Chances Issues 

S-1 0.60 + + Independent from cloud cover SAR inherent properties (foreshortening, 

layover in strong relief, speckle)  

S-2 0.74 ++ +++ Dependent on cloud cover, but 

time features mitigate 

problematic areas 

Clouds/cloud shadows, artefacts, nodata gaps 

S-1 S-2 0.77 +++ ++++ Partially dependent on cloud 

cover, but SAR and S-2 time 

features mitigate problematic 

areas 

Clouds/cloud shadows, artefacts, SAR 

inherent properties (foreshortening, layover 

in strong relief, speckle) 

Kalman 0.86 ++ ++ Once the system is initialized, 

historic images are no longer 

required and new images are 

processed one-at-a-time. Despite 

only using optical data, the 

principle of change confirmation 

reduces the number of false 

alarms due to errors of the cloud 

mask. 

Long time series required in the beginning to 

set up a meaningful time series model and 

initialize the Kalman filter state. This might fail 

in areas with extremely low number of clear-

sky observations and/or persistent snow 

cover. At least 3 post-change observations are 

required to detect and confirm a change – this 

can lead to cases where changes occurring at 

the end of the year cannot be confirmed in 

the same year. 

* Benchmarking takes only the data scenarios into account 

5.3 WP 43 Improved Permanent Grassland Identification 

The objective of WP43 is the deployment and validation of improved classification methods for grassland 
mapping developed in WP33 using time series of S-1 and S-2 data. Results are derived focusing on (i) the 
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background of CLMS grassland monitoring needs and requirements, (ii) optimising time series analysis 
methods based on the results and recommendations of WP 33 “Time Series Analysis for Thematic 
Classification” (iii) multi-sensor data integration methods, the use of multi-temporal time series metrics, 
the random forest classification approach and (iv) the validation of the prototype results. To 
demonstrate the operational applicability of the methods, they were applied on representative 
demonstration sites for large area mapping. The “Alpine/Central Europe” demonstration site is 
representative for the Continental and Alpine bio-geographic region, the “West Europe” site for the 
Atlantic and Continental, and the “South-East Europe” site for the Mediterranean, Continental and 
Alpine bio-geographic regions.  

Permanent grassland identification was accomplished by a supervised classification with the Random 
Forest algorithm using both S-1 and S-2 predictors in isolation or in combination. It was found that the 
combination of S-1 and S-2 time-series derived predictors outperformed each single predictor set.  

Table 5-12 Data and methods used for Grassland prototype production. See Table 5-1 for the legend of different 
classification methods. 

PROTOTYPE REMOTE SENSING DATA METHOD TRAINING & 
REFERENCE DATA 

SITE 

 S-1 S-2 S-1 + 
S-2 

Other    

GRASSLAND 
STATUS 

X X X  SC LUCAS 2018 
HRL GRA 2015 

Central, West, 
South-East 

GRASSLAND 
CHANGE 

  X  PC HRL GRA 2015 Central, West, 
South-East 

GRASSLAND 
USE INTENSITY 

 X   RBC  Central, West, 
South-East 

 

Quantitative Comparison of Performance 

The accuracies achieved during model training for the Grassland status layer classification for either a) S-
1 only, b) S-2 only and c) S-1 plus S-2 predictors are summarized in Table 5-13. These tests on the synergetic 

use of temporal features derived from optical and SAR data streams shows a notable improvement in model 
accuracy of the classifications in comparison to either single optical or SAR only approaches. While in all cases S-2 
predictors were found to be superior to S-1 predictors, maximum performance was only obtained when combining 
both S-1 and S-2 by means of pixel-level fusion. 
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Table 5-13 Comparative training accuracies (overall, producer’s and user’s accuracies) of the grassland status 
layer classification achieved by using either a) S-1 only, b) S-2 only and c) S-1 plus S-2 predictors and LUCAS 2018 

plots. 

 OA PA UA 

SITE S1 S2 
S1 + 
S2 

S1 S2 S1 + S2 S1 S2 S1 + S2 

CENTRAL  N/A N/A 82.32% N/A N/A 92.21% N/A N/A 71.00% 

WEST 77.80% 85.78% 86.74% 65.94% 80.35% 83.41% 71.23% 80.70% 80.93% 

SOUTH-EAST 81.79% 83.85% 88.50% 40.30% 45.13% 66.51% 62.79% 70.81% 73.26% 

 

While processing both S-1 and S-2 data for a potential pan-European rollout certainly entails a non-
negligible processing overhead, these results demonstrate the added value of doing so. An advantage of 
the proposed pixel-level fusion approach with a very high number of potential candidate predictors is 
that these can be tailored to different geographic regions by fully automated feature selection. This was 
accomplished in [AD13], resulting in optimal but different predictor sets for different regions, while 
reducing the feature space dimensionality to moderate sizes in the range of 50 to 100 predictors.  

Overall, the S-1 SAR features were much more stable which is likely due to their more consistent time-
series, which are barely influenced by cloud cover and illumination effects. Therefore, the combined 
S1/S2 approach has been chosen for the prototype production, where additional post-processing steps 
are applied to improve the results. The final area weighted validation of the improved grassland HRL 
status layer prototypes for the year 2018, i.e. corresponding to the LUCAS reference year 2018, is 
summarized in Table 5-14. For the complete quantitative validation numbers, refer to [AD13]. 

Table 5-14 Summary of the final grassland status layer mapping accuracy for the reference year of LUCAS training 
data (2018) following the area-weighted plausibility validation. For the full validation refer to [AD13]. 

SITE  PREDICTORS 
PREDICTORS 

ACCURACY 

 S-1 S-2 OA UA PA 

CENTRAL  X X 96.63% 90.55% 91.02% 

WEST X X 98.39% 96.28% 96.25% 

SOUTH-EAST X X 97.14% 94.03% 82.95% 

 

The prototype production showed a high level of automation allowing a faster production and shorter 

monitoring intervals (e.g. continuous monitoring with yearly updates). Further the S-2 and S-1 time 

series are fully exploited instead of using pre-selected, best-suited optical EO data scenes. Therefore, the 

workflow integrates SAR/optic time series data analysis to benefit from the multi-sensor characteristics 

with 10m resolution. 

 



D6.2 – D31.1b - Methods Compendium: S-1/2/3 Integration Strategies Date: 29.12.2019 
ECoLaSS – Horizon 2020  |Page 67| Issue/Rev.:2.0 

  

Conclusion: 

As evident from intensive predictor testing, the Grassland HRL production benefits strongly from the 
combination of S-1 and S-2 time-series predictors. The pursued approach of a supervised random forest 
classification has proven to produce very high accuracies, even based on the comparatively sparse LUCAS 
training data. The high number of potential candidate features can be reduced by automated feature 
selection algorithms, which allows accounting for region specific differences in predictor importance. 
Looking beyond this demonstration of methods and predictor requirements for HRL grassland mapping, 
an operational implementation and roll-out of area-wide, yearly grassland mapping using S-1 and S-2 
time-series predictors is clearly recommendable. 

5.4 WP 45 New LC/LU Products 

The WP45 is centred around the creation of two new types of LC/LU product, both related to the 
evolution of CLC toward the next generation CLC+ datasets, as described in [AD14] “Prototype Report: 
New Land Cover/Land Use (LC/LU) Products” (see Table 5-15). The first type of product, based on the 
recent specifications of CLC+ Backbone, uses S-2 time series to create a raster classification that is then 
fused with a skeleton layer based on a segmentation and ancillary data to produce a more detailed 
vector layer, following sets of rules in the attribution of class to polygon. The segmentation has been 
derived from the Generic Landcover Metrics layer, using therefore unsupervised classification and 
spectral indices from the S-2 time series. The second type of product is, for now, more closely related to 
the CLC+ Core, as drafted in the new CLC+ specifications. The combination of HRLs (from the 2015 
datasets as well as phase 1 prototypes) is derived from rule-based prioritisation to try and enforce a 
spatially and temporally coherence in the final product. 

Table 5-15 Data and methods used for the New LC/LU prototype production. See Table 5-1 for the legend of 
different classification methods. 

PROTOTYPE REMOTE SENSING DATA METHOD TRAINING & 
REFERENCE DATA 

SITE 

 S-1 S-2 S-1 + 
S-2 

Other    

CLC+ RASTER 
PRODUCT 

 X   SC HRL2015, CLC2018 
 

Central, South-West 

CLC+ VECTOR 
PRODUCT 

 X  X SC, UC + 
IND 

Open Street Map, 
EU-Hydro, 
HRL2015, CLC2018  

Central, South-West 

HR COMBINED 
LAYER 

   X Other HRL2015 Central, West, 
South-West 
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Table 5-16 Summary of the New LC/LU raster status layer mapping accuracy for the reference year of CLC training 
data (2018) following the area-weighted plausibility validation. For the full validation refer to [AD14]. 

SITE  PREDICTORS 
PREDICTORS 

 ACCURACY 

 S-1 S-2 OA Class UA PA 

CENTRAL  X 91.08% Urban 88.51% 88.14% 

  X  Croplands 96.45% 88.53% 

  X  Grasslands 91.14% 93.32% 

  X  Shrubs 35.71% 91.38% 

  X  Broadleaved 89.25% 95.51% 

  X  Needle-leaved 98.30% 89.95% 

  X  Rock 80.95% 85.03% 

  X  Snow 90.91% 73.33% 

  X  Water 96.67% 88.56% 

SOUTH-WEST  X 91.99% Urban 93.28% 90.34% 

  X  Croplands 89.95% 95.30% 

  X  Grasslands 94.05% 90.26% 

  X  Shrubs 84.09% 87.12% 

  X  Broadleaved 95.22% 93.03% 

  X  Needle-leaved 91.99% 89.26% 

  X  Rock 95.99% 97.27% 

  X  Sand 100% 100% 

  X  Snow 100% 90.91% 

  X  Water 94.12% 100% 

 

Both raster classification shows excellent results (see Table 5-16) – however, a selection of the classes has 
been made to remove the most confusing classes, such as lichens and mosses or sparsely vegetated 
cover, whose sampling remains difficult with the datasets currently at hand. 
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Table 5-17 Summary of the New LC/LU vector status layer mapping accuracy for the reference year of CLC 
training data (2018) following the area-weighted plausibility validation. For the full validation refer to [AD14]. 

SITE  PREDICTORS 
PREDICTORS 

 ACCURACY 

 S-1 S-2 OA Class UA PA 

CENTRAL  X 81.03% Woody Shrubs 71.21% 62.69% 

  X  Periodically Herbaceous 97.79% 88.93% 

  X  Non-Vegetated 100% 28.29% 

  X  Very High Sealing Degree 100% 66.81% 

  X  High sealing Degree 69.13% 100% 

  X  Pure Needle-leaved 97.61% 75.76% 

  X  Dominantly Needle-leaved 69.41% 81.05% 

  X  Pure Broadleaved 95.10% 86.18% 

  X  Dominantly Broadleaved 0% 91.99% 

  X  Snow & Ice 0% 0% 

  X  Water 93.80% 88.20% 

  X  Permanently Herbaceous Without Trees 93.74% 79.08% 

  X  Permanently Herbaceous With Few 
Trees 

73.93% 98.19% 

  X  Permanently Herbaceous With Many 
Trees 

66.67% 75.78% 

  X  Intermediate Vegetation Cover 50% 100% 

  X  Low Vegetation Cover 0% 0% 

  X  Other 0% 0% 

SOUTH-WEST  X 76.24% Woody Shrubs 80.02% 73.90% 

  X  Periodically Herbaceous 96.75% 84.19% 

  X  Non-Vegetated 100% 20.12% 

  X  Very High Sealing Degree 100% 56.06% 

  X  High sealing Degree 41.97% 100% 

  X  Pure Needle-leaved 100% 74.52% 

  X  Dominantly Needle-leaved 81.71% 65.83% 

  X  Pure Broadleaved 96.70% 85.94% 

  X  Dominantly Broadleaved 7.29% 100% 

  X  Snow & Ice 43.57% 28.57% 

  X  Water 98.59% 93.33% 

  X  Permanently Herbaceous Without Trees 90.28% 67.97% 

  X  Permanently Herbaceous With Few 
Trees 

94.71% 89.98% 

  X  Permanently Herbaceous With Many 
Trees 

80.01% 100% 

  X  Intermediate Vegetation Cover 0% 0% 

  X  Low Vegetation Cover 0% 0% 

  X  Other 0% 0% 

The vector products validation is less convincing (see Table 5-17). This can be linked to the quality of the 
segmentation, whose methodology does not take into account the bioregional disparities nor the 
complexities of non-vegetated activity classes. 

It should be noted that following the CLC+ Invitation To Tender (ITT), only S-2 interpolated times series 
have been used to generate the soft bones of the vector product, i.e. the segmentation, and those input 
datasets have then been reuse to produce the classification of the raster product. 
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No validation was needed for the HRL Combined Layer, due to its peculiar methodology. The use of S-1 is 
kept for roughness and wetness scale determination and goes beyond the scope of the project.  
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6 Conclusions and Outlook 

The aim of this report was to develop and test integration strategies for S-1, S-2 and S-3 data allowing 
benefiting from their complementary multi-resolution, multi-temporal and multi-sensor characteristics 
based on state-of-the-art methods of investigated S-1/-2/-3 integration strategies. Therefore, the 
objective of WP 31 was to investigate the possibilities of combining S-1, S-2 and S-3 data with regards to 
the envisaged evolution of Copernicus Land Services addressed in ECoLaSS. This aim was appended 
following the review recommendations in that the benchmarking of methods should become part of 
WPs 32-35 [AD07-AD10], whereas this report should summarize the data requirements and methods 
used during ECoLaSS prototype production in Task 4 WPs 41-25. Given that due to the missing S-3 
readiness, all prototypes were based on S-1 and S-2 data, but not S-3 data, the issue of time-series fusion 
with coarse resolution sensors was not explored in the aforementioned WPs. Therefore, this report adds 
a substitute test for data-fusion of S-2 with PROBA-V in addition. 

The first issue of this report [AD05] mainly focussed on the analysis of State-of-the-Art methods and 
strategies for the integration of S-1, S-2 and S-3 data and gave first concepts for possible strategies for 
the integration and/or fusion for the different HRL classifications. These have been updated in this 
second issue of the report. Further additions were made by introducing S-2 / PROVA-V time-series fusion 
tests, followed by a high-level summary of all prototype developments made during the ECoLaSS project, 
paying particular attention to the data integration, the relative suitability and the complementarity of S-1 
and S-2 data. 

Regarding the integration of S-1/S-2, the information gained from both sensors is used in parallel for the 
classification as they record complementary characteristics of the land surface. While optical data are 
affected by the physical-chemical characteristics of the surface (such as leaf structure or pigmentation) 
SAR data represent the geometric and dielectric properties of the surface (Woodhouse, 2006). Through 
their multi-spectral bands ranging from visible to near infrared wavelengths, optical data provide 
information on diverse land covers. SAR data on the other hand are usually acquired in a single 
frequency for each sensor and interact with the structural characteristics of the surface depending on 
the wavelength, incidence angle of the sensor, as well as roughness and moisture content. Here, two 
different methods are proposed for the integration of the S-1/S-2 data: (a) the fusion on pixel level: 
bands and indices from S-1 and S-2 are stacked into one dataset, which are the target of the 
classification; and (b) the fusion on decision level: classification of individual land cover classes are 
performed based on S-1 data or S-2 data individually and the results are fused based on decision rules on 
post-classification level. Therefore, sets of indicators and metrics derived from time series of SAR and 
optical data are currently being used in the literature, which can also be derived from S-1 or S-2 data. 
The following indicators from optical and SAR data have been identified based on the state-of-the-art 
analysis of being useful and improving the thematic classification results: NDVI, NDBI, MNDWI, NDMIR, 
NDRB, as well as NDGB derived from S-2 data and the backscatter coefficients in the VV and VH 
polarisations and polarisation ratios VH/VV derived from S-1 data. Qualitative assessment showed that 
the complementary information derived from S-1 data in addition to those from the optical data of S-2 
are promising in helping to distinguish between urban areas and bare soil. Moreover, also a sub-
classification of urban areas seems possible as one can clearly distinguish between inhabited and 
industrial areas. Also, forests and grassland areas can be visually distinguished better by using the fused 
data sets.  

The major drawback of optical observations is the impossibility for any sensor to permeate opaque 
clouds, whose presence can greatly vary from one AOI to the other. The fusion of S-2 and S-3 data is 
expected to bring down the revisit time from five days (for S-2) to one day, helping to densify the time 
series (Sylla et al., 2014). However, as noticed in current HRL projects, supplemental observations (from 
other sensors or on an extended span of several years) often have to be required in order to fill the gaps 
left by clouds. To monitor slow changes, such as the urban growth, temporal metrics derived from 
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spectral indices, such as extrema, standard deviation and median of the NDBI and NDVI, computed over 
a year, seem to be qualitatively as satisfactory as full datasets of raw images to characterize the land 
cover image by image, before proceeding to fusion on decision level. Nonetheless, to follow crop and 
grassland evolution in the landscape, future research will investigate in further details temporal 
techniques, such as temporal interpolation, to create composites based on the previous and following 
cloudless images in the time series, or trend modelling, that fill gaps as well as discriminate outliers, or 
diminish the effect of random noise. 

Throughout the ECoLaSS project a wide variety of methods were tested and employed for prototype 
production in a wide variety of application domains, ranging from data-centric statistical indicators, 
expert-defined decision trees and unsupervised clustering to supervised classifications and post-
classification comparisons. The predominant method for HRL production was supervised classification 
based on ground-truth training data. The algorithm of choice in most cases was the non-parametric 
Random Forest classifier.  

The data requirements established through extensive testing in both project phases resulted in a very 
clear picture. In almost all cases a significant improvement in mapping accuracy could be achieved by 
exploiting both optical S-2 data and SAR S-1 data in combination. This was the case for imperviousness, 
forest and grassland mapping. Fully automated strategies for feature selection, allow tailoring the 
optimal set of predictors from a large pool of potential candidates, hence allowing regionally optimized 
mapping in different geographic regions.  

Nevertheless, also a case for single source predictors could be made for time-series indicators, which are 
based on theoretical considerations, and therefore depend on the interpretability of the remote sensing 
data as opposed to supervised classification approaches, which can rely on statistical relationships not 
readily apparent to the human mind. For this reason each prototype on its own made use of either 
optical or SAR data, but not both at the same time. Crop growth condition, emergence date detection, 
and grassland use intensity mapping for example, are based on the phenological dynamics of 
photosynthetic processes, and therefore relied only on optical data of vegetation state. Contrastingly, 
potential change time-series indicators aimed at detecting structural changes and outliers relied on SAR 
data only.   

Overall, the ECoLaSS project has demonstrated the enormous potential for information extraction from 
combining multiple sensors and sensor constellations provided by the Copernicus Sentinel fleet, which 
exceeds all expectations and is almost guaranteed to boost the evolution of operational Copernicus HRL 
production in terms of both mapping accuracy and novel HRL products.  
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