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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 is being conducted
from 2017–2019 and aims at developing and prototypically demonstrating selected innovative products
and methods as candidates for future next-generation operational Copernicus Land Monitoring Service
(CLMS) products of the pan-European and Global Components. ECoLaSS assesses the operational
readiness of such candidate products and eventually suggests some of these for implementation. This
shall enable the key CLMS stakeholders (i.e. mainly the Entrusted European Entities (EEE) EEA and JRC) to
take informed decisions on potential procurement as (part of) the next generation of Copernicus Land
services from 2020 onwards.
Within the Copernicus Land Monitoring Services, methodological approaches for change detection and
tracking are increasingly being demanded to update existing LC/LU maps and to shorten the timespan
between image acquisition and final LC/LU products (e.g. for updating of CORINE LC, Urban Atlas, HRLs,
for identification of permanent grasslands, for crop status monitoring, monitoring Natura2000 sites and
further applications).
Estimating change from remotely sensed data is not a straightforward approach since time series contain
a combination of seasonal, gradual and abrupt changes in addition to noise which originates e.g. from
remnant geometric misregistration or atmospheric effects. For monitoring land cover changes on panEuropean level, the availability of optical EO time series is a bottleneck because of data gaps and nonoptimal acquisition time frames due to frequent cloud and snow cover conditions and/or low solar
incidence angles, especially in the North of Europe and in Alpine areas. Therefore, for pan-European or
global applications, a main requirement is the usage of optical as well as SAR time series to allow a
homogeneous wall-to-wall coverage for change monitoring. Depending on the biogeographic region,
approaches which are only based on optical data streams (e.g. in Mediterranean areas), and approaches
which combine optical and SAR data streams (e.g. in areas with more frequent cloud coverage) can be
applied. Therefore, optical and SAR based approaches are benchmarked separately in WP34. In order to
achieve these goals ECoLaSS makes full use of dense time series from High-Resolution (HR) Sentinel-2
optical and/or Sentinel-1 Synthetic Aperture Radar (SAR) data.
Rapidly evolving scientific developments as well as user requirements were continuously analysed in a
close stakeholder interaction process, targeting a future pan-European roll-out of new/improved CLMS
products, and assessing the potential transferability to global applications. In Chapter one, the current
state of the art is therefore described in detail.
As the land cover dynamics heavily depend on the specific land cover category, there is no single change
detection approach, which can be recommended for application in the thematic fields, which are
covered within ECoLaSS. For example, the temporal characteristics of the reflectance trajectory are
different for forest, cropland, grassland, water and settlement. Therefore, the testing of the change
detection approach and its benchmarking is described detailly in thematically separated chapters.
A major requirement for future monitoring of land-cover changes at the pan-European or global level is
the reduction of processing time between image acquisition and availability of finally derived
information products. Therefore, the focus within WP34 is put on fully automated change detection
approaches, which are based on dense time series of Sentinel-2 and/or dense time series of Sentinel-1. A
major focus is put on the development of transferrable methods in order to achieve operational
feasibility for large scale applications and achieving cost-efficiency in terms of automated approaches.
The related tests have proved to be successful, providing satisfactory accuracies and the methodologies
have been finally selected for generation of the incremental updates in Task 4.
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Spectral Change Difference
Sentinel2 Correction
Spectral Mixture Analysis
spatially normalized NDVI
Satellite Pour l'Observation De La Terre/Satellite For Observation Of Earth
Stochastic Volatility
Support Vector Machine
Short Wavelength Infrared
Tasseled Cap Transformation
Thematic Mapper
Time Weighted Dynamic Time Wrapping
User Accuracy
United States Of America
Uncertainty-Based Spatio-Temporal Consistency
Vegetation Change Tracker
Vertical Transmit/Horizontal Receive (Polarization)
Very High Resolution
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1 State-of-the-art
On a medium to high resolution scale the currently used remote sensing based methods can be generally
divided into two categories: a bi-temporal (image-to-image change detection) and a multi-temporal
approach (time-series analysis) (Hirschmugl et al., 2017). For image-to-image change detection three
main approaches do exist. The first approach is comparing the classification result of each classified
image (post-classification comparison), the second approach, the so-called “multi-temporal image stack
approach” is putting the images and their spectral bands/indices into a classification algorithm
(Hirschmugl et al., 2017; Banskota et al., 2014; Olsson, 2016) and the third approach detect changes
solely on the spectral behaviour of the Earth´s surface (regression based methods or change vector
analyses). Regarding time-series based change detection methods the following approaches can be
named: threshold based change detection, curve fitting, trajectory fitting including temporal
segmentation, and Kalman filtering (Banskota et al., 2014; Hirschmugl et al., 2017).
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 scientific, as well as user requirements, could only
be satisfied by dense satellite data time series. In this context each Sentinel mission brings new
opportunities and challenges for time series change detection approaches. One major challenge is data
gaps due to high frequency cloud cover and low sun incidence angles. Therefore, time series change
detection using SAR as an alternative or complementary image data source and the usage of multisensor data sets are addressed by the consortium. This chapter provides a review of state-of-the-art
change detection and signal anomaly detection approaches using time series data.

1.1 Time Series Methods
Estimating change from remotely sensed data is not straightforward since time series contain a
combination of seasonal, gradual and abrupt changes, in addition to noise that originates from remnant
geometric errors, atmospheric scatter and cloud effects (Roy et al., 2002). For monitoring land cover
changes on pan-European level, the EO data availability had been identified as a major bottleneck
because of data gaps and non-optimal acquisition time frames out of the vegetation season due to high
frequency cloud cover and/or low solar incidence angles especially in the North of Europe and in alpine
areas. Therefore the main requirement for 2020+ is the usage of optical as well as SAR time series to
allow a homogeneous full coverage for change monitoring. Depending on the biogeographic region,
approaches which are only based on optical data streams (e.g. in Mediterranean areas), and approaches
which combine optical and SAR data streams (e.g. in areas with more frequent cloud cover) can be
applied. Therefore optical and SAR based approaches are described separately in the following chapters.
A major requirement for monitoring land-cover changes at the pan-European or at the global level is
further the reduction of time between image acquisition and availability of finally derived information
products. In the following, therefore, the focus is on fully automated change detection approaches,
which are based on dense time series of Sentinel-2 and/or dense time series of Sentinel-1.
1.1.1 Signal anomaly detection based on optical Time Series
A number of recently published studies aimed at assessing the current state of signal anomaly and
change detection methods based on high resolution optical Earth observation data. A review by
Hirschmugl et al. (2017) focused on the mapping of forest disturbances and degradation. They concluded
“that there are already many methods available for bi-temporal change detection from high-resolution
data on the one hand and for time series analysis from coarse resolution data on the other. The current
main challenge and research development focus is transferring these approaches to high resolution time
series.”
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Zhu (2017) reviewed change detection studies based on Landsat time series. Although the number of
studies is rather high, the author observed that “most of the time series studies were only interested in
producing annual or biannual change maps” and therefore “tended to select multiple images (partly
cloudy images) acquired in the same season and the same year to produce cloud-free composite images
as their inputs. In this way, seasonal differences caused by solar angle differences and vegetation
phenological changes were minimized, and the data volume was reduced substantially” (Zhu, 2017). The
author also noted that more recent studies use a higher amount of images per year acquired in different
seasons.
The conclusions from both reviews as well as an independently conducted literature search show that
there are few main algorithms for change detection that have been applied to satellite image time series
with a high temporal resolution. Many older, established methods like the vegetation change tracker
(VCT) proposed by (Huang et al., 2010) or LandTrendr (Kennedy et al., 2010) circumvent the problems
outlined in the previous sections by using annual time series of cloud-free composites.
The optimal approach to apply depends on the time series density and on the specific thematic or
geometric requirements for the respective application field such as for forest monitoring, monitoring
changes in grasslands, croplands etc.
Seasonality:
Seasonal patterns in remotely sensed time series are primarily caused by the annual variations of
temperature and rainfall that influence plant phenology. Effects of the Bidirectional Reflectance
Distribution Function (BRDF) can also add to the seasonality (Zhu et al., 2012). An analysis of different
seasonal patterns for a number of land-cover/land-use classes based on MODIS NDVI time series is given
by Geerken (2009). Fourier analysis was applied to the data in order to find the dominant frequencies in
the annual cycle. The results indicate that most of the seasonal variation of many land cover types can be
modelled by using 3 harmonics corresponding to a frequency of 1, 2, and 3 periods per year, without
overfitting the noise. Dynamic land cover types like cropland show larger amplitudes at the higher
frequencies whereas forest types have the highest amplitude at a frequency of 1 period per year. Hence,
time series with increased density and well distributed observations covering all seasons are required to
monitor more dynamic land cover types. An algorithm for change detection has to be able to distinguish
between normal seasonal changes and abnormal behaviour.
Unequal temporal interval between observations:
Satellites with a regular nadir acquisition scheme usually have a constant revisit cycle, for example, 16
days for Landsat-8 and 5 days with Sentinel-2 (two satellites). However, with increasing latitude adjacent
paths overlap and the density of the time series in these areas can be increased, at the cost of irregularly
spaced observations. The revisit time could also be decreased by integrating data from Landsat and
Sentinel-2 (Wulder et al., 2016). Because both satellites have different repeat cycles, irregularly spaced
observations can be expected. However, many methods used in time series analysis require a constant
sampling interval, in other words, a constant interval between the observations. In order to use these
methods, an additional pre-processing step like filtering or interpolation becomes necessary. A review
and comparison of some existing methods is given by (Kandasamy et al., 2013). This pre-processing may
introduce other undesired effects like overly smoothing the data or introducing another set of tuning
parameters into the workflow. At spatial resolutions of Sentinel or higher, the additional computational
effort might also be significant. Depending on the application, the use of more sophisticated time series
analysis methods which can handle irregularly spaced observations can be preferable.
Missing Observations:
Clouds and cloud shadows, as well as snow, greatly influence the reflectance of different spectral bands
(Dozier, 1989; Irish et al., 2006). They can be considered as noise in the data and must be masked out,
resulting in missing observations in the time series. Not all methods used in the time series analysis are
designed to account for missing values. Analogous to the reasons pointed out in the previous Chapter, a
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decision between additional pre-processing to fill the gaps or more powerful time series analysis
methods capable of handling missing observations must be made. Another aspect of the problem is
concerned with the amount of cloud and snow cover that has to be expected for certain areas on Earth.
In the tropical climate zone, for example, the cloud cover probability is very high (Wylie and Menzel,
1999) and it is, therefore, difficult to obtain dense time series.
Presence of outliers:
Although there are some powerful algorithms for cloud, cloud shadow and snow screening, none of
them can fully fulfil the requirements for a highly accurate product. As a consequence, the presence of
outliers in the time series must be considered as a given fact. Thus, a reliable change detection method
has to incorporate a mechanism to avoid confusion between outliers and real changes.
This chapter presents a review of signal anomaly detection methods based on per-pixel time series
analysis, which have been published in the recent years. The signal anomaly detection is based on optical
Sentinel-2 data streams resulting from WP32 [AD07]. Therefore, the chapter focuses especially on
algorithms capable of processing dense time series at spatial resolutions of optical sensors like the
Landsat or Sentinel-2 series. In this context, time series are considered dense if several valid observations
are available within one year. Before discussing some of the existing methods, a summary of the
challenges, which a change detection algorithm has to address, is given.
The state-of-the-art signal anomaly detection methods can be divided into two categories. The first one
is called image-to-image change detection methods and the second one is based on time series analysis
(Hirschmugl et al., 2017). The availability of high frequency observation data increased over the years
and with both Sentinel-2 satellites in orbit dense time series with high resolution data are available.
Therefore, this chapter focuses on time-series analysis.
Image-to-image change detection:
At least one image acquired before and one after a change event is required, of which the first must be
from the start of a monitoring period and the second in the end. This approach is often also referred to
as ‘bi temporal change detection’ […]. Such an approach can be also applied two or more times, each
time comparing two images or classifications. One major drawback of this method is the influence of
cloud and cloud shadows which leads to remaining data gaps. Another drawback is the sensitivity to
geometric and radiometric inconsistencies caused by short term changes in reflectance or backscattering
characteristics. Because of these but also other drawbacks, the focus in EcoLaSS is on developing
methods based on dense time series of satellite images, which is described in more detail in the next
Chapter.
Time series based signature anomaly detection
This approach requires a series of images taken continuously over a period of time. Thus, there is a need
for substantially more and regular image acquisitions over the area of interest. This approach is often
referred to simply as ‘time series analysis’. (Hirschmugl et al., 2017)
Time series analysis based change detection can also be done feature-to-feature based on creating
temporal features over a certain time period and comparing the features with each other. Furthermore,
classification results based on temporal features can be compared with each other to classify changes.
The time series based change detection methods highly depend on dense time series. Typically there are
three components (see Figure 1-1), which can be exploited depending on the change detection focus.
The first component is the long-term directional trend observed over the years, which represent the
stable conditions with a long-term decrease or increase in the evaluated features. The second
component is the seasonal component, which represents the spectral change due to climatic conditions,
for example, dry seasons. The last component is the residual component, which represents short term
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changes due to short term occurrences through local weather events or other short term disturbances
like fires (Kuenzer et al., 2015).

Figure 1-1: Components of time series (from Kuenzer et al., 2015)

Kuenzer et al. (2015) reviewed time series data, approaches, opportunities and challenges based on
optical and radar data sources. Different features can be derived from several data sources like
geophysical variables, index variables, thematic variables, topographic variables and texture variables.
Those variables are described in Figure 1-2 (Kuenzer et al., 2015).

Figure 1-2: Variables commonly derived in the context of remote sensing based time series analysis (from
Kuenzer et al., 2015)

Banskota et al. (2014) defines four categories for trajectory-based time series analysis methods:
 threshold based change detection
 curve fitting
 trajectory fitting
 trajectory segmentation
Figure 1-3 provides a schematic comparison of the four mentioned time series analysis methods.
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Figure 1-3: Schematic illustration of different time series analysis methods (from Hirschmugl et al., 2017)

a) Threshold-based signature anomaly detection detection
The threshold based change detection methods use empirically defined thresholds to separate deviating
observations from stable trend observations within the time series analysis. The main drawback of
threshold-based methods is that the empirically derived thresholds are only suitable for local areas
cannot be transferred to other areas, which are characterized by different vegetation types (Banskota et
al., 2014). Therefore, they are in general not suited for a pan-European or global approach.
b) Curve fitting
Often, a pixel-wise trend function based upon least squares regression (LSR) is fitted between a spectral
variable and time (Banskota et al., 2014). One drawback is that the underlying statistical assumptions
(data normality, equal variance) are generally difficult to meet and violation of these assumptions results
in an inadequate representation of the data by the fitted function (Hirschmugl et al., 2017).
BFAST - the Breaks for Additive Season and Trend algorithm was originally designed to detect the trend
and seasonal changes in MODIS 16-day NDVI composites (Verbesselt et al., 2010a). It is based on the
decomposition of a time series into a trend, seasonal, and remainder component. Change detection is
performed by finding breakpoints in either of the estimated components. Through this approach, the
number, timing, and type of changes in historic time series can be determined. A second version
employed a different seasonal model based on trigonometric functions which the authors deemed to be
“more suitable and robust for phenological change detection with satellite image time series” (Verbesselt
et al., 2010b). The next stage in development was BFAST Monitor, “a multi-purpose time-series-based
disturbance detection approach that identifies and models stable historical variation to enable change
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detection within newly acquired data” (Verbesselt et al., 2012). Initially, it was also used with MODIS
data, but a variety of more recent studies listed in demonstrate that BFAST and BFAST Monitor can also
be applied to Landsat time series to detect both abrupt and gradual change. It has to be noted that all of
the studies in Table 1-1 investigate forest applications. Nevertheless, it may be possible to adapt some
elements of the BFAST approach to other land cover types.
Table 1-1: Studies using BFAST or BFAST Monitor with Landsat time series
Goal and observables
Test sites
Reference
Monitoring of forest cover loss, NDVI, combination
Bolivia, tropical forest
(Dutrieux et al., 2015)
with MODIS or rainfall data
Forest monitoring in regions with persistent cloud
Fiji, tropical forest
(Reiche et al., 2015)
cover, fusion of Landsat NDVI and SAR
Tracking of disturbance-regrowth dynamics using
Southern Peru,
(DeVries et al., 2015a)
all available Landsat data, NDMI
tropical forest
Monitoring of small-scale forest disturbances,
Southern Ethiopia
(DeVries et al., 2015b)
NDVI
Deforestation
mapping,
sNDVI
(spatially
Humid/dry forest, Brazil/Bolivia
(Hamunyela et al.,
normalized NDVI, reduced seasonality by using
2016)
spatial context)
Mapping of deforestation and degradation,
Southern Ethiopia
(DeVries et al., 2016)
various spectral bands and indices, focus on
correct change classification
Evaluation of how specific effects of site and
Brazil, Ethiopia, Vietnam
(Schultz et al., 2016)
radiometric correction affect the accuracy of
deforestation monitoring when using BFAST
Monitor
Forest disturbance detection and change agent
Bohemian forest, Kalkalpen, Tatra
(Oeser et al., 2017)
attribution (windthrow, cleared windthrow, bark
beetles, and other harvest), tasseled cap wetness
Advances in Remote Sensing of Agriculture:
Context
Description,
Existing
Operational
Monitoring Systems and Major Information Needs
Analysis of Agricultural Land Use Changes in
Jombang Regency, East Java, Indonesia Using
BFAST Method

Multiple examples of arable lands at
large scale
Jombang agricultural lands, East
Java

(Atzberger C., 2013)

(Permatasari, P., A, et
al, 2016)

Another tool is TIMESAT (Eklundh and Jönsson, 2015), which provides several options for separating
components of changes and smoothing the time series with a variety of applications. In the TIMESAT
tool, a number of processing steps for transforming noisy signals into smooth trajectories are included,
such as e.g. the Savitzky-Golay filter.
CCDC - Originally, Zhu et al. (2012) developed the so-called Continuous Monitoring of Forest Disturbance
Algorithm (CMFDA). “Using all the available Landsat ETM+ images in two years, models using sines and
cosines are fit for each pixel and each spectral band. These models can predict Landsat images at any
date assuming there is not any land cover change.” Change detection is performed by differencing the
predicted and a newly acquired image. If the calculated difference of a change index sensitive to forest
disturbance crosses a certain threshold for 3 consecutive times, a pixel is flagged as changed. The
method also incorporates two-stage cloud screening where previously unmasked clouds, shadows, and
snow can be detected by using multi-temporal data. This approach was later refined and published
separately as “a new algorithm … for automated masking of cloud, cloud shadow, and snow for multitemporal Landsat images” (Zhu and Woodcock, 2014a).
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The change detection part of CMFDA has been further developed to the Continuous Change Detection
and Classification (CCDC) algorithm where the concept is extended to include more types of land cover
beside forest as well as a classification framework (Zhu and Woodcock, 2014b). From the beginning,
CCDC was designed to work with dense Landsat time series and can, therefore, handle seasonality,
missing or irregularly spaced observations, and outliers to some extent. Both abrupt and gradual changes
can be detected. Some further updates to the algorithm are described in Zhu et al. (2015). They include a
mechanism to automatically adjust the complexity of the time series model based on the number of
available clear observations as well as a different method to estimate the model parameters that reduce
overfitting. Some recently published studies employing the CCDC algorithm are listed in Table 1-2.

Table 1-2: Studies using CCDC with Landsat time series
Topic
Test sites
Investigation of the possibilities for monitoring
Several locations, USA
gradual changes using dense Landsat time series
Analysis of vegetation greenness trends considering
Guangzhou, China
effects due to land cover change
Analysis of urbanization induced land use and land
Atlanta metropolitan area, USA
cover change
Evaluation of CCDC for use within the USGS Land
Several locations, USA
Change Monitoring, Assessment, and Projection
program (LCMAP)
Mapping of forest degradation
Lam Dong Province, Vietnam
Near-real-time monitoring of insect defoliation

Southern New England, USA

Reference
(Vogelmann et al.,
2016)
(Zhu et al., 2016)
(Fu and Weng,
2016)
(Pengra et al.,
2016)
(Vogelmann et al.,
2017)
(Pasquarella et al.,
2017)

KALMAN filtering - denotes a versatile parameter estimation technique which yields optimal estimates in
a statistical sense. This technique is well established in many fields and has been applied to numerous
signal processing problems (Gibbs, 2011). Harvey (1989) provided a comprehensive treatment of the
Kalman filters’ application to time series analysis in econometrics. However, examples of its usage in the
remote sensing context are rare. Kleynhans et al. (2011) have analyzed NDVI time series derived from
MODIS images in order to map settlement growth in northern South Africa. They concluded that their
Kalman filter based algorithm achieved higher accuracies compared to a “traditional annual NDVI
differencing method”. Another study has been conducted by Olsson et al. (2016) in a test area located in
northern Sweden, where Kalman-filtered NDVI time series have been used to detect insect induced
defoliation in near real-time. MODIS 8-day composites covering the years 2000-2013 have been used as
input data.
In general, the Kalman filter approach requires the definition of a dynamic model and an observation
model. The observation model, on the one hand, defines the relationship of the measurements to a set
of state variables which cannot be observed directly. For a time series, the state variables usually
represent the series’ additive decomposition into trend, seasonal, and long-term cyclical components.
The dynamic model on the other hand describes the expected temporal evolution of the state variables.
By formulating the dynamic model in continuous time, the problem of gaps in the time series due to
persistent cloud cover can be addressed. The Kalman filter operates recursively from one point in time to
the next. Each recursion may be divided into two steps. In the time-update step, the states’ temporal
evolution is predicted based on the dynamic model. It is followed by the measurement-update step,
where the predicted state estimate is enhanced by incorporating newly available observations.
Thus, the Kalman filter framework has some interesting properties regarding its application to remote
sensing time series. Since the state variables are continuously updated, the underlying model can adapt
to variations in the seasonal cycle, which may be present due to different climatic conditions compared
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to the previous year. This is a key advantage over simple regression models. Moreover, the ability to
make model-based forecasts including confidence intervals is an inherent part of the technique.
c) Trajectory fitting
Phenomena like land cover changes have a distinct temporal progression which can be abrupt or on long
terms. Those characteristics can be represented with spectra-temporal signatures. Following trend
assumptions are made to define different change types. The gradual long-term changes will be
represented by a linear trend, whereas abrupt short term changes are represented by a sharp decrease
or increase in the trajectory. Areas without changes show ideally a steady horizontal trend. The
trajectory fitting method adopts these assumptions by fitting curve characteristics, with defined change
trajectories. This supervised change detection method shows some limitations by the requirement of
predefined trajectories representing all possible change types (Banskota et al., 2014).
d) Trajectory segmentation
The trajectory segmentation method is applied e.g. within the LandTrendR (Kennedy et al., 2010)
approach to characterize distinct sub-trends within the trajectory. In this approach, the trajectory is decomposed into a series of straight-line segments, which capture broad features of the trajectory as well
as sub-trends (Kennedy et al., 2010). “The first phase of segmentation is the determination of the vertex
years that define the end points of segments. In the second phase the best straight-line trajectory is fitted
through those vertices using either point-to-point or regression lines. The result of this segmentation is a
spectral trajectory which is composed of straight-line segments. The time position and spectral value of
vertices of the segments provide the essential information, which is needed to produce maps.”
(Hirschmugl et al., 2017)
According to (Banskota et al., 2014), “the advantage of this approach is that the straight-line segments
allow the detection of abrupt events, such as disturbances, as well as longer-duration processes, such as
regrowth”. Another advantage is that the data determines the shape of the trajectory and therefore no
typical curve of degradation is required as in the trajectory fitting method. One major drawback of the
trajectory segmentation is that seasonal effects caused by phenology are not taken into account
(Banskota et al., 2014).

LIMITATIONS
All algorithms share certain basic concepts, but the individual implementation varies. They are designed
to process large amounts of data in a highly automated way and, therefore, rely on data-driven statistical
boundaries for detecting change, although the distinct nature and computation of these boundaries is
quite different. Parts of the algorithms handle seasonality through harmonic models based on sines and
cosines, but the methods used to fit them to the data differ. Regarding the limitations of time-seriesanalysis-based change detection algorithms, the influence of several interdependent parameters has to
be considered as decisive:
(1) Properties of the input data. In order to detect a certain type of change, it has to be represented in
the input data and spectral bands or indices have to be chosen accordingly. Cohen et al. (2017)
compared forest disturbance maps produced from the output of seven different change detection
algorithms. Among them were CCDC and the method proposed by Brooks et al. (2014), the remaining
five methods only consider annual time series. One of the conclusions by Cohen et al. (2017) was that
“Spectral change magnitudes associated with forest disturbance are highly variable, with a population
likely to be skewed towards lower-magnitude occurrences. Such disturbances are challenging to map
because they are often difficult to distinguish from spectral noise common in temporal trajectories of
spectral signals.”
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(2) The number of frequencies used in the harmonic model. The complexity of the seasonal pattern is
dependent on the climate zone, the land cover class and the spectral band or index. To include higher
frequencies, a higher number of clear observations distributed over all seasons are required. This may be
a major limitation for areas with persistent cloud or snow cover. More complex models are also more
sensitive to noise and outliers; hence the risk of overfitting may increase despite using robust estimation
methods.
(3) Settings regarding the computation of statistical boundaries. The discussed algorithms have certain
tuning parameters which control the thresholds for detecting change. To make the algorithm more
robust to noise and outliers, these thresholds have to be increased. As a consequence, changes with a
low magnitude cannot be detected.
1.1.2 Signal anomaly detection based on SAR Time Series
Change detection and classification of the dynamics of land use/land cover are one of the most
important remote sensing applications (Bazi et al., 2005). Here, SAR data are promising due to their
ability to acquire data independently from any weather conditions (e.g., clouds) (Conradsen et al., 2016).
Signal anomaly detection within time series data refers to finding outliners in the data with respect to a
standard temporal and backscatter behaviour of a certain pixel or object which can be attributed to
changes in the target surface. However, within SAR data, anomalies can occur either due to real changes
on the Earth surface, or due to data distortion. Signal ambiguities arising from SAR’s sensitivity to both
geometric and dielectric properties complicate the attribution of changes in signals to changes in
processes. Further dominant adversial impacts on change detection approaches are inherent to the
physics of the SAR sensing, namely the presence of speckle, which is inherent to coherent imaging
systems, and its strong dependency on viewing geometries (Carincotte et al., 2006). In the following,
methods for change detection and signal anomaly detection based on SAR time series are summarized.
In general, change detection techniques for SAR data can be summarized into several categories
corresponding to different image quality requirements. The first category defines an approach to
temporally track objects or stable image features by means of their geometrical shape (Rignot and van
Zyl, 1993). In this case, the data does not have to be calibrated but needs to be improved in terms of
geometric distortion and requires an accurate spatial image registration (examples of applications are
sea ice monitoring, motion tracking, landslides, and glacier movements). Furthermore, the segmentation
of a SAR scene is generally challenging with the constraint of applying an efficient edge detector or
speckle filtering a priori (Touzi et al., 1988). The second category defines approaches for detecting
changes based on backscatter differences. In this case, the time series data requires stable calibration
accuracy and an accurate spatial registration (Rignot and van Zyl, 1993).
Conradsen et al. (2016) differentiates change detection methods for single-channel and multi-channel
SAR data (e.g., polarimetric). Belonging to the single-channel approaches, classical ratio detection
methods, e.g., introduced by (Touzi et al., 1988) and (Rignot and van Zyl, 1993), detect changes based on
differences and ratios in the magnitude of the backscattering intensity between two acquisition dates.
Furthermore, Bazi et al. (2005), Moser and Serpico (2006), Ban and Yousif (2012), Hu and Ban (2014)
applied an unsupervised change detection approach based on the Kittler-Illingworth (KI) minimum-error
threshold selection criterion. The authors adapted the KI method which was proposed for optical change
detection (Melgani et al., 2002; Moser et al., 2003) to the specific not-Gaussian distributional properties
of SAR amplitude images (Bazi et al., 2005). This procedure usually consists of three steps including
image pre-processing (co-registration and speckle filtering), comparison between multi-temporal images,
and finally an automatic approach to detect changed and unchanged pixels based on the KI threshold.
Ban and Yousif, 2012 concluded that the KI algorithm was very effective in detecting temporal changes in
urban areas. Their findings also indicate that the change detection accuracies depend on how the
assumed conditional class density function fits the histograms of change and no-change clusters (Ban
and Yousif, 2012). Melgani et al. (2002) investigated several thresholding algorithms among them the KI
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minimum error algorithm (Kittler and Illingworth, 1986), Otsu’s algorithm (Otsu, 1979) and Huang and
Wang’s algorithm (Huang and Wang, 1995), whereas the KI technique was the most commonly used for
unsupervised change detection.
Furthermore, Carincotte et al. (2006) applied an unsupervised change detection technique based on
fuzzy hidden Markov chains. The principle of their approach is a fuzzy segmentation of the log-ratio
image identifying pixels belonging to three classes: negative change, positive change and no change. All
pixels which belong to two classes are considered as fuzzy class of considered mixture classes (Carincotte
et al., 2006). According to Bovolo et al. (2013), change detection approaches based on ratio and log-ratio
operators comparing pixel by pixel are not well suited for spatially very high resolution (VHR) images and
high temporal resolution time series because of the complexity of VHR images in their electromagnetic
backscattering mechanisms and possible differences in acquisition conditions of multi-temporal images
(e.g. differences in view angle, moisture). In such cases, the same pixels or objects can show different
backscatter behaviours without undergoing actual land cover changes, hence leading to false alarms
(Bovolo et al., 2013). To overcome these challenges Bovolo et al. (2013) introduced a two way concept
exploiting a multi-scale technique to preliminarily detect possible changes in backscatter and explicitly
model the semantic meaning of change by using SAR image properties and prior information.
Furthermore, (Gamba et al., 2006) applied a pixel as well as feature based change detection. They
performed an extraction and comparison of linear features from multiple SAR images and pixel-based
changes. Hachicha and Chaabane (2014) reviewed different methods for similarity measures which allow
change detection in SAR images. Also (Inglada and Mercier, 2007) discussed similarity measures for
automatic change detection in multi-temporal SAR images by developing local statistics between two
time steps. In their approach, the local statistics are estimated by using a cumulant-based series
expansion which approximates the probability density functions in the neighbourhood of each pixel
(Inglada and Mercier, 2007). The Kullback-Leibler divergence locally measures the distance between two
probability density functions and in this manner creates multi-scale change profiles (MCPs) which are
then used to identify the change (Inglada and Mercier, 2007). Chatelain et al. (2008) discuss the
multivariate gamma distributions for change detection in different SAR data sources (multi-sensoral).
Moreover, wavelet based change detection methods were introduced by Bovolo and Bruzzone (2005),
Celik (2010), (Gong et al., 2012), (Bovolo et al., 2013), and (Schmitt and Brisco, 2013). Other change
detection approaches are based on extension change vector analysis (CVA) (Shen et al., 2007) or neural
networks (Pratola et al., 2013).
The second family of SAR change detection methods aims for multi-channel SAR data e.g. using
polarimetric parameters (Dierking and Skriver, 2002; Qong, 2004, Nascimento et al. 2019). Dierking and
Skriver (2002) stated that intensity images from multi-temporal polarimetric SAR data provide better
results for change detection compared to correlation coefficients and phase differences between copolarized channels. They used a ratio operator to analyze temporal images and a decision mechanism
with respect to the required probability of false alarm (Bazi et al., 2005). Other approaches are based on
Markov random fields for multichannel SAR data (Moser et al., 2007; Moser and Serpico, 2009; Yousif
and Ban, 2014), the generalized maximum likelihood test for covariance matrices (Conradsen et al.,
2003), partial vectors for the suppression of the backscatter coefficient influence (Marino et al., 2013)
and the Hotelling-Lawley trace statistics (Akbari et al., 2013).
Inherent to most polarimetric change detection approaches is the reliance on the complex covariance
matrix, which becomes more informative with the number of dimensions. Many polarimetric
approaches, therefore, rely on quad-polarized SAR data. This limits their applicability to operational land
monitoring with Sentinel-1, which, although capable of acquiring quad-polarized data, acquires almost
exclusively in dual polarized mode.
In addition to presented studies and methods focusing on SAR data, some promising time series analysis
tools, which were developed for optical data, could be considered for their adaptation (see Chapter
1.1.1). Change Detection by Combining Multi-temporal Classifications and Multi-temporal Anomalies.
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1.1.3 Change detection by combining multi-temporal classifications and
multi-temporal anomalies
This Chapter introduces a rather original algorithm to detect forest cover change based on two or
multiple satellite images of the same area acquired by the same sensor at different epochs. The principle
of this algorithm has been first developed and implemented by Desclée et al. (2006) and then used over
large sets of samples as reported by Duveiller et al. (2008). In the framework of the FRA-2010, FAO
selected this algorithm for his global forest cover assessment (FAO, 2010). This algorithm was found very
efficient to detect change in needleleaf forest, evergreen or tropical semi-deciduous forests. For forest
with strong seasonality, the performances also depend on the acquisition date of the images which
should be similar with regards to the foliage phenology.
This automated object-based method for change detection is a multi-step iterative process that identifies
the objects showing higher reflectance differences between the two images than the other objects for
the same land cover. A working assumption easily met is the fact that the majority of the objects are not
affected by change between the two or more dates.
The processing chain is run by pairs of images and includes four major steps (Figure 1-4):
(i)
a multi-date multispectral image segmentation to delineate objects,
(ii)
an extraction for each object of the surface reflectance distributions corresponding to each
image;
(iii)
a change detection algorithm based on a multivariate iterative trimming to detect the
objects showing anomalies based on their reflectance distribution (i.e. mean and standard
deviation) difference;
(iv)
mapping the objects detected as change between the two or more images.
The main advantage of this change algorithm is the fact that it does not require a strict consistency
of the signal over time but assumes a spatially homogeneous impact of the atmosphere and of any
issue which may affect the signal from one date to another. In other words, for the invariant target,
the signal from the first to the second date can be changed or biased but this bias is assumed to be
constant over the whole region of interest. The past experiences shown that this working
assumption hold for an area of 20 x 20km and larger areas has to proceed by moving windows. The
size of the window is a trade-off between the homogeneity of the atmospheric effects on the surface
reflectance and the necessity to have enough objects which were not changed between the two
dates.
Recently, this automatic multi-temporal segmentation has been adapted to Sentinel-2 image pair. Four
bands from both old and recent images are used with equal weights: 3 (Red), 4 (NIR), 8 (SWIR) and 12
(SWIR). Band 12 with a spatial resolution of 20m has to be resampled at 10m resolution and for that
reason, it could be more appropriate to weight a little less the band 12 for the segmentation. The
product of this segmentation is a set of spectrally and spatially coherent objects and common for both
images. The initial design was proposed for forest but could probably be extended to another land cover
classes which are not too much affected by seasonality.
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Figure 1-4: General principles of the object-based anomalies detection for change detection method (Desclée et
al., 2006)

A differentiated consideration of the thematic land cover is necessary as their spectral-temporal
characteristics and change patterns are fundamentally different in time as well as in space. The following
sections address change detection methods specifically for Forest, Imperviousness, Grassland and
Agriculture.

1.2 Forest Change/Loss
Currently used methods on forest change monitoring aim for accurate and timely detection of forest
disturbances (Reiche et al., 2018; Hansen et al., 2016). Regarding forest recovery, most of the existing
studies focus on post-disturbance regrowth rates and recovery trends using long-period Landsat time
series (Bartels et al., 2016; Franks et al., 2013; Frazier et al., 2015; Pickell et al., 2016).
As aforementioned, on a medium to high resolution scale, the currently used methods based on
remotely sensed data can be generally divided into two categories: a bi-temporal (image-to-image
change detection) and a multi-temporal approach (time-series analysis) (Hirschmugl et al., 2017; Mitchell
et al., 2017; Miettinen et al., 2014).
1.2.1 Forest loss
For image-to-image change detection two different approaches do exist. One approach is comparing the
classification result of each classified image (post-classification) and the other approach is putting the
images and their spectral bands/indices into a classification algorithm (Hirschmugl et al., 2017; Banskota
et al., 2014). In context of the time-series analysis the following four different approaches can be named:
threshold based change detection, curve fitting, trajectory fitting and temporal segmentation (Banskota
et al., 2014; Hirschmugl et al., 2017). Commonly used algorithms to detect forest loss and regrowth are
LandTrendR (Kennedy et al., 2010; Frazier et al., 2015, Grogan et al., 2015), BFAST (DeVries et al., 2015,
Hamunyela et al., 2016, Reiche et al., 2015), CCDC (Zhu and Woodcock, 2014) and the
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Composite2Change (C2C) approach (White et al., 2017; Hermosilla et al., 2016). The applicability of the
Kalman filtering approach to Sentinel-2 time series has also been investigated.

LITERATURE REVIEW ON FOREST LOSS DETECTION
There are several articles that review the state of the art in change detection through remote sensing.
Many of the reviewed methods and articles are developed specifically for change detection in forests.
Hirschmugl et al. (2017) review literature that is about the monitoring of forest disturbances and
degradation by the use of optical remote sensing data. Most of the methods presented in their article
were developed on the basis of Landsat time series. The review article by Zhu (2017) is limited to
methods utilizing Landsat imagery, the vast majority of the articles reviewed referring to forest as the
change target. In the review article by Banskota et al. (2014) forest monitoring studies that use Landsat
time series data are reviewed.
Hirschmugl et al. (2017) discriminate between bi-temporal and multi-temporal change detection
approaches. In the following section, one bi-temporal and some multi-temporal approaches for forest
loss detection are described.
From the category bi-temporal approaches the image-to-image change detection is described. For an
image-to-image change detection, two images are assessed: one before and one after a, e.g., a forest
loss event. A change (e.g. a forest loss) is indicated by the difference in the spectral characteristics
between the images (Hirschmugl et al., 2017).
From the category multi-temporal approaches, five commonly used algorithms that are applicable to
forest loss are described in the following section. Four methods (Vegetation Change Tracker,
LandTrendR, BFAST and the method by Hansen et al., 2013) are selected for further description because
each of them is mentioned in at least two of the three review articles (i.e. Zhu, 2017; Hirschmugl et al.,
2017; Banskota et al., 2014). The fifth method (CCDC) is selected because it has been chosen as the
change detection algorithm for the operational land cover classification in the frame of the USGS LCMAP
program for the United States (Zhu 2017).
The Vegetation Change Tracker (VCT) (Huang et al., 2010) is a thresholding method, i.e. it "employs a
predefined threshold for identifying a land cover (mostly forest) in the time series, and changes are
detected when there are significant deviations from the threshold" (Zhu, 2017). Huang et al. (2010)
developed and tested VCT at many study sites in different states of the USA. Landsat images are
transformed into a multi-spectral forest probability index called "Integrated Forest Z-score" (IFZ). An IFZ
higher than a certain threshold indicates non-forest. By comparison of two images, forest loss events can
be detected. Huang et al. (2010) examine disturbance patterns with a biennial interval from 1984 to
2006. In their validation, overall accuracies of around 80% are achieved. Due the design of the method, it
is only suitable for abrupt changes, i.e. forest loss events, but not gradual changes like forest regrowth
(Zhu, 2017).
Landsat-based detection of Trends in Disturbance and Recovery (LandTrendR, Kennedy et al., 2010) is a
temporal segmentation method, i.e. an "approach that needs to have all the historical time series data
available at the same time. By segmenting the time series into a series of straight line segments based on
the residual-error and angle criterions, both abrupt and gradual changes can be detected based on the
derived straight line segments at pixel level" (Zhu, 2017). The method was developed by Kennedy et al.
(2010) for the detection of both forest loss and forest regrowth on basis of Landsat imagery. The study
by Kennedy et al. (2010) relies on a very long time series for the period from 1985 to 2007.
The Breaks For Additive Season and Trend (BFAST) Monitor is a statistical boundary method. It "expects
the time series to follow a statistical boundary and any significant departure from the boundary is
detected as a change" (Zhu, 2017). This algorithm was originally developed for vegetation change in any
land cover class on the basis of MODIS data (Verbesselt et al., 2010). Lately, BFAST Monitor has been
used for change detection in forests by the use of Landsat time series (DeVries et al., 2015; Hamunyela et
al., 2016; Reiche et al., 2015). BFAST allows for the detection of both abrupt and gradual changes.
Therefore, the method is suitable for both, forest loss and forest regrowth monitoring. For a detailed
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description of the general method see Chapter 1.1.1 Signal anomaly detection based on optical Time
Series. BFAST uses a historical time series of, e.g. an index like the NDVI, to fit a curve to a series of pixel
values spanning several years. In the currently available literature it is often the full Landsat time series,
starting from 1984. From the three above-mentioned studies focussing on forest changes detection,
DeVries et al. (2015) use a time series spanning six years for the modelling of the curve. Hamunyela et al.
(2016) utilize the full Landsat time series from 1984 to 2014. The Landsat time series used by Reiche et
al. (2015) spans the period from 2004 to 2012.
Another statistical boundary method is the Continuous Change Detection and Classification (CCDC; Zhu
and Woodcock, 2014). CCDC evolved from the Continuous Monitoring of Forest Disturbance Algorithm
(CMFDA) which was originally designed to detect forest loss (Zhu et al. 2012). CCDC, however, is
designed to detect both abrupt and gradual changes, i.e. it is suitable for both forest loss and regrowth
monitoring. The algorithm uses all spectral bands of all available Landsat images starting in 1984 (Zhu,
2017). For a detailed general description of the CCDC method see Chapter 1.1.1 Signal anomaly detection
based on optical Time Series.
A good example of an operational application of forest loss detection is the global mapping of forest
changes in the time period 2000–2018 by Hansen et al. (2013). Hansen et al. (2013) fully rely on Landsat
data. The applied method is a trajectory classification method, i.e. it "first extracts information from
Landsat time series for places that have undergone certain kinds of change (for training purpose), and
later uses this information to further classify every Landsat time series in the image" (Zhu, 2017). The
study by Hansen et al. (2013) utilizes a multi-date classification method that relies on a high frequency
Landsat time series. The method allows for the detection of forest loss and gain (Zhu, 2017).
The loss layer of the Global Forest Map product by Hansen’s team (Hansen et al., 2013) shows forest loss
events for the time period 2000-2018 with an annual allocation of the loss events. While the details
about the derivation of this layer are not documented very well, an article about land cover monitoring
of the conterminous United States (Hansen et al., 2014) documents the mechanisms of such a multi-date
classification method. Amongst other things, that article describes the quantification of forest cover loss
in the time period 2006 to 2010. A supervised classification algorithm is used to discriminate forest
change from unchanged forest on pixel level. The imagery used are weekly mosaics of Landsat imagery
(spectral bands). These mosaics are used to derive image metrics (temporal-spectral features or time
features; e.g. 5-year percentile of 10% per each of the Landsat bands). Expert interpretation is used to
build a training set which is applied to carry out a supervised classification on basis of the time features.
The outcome of the classification is a map that shows change events in the period 2006–2010.
Afterwards, each change pixel in this map is analysed to identify the date of the change. The analysis is
based on the Normalized Difference Water Index (NDWI) (Gao, 1996) for each of the weekly Landsat
mosaics. The exact year of the change (e.g. forest loss) is deduced from the NDWI trajectory of a change
pixel (see Figure 1-5).
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Figure 1-5: Example of the NDWI trajectory for a forest loss pixel. The forest loss event took place between end
of the 2007 growing period and the beginning of 2008 growing period (Figure from Hansen et al., 2014)

APPLICABILITY OF STATE-OF-THE-ART FOREST LOSS DETECTION METHODS IN FRAME OF COPERNICUS LAND SERVICES
All of the mentioned multi-temporal approaches rely on long time series of Landsat imagery (often
starting as early as 1984). However, in the frame of ECoLaSS, the use of the Sentinel satellites as primary
source of imagery is indicated. Sentinel-1 imagery is available starting in 2014 and Sentinel-2 imagery is
available from 2015 onwards. Therefore, the multi-temporal approaches developed for Landsat time
series can, due to the much shorter length of Sentinel time series, not be used without adjustments. In
the following, the applicability of the above mentioned methods in the frame of Copernicus Land
Monitoring Services is discussed in more detail.
BFAST Monitor and CDCC rely on fitting a curve to a historic time series of pixel values (e.g. NDVI). Since
the focus of Copernicus Land Monitoring services is on the primary usage of Sentinel data, the length of a
historical time series is limited. When using Sentinel-2 as the image source and assuming that 2018 is the
reference year for a Copernicus product, the time frame available for curve fitting would be merely three
years (2015-2018). This is much shorter than the length of the time series typically used for these
algorithms. BFAST Monitor is used by DeVries et al. (2015) for Landsat data spanning six years, while
Hamunyela et al. (2016) utilize even the full Landsat time series of over 30 years. The same applies to the
intended use of CCDC in the frame of the USGS LCMAP program: it relies on the full Landsat time series
of (now) over 30 years (Zhu and Woodcock, 2014). Due to the discrepancy between the time series
length of Sentinel-2 imagery in comparison to Landsat, it can be assumed that the aforementioned
methods are not applicable.
For the methods VCT and LandTrendR, longer time series are required than available from the Sentinel
satellites alone. Both algorithms are applied to Landsat time series spanning more than 20 years (Huang
et al., 2010; Kennedy et al., 2010). It can be reasonably assumed that these methods are not applicable
when only much shorter time series of three to four years are available (see assumptions about the
length of Sentinel-2 time series in the above paragraph).
The features Hansen et al. (2014) use for their classification are time features reflecting the changes in
spectral characteristics for a 5 year period. There is, in principle, no obstacle that hinders one to calculate
those time features for a shorter time period. The problem is rather that accuracies of the classification
results might be affected by a lower data quantity. Imagery from Sentinel-2 (launched in June 2015) is
now available for only three full growing periods so far (years 2016, 2017 and 2018). While the length of
the available Sentinel-2 time series is clearly shorter than the five years of Landsat data utilized by
Hansen et al., Sentinel-2’s shorter revisit interval of approximately five days (ESA, 2018.) might offset the
reduced time series length. In conclusion, it can be assumed that the forest loss classification method by
Hansen et al. (2013) is, in principle, transferrable to Sentinel-2.
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In the frame of ECoLaSS, it is of further interest to achieve harmonization and continuity between a)
historic HRL forest masks (HRL Forest Type 2012, HRL Dominant Leaf Type 2015) and b) future forest
masks. An elegant method to achieve continuity is to set a historic HRL forest mask as the benchmark
forest mask. Any future observation of "non-forest" within this benchmark forest mask can be assumed
to be forest loss. For a detailed description of this map-to-map change detection method see Chapter
2.1.1.
One advantage of detecting forest loss using the map-to-map change detection method is that the
method is fully detached from the input data used for forest map generation. A forest pixel in the HRL
Dominant Leaf Type 2015 product, for example, might be derived from a combination of Sentinel-2,
Landsat, IRS and SPOT data. A forest map for the year 2018 might be a combination of Sentinel-2 and
Sentinel-1. The map-to-map change detection is completely independent from the input data used for
the forest map generation. So, the fusion of images from different optical sensors or even the fusion of
optical and SAR imagery can be solved in complete isolation from the change detection. Provided that in
phase 2 in ECoLaSS the status layers for the years 2017 and 2018 (Tree Cover Masks) are generated in a
comparable fashion as depicted in WP33, different change detection method are applied to the
improved 10m resolution products, on the basis of NDVI derived change indicators and Kalman filter
testing.
1.2.2 Forest regrowth
One of the challenges in characterizing rates of forest recovery is the absence of a universal definition of
what is meant by the term recovery in a forest context. Recovery involves the return of vegetation or the
establishment of a secondary forest canopy following a disturbance, meaning that there are often
different terminologies used such as 'reforestation', 'regrowth', or 'regeneration' to describe what
happens to forests following disturbance (Bartels et al., 2016). For example, Pickell et al. (2016) defined
recovery as 80% of the mean spectral value of the 2 years prior to the disturbance for each disturbed
pixel in the time series. Other studies adapted this definition and used metrics that represent the
number of years required for a disturbed pixel to return to 80% of the pre-disturbance spectral value
(Frazier et al., 2018; White et al., 2017). However, as stated by Kennedy et al. (2012) and Griffiths et al.
(2014), spectral recovery is not a direct measure of forest recovery. This means, that it should be
interpreted in the context of a priori expectations of recovery, which are typically derived from ground
plot measurements (White et al., 2017). As demonstrated in Bartels et al. (2016), with using field data
alone, there is a notable lack of information on forest structural attributes that are important to
characterizing forest recovery (e.g., canopy cover). Therefore, information from remotely sensed data
can provide additional insight into relative forest regrowth rates and changes in spectral recovery.
Ideally, measures made from remotely sensed data should be supplemented with ground data and an
ecological understanding of the forest recovery process.
Most of the studies investigating forest regrowth using Landsat Time Series (LTS) to track forest recovery
following wildfire (e.g., Bolton et al., 2015; Franks et al., 2013; Frazier et al., 2018) and less commonly,
following harvest (Kennedy et al., 2012; Schroeder et al., 2007, White et al., 2017).
Numerous approaches have been used to characterize post-disturbance recovery, with vegetation
indices and derivatives thereof being the most common ones (White et al., 2017; Chu and Guo, 2014).
For example, the NDVI has often been used as an assessment of vegetation “greenness” to examine
active photosynthetic vegetation quantity and to track forest recovery (Franks et al., 2013; Frazier et al.,
2018).
Figure 1-6 shows a typical NDVI response after a disturbance event (e.g., fire) with a high pre-disturbance
value sharply dropping at the time of the event and then slowly recovering several years after the event
as the vegetation re-grows.
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Figure 1-6: Typical NDVI response following a disturbance (Franks et al., 2013)

However, NDVI has demonstrated limitations as an indicator of recovery because forbs, grasses, and
other non-woody pioneer vegetation will immediately colonize a disturbed site and rapidly return the
site to pre-disturbance NDVI levels (Buma, 2012; Pickell et al., 2016; Schroeder et al., 2011). Thus, other
indices like the Normalized Burn Ratio (NBR), which is often applied in fire severity studies (Bolton et al.,
2015; Pickell et al., 2016; White et al., 2017), the Normalized Difference Moisture Index (NDMI) (DeVries
et al., 2015) or the components of the Tasseled Cap Transformation (TCT) brightness, greenness and
wetness (Chen et al., 2014; Frazier et al., 2015; Gómez et al., 2015) have also been commonly used. The
NBR, which contrasts the short-wave infrared with the near-infrared bands, has proven to be strongly
linked to vegetation structure and to provide an indication of the increasing forest structural complexity,
which is commonly associated with forest regeneration (White et al., 2017). In addition, spectral
recovery metrics derived from these vegetation indices are used in several studies to map postdisturbance regrowth and to characterize different aspects of forest recovery (Frazier et al., 2018;
Kennedy et al., 2012; White et al., 2017). A metric that is used in some papers is the Recovery Indicator
(RI) defined by Kennedy et al. (2012) which scales the post-disturbance regrowth value to the loss of
vegetation in the preceding disturbance.
𝑅𝐼 =

∆𝑁𝐵𝑅𝑟𝑒𝑔𝑟𝑜𝑤𝑡ℎ
∆𝑁𝐵𝑅𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒

Frazier et al. (2018) even used a modified version of the RI, the so-called Relative Recovery Indicator
(RRI), to work with unfitted spectral trajectory data. Other metrics mainly involve magnitude or duration
(e.g., short- or long-term aspects of forest recovery). In general, the common approach for monitoring
forest recovery follows these steps:
1. Detection of forest disturbances (different change detection methods are described in the
Chapter above)
2. Calculation of vegetation indices to derive recovery metrics
3. Comparison of spectral values before and after disturbance events
4. Analysis of post-disturbance recovery dynamics (e.g., recovery trends)
The above-mentioned change detection algorithms LandTrendR, C2C and BFAST are also used to monitor
forest recovery. LandTrendr produces maps of disturbance and consequent recovery as well as other
related metrics including year, duration and magnitude of change. Once disturbance events are
identified, recovery trajectories that follow a disturbance event can be isolated and selected for further
study. Post-disturbance recovery rates can then be stratified into different levels, e.g., full recovery,
partial recovery and no recovery (Nguyen et al., 2017).
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The C2C algorithm produces annual, cloud-free best-available-pixel (BAP) image composites and includes
change detection and typing, spectral trend analysis of breakpoints, object-based segmentation, and
Random Forest (RF) classification. The outputs of the C2C processing are (i) gap-free, surface reflectance
proxy image composites, (ii) annual change detection information, and (iii) a series of descriptive change
metrics that characterize the change events (i.e. magnitude, duration), as well as the pre- and postchange conditions (Hermosilla et al., 2016; White et al., 2017).
The BFAST algorithm can be used for breakpoint analysis to check whether values following a
disturbance in a time series return to the previously defined stable state or not. Although a lot of studies
use BFAST to monitor forest clearing (i.e., forest loss), the BFAST approach can also be adapted to
include forest recovery (DeVries et al., 2015, Grogan et al., 2016).
It should be noted that post-disturbance forest recovery is a process rather than a state, meaning that
data from longer time periods is required to capture a more detailed process of forest recovery. Bartels
et al. (2016) found that it took 5-10 years for most forest ecosystems of Canada to attain a benchmark
canopy cover of 10% after wildfire or harvest. Kennedy et al. (2012) proposed a five-year window stating
that it was critical to monitor the initiation of recovery. Therefore, current HRL Forest update
frequencies (i.e., every 3 years) might capture regrown forest, however, the above-mentioned studies
state that larger time intervals might be necessary. Future layers with potentially more narrow intervals
(e.g., an update on a yearly basis) might be well suitable for detect forest loss, but might not be able to
detect forest recovery processes.

1.3 Imperviousness Change
There are only a limited number of studies investigating the change of Impervious Surface Area (ISA).
Powell at al. (2008) used 13 dates to quantify ISA in a 34 year period between 1972 and 2006. A spectral
unmixing approach was used to determine the fractional composition of Tasseled Cap components of
normalized Landsat scenes. To identify the spectral endmembers, they examined digital orthophotos.
Expert-based spatial and temporal rules were applied to refine the model. This resulted in a per-pixel ISA
time series. To reduce the phenology based variation of the results, they applied a 3-year moving
average on the ISA values to map the change. Xian and Homer 2010 and Homer et al. (2015) describe the
processing of the ISA products of the National Land Cover Database (NLCD) provided by the U.S.
Geological Survey. The ISA change product was processed for the time steps 2001, 2006 and 2011 and is
based on normalized Landsat pairs of the respective years. The accompanying land cover products were
used to determine if a change in land cover took place between two time steps for single pixels. If no
change took place, the respective pixels were used as training dataset for a regression tree model to
determine the imperviousness of the pixels that were identified as change pixels. Lu et al. (2011) focused
in their study on the detection of imperviousness change at the complex urban-rural transition zone.
They applied a two-step calibration of their Landsat–based model. The first step consists of regression
model for 2008 Landsat imagery, which is based on Quick-Bird derived impervious surface. In a second
step, other Landsat acquisitions were calibrated on the 2008 scene to be able to apply the existing
regression model on them. The pixel-based ISA values were spatially aggregated to determine the
change between the time steps. Zhou et al. (2012) applied a sub-pixel classifier on Landsat scenes for the
years 1980, 1990 and 2000 in order to derive ISA and ISA change. To identify the increase and decrease
of imperviousness, they applied image differencing of the ISA products of the 3 decades. Dams et al.
(2013) estimate ISA by means of Landsat imagery for two time steps (1986 and 2003). First they create a
binary urban mask. Afterwards, an ISA map is derived from high resolution IKONOS imagery. This map is
used as training data for deriving ISA from Landsat imagery, employing a linear regression model. The
change is determined by calculating the difference between the two ISA maps. Xia et al. (2011) and Du et
al. (2015) used two CBERS 01/02 and one HJ-1 scene to derive the ISA percentage for the period of 2001
to 2009 and analysed the change. They applied a linear spectral mixture model (LSMM) and a nonlinear
backpropagation neural network to identify ISA. The change analysis was conducted by a postclassification approach. Hao et al. (2015) analysed the relation between ISA and relative mean annual
surface temperature. For this purpose, they retrieved ISA using spectral mixture analysis (SMA) by
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performing a normalisation procedure (normalised SMA) to enhance the separability of the urban land
cover. Next, a linear SMA was applied to derive the urban composition of each pixel. Based on the
normalised spectrum a principal component analysis was conducted leading to the identification of the
three endmembers vegetation, soil, and impervious surface. ISA was calculated for three time steps
including 1990, 2001, and 2014. To determine the change the difference of the corresponding images
was calculated. Wang et al. (2017) mapped ISA for the time steps 2000 and 2010 using Landsat data.
Here, a regression tree-based approach was implemented to first derive ISA for the year 2010. In this
context, the spectral bands of Landsat and four additional spectral indices were employed. Training data
for regression was manually extracted by photointerpretation of very high resolution imagery. To limit
the area of interest to the actual urban extent, a binary urban mask was classified using object-based
texture features and the random forests classifier. Next, ISA was derived for the year 2000. For this
purpose, a binary urban mask was classified for the year 2000 to identify persistent built-up areas
between 2000 and 2010. Training data for the year 2000 was collected from areas where no change
occurred in the built-up masks. In order to analyse the change between 2000 and 2010 a difference
image was calculated. Yang and Sun (2017) applied combined pixel- and object-based methods to derive
ISA change of Landsat images of 1990, 2000 and 2010 time steps. They determined the land-cover of
2000 with a pixel-based Support Vector Machine (SVM) classifier. The source image was segmented into
image objects and intersected with the land-cover result. Using the IR-MAD approach (Canty and
Nielsen, 2008), they identified pixels with a high probability of change between 1990 and 2000 or 2000
and 2010. The change pixels were reclassified by SVM for 1990 and 2010. They did not investigate the
percentage of imperviousness per-pixel.
Besides the opportunities, which come with above mentioned studies, imperviousness change analyses
have to cope with challenges and limitations on the data and processing side. Based on the geometric
accuracy and the varying spatial resolution when using various sensors, detailed change detection at
pixel level is difficult to conduct (Lu et al., 2011). On subpixel level the complexity may increase, due to
the mixed reflectance values of the share of surface cover (Wu et al., 2015). Varying climatic seasonality
between time-steps and long-term climate changes have an impact on the phenological cycle of
vegetation and can confuse change monitoring analyses (Yu et al., 2017). The accuracy of the results for
the different time-steps is essential for the overall accuracy of change analyses (Hao et al., 2016, Hsiao
and Cheng 2016). Shi et al. (2017) used a Landsat time-series dataset from 1987 to 2016 to determine
annual ISA change. They applied an SVM classification, which was revised based on the class probability
with an uncertainty-based spatial-temporal consistency (USTC) model to improve the accuracy of the
time-series change analysis. Their results show that the approach performs better than the SVM classifier
or a model that assumes temporal consistency.
Golda et al. (2013) have tested several automated change detection methods to produce a change map
over New Delhi between 1974 and 1999, using Landsat MSS and Landsat TM images. They only used a bitemporal approach and constituted a Spectral Change Difference (SCD) dataset by simple differencing,
simple rationing as well as computing the absolute and Euclidian distances and a chi-square
transformation. This SCD dataset was then fed to fusion algorithms. The first one, at a feature level, used
Kittler-Illingworth segmentation and thresholding as pre-processing, before using the fuzzy set theory to
produce the change map. The other presented algorithms were set at decision level; majority voting,
Dempster-Shafer fusion and fuzzy integral were compared. Fuzzy integral and simple rationing
outperformed other methods, clocking at 81% and 80% of overall accuracy. Finally, Golda et al. (2013)
applied the same panel of algorithms to the same pre-processed images, but with an intermediate step
where a curvelet transformation was tested. Almost all algorithms have been improved, the fuzzy
integral exhibiting an overall accuracy of 98%, closely followed by the fuzzy set fusion and the DempsterShafer fusion. The curvelet-based transformation method enhances the edges and provides information
both in the spatial and spectral domains in the form of a multi-scale representation of curves describing
the objects present in the two images. It was developed by Candes and Donoho in 1999 and has been
widely tested in SAR environment for change detection, but very few studies have explored this method
in the optical domain.
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The Dempster-Shafer has been successfully used in combination with the texture feature extraction to
map urban areas as Lefebvre et al. (2016) have shown in their work about monitoring Urban Areas with
Sentinel-2A Data. The study focuses on two cities, but their specificities can be used to describe a large
part of European urban areas. Used as a post-classification comparison between a reference and a time
series of images over both cities, the authors fused the resulting classifications, resulting in a more
confident and precise imperviousness change map and its associated uncertainties.

1.4 Grassland Change
Most common approaches are widely applied to forest change detection applications. In contrast, there
are only a limited number of studies investigating grassland cover changes. A comprehensive review of
grassland change detection approaches is provided by Ali et al. (2016).
Zha and Gao (2011), used NDVI derived from two Landsat TM images acquired in 1987 and 2000 to
determine grassland cover change and compared their results against in situ grass-cover measurements.
The input data has been radiometrically corrected to derive the above mentioned indices. The NDVI has
been used to derive a land cover map for both acquisition dates using in situ grass-cover samples. Zha
and Gao (2011) state that a “Comparison of these two maps revealed that a total of 36.28km2 of
grassland had a higher cover, versus 44.72km2 that experienced grassland degradation in the study area.
The absolute cover changed by a net value of −1.27%. The magnitude of change is related inversely to the
value of the cover. The large majority of the area (82.6%), however, had a small change that was within
±20%. With this proposed method, it is possible to quantify changes in grassland cover from multitemporal satellite data if one set of ground samples are concurrently collected with one of the satellite
images.”
Furthermore, grassland degradation was analysed by Liu et al. (2004), who used one Landsat TM image
to derive a grassland degradation map based on NDVI and the Soil-Adjusted Vegetation Index (SAVI)
using “in situ samples of per cent grass cover and proportion (by weight) of unpalatable grasses (PUG)
collected over 1 m2 sampling plots” (Liu et al., 2004). The input data has been radiometrically calibrated
and geometrically rectified to derive ten vegetation indices using TM bands 3 and 4. The results show
that the NDVI and the SAVI indices are the most reliable indicators of grass cover. “Through the
established regression models the TM image was converted into maps of grass cover parameters. These
maps were merged to form a degradation map at an accuracy of 91.7%. It was concluded that TM
imagery, in conjunction with in situ grass samples and reflectance spectra data, enabled the efficient and
accurate assessment of grassland degradation inside the study area.” (Liu et al., 2004)
Wang et al. (2018) made use of very long Landsat time-series (1986-2016) to detect permanent changes
in land-cover with a focus on grassland and croplands. Based on interpolated and smoothed (SavitzkyGolay filter) equidistant time-series with a maximum temporal resolution of 1 day they set-up a
manually-defined decision tree and arrived a Kappa coefficient of 0.86 for changes from grassland and
cropland to forest and vice versa.
Tarantino et al. (2016) used a cross-correlation analysis (CCA) approach for quantifying the changes in
grassland. The input data sets comprise a semi-natural grasslands layer extracted from an existing
validated land cover/land use map and WorldView-2 images. Changes are identified using the crosscorrelation analysis and compared with post-classification products. “The study concluded that prior
knowledge (spectral class signatures, awareness of local agricultural practices and pressures) was needed
for the selection of the most appropriate image (in terms of seasonality)[…]. The areas of change
detected at VHR and HR were broadly similar with larger error values in HR change images.” (Tarantino
et al., 2016)
Chen and Rao (2008) evaluated grassland degradation between grassland and cropland using Landsat
TM/ETM data in 1988, 1996 and 2001 based on both Decision Tree (DT) classifier and the field
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investigation. “The thermal radiance values of TM/ETM 6 data, the Normalized Difference Vegetation
Index (NDVI), and new variables (brightness, greenness, and wetness) generated by the Kauth–Thomas
Transforms (KT) algorithms from Landsat TM/ETM data served as the feature nodes of a DT classifier and
contributed to improving the classification results. It showed an overall accuracy of more than 85% and a
Kappa statistic of agreement of about 0.79 in 1996 and 2001 with the exception of about 0.69 in 1988.
[…] The distribution maps of land degradation in the years of 1988, 1996 and 2001 were generated
respectively based on the classification results. Their change maps were created by the difference
between the distribution maps from 1988 to 1996 and from 1996 to 2001 respectively.” (Chen, S., and
Rao, P. 2008)
Melville et al. (2018) identified native grassland communities found in the Tasmanian Midlands region
using a random forest classification approach based on Landsat ETM+ and WorldView-2 data from 2010.
To identify appropriate remote sensing datasets to derive accurate and frequently updateable maps,
repeat classification and statistical significance testing has been performed. Training and validation data
are based on a pre-existing field dataset. The results show that mean class accuracies lies between 54%
and 87%. Higher mean accuracies were achieved with the WorldView-2 dataset.
Sun et al. (2017), identified areas of grassland degradation and restoration using the Sen + Mann-Kendall
method. MODIS NDVI data from 2001 till 2012 are combined with meteorological data (temperature,
ground downward shortwave radiation) and Landsat TM datasets. Trend analysis of long time-series
vegetation changes is performed with regression methods. The authors state “The proposed methods of
grassland degradation and restoration monitoring and driving forces analysis were suitable for longtimeseries vegetation indicators datasets at the regional scale.” (Sun et al., 2017).

1.5 Agricultural Dynamics
As explained in the introduction, the type of signal anomalies measured for cropland types are usually
caused by management activities and phenology therefore has to be addressed differently and
sometimes to be combined with thematic information (existing LC/LU maps) or classification results from
WP33 [AD06].
Time series analysis for change detection has been used in different ways in the literature as in
operational systems. Most of the early warning system for agriculture monitoring such as Monitoring
Agriculture by Remote Sensing (EU/JRC-MARS), Global Information for Early Warning System (FAOGIEWS), Food Early Warning System (US-FEWS), GEOGLAM, relies on NDVI profile analysis to detect
anomalies with regards to normal or averaged profiles computed from the long term archives at 250m or
1km resolution. While it is expected that the Sentinel-3 should allow capitalizing on these long term
archives, they are not relevant for the Sentinel-1 and Sentinel-2 time series analysis for annual crop
growth cycle monitoring at the 1km pixel or landscape level. Indeed MODIS, PROBA-V or even MetOp
data are more efficient to handle for such coarse monitoring combining all parcels within a 1km pixel.
The density of the Sentinel-1 and Sentinel-2 time series open the way for application at parcel or subparcel level such as crop specific monitoring along the season, detection of agriculture practices like
tillage, sowing or grassland mowing, or to identify land abandonment. These applications are related to
change detection in the expected time series but are not standard land use or land cover change
detection applications. This Chapter reviews the few recent results obtained from Sentinel-1 and
Sentinel-2 as the density of these time series have opened the way to new methods.
Obviously crop specific applications first requires to know the parcel crop type either from an early crop
type classification or from farmers declarations as recorded in LPIS layers developed in the EU Common
Agriculture Policy framework.
Three recent methods attempts to make use of the full phenological profile for crop type mapping:
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1. Method based on Phenological Sequence Patterns (PSP)
Bargiel (2017) introduces a novel approach to incorporate the full knowledge of the crops’ phenology
using a sequence-based classification approach. Those sequences are called “frequent sequential
patterns” (Julea et al., 2011). Bargiel (2017) transfers this approach to a supervised classification with the
incorporation of phenological knowledge to classify crops based on phenological sequential patterns
(PSP). He uses ground truth data to identify the different crop types and differentiate six phenological
phases (according to the BBCH scale by Meier and Bleiholder (2006)). As input for the crop map, he uses
99 Sentinel-1A images. The probability p(ys) for a crop-type y at a certain phenological stage s is
computed for each pixel of the investigated area, using Naïve Bayes and RF. From there, a new value ys is
calculated for each class and phenological stage.

𝑦𝑠𝑒𝑞

𝑛+1 1 𝑘
∑𝑠=1 𝑝(𝑦𝑠 )
1
=
∑𝑘
𝑛+1
𝑐
𝑖=1

where,
 c is the coefficient of variation of the sequences’ single stage probabilities,
 i is the index of the pixel and its eight nearest neighbours,
 n is the number of considered neighbours.
Each pixel is then labelled with the crop type maximizing ys. The method was evaluated by comparing it
to MLC and RF, without the PSP approach. The overall results obtained with the PSP approach are better
than with MLC or RF for most crops. PSP strongly improved the accuracy for different types of cereals for
example. Bargiel (2017) suggests several further research. The author recommends testing the PSP
approach on Sentinel-1 data fused with Sentinel-2 data, evaluating the contribution of each phenological
stage to the classification result and calculating the feature importance within each stage to limit the
classification to the most important ones. Finally, he notes PSP based classification seems to be very
sensitive to subtle anomalies in certain parcels (e. g. a potato field overgrown with weeds), but claims
this establishes possibilities for detecting organic farming or drought monitoring.
2. Method based on Time Weighted Dynamic Time Warping (TWDTW)
Belgiu and Csillik (2018) introduce another approach for crop mapping exploiting full time series. They
assessed the performance of a Time-Weighted Dynamic Time Warping (TWDTW) method, based
onSentinel-2 time series, using pixels and parcels as spatial analysis units and compare it to RF
classification. The method was tested on three sites, in Romania, Italy and the USA. TWDTW involves two
major steps, namely (i) creating a smoothed temporal pattern for the NDVI (8-days frequency) for the
sample point; (ii) applying a logistic Dynamic Time Warping, adding a time-weight. This function takes
each pixel location in the NDVI time series and analyses it in conjunction with the temporal patterns
identified for training samples. The output is a raster with layers containing dissimilarity measures for
each temporal pattern. The method then generates a crop type map by associating each pixel to the
class with the lowest dissimilarity value. Belgiu and Csillik (2018) concluded that the TWDTW approach
outperformed the Random Forest method when only small samples sets are available per crop, is robust
to irregular temporal sampling and to the annual changes of vegetation phenological cycles.
3. Classification of Biophysical variables profiles
In order to integrate multi-sensor time series like Sentinel-2, Landsat-8 and possibly Sentinel-1 in
coherent time series, Waldner et al. (2015) investigated the potential of structural biophysical variables
as common features to consistently combine multi-sensor time series for land/crop cover classification.
High resolution LAI, FAPAR and FCOVER were successfully retrieved from Landsat-8 and SPOT-4 and
displayed consistent average temporal trajectories. However, the class variability and signal-to-noise
ratio increased compared to simple NDVI. Classifications with structural biophysical variables reached
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only 77% at the best end-of-season overall accuracy to be compared with 95% accuracy level achieved
with the spectral bands and NDVI. When assuming that the cropland extent is known, crop type
classification reaches 89% with spectral information, 87% with the NDVI and 81%–84% with biophysical
variables. While this approach is elegant for multi-sensor time series fusion, the retrieval performances
still do not allow to challenge classical approaches.
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2 Testing and Benchmarking of Candidate Methods
The major challenges of with time series data sources are addressed. A major challenge are missing
observations due to high frequency cloud cover and low sun incidence angles. Therefore, time series
change detection using SAR as alternative or complementary image data source and the usage of multisensor data sets have been tested primarily in phase 2 with a subsequently applied plausibility analysis.
The outcomes of this testing phase will be discussed in this chapter.

2.1 Forest Change
The aim of this work is the evaluation of a forest change detection approach based on temporal-spatial
metrics (using Sentinel-2 and Sentinel-1 data) in the ECoLaSS North, Central, and South-East test sites.
On the one hand, the image-to-image approach applied compares a pre- and post-change forest mask
(phase 1: HRL2015 tree cover mask and newly classified 2017 tree cover mask; phase 2: 2017 tree cover
mask and 2018 tree cover mask) to detect areas of assumed forest loss. On the other hand, time series
analysis methods on the basis of time feature computation have been implemented to derive the 2017
and 2018 forest status layer Dominant Leaf Type, which is used to derive the relevant tree cover masks
per reference year. Given the fact that these tree masks have been generated under a consistent
workflow, the change detection in phase 2 includes a simple yet operational and accurate enough
change indicator application, which is more reliable than the approach applied in phase 1. This is
achieved by means of combining time features differences between 2017 and 2018 (e.g., minimum NDVI,
S-2 bands statistics) and the difference image between the classifications of 2017 and 2018, plus some
filtering and buffering refinements, ending in a MMU of 1ha, which is fully in line with the ongoing
HRL2018 Forest production. Additionally, tests with the Kalman filter approach have been performed.
While this work concentrates on negative changes, i.e. a decline in forested area, Chapter 1.2.2 of this
report reviews potential methodologies for the delineation of areas of forest increase or regrowth.
2.1.1 Description of candidate methods
Two change mapping approaches have been tested in the frame of WP34. The classical image-to-image
approach considering different data scenarios, and the Kalman filter.

IMAGE-TO-IMAGE
In phase 1 of EcoLaSS, the most common image-to-image change approach has been tested using a
difference image of the benchmark HRL2015 tree cover mask and new tree cover classifications for the
year 2017, derived from different time series data and indicators. The post-change mask is delineated via
a random forest classifier for three different input data scenarios, using time features (AD06, Chapter
3.1.4) of Sentinel-1, Sentinel-2 and combined Sentinel-1 and Sentinel-2 data. The forest/non-forest
training sample data was initially extracted from the HRL2015 DLT product and manually verified and
improved. The change methodology, shown in Figure 2-1, focusses on the detection of negative forest
loss only, as the temporal distance between both masks is less than two years. The difference image of
both masks is limited to the intersecting forest area of the HRL2015 mask and the new 2017
classification. This comparison is made at 20m by resampling the improved 10m Tree Cover Mask 2017.
Subsequently, different MMUs have been tested.
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Figure 2-1: Phase 1 map-to-map change detection with HRL2015 Tree Cover Mask (T0) and newly classified 2017
Tree Cover Mask (T1)

In phase 2 the 2017 and 2018 tree cover masks have been generated, a modified image-to-image change
detection approach has been successfully tested. The aim was to develop a simple and transferrable
method in order to achieve operationally feasibility at larger scales and allowing for a cost-efficient
automation. The tests have proved successful, providing satisfactory accuracies in all test sites, and the
methodology has been finally selected for generation of the incremental updates in Task 4.
The difference between the status layers of both reference years is computed to derive the forest
changes (unchanged, forest gain and forest loss). Forest gain is generally discarded due to the short span
of the time series when compared to forest regrowth dynamics. As aforementioned, the change
detection is targeting forest loss detection. Filtering isolated pixels and negative buffering reduce
artefacts resulting from positional shifts of Sentinel data and border effects coming from mixed pixels. In
turn, the change indicator is computed as the NDVI time feature difference between 2018 and 2017. The
resulting time feature mask (e.g., minimum NDVI) is recoded assigning change to all areas where the
mask is less than the mean minus the standard deviation and unchanged otherwise Next, by combining
the time feature mask recoded and the cleaned difference between the status layers (post filtering,
buffering and recoded), pixels labelled as changes in both, remain as such. Finally, the combination of
this layer providing the change is combined with binary tree cover mask. Filtering by a suitable MMU
allows for erasing small differences between the two status layers (it could happen that a small patch
was captured better in one or the other layer and therefore a part of the patch is highlighted as a
change). In case of forest, and in view of the testing experiences in the different biogeographic regions, it
is considered that one hectare is a meaningful MMU to highlight changes in the tree/forest cover. This
approach was first applied to the grassland change detection tests in ECoLaSS and has been successfully
tested in the Forest domain as well to verify the transferability to other domains. It is characterised by its
simplicity, cost-efficiency and operational feasibility from regional to continental scales, albeit a proper
thresholding might point to local/regional stratifications for quality performance.
The Figure below depicts the workflow of the change detection approach developed in phase 2 with a
subsequently applied NDVI time series thresholding. This method can be applied to other time features
change indicators (e.g., derived from S2 band or other indices). In phase 2, the change product is
significantly improved as a consequence of the enhanced spatial resolution of the compared status layers
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(tree cover mask 2017/2018 at 10m), which have been produced in a consistent manner with integration
of S1 time features and a common feature selection method (k-fold or variance).

Figure 2-2: Phase2 map-to-map change detection with Tree Cover Mask 2017(T0) and Tree Cover Mask 2018 (T1)
and NDVI plausibility step

Subsequently, the forest area change maps were validated using a stratified random sampling approach
including LUCAS 2018 points. Results are presented in Chapter 2.1.3.

KALMAN FILTER
The underlying assumption of the near real-time monitoring approach presented in this chapter is that
the normal temporal trajectory of a given spectral band over the course of the year can be captured by a
time-series model. For example, the phenological cycle typically encountered in forests can be
approximated by a sum of trigonometric functions of different frequencies and a trend component.
Consequently, newly available observations may be compared to a model-based forecast. Significant
changes of the spectral signature, possibly linked to a forest disturbance, are indicated by statistically
significant deviations between newly available observations and the forecast.
Thus, the presented Kalman filter approach shares many principles with the change-detection part of
CCDC (Zhu and Woodcock, 2014b) and BFAST Monitor (Verbesselt et al. 2012), but instead of modelling
the normal spectral trajectory as a deterministic function of time, the Kalman filter allows a stochastic
evolution of the trajectory by putting more weight on recent observations.
For the Kalman filter to be applied, the time-series model has to be mathematically formulated using the
discrete-time state space representation. The measurement equation linking the system state to a set of
observables is

𝐳𝑘 = 𝐇𝑘 𝐱 𝑘 + 𝐫𝑘
where zk is an nk-element vector of observations, xk is the p-element state vector, Hk is an nk×p matrix,
and rk is an nk-element vector of serially uncorrelated observation noise with mean zero and nk×nk
covariance matrix Rk:
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E(𝐫𝑘 ) = 𝟎 and Var(𝐫𝑘 ) = 𝐑 𝑘
The temporal evolution of the state vector is described by a dynamic model using the transition equation

𝐱 𝑘 = 𝚽𝑘 𝐱 𝑘−1 + 𝐪𝑘
where Φk denotes the p×p transition matrix and qk is a p-element vector of serially uncorrelated process
noise with mean zero and p×p covariance matrix Qk:

E(𝐪𝑘 ) = 𝟎 and Var(𝐪𝑘 ) = 𝐐𝑘
The subscript k indicates that a variable may vary with time. Note that no assumptions regarding the
distributions of the observation and process noises are made at this point, but they are supposed to be
uncorrelated with each other in all epochs. It is further assumed that the initial state x0 is known with a
level of uncertainty characterized by the state error covariance matrix P0. The variables Hk, Rk, Φk, and Qk
are known as system matrices. To clarify the notation it should be mentioned that an index k on Φ
always means that the respective transition matrix describes the temporal change of the state vector
with respect to the previous epoch. For a detailed account regarding the definition of the system
matrices of time-series models please refer to Harvey (1989).
Once the system matrices and the initial values x0 and P0 are defined, the discrete-time Kalman filter
algorithm can be used to obtain estimates for the state and its error covariance matrix in subsequent
epochs k = 1, 2, … m. The Kalman filter processes observations recursively, one epoch at a time, and each
recursion may be divided into several steps. The first one is known as time update step and yields the
̃𝑘 based on the dynamic model and the previous estimates at time
predicted (a-priori) estimates 𝐱̃𝑘 and 𝐏
tk – 1:
𝐱̃𝑘 = 𝚽𝑘 𝐱̂𝑘−1
̃𝑘 = 𝚽𝑘 𝐏
̂𝑘−1 𝚽𝑘T + 𝐐𝑘
𝐏
Step two is to compute the a-priori measurement residual yk and its associated covariance matrix Ck
according to the equations given below. The residual represents the difference of the prediction to the
actual measurements and is referred to as innovation, since it contains new information currently not
present in the predicted state.
𝐲𝑘 = 𝐳𝑘 − 𝐇𝑘 𝐱̃𝑘
̃𝑘 𝐇𝑘T + 𝐑 𝑘
𝐂𝑘 = 𝐇𝑘 𝐏
In the final step of each recursion, the new information is merged with the predictions to obtain
̂𝑘 . Therefore, it is known as measurement update step. The
improved (a-posteriori) estimates 𝐱̂𝑘 and 𝐏
Kalman gain matrix K_k given below determines how much the newly acquired measurements will
influence the a-posteriori estimates of the state and its error covariance.
̃𝑘 𝐇𝑘T 𝐂𝑘−1
𝐊𝑘 = 𝐏
The elements of Kk are ranging from 0 to 1, thus it can be interpreted as a weighting matrix. With the
update equations stated below, the basic Kalman filter recursion is complete.
𝐱̂𝑘 = 𝐱̃𝑘 + 𝐊 𝑘 𝐲𝑘
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̂𝑘 = (𝐈 − 𝐊 𝑘 𝐇𝑘 )𝐏
̃𝑘
𝐏
When the sequence of measurements processed by the filter contains outliers, an additional outlier
detection step should be included before the measurement update step. The properties of the
innovations can be exploited to detect anomalous measurements by means of a statistical test. Provided
that the underlying model assumptions are correct and the observation noise is Gaussian, the
innovations will be normally distributed with mean zero and covariance matrix Ck, that is
𝐲𝑘 ∼ 𝑁(0, 𝐂𝑘 )
The test statistic 𝑇̂𝑘 given in below follows the χ²-distribution with nk degrees of freedom, where nk is the
number of observations in epoch k. The hypotheses to be tested on a significance level α are stated
below.
𝑇̂𝑘 = 𝐲𝑘T 𝐂𝑘−1 𝐲𝑘 , 𝑇̂𝑘 ∼ 𝜒 2 (𝑛𝑘 )
𝐻0 : 𝐲𝑘 = 𝟎 if 𝑇̂𝑘 ≤ 𝜒𝑛2𝑘 ,1−𝛼
𝐻1 : 𝐲𝑘 ≠ 𝟎 otherwise
Considering that anomalous observations will cause large innovations, the null hypothesis will be
rejected if outliers are present in the current epoch. In order to avoid a negative influence on the state
estimate, the measurement update step is not carried out.
The flowchart depicted in Figure 2-3 illustrates how the methods discussed in the preceding chapters are
joined together in order to create a data-driven algorithm capable of detecting abrupt changes on pixellevel. Some further explanatory comments are given below.
(1) The initial state, as well as the observation noise, are estimated on a pixel-level using the IRLS
method. Therefore, the user has to supply a stack of historic images as a training dataset.
(2) The tuning parameters and the time-series model components specified by the user are applied
globally; hence they are the same for all pixels.
(3) New images acquired in the monitoring period are processed one at a time in a Kalman filter loop. A
hypothesis test is used to identify anomalous observations showing significant deviations to the
prediction.
(4) Each pixel features an “anomaly counter”. Each time an observation is marked as anomalous, the
counter is incremented by 1. In contrast, the counter is also decremented by 1 if the current observation
is not statistically conspicuous, although it can never become lower than zero. This principle ensures that
a certain user-defined “change threshold” of the counter can only be reached when outliers occur
temporally aggregated.
(5) Whenever an observation is marked as anomalous, the measurement update step is bypassed.
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Figure 2-3: Workflow of the Kalman filtering procedure including tuning parameters

2.1.2 Benchmarking criteria
The quality of the delineated forest change areas is assessed in an accuracy assessment as described in
Chapter 2.1.3.3. In addition, several other criteria were used to evaluate the trade-off between optimal
results and suitable effort of the different experiments, which can be summarized as cost criteria. These
criteria include the estimated processing time and advantages or disadvantages specific to the sensor
data.
2.1.3 Implementation and results of benchmarking
In the following chapterss, the implementation of the benchmarking process is described. An overview of
the classification reference samples and predictor features (Chapter 2.1.3.1 and Chapter 2.1.3.2), the
results of the forest change detection (Chapter 2.1.3.3) and the benchmarking evaluation of the different
input data configurations (Chapter 2.1.3.4) are presented.

2.1.3.1 Classification of input data
PHASE 1
In phase 1, all relevant tests have been performed in the ECoLaSS North test site in Sweden, which
consists of two adjacent Sentinel-2 tile footprints (tile IDs 33VVF and 33VWF) for which Sentinel-1 and
Sentinel-2 data were processed. The 2017 tree cover classification, which precedes the forest change
detection, uses the same temporal-spatial metrics of Sentinel-2 as described in WP33 [AD06]. The
Sentinel-2 imagery was atmospherically corrected and topographically normalized using the ESA Sen2Cor
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software (Louis et al., 2016). Only scenes with cloud cover lower than 50% were used for the
classification and analysis. This filter does not rely on the official metadata cloud score provided by the
original Sentinel-2 Level-1C product, it is instead derived from the Level-2A product cloud mask, which
was calculated as part of the data pre-processing chain using Sen2Cor. Figure 2-4 shows the Sentinel-2
scene cloud cover distribution in the test site, which is frequently affected by clouds. Figure 2-5 shows
the respective data score (inverted cloud score) for each pixel in the area of interest, which is the
number of available Sentinel-2 observations with average cloud cover <50% per pixel, within the full year
2017.

Figure 2-4: 2017 cloud coverage of S-2 tile VVF (left) and VWF tile (right). Blue: Scenes with < 50% cloud cover

Figure 2-5: Sentinel-2 data score (number of cloud-free observations) for the ECoLaSS test site North (VVF/VWF
tiles); input data: pre-filtered scenes with average cloud cover <50%), within the full year 2017

The training samples for the forest mask classification were extracted from the combined HRL2015
Dominant Leaf Type (DLT) product and the HRL2015 Grassland (GRA) product. Table 2-1 shows the
distribution of sample points of the training dataset. Certain measures were undertaken to reduce the
number of outliers and errors in these samples:
1. Reduction of edge effects and mixed pixels through negative buffering (60m) of the HRL DLT
product classes (coniferous forest, broadleaf forest and non-forest). The remaining forest patches
usually represent patches of relatively homogenous leaf type.
2. Removal of patches smaller than 1ha
3. Stratified random point sampling within the remaining coniferous/broadleaf strata
4. Removal of sampling errors through visual checks of samples
5. Iterative resampling and a visual check of samples for the broadleaf forest class to match the
number of coniferous forest samples
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6. Creation of rectangle polygons (corresponding to 3x3 10m pixels) from the point samples by
applying a 15m buffer
Table 2-1: Sample distribution of training dataset for the test site North

Class ID

Class name

Training data # polygons

0

non-forest

500

1

forest

400

PHASE 2
Phase 2 could directly benefit from the experiences made in the first implementation phase as part of
Task 4. The maximum allowable cloud cover threshold has been increased up to 60% and new time
features have been calculated based on the Sentinel-2 spectral bands, providing additional information
for the tree cover classification as input for the image-to-image change detection tests. The 2017 and
2018 tree cover masks, which precedes the forest change detection, uses the same temporal-spatial
metrics of Sentinel-1 and Sentinel-2 as described in WP33 [AD06]. Tests have been performed in all three
Forest test sites: The ECoLaSS North test site in Sweden (tile IDs 33VVF and 33VWF), the Central test site
(tile IDs 32TNT and 32UNU) and the South-East test site (tile IDs 34TFM and 34TFL) for which Sentinel-1
and Sentinel-2 data were processed. The Sentinel-2 imagery was atmospherically corrected and
topographically normalized using the ESA Sen2Cor software (Louis et al., 2016) and MACCS, as described
in WP32 Deliverable [AD07]. The time features described in AD06, Chapter 3.1.4 of WP33 [AD06] were
calculated for the Sentinel-2 NDVI, NDWI, Brightness and IRECI indices and all 10m/20m spectral bands.
For Sentinel-1 the regular time features were calculated for gamma nought of the VV and VH
polarizations and the normalized difference as well as the ratio of VV and VH.
A large amount of scenes with strong cloud cover in the time series reinforces the need for the use of
image composite-like time features as described and utilized in WP33 (AD06, Chapter 3.1.4). Due to
preliminary research on vegetation phenology, for both Sentinel-1 and Sentinel-2 the time features were
calculated for the 2017 and 2018 complete growing season period (March 15 - to September 15), after
testing the spring period (March 15 to June 15) in phase 1. This and others, in the end, are discarded as
the scene availability was significantly reduced due to high and frequent cloud cover when considering
shorter time windows for specific tiles, and this is likely to be the case for larger areas and cloud-prone
regions, especially within Northern Europe. Figure 2-6 shows the Data Score Layer for the reference
years 2017 and 2018 (vegetation period: March 15 to September 15) of the Central demonstration site,
representing the largest site in ECoLaSS. As it can be clearly seen, the image situation in 2017 was less
good (max. 33 cloud-free observation per pixel) than in 2018 (max. 46 cloud-free observation per pixel),
which benefits from the availability of Sentinel-2B for the full observation period, whereas in 2017
Sentinel-2B was only available from the second onwards. Sentinel-2 swath borders run through the
demonstration site and are well presented by the Data Score Layer. In this context, the Data Scare Layer
acts as an additional quality layer, which supports the sampling process by pointing to areas with
generally good or worse data availability.
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Figure 2-6: Sentinel-2 Data Score Layer 2017 (left) and 2018 (right) for the Central demonstration site, overlaid by
the test site

Phase 2 tests have been performed using an improved sample base that has been generated from the
HRL2015 products Dominant Leaf Type, Imperviousness, Grassland and Water at 20m spatial resolution.
This so-called Sample Layer (SLA) 2015 provides five thematic classes from which training samples were
automatically extracted. Similar measures as in phase 1 were undertaken to reduce the number of
outliers and errors:
1. Reduction of edge effects and mixed pixels through negative buffering (20m) of the HRL2015 SLA
2. Removal of patches smaller than 1ha
3. Systematic stratified random polygon (30m x 30m )sampling within the five SLA 2015 classes,
following the proportional distribution of classes within the test site, considering the general
Sentinel-2 data availability by incorporation of the Sentinel-2 Data Score Layer
4. Removal of sampling errors through scatter-plot analysis based on time features
5. Iterative resampling and outlier detection
This approach pursues a generally wider representation of forest and non-forest samples for generation
of the tree cover status maps as input for the change detection.

2.1.3.2 Change detection methodology
The fundamental properties of the change detection methodology using time features as input for an
image-to-image change detection approach has not been changed in the second project phase.
Consequently, the general statements from project phase 1 are still valid and presented below. For the
detection of changes, results of a random forest classification based on




exclusively Sentinel-1 time features,
Sentinel-2 time features and
a combination of Sentinel-1/Sentinel-2 time features

were compared to the HRL2015 Forest Mask, to derive negative changes (forest loss) between the 2015
references layer and the 2017 tree cover mask developed in ECoLaSS. For the reduction of bordereffects, linear structures in the resulting difference maps were removed as well as patches (connected
pixels) smaller than the HRL Forest product minimum mapping unit of 0.5ha (here: 13 pixels). Figure 2-7
shows a subset of the resulting change maps at 20m spatial resolution for Sentinel-1, Sentinel-2 and the
combination of the two, where the respective unfiltered maps (before the reduction of border-effects)
are shown in a lighter shade. In general, the unfiltered Sentinel-1 change map tends to show more
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border effects and artefacts while the resulting map from the Sentinel-2 time feature analysis has a more
patchy character.

Figure 2-7: Change Detection Filter Results

To evaluate the performance of the negative forest change detection between the HRL2015 and the new
2017 mask, an independent validation sample data set was used. The common reference sample base
for the validation of the three classifications was generated using different sources of information.
Fehler! Verweisquelle konnte nicht gefunden werden. lists the sources and the corresponding number
of samples (segments) that were randomly chosen from the respective data source. To increase the
chance of finding false negatives (and to adequately map the error of omission), the change maps
generated by the different data scenarios were used to cross-validate one another by using the
respective change locations as individual strata for random sampling. Additionally, a cluster analysis was
performed based on optical Sentinel-2 time features within the forest pixel domain (from the HRL input
mask) to cover the most typical manifestations of forest and potential change areas in the data. The
resulting 9 clusters were used as supplementary strata for a secondary random sampling of segments.
Although 25 points (locations) from each of the 9 clusters were randomly chosen, only 50 patches were
extracted as samples for two reasons: the minimum size for a sampling unit segment was set to 5 pixels.
Consequently, some clusters are not represented at all in the sample base as pixels appear mainly
isolated (boundary effects), or clusters are not well represented at all within the common data extent of
Sentinel-1/Sentinel-2 (validation extent). Therefore, randomly selected positions in these small clusters
were likely to fall inside the same segment which further reduced the sampling rate. Instead of validating
single-pixel point information, segments were used as the sampling unit in the accuracy assessment.
They were generated based on a selection of Sentinel-2 time features using region-growing techniques
to delineate local features.
Table 2-2: Composition of the Sample Base used for assessing the Map Accuracies.

Source of Information

Sampling Scheme

Number of Sampling
Units (Segments)

Isodata classification (Sentinel-2 based),
9 classes

25 locations in each cluster

50

Filtered result Sentinel-1 time-feature
classification (change class only)

25 local change polygons

25

Filtered result Sentinel-2 time-feature
classification (change class only)

25 local change polygons

25

Filtered result Sentinel-1/Sentinel-2 time-feature
25 local change polygons
classification (change class only)

24

D9.2_D34.1b – Methods Compendium – Time Series Analysis for Change Detection
ECoLaSS – Horizon 2020
|Page 34|

Date: 04.12.2019
Issue: 2.0

The above described experiences and outcomes from project phase 1 have been taken into account to
improve the change detection methodology, which is depicted in Figure 2-2. The combined Sentinel1/Sentinel-2 data scenario has been rated as the most promising one to serve the user needs in the best
possible manner.

KALMAN FILTER
In phase 2, a test of the Kalman filter approach has been conducted using tile 32UMU in the Central area.
All available Sentinel-2 images of relative orbit 108 acquired from January 2016 to the end of June 2019
have been used. Data from the overlapping second relative orbit 65 has been discarded because the
different viewing angle introduces a systematic noise component in the resulting time series which
should be addressed during pre-processing.
The initial state for the filter has been derived by fitting a first-order harmonic regression model to the
data from 2016 to the end of June 2017. Hence all subsequent images from July 2017 onwards have
been processed within the Kalman filter loop outlined in Figure 2-3. The anomaly counter threshold has
been set to 3 and the level of significance of the anomaly test was 1%. For each processed spectral band,
the main output of the change-detection algorithm is a map containing information about which pixels
were flagged as changed and when. Analyses of the spectral change vectors corresponding to forest loss
events showed that abrupt reflectance increases in the red band as well as both short wave infrared
bands are reliable indicators. Hence the final change areas and per-pixel confirmation times have been
aggregated by applying a 3-dimensional majority filter with 3x3x3 kernel size to the stack of red, SWIR1,
and SWIR2 change maps.
Table 2-3: Internal validation results for the Kalman Filter approach (count based approach, therefore, no
confidence intervals are given in this case).
REFERENCE
Kalman Filter

Non-Forest

No-Change

Non-Forest

329

5

No Change

24

103

Change

Total

User Accuracy

334

98.50

3

130

79.23

41

41

100.00

505

PRODUCT
Change
Total

353

108

44

Producer Accuracy

93.20

95.37

93.18

0.94

Overall Accuracy

0.95

F-Score Non-Forest

0.86

F-Score No-Change

0.96

F-Score Change

0.86

Kappa

An example of the derived change polygons is depicted below. The area is located west of Naislach in the
northern part of the Black Forest, where pre- and post-change aerial imagery is available on Google
Earth. It can be seen that some of the delineated polygons correspond to areas where complete clear
cuts took place, while others show only partial removals. One of the remaining difficulties with the
Kalman filter approach is the translation of simple changed/unchanged information to labels like
percent-tree-cover-density-loss or similar metrics. Spectral change vectors corresponding to
deforestation are highly-variable and can be influenced by many variables like





forest type,
biogeographic region,
pre-change tree cover density,
time of the change event within the season,
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undergrowth type,
observation availability, that is the time gap between the change event and subsequent images.

As already mentioned in the state-of-the-art chapter, another source of error is given by the limited
length of the available time series. We observed that this is less critical for evergreen forests, but larger
errors have to be expected for deciduous woodlands where the normal dynamics of the spectral signal
are more difficult to modelling approach.

Figure 2-8: Change polygons in an area close to Naislach (Central test site).

2.1.3.3 Forest change results
The phase 1 forest change results of all three input data scenarios (using time features of Sentinel-1,
Sentinel-2 and combined Sentinel-1/Sentinel-2 data) correspond well to the forest change validation
samples, but show gradual differences between the number of omission errors and miss-detections. The
best overall result is offered by the combined use of Sentinel-1/Sentinel-2 time features.
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In phase 2, the combined Sentinel-1/Sentinel-2 data scenario has been selected with the highest
potential to address the ever-growing user requirements. The image-to-image change detection
approach has been modified by integration of a subsequent NDVI plausibility step with a certain NDVI
threshold applied. Based on consistently produced Tree Cover/Forest Maps at the same spatial
resolution, resulting change results are provided on an annual basis with very promising accuracies.
The accuracy metrics of phase 1 are provided in the Table 2-4 to Table 2-6 below. Phase 2 metrics are
presented in the Table 2-8 to Table 2-10. Figures >90% are exceeding the frequently asked accuracy
threshold of 90% and are highlighted in green.

Table 2-4: Accuracy assessment of negative forest change derived from Sentinel-1 time features

REFERENCE
Sentinel-1 time features
PRODUCT

Change
No Change
Total
Producer
Accuracy
Confidence
Interval

User
Accuracy
92.65%
66.07%

Change

No Change

Total

63
19
82

5
37
42

68
56
124

76.83%

88.10%

80.65%

9.74%

10.98%

7.36%
0.84
0.755
0.60

Confidence
Interval
6.94%
13.29%
Overall
Accuracy
Confidence
Interval
F-Score
Change
F-Score No
Change
Kappa

Table 2-5: Accuracy assessment of negative forest change derived from Sentinel-2 time features

REFERENCE
Sentinel-2 time features
PRODUCT

Change
No Change
Total
Producer
Accuracy
Confidence
Interval

User
Accuracy
100.00%
72.41%

Change

No Change

Total

66
16
82

0
42
42

66
58
124

80.49%

100.00%

87.10%

9.19%

1.19%

6.30%
0.89
0.84
0.73

Confidence
Interval
0.76%
12.36%
Overall
Accuracy
Confidence
Interval
F-Score
Change
F-Score No
Change
Kappa
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Table 2-6: Accuracy assessment of negative forest change derived from combined Sentinel-1/-2 time features

REFERENCE
Combined Sentinel-1 &
Sentinel-2 time features
Change
PRODUCT
No Change
Total
Producer
Accuracy
Confidence
Interval

User
Accuracy
97.22%
78.00%

Change

No Change

Total

70
11
81

2
39
41

72
50
122

86.42%

95.12%

89.34%

8.08%

7.81%

5.89%
0.97
0.97
0.77

Confidence
Interval
4.49%
12.48%
Overall
Accuracy
Confidence
Interval
F-Score
Change
F-Score No
Change
Kappa

Figure 2-9: Comparison of the change area validation accuracy for all input data scenarios

All three input data scenarios show very high user’s accuracies for the negative change areas, with 100%
of the detected change patches being true positives for Sentinel-2 and 97.22% for Sentinel-1/Sentinel-2.
With 92.65%, Sentinel-1 shows the lowest result, as it moderately overestimates the amount of change
areas. At the same time, the Sentinel-1 method also shows the lowest producer’s accuracy for change
areas, it misses roughly one out of four actual validation samples. Many of the patches delineated via
Sentinel-1 classification are a bit smaller compared to the respective Sentinel-2 detections. Also, the
majority of the overestimated patches are quite small. These observations are represented in Fehler!
Verweisquelle konnte nicht gefunden werden.: With 1.84%, the total percentage of detected change
area within the HRL2015 forest mask is lower for Sentinel-1 compared to Sentinel-2 and combined
Sentinel-1/Sentinel-2. A ~ 2% change in the forest area from 2015 to 2017 seems relatively high, but the
forest in the ECoLaSS North test site is actively managed for timber production, and many typical clearcut areas can be identified by visual interpretation. With 80.49%, the Sentinel-2 scenario shows about 4%
less omission errors compared to Sentinel-1, and the best result can be attributed to the combined usage
of Sentinel-1/Sentinel-2 time features, with 85.42% producer’s accuracy for the change class. The result
for the combined usage of Sentinel-1/Sentinel-2 time features shows the highest overall accuracy, with
little miss-detections of change, and relatively few omission errors.
This can also be observed in Figure 2-10, which shows two selected examples of change patches for the
Sentinel-1 and Sentinel-2 input-data configuration. The first example (top row) shows an accurate
representation of the negative change areas and has a good accordance between the different input
data scenarios. The agreeing change patches in the second example (bottom row) can also be visually
verified in the 2017 image. However, the additional Sentinel-1 detections, which are not detected by
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Sentinel-2 only, cannot be fully verified as change areas. Sentinel-2 misses one patch that shows up in
both the Sentinel-1 and Sentinel-1/Sentinel-2 change images.

Table 2-7: Percentage of change area compared to the 2015 forest area

change area [%]

change area [ha]

2015 forest area
[ha]

Sentinel-1

1.84

5,774

314,582

Sentinel-2

2.08

6,537

314,582

Sentinel-1/Sentinel-2

1.93

6,063

314,582

Figure 2-10: Detailed view of detected negative forest change patches of different detection precision for
Sentinel-1 (S1), Sentinel-2 (S2) and combined Sentinel-1 and Sentinel-2 (S1/S2) compared to a 2015 Bing Maps
RGB image (left) and 2017-07-06 Sentinel-2 composite NIR/SWIR/RED (right)

In order to further improve the change results in phase 2, the combined Sentinel-1/Sentinel-2 time
features have been extended by the 10m/20m spectral bands of Sentinel-2 under consideration of a
longer observation period (March to September). The thereof derived 10m tree cover masks for the
reference years 2017 and 2018 have been consistently produced and already show a high overall
accuracy. Error propagation of omission and commission errors could be drastically reduced, but is
naturally present. With a subsequently applied NDVI plausibility step, detected changes can be further
categorized into probably ‘real changes’ and ‘technical changes’. The latter one is flagged in the initial
difference raster and subsequently recoded to ‘No Change’. Thus, the producer accuracy of the ‘No
Change’ class, as well as the user accuracy of the ‘Change’ class, can be significantly improved. The
following tables show the results for the three test sites with such a NDVI plausibility of detected
changes applied.
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Table 2-8: Accuracy assessment of negative forest change derived from combined Sentinel-1/-2 time features
without NDVI plausibility of changes – test site North

REFERENCE
Extended Sentinel-1 &
Sentinel-2 time features
with NDVI plausibility
Non-Forest
PRODUCT
No Change
Change
Total
Producer
Accuracy
Confidence
Interval

Non-Forest

NoChange

Change

Total

User
Accuracy

Confidence
Interval

476
25
2
503

0
161
0
161

0
3
49
52

476
189
51
716

100.00%
85.19%
100.00%

0.11%
5.33%
6.31%

94.63%

100.00%

94.23%

95.81%

2.07%

0.31%

7.30%

1.54%
0.972
0.951
0.92
0.91

Overall
Accuracy
Confidence
Interval
F-Score no
forest
F-Score
Change
F-Score No
Change
Kappa

Table 2-9: Accuracy assessment of negative forest change derived from combined Sentinel-1/-2 time features
without NDVI plausibility of changes – test site Central

REFERENCE
Extended Sentinel-1 &
Sentinel-2 time features
with NDVI plausibility
Non-Forest
PRODUCT
No Change
Change
Total
Producer
Accuracy
Confidence
Interval

Non-Forest

NoChange

Change

Total

User
Accuracy

Confidence
Interval

646
29
2
677

0
148
1
149

0
1
50
51

646
178
53
877

100.00%
83.15%
94.34%

0.08%
5.78%
7.16%

95.42%

99.33%

98.04%

96.24%

1.65%

1.65%

4.79%

1.32%
0.976
0.961
0.905
0.90

Overall
Accuracy
Confidence
Interval
F-Score no
forest
F-Score
Change
F-Score No
Change
Kappa
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Table 2-10: Accuracy assessment of negative forest change derived from combined Sentinel-1/-2 time features
without NDVI plausibility of changes – test site South-East

REFERENCE
Extended Sentinel-1 &
Sentinel-2 time features
with NDVI plausibility
Non-Forest
PRODUCT
No Change
Change
Total
Producer
Accuracy
Confidence
Interval

Non-Forest

NoChange

Change

Total

User
Accuracy

Confidence
Interval

527
8
13
548

0
155
4
159

0
0
66
66

527
163
83
773

100.00%
95.09%
79.52%

0.109%
3.62%
9.28%

96.17%

97.48%

100.00%

96.77%

1.70%

2.75%

0.76%

1.31%
0.980
0.885
0.962
0.93

Overall
Accuracy
Confidence
Interval
F-Score no
forest
F-Score
Change
F-Score No
Change
Kappa

Validation results in all three test sites show very high overall accuracies being greater than 95% with a
Kappa coefficient of 0.90 or better. In any single case, the producer accuracy is exceeding the 90%. In
view of the user accuracies, some differences can be observed between the test sites. Even though the
user accuracy for the ‘Non-Forest’ class is always at 100%, the accuracies for the ‘No Change’ class range
between 83.15% (Central) and 85.19% (North) and 95.09% (South-East). Whereas the ‘Change’ class
exceeds the 90% in the test sites North and Central, South-East shows the lowest user accuracy with
79.52%.
With respect to the test sites North and Central, the relatively low user accuracies of the ‘No Change’
class can be explained by the lower thematic accuracy of the 2017 input data mask. Here, the
overestimation of tree cover has an adverse effect on the change result. Figure 2-11 shows exemplarily
an area of detected forest loss in the Central test site.
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Figure 2-11: Example of detected Forest loss in Tile 32TPT– Test Site Austria/Germany.

Regarding the South-East test site, the inadequate cloud-masking performed by the MACCS processor
has been identified for the primary source of errors resulting in the relatively low user accuracy of
79.52% for the ‘Change’ class. This is due to a very high proportion of artefacts in the calculated time
features representing the input for the thematic classification as well as for the subsequent plausibility.
These artefacts hamper the plausibility approach, as the 2018 NDVI time features show largely spread
artefacts with clear edge effects and even nodata gaps in every single tile.

2.1.3.4 Benchmarking results
Table 2-11 gives a summary of how classification results (accuracy) relate to processing costs.
Furthermore, scenario-specific chances and issues are listed. This type of benchmarking has been firstly
made in phase 1 within Task 3 (compare Issue 1 of the document at hand) but had to be revised after the
experiences and lessons learned from the first prototypic demonstration in Task 4, as the processing
costs have been generally underestimated. Therefore, the benchmark criteria have been extended to the
item storage cost. Regarding the overall processing costs, the following principles are valid:
a) The longer the observation period the more data is needed and the higher the processing costs.
b) The more time features are calculated, the higher the storage costs.
Consequently, the overall processing costs are dependent on the length of the time series (observation
period) and the overall number of time features (no. time features) to be calculated. The latter
significantly increases the storage costs, being part of the overall processing costs.
The Sentinel-2 scenario and combined Sentinel-1/Sentinel-2 scenario both reach rather high accuracy
values with a Kappa coefficient of 0.74 and 0.77, respectively, whereas the Sentinel-1 scenario reaches a
considerably lower Kappa coefficient of 0.60.
Originating from the time feature set described in [AD06], the processing costs for Sentinel-1 are
generally lower as for Sentinel-2. From this perspective, the Sentinel-1 scenario might appear favourable
when minimizing processing costs is an important objective, or if cloud cover is frequently very high over
the region of interest.
The Sentinel-2 scenario with its high accuracy offers a good cost-benefit relation. In case of the test site
North in Sweden, the problem of clouds and cloud shadows in the imagery is solved by the use of time
features for a 3-month period (spring period): for 100% of the forested areas in the test site a
classification decision could be made. This, however, is always dependent on cloud cover situations
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specific to a region. This could be directly shown in the implementation phase of the forest prototypes in
the demonstration site North: the spring period was sufficient for the southern two S-2 tiles
(representing the test site), but was not in the four northern tiles, where a much more frequent cloud
cover could be observed. A similar situation was observed in the test site South-East. Whereas 2017
could be covered fully cloud-free (even without time features) the situation in 2018 was extremely
difficult and led to a variety of artefacts in the derived time features, which have been notably already
extended to a 6-month period.
Consequently, the addition of Sentinel-1 data to the data scenario is recommended when cloud cover is
a big issue in the area of interest. This solution also provides an additional benefit: The combination of
Sentinel-1 and Sentinel-2 input data further increases the accuracy of the change detection results. On
the other hand, increasing costs are a direct consequence.
No issues in the transferability of the image-to-image approach to the other Forest test sites,
representing different biogeographical regions could be observed.

Table 2-11: Benchmarking criteria, chances, and issues of the different input data scenarios
Accuracy
(Kappa)

Processing
cost

Storage
cost

Chances

Issues

Sentinel-1

0.60

+

+

Independent from cloud cover

SAR inherent properties
(foreshortening, layover in strong relief,
speckle)

Sentinel-2

0.74

++

+++

Dependent on cloud cover, but Clouds/cloud shadows, artefacts,
time features mitigate
nodata gaps
problematic areas

Sentinel-1
Sentinel-2

0.77

+++

++++

Partially dependent on cloud
cover, but SAR and Sentinel-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.

2.1.4 Summary and Conclusions
This work investigates the potential of Sentinel-1 and Sentinel-2 data for automated forest change
detection in a frequently cloudy test site in Sweden. Method testing is done in preparation for a future
improved HRL Forest change product. The delineation of the negative forest change is based on the
comparison of a pre- and post-change forest mask product. The classification of the post-change mask
uses spatio-temporal input features. The methodology can incorporate both Sentinel-1 and Sentinel-2
data without significant adjustments. This makes it flexible to be used in areas with frequent cloud
coverage, which does not affect SAR imagery.
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The detected forest change patches of all three input data scenarios (Sentinel-1, Sentinel-2 and
combined Sentinel-1/Sentinel-2 data) reveal similar forest-loss areas and show high validation
accuracies. The combined usage of Sentinel-1/Sentinel-2 delivers the best detection result, but naturally
has the highest benchmarking cost, while the Sentinel-2 scenario gives slightly worse results with about
half the cost. The limitation on Sentinel-1 leads to an overestimation of detected change patches
resulting in lower user’s accuracy, but overall, can still deliver a useable forest change mask. This is
especially important considering the limited availability of optical imagery in areas of frequent cloud
cover.
The methodology enables the delineation of a forest loss layer independent from the type of sensor
input data used for both the reference and post-change forest masks. However, the success of the
approach is very reliant on the quality of the reference forest mask, as over- or underestimation of forest
cover can lead to respective over- or underestimation of negative forest change. Also, the current
methodology is not able to determine the exact date of the change due to the use of time features. In
the case of forest degradation or loss occurring during the period of the investigated time series (2017),
time feature layers provide ambiguous information - especially those that deal with basic statistics of the
entire period. For the detection of these specific changes, the combination of the approach with
methods that focus on feature dynamics of forest change events within the respective time period may
be considered, which is as such not yet part of Copernicus Land products, but is a recommended issue
for future investigations.
Further research was carried out to prove the transferability of the methodology to areas of different
geographic conditions. However, with the geographic limitations of the ECoLaSS sites, the transferability
still needs to be validated at larger scale. Besides that, the influence of "technical" non-changes that can
be caused by SAR speckle etc. could be further investigated. This is also valid for the integration of SAR
coherence which could further improve the change detection accuracy.
The accuracy has been improved for all forest layers in phase 2. The method transferability has been
proved feasible and from the tests in WP33 and WP35 and the corresponding applications to the larger
demonstration sites, it should be stressed that the change product quality relies in turn on the respective
status layers accuracy. Therefore, although for forest loss detection a one year update cycle for
operational roll-out using S1/S2 features is achievable, the limitations described in WP32 and WP33
apply: multitemporal co-registration of S2 needs to be improved, a better DEM for improved topographic
normalization is strongly recommended and the improvement of cloud masks coming from various
processors (e.g. Sen2Cor) is nowadays an asset for Copernicus Sentinel-1/-2 applications.

2.2 Imperviousness Change
The aim of the WP34 is to explore and set up a methodological approach for automated change
detection based on Sentinel time series. The selected approach, described in the workflow of Figure
2-12, is based on a new iterative classification approach. Indeed, the resulting IMD status layer for 2018
obtained in the WP33 is combined with the built-up mask from the HRL Imperviousness 2015 (or 2017).
This step does not only reveal 2015/17-2018 built-up changes, with a more precise confidence interval,
but it also detects potential omission errors in the built-up mask 2015 as well as potential commission
errors of the 2018 built-up area. Thus, the procedure aims to both minimise the occurrence of change
“false positives”, and detecting omission/commission errors in this previous 2015 dataset and aims to
differentiate between „actual changes“ and „technical changes“. For this purpose, the WP34 relies on
densification and optimization reference dataset to determine the relative proportion of actual change
versus all the error components.

THE INPUT DATA:
The imperviousness change detection relies on two input data:
- The reference layer (t0): the HRL Imperviousness 2015, depicted in Figure 2-13;

D9.2_D34.1b – Methods Compendium – Time Series Analysis for Change Detection
ECoLaSS – Horizon 2020
|Page 44|

-

Date: 04.12.2019
Issue: 2.0

The new status layer (tn): the HRL Imperviousness 2017, deduced from the full dataset of
Sentinel-2 pre-processed images, cloud-free, with all the spectral bands available, for the year
2016, as depicted in Figure 2-14.

The selection of the HRL Imperviousness 2017 follows the outcome of the WP33. Thus, the new status
layer results from the classification based on the following set-up methods:
- A mono-temporal classification;
- The Support Vector Machine classifier;
- The data and classification fusion based on the Dempster-Shafer Theory, which will give the
overall accuracy metric.

Figure 2-12: Overall workflow of the imperviousness implementation
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Figure 2-13: The reference layer (t0): the HRL Imperviousness 2015 built-up mask

Figure 2-14: New status layer (tn): the HRL Imperviousness 2017 built-up mask

For the phase 2, the imperviousness change detection relies on two input data:
- The reference layer (t0): the HRL Imperviousness 2015,
- The new status layer (tn): the HRL Imperviousness 2018, deduced from the full dataset of
Sentinel-1+2 pre-processed images, cloud-free, with the 10m spectral bands available, for the
year 2018, as depicted in Figure 2-15.
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During phase 2 implementation, the HRL Imperviousness 2018 followed the outcomes of phase 1 where
a classification procedure was adopted but with some improvements in the processing chain based on
additional tests. Thus, the new status layer results from the classification are based on the following setup methods:
- A Sentinel-2 mono-temporal classification;
- A Sentinel-1 time series features classification;
- Supervised classification algorithm based on active learning and textural indices
- The data and classification fusion based on the Dempster-Shafer Theory, which will give the
overall accuracy metric.

South-East test site

Central test site

South-West test site
Figure 2-15: New status layer (tn): the HRL Imperviousness 2018 built-up mask
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2.2.1 Description of candidate methods
Two main methods are mainly used to detect changes:
- Directly detect and classify the changes from a pair of images as described in (Hansen et al.,
2008; Bruzzone and Serpico, 1997; Coopin et al., 2004).
- Or perform mono-temporal classifications and then compare both results to classify the changes
(Lefebvre et al., 2016).
The first approach presents the advantage of having one single process and so reduces the errors
accumulated through multiple classifications.
However, in the context of the updating of urban areas where classified regions in the first image are
already available, the comparison with a new classification issued from the new image appears more
rational. This is the process chosen for the tests.
Under the second procedure, two approaches can be presented:
- An Image to image comparison - this is the simplest way to detect changes and it is based on the
simple difference between two raw classifications. However, this approach is too limited
because of known problems related to differences in terms of acquisition, geometry, phenology
between the two periods. That is why, studies such as (Lefebvre et al., 2016) regarding the
monitoring of urban areas prefer the following method.
- The Post-Classification Comparison (PCC) – this method implies post-processing of the layers to
attain:
o A spatial and temporal consistency based on the reference data (t0) – the purpose is to
ensure the consistency and comparability between the different dates, so as to prevent
problems mentioned in the “image-to-image approach”, related to the possible
divergences in terms of acquisition, and/or of geometry between the two periods.
o A post-processing filtering (shown in Figure 2-16) usually used in global urban map, for
example in the works of (Kemper et al., 2015) – indeed, there is a significant portion of
noise due to single pixels or isolated pixels (small aggregated group of pixels), which are
most likely misclassifications. Such noises should be reduced/removed with postclassification filtering approaches.

Figure 2-16: New HRL Imperviousness 2017 built-up mask post-processed with spatial filtering

o

A contextual analysis based on change probability, such as discussed in (Lefebvre et al.,
2016) and depicted in Figure 2-16 and Figure 2-17– the aim is to take into account the
built-up pixels in the 2015 built-up mask in order to establish a probability map of
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changes. The analysis describes each cell's relationship or membership to a source, or a
set of sources based on probabilities.

Figure 2-17: Calculation of the built-up probability map from the 2015 built-up mask for the phase 1 South-West
test site

Central test site

South-East test site
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South-West test site
Figure 2-18: Calculation of the built-up probability map from the 2015 built-up mask for the phase 2 test sites

The assumption made using the contextual analysis is that urbanized areas spread more than they
appear randomly in the landscape, leading to the post-processed result displayed in Figure 2-19 and
Figure 2-20.

Figure 2-19: New HRL Imperviousness 2017 built-up mask post-processed with the contextual analysis
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South-East test site
Figure 2-20: New HRL Imperviousness 2018 built-up mask post-processed with the contextual analysis

Once all this work has been done, the contextual analysis resulting in urban membership estimates
allows isolating change areas, leading to the change layer, visible in Figure 2-21 and Figure 2-22.

Figure 2-21: Final change layer for the temporal lapse 2015-2017
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South-East test site

South-East test site
Figure 2-22: Final change layer for the temporal lapse 2015-2018 the Central and South-East test sites and 20172018 for the South-West test site

Although some errors could be present in the reference layer 2015, new errors could have appeared in
the detection of change between two time periods. The change layers’ errors can be due to the following
factors:
- Some omissions of change – new urban areas that appear between 2015 and 2017 (or 2018)
were not detected;
- Some technical changes due to:
o Commission errors added for the new period – areas falsely flagged as new urban zones;
o Omission errors detected for the previous period – urban areas, already present in 2015,
that were not then detected as such, but have now been flagged as urban areas in the
2017 and 2018 layers.
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2.2.2 Benchmarking criteria
Due to the semi-automated nature of the HRL production workflow, it is not possible to guarantee that
all errors can be removed from the change layer.
However, the relative magnitude of actual change versus the errors contained in the change layer for
each time interval should be known to provide a basis for improving the temporal consistency between
each layer – however, that work was done as part of the WP35.
Therefore, there is a strong need to develop a reference calibration dataset that will be used to
determine the relative proportion of actual change versus all the error components described in the
previous paragraph. To be valid, this calibration dataset has been selected based on a probability
sampling approach similar, but independent, to that of the validation dataset as implemented in the
report of the WP33.
The stratification and the sampling design primarily consist of selecting an appropriate sampling frame
and a sampling unit. The sampling units can either be “defined on a cartographic representation of the
surveyed territory” (Gallego, 2004), in which case it is an area frame, or on a list of the features.
According to the author, area frames give a better representation of the population as the spatial
dimension is kept.
In an area frame, sample units can be points, lines, often referred to as transects or areas, often referred
to as segments, as described by Gallego (1995). The first step is to define the geographical area for which
the accuracy assessment is to be reported and the type of sample units. For most of the cases, point
samples will be used, but areas or segments may be used in specific cases such as when not only
thematic accuracy needs to be reported, but also the geometry of mapped objects. Polygons have also
the drawback of being specific to a single map. In case of changes, the sample may not be adapted
anymore. Points are considered as the most appropriate unit for our tests.
Sampling design refers to the protocol whereby the samples are selected. A probability sampling design
is preferred for its objectivity. “Simple random, stratified random, clustered random and systematics
designs are all examples of probability sampling designs” as explained in (Stehman and Czaplewski,
1998). Even though a simple random design is easy to implement, its main drawback is that some
portions of the population may not be adequately sampled. Cluster sampling is often used to reduce the
costs of the collection of reference data but does not resolve geographic distribution problems. A
systematic approach would solve this problem, yet it is not appropriate if the map contains cyclic
patterns. A stratified approach consists in allocating a predefined number of samples per land-cover
class. As explained in (Stehman and Czaplewski, 1998), stratification ensures that each class is
represented.
The validation approach chosen combines random and stratified approaches and benefits from the
advantages of both of them.
For the purpose of the current tests, a stratification is applied to the change areas strata. Since the focus
is on change, the approach will help to assess the new built-up areas for the year 2017 and the omission
errors from 2015 (the undetected built-up pixels of 2015) as well as the commission errors from 2017
(the pixels falsely flagged as built-up in 2017).
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South-East test site

South-West test site
Figure 2-24: 2018 Reference calibration datasets overlaid on the 2015-2018 change layer for the test sites

2.2.3 Implementation and results of benchmarking
As described before, the benchmarking is only done on the best status classification for 2017 based on
Sentinel-2 cloud-free images (high resolution spectral and spatial). The implementation has been done
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on the test site in South-West site of France, over the tiles 30TYP and 31TCJ. The results obtained from
the reference calibration dataset are presented inTable 2-12 .
Table 2-12: Classification results for the reference year 2017

% of total change areas
New built-up 2017

9%

Omission errors 2015 (undetected built-up 2015):

58%

Commission errors 2017 (false built-up 2017)

33%

Based on the calibration dataset, the relative magnitude of actual change is estimated to 9% of the total
change areas (in Figure 2-28). Thus, the errors concern the remaining 91% of the change areas detected.
There is a high amount of omission errors (in Figure 2-29) coming from the reference data impacting
more than half of the change areas detected.

Figure 2-25: Example of calibration point for the newly detected built-up in 2017
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Figure 2-26: Example of omission errors 2015 (undetected built-up in 2015)

Figure 2-27: Example of commission errors for 2017, false built-up in 2017

In phase 2, the implementation of the change detection has been done on the 3 test sites South-West
(tiles 30TYP and 31TCJ), Central (tiles 32UNU and 32TNT) and South-East (34TFM and 34 TFL).
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The results obtained from the reference calibration dataset are presented in Table 2-13.
Table 2-13: Classification results for the reference year 2017

% of total change areas
SouthWest

Central

SouthEast

New built-up 2018

19.00%

New built-up 2018

14.00%

7.00%

Omission errors 2017*
(undetected built-up 2017):

48.00%

Omission errors 2015*
(undetected built-up 2015):

68.50%

69.50%

Commission errors 2018* (false
built-up 2018)

33.00%

Commission errors 2015* (false
built-up 2015)

17.50%

23.50%

Total Change Area (km²)

75.70

Total Change Area (km²)

410.25

280.85

It has to be noticed that the change detection for the South-West test site is done on the 2017-2018 time
period since the HRL IMD 2017 has been created as part of phase 1; explaining the relative
proportionality between the omission and commission errors (48% vs 33%) and the greater new buit-up
statistic (19%). The low total of change area (75.70km²) in comparison with the 2015-2017 change layer
also shows the relevance of the change detection approach.
Regarding the Central and South-East test sites, the calibration dataset shows the same tendency. Thus,
the relative magnitude of actual change is low (respectively 14% and 7% of the total change areas for the
Central and South-East test sites). Thus, the errors concern more than the remaining 85% of the change
areas detected. There is a high amount of omission errors coming from the reference data impacting
almost 70% of the change areas detected.
Most of the omission errors concern small and isolated built-up features as shown in Figure 2-29.
Regarding the commissions, we find usual errors like arable lands without crops, construction sites,
quarries (e.g. bare soils) and permanent water bodies as shown in Figure 2-30.

Figure 2-28: Example of calibration point for the newly detected built-up in 2018
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Figure 2-29: Example of omission errors 2015 (undetected built-up in 2015)

Figure 2-30: Example of commission errors for 2018, false built-up in 2018

2.2.4 Summary and conclusions
The results show that the magnitude of real change is around 7-14% of the change areas detected for the
time period 2015-2017/18. The re-processing of the reference layer – the Imperviousness layer of 2015 –
and the new status layer for 2017/2018 needs to be done as part of the WP35 [AD08] to ensure that
there are no spatial inconsistencies between the layers of the different epochs. There is still a need to
ensure the temporal consistency and comparability between the different time intervals. The main
reasons for temporal inconsistencies can be listed as the following:
- Impervious areas typically represent less than 5% of the total area and even though the level of
omission and commission are still below the set threshold of 10%. The area represented in those
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10% errors in the delineation of the built-up mask can still be greater than the actual area of
change between the two periods.
Although some errors are present in the reference layer, new errors can also appear in the
detection of change between two time periods. The change layers’ errors can be due, as
mentioned before, to the following factors:
o Omission of change;
o Commission errors added for the new period;
o Omission errors detected for the previous period.

In phase 1, the mono-source approach, based on one HR sensor, Sentinel-2, doesn’t seem sufficient.
Indeed, the times series is not dense enough to take advantage of the phenology of inter-yearly and of
the intra-yearly seasonal dynamics. Further investigation has been done in the second phase, including a
multi-sensor approach. The phase 2 outcomes of the 2017-2018 change detection show the relevance of
the procedure with a reduction of the change areas over the time period. The matter of fact that the
implementation of the change detection included this multi-sensor approach with a combination of
Sentinel-1 and 2.

2.3 Grassland Change
To detect anomalies, which can be used to derive grassland changes dense time series are a prerequisite.
Another approach undertaken in phase 2 exclusively using Sentinel time series is of further interest to
achieve harmonization and continuity between historic HRL grassland masks (i.e., HRL Grassland status
layer 2015) and the improved and future grassland masks. In this sense, as explained in the case of the
forest change detection methods applied, to achieve continuity a historic HRL grassland mask is set as
the benchmark grassland mask. Any future observation of "non-grassland" and “grassland” within this
benchmark grassland mask can be assumed to be respectively grassland loss or grassland gains (i.e.,
grassland change). For a detailed description of this map-to-map change detection method see Chapter
2.1.1.
One advantage of detecting changes using the map-to-map change detection method is that the method
is fully detached from the input data used for map generation. A grassland pixel in the HRL Grassland
status 2015 product, for example, might be derived from a combination of Sentinel-2, Landsat, IRS and
SPOT data. A grassland map for the year 2018 might be a combination of Sentinel-2 and Sentinel-1. The
map-to-map change detection is completely independent from the input data used for the map
generation. So, the fusion of images from different optical sensors or even the fusion of optical and SAR
imagery can be solved in complete isolation from the change detection. In addition, in phase 2 the status
layers for the years 2017 and 2018 (grassland masks) are generated in a comparable fashion as depicted
in WP33, analogously to the forest status layers, 2017-2018 change detection implementation, a
different change detection method is applied to the improved 10m resolution products. In this case e.g.
on the basis of a minimum NDVI derived change indicator.
An overview of the change monitoring is given in Figure 2-31. As shown in the testing within WP34,
change detection approaches depend on the specific thematic application. For example, different
characteristics of the temporal trajectory are to be defined for grasslands (e.g., depending on mowing
dates) and forests. In the Grassland test in ECoLaSS, the main change detection approaches implemented
are:
a) Signature anomaly detection
b) Map-to-Map comparison
c) Map-to-Map comparison combined with signature anomaly detection

D9.2_D34.1b – Methods Compendium – Time Series Analysis for Change Detection
ECoLaSS – Horizon 2020
|Page 61|

Date: 04.12.2019
Issue: 2.0

Figure 2-31: Overview for the grassland change monitoring workflow

2.3.1 Description of candidate methods
Signal anomaly detection based on dense time series
The signal anomaly detection based on dense time series has been tested with regression models to
derive further temporal features which are used as input for classification approaches and change
detection approaches. The Sentinel-1 and Sentinel-2 time series serve as input for the signal anomaly
detection due to their higher temporal resolution to derive more valid observation. The map-to-map
comparison approach in place for the status layer Grassland Mask 2018 and reference layer HRL
Grassland 2015, plus the time series analysis on the basis of the NDVI change indicator for the 2017 and
2018 grassland masks complete the implementation in phase 2 for grasslands in WP34.
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MULTIVARIATE ALTERATION DETECTOR COMPONENTS (MAD)
This chapter introduces the multivariate alteration detection (MAD) transformation which is based on
the established canonical correlations analysis by Nielsen in 1998. “The second canonical correlation and
canonical variates are determined subject to the condition that they are orthogonal to the first ones, and
this process goes on for the higher-order canonical correlations and variates. Performing differences
between these pairs of variates allow then to consider a change detection analysis based on linear
combinations of the original variables, ordered by correlation (similarity) between pairs” (Zanchetta &
Bitelli, 2017). For N bands MAD give N output difference images, which are called MAD components.
These components bear the maximum variance between the two sets of variables that are positively
correlated. Therefore, each MAD represents different type of change, where similar types of spatial
change will be grouped into one component as shown in Figure 2-32. One drawback is that the MAD fails
to consider the overall spatial coherence of the change, is based on single-pixel analysis. In order to get
the significant change a threshold can be applied to the MAD since the variates are approximately
normally distributed about zero and un-correlated. Therefore a good candidate for thresholding when no
ground truth is available is the standard deviation. In this sense all the pixel whose intensities are within
+/- 1 sigma of zero can be considered as unchanged. Depending on the application, also the threshold of
+/- 2 sigma is used to avoid overdetection of anomalies. The method provides an almost automated,
time effective and reproducible technique. Therefore, it can be used as complementary procedure or as
a first interpretation step in change detection studies (Zanchetta & Bitelli, 2017).
Component B1

Component B2

Component B3

Component B4

World View 1 image
from the 2017.05.09

World View 1 image
from the 2018.10.05

Figure 2-32: MAD components

CHANGE VECTOR ANALYSIS (CVA)
The change vector is the difference between vectors at different years, with the change vector length
indicative of the magnitude of change (see e.g. Bovolo & Bruzzone, 2007). As a measure of the change
magnitude, the Euclidian distance measure can be applied. This approach was mainly applied for forest
monitoring by bi-temporal image change detection in the past. However, for detecting changes in
grasslands, an “integration” of the reflectance trajectory over the whole vegetation period is a prerequisite, as in general the mowing events differ significantly from year to year. In addition to this
“integration” this leads to a reduction of image noise, which allows a pixel-based comparison of the
derived annual features. The selection of temporal features was based on a qualitative assessment by a
remote sensing expert. As the temporal density of the S2 time-series varies between 2017 (Satellite
Sentinel-2B data only available from July 2017 onwards) and 2018, features based on median calculation
over the vegetation period were selected, as these “robust” features are less sensitive to temporal
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density differences. To retain the high spatial resolution, only temporal features derived from bands with
10m spatial resolution were selected. Based on these criteria and the qualitative analysis, the median of
NDVI, the reflectance of the red band, and the reflectance of the green band over the vegetation period
were selected as features for the change vector analysis. Figure 2-33 shows the CVA results with
different thresholds for gain and loss areas.
CVA

+/- 1 sigma

+/- 2 sigma

+/- 3 sigma

World View 1 image
from the 2017.03.15

World View 1 image
from the 2018.10.05

World View 1 image
from the 2017.05.09

World View 1 image
from the 2018.10.05

Gain

Loss

VHR

Figure 2-33: CVA components

TIME SERIES MODELS
The underlying regression models are based on the assumption that a given time series can be described
by an additive model. Each observation zk is considered as the realization of a random variable Zk, which
is itself a sum of four components:
𝑍𝑘 = 𝑇𝑘 + 𝐶𝑘 + 𝑆𝑘 + 𝑅𝑘 , 𝑘 = 1,2, … , 𝑚
The first two terms on the right-hand side of the equation above are called trend and cycle respectively.
Both reflect non-random long-term movements in the series and while the trend may take a variety of
shapes, the cycle component is explicitly defined as a recurring pattern of growth and decline.
Furthermore, Sk is called the seasonal component and reflects non-random short term cyclical patterns
which repeat themselves more or less every year. The remaining non-systematic deviations left in the
series are captured by the irregular component Rk, which is a random variable used to model all kinds of
random influences (Falk et al., 2012). Additive decomposition models describe the series in terms of
components which cannot be observed directly. One of the advantages of this strategy is that each
component of interest can be analyzed and interpreted separately. Additionally, the complexity of the
model can be scaled simply by adding or removing components in order to find a model which is
consistent with the data, without being unnecessarily over-specified. Once an appropriate model for a
given time series has been found, it can be used to predict future observations.
In a regression model, the non-stochastic time series components are represented by deterministic
functions of time. It is also assumed that these functions depend on specific sets of parameters which
can be estimated using least squares methods. The trend component is formulated as a polynomial of
degree n,
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𝑛

𝑇(𝑡) = ∑ 𝑐𝑖 𝑡 𝑖
𝑖=0

A linear trend is therefore determined by the parameters c0 and c1 representing the intercept and the
slope. The seasonal component is constructed by a sum of P-periodic cosine waves, similar to the
principle of a Fourier series, with P denoting the fundamental duration of the seasonal cycle. Therefore,
the set Ω containing the seasonal (angular) frequencies is
2𝜋𝑗
Ω = {𝜔1 , 𝜔2 , … } = { 𝑃 |𝑗 = 1,2, … , ∞}
with j as the corresponding number of periods per cycle. Considering the nature of the time series
investigated, it is appropriate to measure the time between epochs in days and thus set P to 365.25. An
element γj of the seasonal component may be formulated as a cosine wave of frequency ωj modulated
by the parameters amplitude and phase, denoted by Aj and ϕj respectively:

𝛾𝑗 (𝑡) = 𝐴𝑗 cos(𝜔𝑗 𝑡 − 𝜙𝑗 )
In this form, the phase parameter is an argument to the cosine function, resulting in a non-linear
regression model. A trigonometric identity can be exploited to obtain the more desirable form

𝛾𝑗 (𝑡) = 𝛼𝑗 cos(𝜔𝑗 𝑡) + 𝛽𝑗 sin(𝜔𝑗 𝑡)
where the original amplitude and phase parameters are replaced by αj and βj. The relationships of the
new parameters to Aj and ϕj are given below.
𝐴 = √𝛼 2 + 𝛽 2
𝛼
𝛽
𝜙 = cos−1 ( ) = sin−1 ( )
𝐴
𝐴
In conclusion, a seasonal component incorporating an arbitrary subset of frequencies taken from Ω is
given by
𝑆(𝑡) = ∑ 𝛼𝑗 cos(𝜔𝑗 𝑡) + 𝛽𝑗 sin(𝜔𝑗 𝑡)
𝑗∊ℕ>0

Note that the expressions for the trend and seasonal components are formulated in continuous time,
hence unequal time intervals between observations do not pose a problem.

ROBUST PARAMETER ESTIMATION
The measurement equation of a linear regression model links an m-element observation vector z to the
p-element parameter vector x containing the various coefficients ci, αj, and βj of the time series model.
Using a vector/matrix notation that is
𝐳 = 𝐀𝐱 + 𝐫
where A is the m×p design matrix and r is an m-element vector capturing the deviations from the model,
also called residuals. Assuming m>p and normally distributed residuals with mean zero and constant
variance, the parameter vector can be estimated using the method of ordinary least squares (OLS).
Considering the presence of outliers in the data, this assumption may be violated and a robust
parameter estimation approach following the implementation of Heiberger and Becker (1992) is
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employed. The technique is known as iteratively reweighted least squares (IRLS) and belongs to the class
of M-estimators (Huber, 1964). The parameter estimate x̂ is computed based on the cost function
𝛷 = (𝐳 − 𝐀𝐱̂)T 𝐖(𝐳 − 𝐀𝐱̂) ⇾ min.
where W is an m×m diagonal matrix of observation weights ranging from 0 to 1. Consequently, W can
also be expressed in terms of an m-element vector w, that is
𝐖 = diag(𝐰)
The parameter vector minimizing Φ is given by
−𝟏

𝐱̂ = (𝐀T 𝐖𝐀) 𝐀T 𝐖𝐳
The initial solution of the IRLS procedure is obtained by setting W equal to an identity matrix, thus it is
equal to the OLS solution. In subsequent iterations, the weights are calculated based on the residuals
r1, r2, … rm. Observations with large residual values are down-weighted. Each residual is divided by the
scale s to obtain the normalized residual ui:
𝑢𝒊 = 𝑟𝒊 ⁄𝑠 using 𝑠 = median(|𝑟1 |, |𝑟2 |, … )/0.6745
The normalized residuals are then used as input to a cost function which determines the weight of the
corresponding observation. Heiberger and Becker (1992) suggest a two-stage procedure employing the
Huber cost function (Huber, 1964) until convergence followed by (up to) two additional iterations
applying the Bisquare cost function (Beaton and Tukey, 1974). Convergence is achieved when the
difference of the Euclidean norms of x̂ between consecutive iterations is below a given threshold. The
respective elements of w are determined by the equations given below. An illustration of the cost
functions is given in Figure 2-34.
1 |𝑢𝑖 | ≤ 𝑐
𝑤𝑖,𝐻𝑢𝑏𝑒𝑟 = { 𝑐
|𝑢𝑖 | > 𝑐 default 𝑐 = 1.345
|𝑢𝑖 |

𝑤𝑖,𝐵𝑖𝑠𝑞𝑢𝑎𝑟𝑒

𝑢𝑖 2 2
[1 − ( ) ]
𝑐
={
0

𝑢𝑖
0<| |≤1
𝑐
default 𝑐 = 4.685
𝑢𝑖
| |>1
𝑐

Figure 2-34: Cost functions
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Map-to-Map comparison
There are two common Image-to-Image change detection methods which can be applied to detect
changes based on multi-temporal integrated image data.
The first approach uses a pair of integrated data sets based on multi-temporal features which are
calculated over a certain period. The advantage of this approach is reducing the accumulated errors of
the classification products.
The second approach performs classifications based on those integrated data sets including multitemporal features and compares both results to detect the changes. Using the random forest classifier a
grassland probability map for each reference year can be produced. Instead of comparing the
classifications with each other, the probabilities can be combined resulting in a probability difference
map differentiating between increase and decrease. To evaluate the changes, thresholds can be applied
on the probability difference map derived through iterative accuracy evaluation.
In the Central site, the change detection was applied, on the one hand, between the 2017 status layer
(re-sampled to 20m) and the reference year HRL2015 grassland. On the other hand, for the 2017 and
2018 status layers change detection is computed by combining a map-to-map comparison with change
indicators derived from Sentinel-2 time series for 2017 and 2018.
Map-to-Map comparsion combined with signature anomaly detection
As depicted in other sections, change detection approaches can also use integrated optical and SAR
images to detect signal anomalies. Furthermore, multi-temporal classifications can be derived from
those integrated stacks as described in WP33 [AD06]. In this chapter those multi-temporal classifications
derived from the pre-processed time-series data from WP32 [AD07] serve as input for the change
detection.
2.3.2 Benchmarking criteria
One aspect of benchmarking is to select the spectral bands and indices whose multi-temporal signatures
are represented most accurately by a time series model of sines and cosines. The ability to separate
different land-use/land-cover classes based on multi-temporal signatures is also investigated in this
regard. The number of parameters used in the model is a variable suitable for benchmarking. Another
important criterion to assess is the influence of outliers caused by unmasked clouds, cloud shadows, and
snow to the signature of a given band.

AREA BASED THEMATIC ACCURACY
The thematic accuracy assessment can be performed by comparing the detected changes with a
reference data set if available. The main purposes of the accuracy assessment and error analysis are to
permit quantitative comparisons between several methods (Congalton, 1991). The thematic accuracy of
the classification results can be assessed with an error matrix and following accuracy metrics:






Overall Accuracy and Error
User’s accuracy
Producer’s accuracy
Kappa Coefficient
Confidence Intervals

For an internal validation of the benchmarking results a stratified random sampling approach has been
used to generate validation samples within the first derived change product for the demonstration site
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West. For the selected demonstration site over Belgium/France, a stratification is applied based on three
strata:





Grassland Gain
Grassland Loss
Grassland unchanged
Non-Grassland unchanged

1075 samples are generated over the four strata and visually checked using combined Sentinel-2 and
Landsat-8 time series and available VHR data (Google, Bing).

Figure 2-35: Validation samples over the demonstration site WEST

QUALITATIVE ASSESSMENT
The assessment criterion is a visual interpretation of the resulting change map. In the following, some
image samples show parts of the change maps compared with high-resolution data like the ArcGIS
Basemap or the multi-temporal mosaics for each reference year.
2.3.3 Implementation and results of benchmarking
Signal anomaly detection based on dense time series
To investigate the applicability of the regression method, a test site covering 100km² in the north of
Belgium has been selected. The nature of the approach requires a large number of observations in order
to capture the intra-annual variations. As Sentinel-2B data is available only from July 2017 onwards we

D9.2_D34.1b – Methods Compendium – Time Series Analysis for Change Detection
ECoLaSS – Horizon 2020
|Page 68|

Date: 04.12.2019
Issue: 2.0

used data supplied by the Harmonized Landsat-Sentinel-2 (HLS) project. This project initiated by NASA
combines Landsat-8 and Sentinel-2 surface reflectance data. “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. It is also desirable that the harmonized products share a common gridding & tiling
system, such that they are “stackable”.” (HLS user guide v1.3, page 3) Sentinel-2 data is re-sampled to
the 30m resolution of Landsat-8. Additional to the increased time series density, the HLS dataset
contains cloud masks produced by the established Fmask algorithm (Zhu and Woodcock, 2012). Although
a robust parameter estimation method is used, high-quality cloud masks are needed to reduce the
overall number of outliers in the first place.
The temporal coverage of the test data stack is limited to the years 2015 and 2016, because the HLS
project currently does not provide any data past July 2017. Illustrations of the available number of
unmasked observations per pixel are given in Figure 2-36 and Figure 2-37 for the years 2015 and 2016
respectively. Due to the fact that Sentinel-2A has not been launched until the middle of 2015, the
average number of observations is significantly higher in 2016. Regions with persistently few
observations correspond to bright urban areas which trigger false positives in the cloud screening
process.

Figure 2-36: Number of unmasked observations per pixel, year 2015

Figure 2-37: Number of unmasked observations per pixel, year 2016
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MULTITEMPORAL SPECTRAL SIGNATURE ANALYSIS
The first step is to assess the multi-temporal signature of a grassland pixel in several spectral bands and
indices. In Figure 2-38 a time series covering the year 2016 is illustrated by image chips in a true-colour
band combination. Figure 2-39 shows the same series in a false colour band combination (R: SWIR1; G:
NIR; B: red). The investigated pixel is located in the centre of the red rectangle displayed in each image.
All images where the respective pixel is masked according to the Fmask algorithm are excluded.
Nonetheless, there are still images left in the series, which are affected by anomalous conditions, see
Table 2-14. Additionally, two mowing events can be identified, see Table 2-15. Note that on two
occasions, namely 2016-05-01 and 2016-07-20, there are two images available for the same day.
Table 2-14: Anomalous images

Acquisition date

Condition

2016-01-26

Cloud shadow

2016-05-01

Cloud shadow

2016-10-08

Cloud

2016-12-02

Cloud shadow

Table 2-15: Mowing events

Image before

Image after

2016-05-01

2016-05-08

2016-06-07

2016-06-09
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Figure 2-38: Time series of a grassland pixel located in the centre of the red rectangle (True colour)
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Figure 2-39: Time series of a grassland pixel located in the centre of the red rectangle (False colour)
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The time series of 6 spectral bands common to Landsat-8 and Sentinel-2 plotted in Figure 2-40.
Additionally, the time series of the NDVI and the Tasseled Cap components Brightness, Greenness and
Wetness (Crist, 1985) are plotted in Figure 2-41. Each time series corresponds to the investigated
grassland pixels with a resolution of 30×30 meters. Several observations can be made by inspecting these
Figures:


There is often little separation between outliers and neighbouring valid observations.



Abrupt jumps caused by the mowing events are visible in the time series of all 6 spectral bands
and 3 out of 4 indices.



The only index quite insensitive to the mowing events, but sensitive with respect to the outliers,
is Tasseled Cap Brightness.

Figure 2-40: Time series of spectral bands
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Figure 2-41: Time series of spectral indices

APPLICATION OF THE CONCEPT
The regression model, which has been fitted to the time series of each pixel of the test site, is given
below. It features a constant trend as well as a seasonal component of 3 frequencies, thus there are 7
parameters to estimate. To introduce a certain degree of over-determination, the minimum number of
available unmasked observations required to carry out the IRLS procedure is set to 14.
3

𝑧(𝑡) = 𝑐0 + ∑ 𝛼𝑗 cos(𝜔𝑗 𝑡) + 𝛽𝑗 sin(𝜔𝑗 𝑡)
𝑗=1

The first step of the implemented test set-up is to eliminate remaining gross outliers in the data set
caused by unmasked clouds, snow, and cloud shadows. It is assumed that these outliers are visible more
prominently in the time series of Tasseled Cap Brightness, subsequently referred to simply as Brightness.
The coefficients for the Tasseled Cap transformation were taken from (Crist, 1985). Clouds and snow are
expected to cause unusually high Brightness values, whereas cloud shadows should correspond to low
magnitudes of Brightness. An example of a Brightness time series for a single grassland pixel is given in
Figure 2-42. Additional to the observations, the results of an OLS fit on the one hand and an IRLS fit on
the other are plotted. The OLS solution is influenced by the outlying values in the series, whereas the
robust IRLS fit is not. The weights assigned to each observation by the IRLS procedure are plotted in
Figure 2-43 and it can be seen that 4 weights are zero. Using Figure 2-42, it can be verified that weights
of zero in Figure 2-43 correspond to anomalous observations. Therefore, all observations with an
assigned weight of zero are excluded from further processing steps.
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Figure 2-42: Example of a Tasseled Cap Brightness time series of a grassland pixel and fitted regression models
using OLS and IRLS

Figure 2-43: Computed observation weights of the IRLS fit

The second step of the implemented test set-up is to fit the regression model to the time series of
Tasseled Cap Greenness, subsequently referred to simply as Greenness, which is assumed to be an
appropriate spectral index to capture vegetation dynamics. Since most outliers should have been
eliminated in the previous step, OLS is used to estimate the parameters. Taking the same grassland pixel
as discussed above, the associated Greenness time series is plotted in Figure 2-44.

Inspecting Figure 2-44 several observations can be made:


Two mowing events designated by abrupt jumps in the Greenness level can be clearly identified,
with a possible third one indicated somewhere at the end of August.



The time series model cannot capture the high temporal dynamics of the mowing events since it
does neither account for abrupt jumps nor short growing periods of only one month.



The Greenness level of the outliers identified as cloud shadows is similar to the level after a
mowing event, thus a confusion of the two conditions is possible. This emphasizes the necessity
of outlier detection.
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Figure 2-44: Example of Greenness time series of a grassland pixel and fitted regression models using OLS

Although the time series model cannot capture abrupt jumps, the set of estimated parameters may still
be interpreted as a compressed form of the multi-temporal information contained in the image stack.
While the parameters do not reflect all the variation in a time series, they might hold enough
information to separate different land cover/land use classes. The idea is illustrated in Figure 2-45, where
the Greenness time series of an agriculture pixel is contrasted with the time series of the previously used
grassland pixel. The same workflow has been applied to obtain the OLS fit. Several differences between
the fitted curves can be observed, for example:


the value of the trend parameter c0,



the composition of the seasonal pattern with respect to the amplitudes of the different
frequencies, and



the minimal value and range (difference max, min) of the fitted curve.

Figure 2-45: Comparison of an agricultural pixel to a grassland pixel
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The parameters αj and βj can be converted to amplitude values Aj using
𝐴𝑗 = √𝛼𝑗2 + 𝛽𝑗2
Additional to the parameter values, the OLS method also yields the covariance matrix of the estimates,
which can be further used to derive the uncertainty of the amplitude values. Figure 2-46 contrasts the
trend and amplitude parameters of the agriculture pixel with the corresponding values of the grassland
pixel. The 90% confidence interval of each estimate is also illustrated, suggesting that there is a
statistically significant difference in the c0 and A2 parameters. A possible approach to detect anomalies
and indicate change is to carry out hypotheses tests to determine if one or more parameters have
significantly changed from one year to another.

Figure 2-46: Greenness trend and amplitudes of an agriculture and grassland pixel

A different example illustrates the behaviour of a grassland pixel in consecutive years. Figure 2-47 shows
the time series of Greenness and Figure 2-48 the corresponding values of the trend parameter as well as
the amplitudes of the seasonal components. While the fitted curves look very different, the overall trend
and the amplitudes stay roughly at the same level when their confidence intervals are taken into
account. The change in the appearance of the fitted curves can be explained by phase shifts in the
seasonal components.

Figure 2-47: Greenness time series of a grassland pixel in consecutive years
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Figure 2-48: Greenness trend and amplitudes of a grassland pixel in consecutive years

Map-to-Map Comparison

DEMONSTRATION SITE WEST
As already described in WP33 [AD06] the random forest algorithm has been used to create grassland
probability maps for the two reference years 2016 and 2017 in phase 1 and 2017 and 2018 in phase 2.
The probabilities are combined resulting in a probability difference map which differentiates between
grassland increase and decrease. To derive potential changes thresholds can be applied to the
probability difference map derived through iterative accuracy evaluation. Therefore a reference data set
is created in phase 2 to be able to evaluate the changes. Several different thresholds are benchmarked
for the grassland change detection layer only based on the probabilities.
Table 2-16: Map-to-Map Changes with different probability thresholds

Blind approach
Producer Accuracy Gain
Producer Accuracy Loss
User Accuracy Gain
User Accuracy Loss
Overall Accuracy

50%
20.89 (+/- 22.87)
82.35 (+/- 82.48)
13.21 (+/- 3.57)
16.59 (+/- 4.50)
98.14 (+/- 0.62)

Figure 2-49: Grassland change
probability map

60%
19.87 (+/- 20.53)
75.74 (+/- 82.90)
12.95 (+/- 3.74)
16.09 (+/- 4.77)
98.17 (+/- 0.59)

Figure 2-50: World View 1 image
from the 2017.05.09

70%
14.78 (+/- 14.05)
60.29 (+/- 74.83)
14.31 (+/- 4.70)
17.11 (+/- 5.66)
98.53 (+/- 0.55)

80%
7.90 (+/- 6.59)
37.50 (+/- 51.49)
63.92 (+/- 9.61)
56.04 (+/- 10.25)
99.32 (+/- 0.51)

Figure 2-51: World View 1 image
from the 2018.10.05
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change probability above 50%.
Basis layer: ArcGIS Basemap

Figure 2-53: Changes with
grassland change probability above
60%. Basis layer: ArcGIS Basemap
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Figure 2-54: Changes with grassland
change probability above 70%.
Basis layer: ArcGIS Basemap

The map-to-map approach is highly dependent on the accuracy of the status layers. With an expected
change area of 1-2% [AD08] the change rates are in general smaller than the error of the status layers,
which makes it very difficult to detect changes by using only the status layers. Overall threshold based
products, an overall high number of changes is observed which does not correspond to the expected
change rate. The main issue of wrongly detected changes is the confusion between grassland and
croplands, which strongly depend on the number of observations over the time period.
Hence, this approach strongly depends on the availability of dense time series. The annual features used
as input for the grassland probability derivation require enough observations to distinguish between
cropland and grassland. The methodology aggregates as change the detection of both negative and
positive grassland change in this map-to-map approach.

DEMONSTRATION SITE CENTRAL
Figure 2-55 shows the map to map comparison between the reference year 2015 and the grassland
product 2018.

Figure 2-55: Map-to-map grassland change detection (2018/HRL 2015 reference)

In this case, as there was no pre-processed S2 data available for 2015, which might be the case when
comparing other previously existing reference maps with classifications, only map-to-map change
detection is possible. Except for a boundary filter that reduces the effects from diverse resolutions of the
status layers compared and geometric inaccuracies of the EO data, no further post-processing was
applied to the change layer.
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Combination of signal anomalies with Map-to-Map comparsion

DEMONSTRATION SITE WEST
To improve the map-to-map comparison results, they can be combined with a signal anomaly detection.
Therefore, the status maps or the probability layers are combined with the anomaly detection results to
derive both, new grassland cover and loss of grassland cover.The change indicator can be derived by
applying signal anomaly detection methods like CVA and MAD based on different input time features like
annual MSAVI features or annual NDVI features.
Multivariate Alteration Detector Components (MAD) approach:
Regarding the MAD approach, the resulting components are recoded into change/non-change pixels
based on the mean minus 2 times the standard deviation or the values greater than the mean plus 2
times the standard deviation. The thresholds are recommended by Zanchetta & Bitelli, 2017. Further
isolated pixels and areas below the MMU of 0,5ha are removed to reduce artefacts resulting from
positional shifts of Sentinel data and border effects coming from mixed pixels. In a further step, the
anomaly layer is vectorised and the mean values for several time features are calculated for each
anomaly polygon. Figure 2-56 shows the time features used for thresholding to remove wrongly
detected grasslands. The signature shows that the percentile 10 features provide more information if the
areas is ploughed within the year and therefore has to be excluded from the grassland mask. Also new
construction sites can be reliably detected by thresholding the MSAVI percentile 10 feature.
Nevertheless, if the time series has a too low number of observations, where the ploughing event is not
captured the areas can be misclassified as grassland. The thresholds are defined on the basis of visual
inspection of signatures and expert knowledge.
agriculture
loss
agriculture
loss

loss
agriculture
agriculture
loss

grassland
agriculture
agriculture
loss

fruit trees
agriculture
grassland
gain

1,1
1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0

Figure 2-56: Signatures of different annual time features for reference areas

Finally, the classified anomalies are combined with the grassland change mask, where grassland loss and
gain are only kept if they also occur in the signal anomaly layer. After combining the two products some
pixel below the MMU still occurs which have to be aggregated according to the specified minimum
mapping units.
Change Vector Analysis:
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In the first step, the features are selected which are used to derive the change vectors. As grasslands are
highly dynamic ecosystems, where the characteristics of the temporal trajectories depend on the
management in the respective year (e.g. varying number and timing of mowing events or fertilisation),
only features were selected which are “integrated” over the whole vegetation season. Based on a
qualitative assessment of temporal trajectories, following features were selected: (i) median of NDVI, (ii)
median of reflectance in the red band, (iii) median of the reflectance in the green band, all calculated
over the whole vegetation season. The change vectors were normalised, and the lengths of the change
vectors measured as Euclidean distance were used as anomaly indicators.
Figure 2-60, Figure 2-61 and Figure 2-62 show the results of the three approaches tested (MAD, CVA,
map-to-map) for an area with a gain of grassland, whereas Figure 2-66, Figure 2-67 and Figure 2-68 show
the results for an area with loss of grassland.

Figure 2-57: World View 1 image
from the 2017.05.09

Figure 2-58: World View 1 image
from the 2018.10.05

Figure 2-59: Grassland change
probability map

Figure 2-60: MAD approach. Loss
(yellow), Gain (Green)

Figure 2-61: CVA approach. Loss
(yellow), Gain (Green)

Figure 2-62: map-to-map approach.
Loss (yellow), Gain (Green)
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Figure 2-63: World View 1 image
from the 2017.05.09

Figure 2-64: World View 1 image
from the 2018.10.05

Figure 2-65: Grassland change
probability map

Figure 2-66: MAD approach. Loss
(yellow), Gain (Green)

Figure 2-67: CVA approach. Loss
(yellow), Gain (Green)

Figure 2-68: map-to-map approach.
Loss (yellow), Gain (Green)

The qualitative analysis revealed, that the polygon-based MAD approach performed worse due to
overestimated anomaly areas and patch artefacts. The map-to-map approach also shows an
overestimation of changes, which however can be reduced by applying the CVA approach. In general, too
many changes appear, due to the misclassifications in the status maps/probabilities, which occur
especially in areas where the number of observations is too low. Specifically, agricultural fields are
misclassified as grassland if the ploughing event is not captured in the time series.
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Table 2-17: MAD anomalies combined with RF probabilities on polygon level
REFERENCE
Non
Grassland

Gain

Loss

Grassland

Total

User Accuracy

Confidence
Interval

Non Grassland

77.07

0.01

0.02

0.33

77.43

99.54

0.61

Gain

0.04

0.22

0.00

0.23

0.48

44.91

6.59

Loss

0.15

0.00

0.19

0.12

0.45

41.21

8.70

Grassland

4.82

0.00

0.02

16.79

21.63

77.64

4.90

Total

82.08

0.24

0.22

17.47

100.00

93.90

92.47

85.69

96.12

94.27

Overall Accuracy

1.21

37.14

47.01

2.51

1.16

Confidence
Interval

F-Score NonGrassland

0.97

F-Score Gain

0.60

F-Score Loss

0.56

F-Score
Grassland

0.86

Kappa

0.62

MAD approach
PRODUC
T

Producer
Accuracy
Confidence
Interval

Table 2-18: CVA anomalies (2 sigma) combined with RF probabilities on pixel level
REFERENCE
Non
Grassland

Gain

Loss

Grassland

Total

User Accuracy

Confidence
Interval

Non Grassland

82.10

0.04

0.14

2.21

84.48

97.18

1.28

Gain

0.05

0.19

0.00

0.23

0.47

40.18

6.90

Loss

0.06

0.00

0.17

0.00

0.24

72.34

7.87

Grassland

0.11

0.00

0.00

14.70

14.81

99.26

1.43

Total

82.32

0.23

0.31

17.14

100.00

99.73

82.32

55.56

85.78

97.16

Overall Accuracy

0.26

50.92

47.17

5.22

1.10

Confidence
Interval

F-Score NonGrassland

0.98

F-Score Gain

0.54

F-Score Loss

0.63

F-Score
Grassland

0.92

Kappa

0.60

CVA approach
PRODUC
T

Producer
Accuracy
Confidence
Interval
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Table 2-19: map-to-map approach
REFERENCE
Non
Grassland

Gain

Loss

Grassland

Total

User Accuracy

Confidence Interval

Non Grassland

81.10

0.00

0.01

2.33

83.45

97.19

1.80

Gain

0.44

0.23

0.00

0.23

0.91

25.78

4.61

Loss

0.28

0.00

0.20

0.23

0.71

28.26

5.44

Grassland

0.11

0.00

0.00

14.82

14.93

99.26

1.43

Total

81.93

0.24

0.22

17.61

100.00

Producer Accuracy

98.98

98.63

92.40

84.16

96.36

Overall Accuracy

Confidence Interval

0.27

19.41

52.02

7.16

1.52

Confidence Interval

F-Score NonGrassland

0.98

F-Score Gain

0.41

F-Score Loss

0.43

F-Score Grassland

0.91

Kappa

0.50

Map-to-Map approach
PRODUCT

The statistics in Table 2-17, Table 2-18 and Table 2-19 confirm the results from the qualitative
assessment. The map-to-map approach significantly overestimates the changes. The MAD polygon based
approach does spatially not cover the areas good enough but is able to remove some of the
misclassifications and the CVA approach is able to reduce some of the misclassifications compared to the
map-to-map approach but still shows an overestimation due the accuracy of the status maps. Further, it
has to be noted that the grassland change area for the demonstration site is lower than the error of the
status maps. This can also reflected in the statistics when for most categories the confidence intervals
are broad. For operational applications we recommend to combine a signal anomaly detection approach
with the map-to-map comparison as shown above for the change vector approach.

DEMONSTRATION SITE CENTRAL
Additionally, once the 2017 and 2018 grassland masks have been generated a simple and transferrable
method is implemented to achieve operationally feasibility at larger scales and allowing for a costefficient automation. Actually, as the tests proved successful, the approach was further tested and
applied analogously in the forest domain tests, confirming satisfactory accuracies in all test sites and
domains. The geometric difference between the status layers of both reference years is computed to
derive the recoded unchanged grassland and changes, embedding both new grassland cover and loss of
grassland cover changes. Filtering isolated pixels and buffering reduce artefacts resulting from positional
shifts of Sentinel data and border effects coming from mixed pixels. In turn, the change indicator is
computed as the time feature difference between 2018 and the 2017 minimum NDVI. The resulting time
feature mask (e.g., minimum NDVI) is recoded assigning change to all areas where the mask is less than
the mean minus 1.5 times the standard deviation or the values greater than the mean plus 1.5 times the
standard deviation and unchanged otherwise. This threshold is defined on the basis of visual inspection
and expert knowledge. Next, by combining the time feature mask recoded and the cleaned difference
between the status layers (post filtering, buffering and recoded), pixels labelled as changes in both,
remain as such. Finally, the combination of this layer providing the change is combined with binary
grassland mask. Filtering by a suitable MMU (i.e., 0.5ha) allows for erasing small differences between the
two status layers (e.g., it could happen that a small patch was captured better in one or the other layer
and therefore a part of the patch is highlighted as a change). In the case of grassland, in view of the
testing experiences in the different biogeographic regions, it is considered that half a hectare changes
are a lot more meaningful.
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The Figure below depicts the workflow applied for the change detection in the Central region. A
combination of a map-to-map comparison and change indicators derived from Sentinel-2 time series of
both years is applied.

Figure 2-69: Grassland 2018/2017 change detection tests methodology (CE)

In the 2017/2018 change detection, less changes were found when compared to the map-to-map
comparison between the 2018 grassland product and the reference HRL2015 grasslands. Reasons
explaining this are the different resolutions of the compared status layers, as the HRL2015 is produced at
20m spatial resolution, whereas the ECoLaSS Grassland 2018 is provided at an impoved 10m resolution,
which was re-sampled to 20m to enable a comparable change detection. This is likely to be the case for
many a change detection of status layers generated in the past, as the sensors and ancillary data
resolution keep improving. As an advantage, this simple approach is transferrable to many areas and
products. Notwithstanding, it must be remarked that as all change detection approaches, it relies on the
quality of the layers under comparison. As such, the weaknesses detected in the HRL2015 grassland
product appear invariably as loss/gain areas in the change product. In contrast, as the workflows have
been improved and are consistent between the 2017 and 2018 status layers, also in the 10m spatial
resolution, more sophisticated and less biased change detection approaches can be applied. The
minimum NDVI thresholding as change indicator has performed satisfactorily, while being also simple,
cost-efficient and transferrable to other areas. The Figure below shows the difference in the change
products grassland 2018/HRL2015 and grassland 2018/2017 status layers produced in phase 2.

Figure 2-70: Change layers tests in Central. 2018-HRL2015 (20m) and 2018/2017 (10m)
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As reported in WP33, the production of the change layer is dependent on the status layers from which
the change is derived. For instance, in areas of higher elevation where snow cover is found for long
periods of the year, the classification is not that accurate. This was the case for both years (2017 & 2018),
which led to greater differences and therefore change detection which is basically no change in the end.
To overcome the misclassified change in higher elevated areas, a height threshold can be defined, as it Is
reasonable to assume that over a certain height, no tilling is applied and therefore there can be no
change.
It must be taken into account that as in the grassland classification there was no historical time series
included to detect ploughing events and exclude grassland younger than 5 years, agricultural grassland is
included in the status layer. However, many changes actually result from such grassland, which may be
present in one year while tilled in another year. Higher details in subsequent status products could be
applied to improve the change detection in this regard. To reduce misclassified change caused by
agricultural grasslands, which is present in one year, but not in the other, the usage of a historical time
series is required to detect ploughing events. In this manner, areas that were ploughed within the last 5
years (or whatever is given by definition) can be excluded.
In the test and demos, it has been proved that the filtering improves the look and feel of the respective
layers by reducing noise. This contributes to keep meaningful changes in the change product while
removing small areas, which are likely due to errors in classification. Thus, it was decided to filter all
areas below 0.5ha (50 pixels).

2.3.4 Summary and conclusions
The benchmarking has been conducted in two different demonstration sites WEST and Central where
different approaches like map-to-map, signal anomaly detections based on dense time series and the
combination of both are benchmarked.
In the Central site, the change detection was applied, on the one hand, between the 2017 status layer
(re-sampled to 20m) and the reference year HRL2015 grassland. On the other hand, for the 2017 and
2018 status layers change detection is computed by combining a map-to-map comparison with change
indicators derived from Sentinel-2 time series for 2017 and 2018. In the 2017/2018 change detection,
fewer changes were found when compared to the map-to-map comparison between the 2018 grassland
product and the reference HRL2015 grasslands. Reasons explaining this are the different resolutions of
the compared status layers, as the HRL2015 is produced at 20m spatial resolution, whereas the ECoLaSS
Grassland 2018 is provided at an improved 10m resolution, which was re-sampled to 20m to enable a
comparable change detection.
In the West site, two anomaly detection approaches are tested, with similar results. It is recommended
to use the pixel-based approaches instead of the polygon-based. The qualitative analysis revealed that
the polygon-based MAD approach performed worse due to overestimated anomaly areas and patch
artefacts. The map-to-map approach also shows an overestimation of changes, which however can be
reduced by applying the CVA approach. In general, too many changes appear, due to the
misclassifications in the status maps/probabilities, which occur especially in areas where the number of
observations is too low. Specifically, agricultural fields are misclassified as grassland if the ploughing
event is not captured in the time series.
The signal anomaly detection approaches are also compared to the map-to-map approach where it can
be concluded that the combination improves the results significantly. The map-to-map approach strongly
depends on the availability of dense time series. The annual features used as input for the grassland
probability derivation require enough observations to distinguish between cropland and grassland. The
methodology aggregates as change the detection of both negative and positive grassland change in this
map-to-map approach.
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It must be taken into account that no historical time series where included in the grassland classification
process to detect ploughing events and exclude grassland younger than 5 years, therefore agricultural
grassland is included in the status layer. However, many changes actually result from such grassland,
which may be present in one year while tilled in another year. Higher details in subsequent status
products could be applied to improve the change detection in this regard. To reduce misclassified change
caused by agricultural grasslands, which is present in one year, but not in the other, the usage of a
historical time series is required to detect ploughing events. In this manner, areas that were ploughed
e.g. within the last 5 years can be excluded.
Further, it has to be noted that the grassland change area for the demonstration site is lower than the
error of the status maps. This is also reflected in the statistics where for most categories the confidence
intervals are broad. For operational applications we recommend to combine a signal anomaly detection
approach with the map-to-map comparison. In the test and demos, it has been proved that the filtering
improves the look and feel of the respective layers by reducing noise. This contributes to keep
meaningful changes in the change product while removing small areas, which are likely due to errors in
classification. Thus, it was decided to aggregate all changes by applying a minimum mapping unit of
0.5ha (50 pixels).
In phase 2, from the tests in the thematic topics Agriculture and Grassland these conclusions are
reinforced, as was expected. Data availability in key phenological moments throughout the season is a
must for separability of these land covers. As explained in WP33, in the first place, the change detection
is dependent on the quality of the respective status layers. For the classification of grasslands, the time
period analysed should not be too short, otherwise, results are not meaningful due to the limited
number of scenes. Moreover, in different biogeographical regions the definition of the most suitable
time window (e.g., spring) is likely to be different. The important point is to define a time window where
grassland and cropland (responsible class for most misclassifications) are best separable (e.g., capture
the moment when grassland is already greening while cropland is not). When compared to the tests in
Central, in Mediterranean regions this window is shifted more towards winter (e.g. Dec-Mar).
For operational applications, we recommend combining a signal anomaly detection approach with the
map-to-map comparison as shown above for the NDVI anomaly detection approach and the change
vector approach. The benchmarking results indicated that signal anomaly detection can contribute to
successful monitoring of grassland, forest, water and imperviousness land cover changes when combined
with changes detected by multi-temporal classification of land cover as described in the next chapter.

2.4 Agriculture change
In the beginning of the Sentinel era, the detection of agriculture change clearly refers to spatial or
temporal deviation with regards to expected or most frequent behaviour and not no longer on anomalies
detection with regards historical record or climatogical datasets. Two different applications were
considered for testing new Sentinel-2 methods: mapping the local deviation of crop growth trajectory
and mapping the diversity of a crop phenological stage, i.e. the emergence date.
In order to exploit the high spatial and temporal resolution of Sentinel-2, the tested approach targets
assessing crop growth condition by the trajectory of variables representing photosynthetic activities such
as Green Area Index (GAI) and/or Leaf Area Index (LAI). The approach uses the BVnet algorithm
employing artificial neuronal networks trained on simulated LAI and reflectance values where reflectance
values are simulated by the ProSail radiative transfer model for the Sentinel-2 bands (Delloye et al.,
2018). The tested method proceeds at the field level in relative terms with regards to neighbouring fields
of the same crop (within a radius of 3km). This product aims to identify local marginal behaviour along
the season in terms of crop growth cycle, crop development or management practices. An example of
quantitative anomaly derived from the comparison between the LAI profile of each field with its
surrounding ones provide a wall-to-wall map of the local growth cycle deviation.
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The LAI trajectory described by the area under the LAI interpolated curve differs from one field to
another and characterises the growth conditions of a crop in a given field with regards to the average LAI
curve of the neighbouring fields cultivated with the same crop. As a proof of concept the Figure 2-71
depicts the cumulative LAI anomalies of three main crops of Wallonia region (part of West site) where
winter wheat LAI anomaly shows bell shaped distribution while the majority of maize LAI anomaly have
negative values and winter barley anomaly has skewed distributions (to the left). These differences can
be partly related to the heterogeneity of agricultural practices typical for each crop.

Figure 2-71: Distribution of the LAI anomalies for the three main crops (Winter Wheat, Maize, and Winter Barley)
in 2017. Crops:. The anomaly corresponds to the difference between the area under LAI curve for the field of
interest and the one for the local average

The second application aims at detecting the emergence date of maize and several methods have been
benchmarked in the South Africa site. The approach is based on the analysis of Sentinel-2 time-series to
identify the first phenological stages (crop emergence, first leaf development). The phenological stages
are commonly defined according various classification systems such as the Biologische Bundesanstalt
and Bundessortenamt und CHemische Industrie (BBCH) scale.
In particular, a specific BBCH stage is reached when at least 50% of the plants are within the definition of
that stage (López-Sánchez et al., 2012). The onset date of the stages presents an important inter-annual
variation. It can be explained by environmental and climatic factors as well as farm-level management
decisions (crop variety, crop rotation, input availability, etc.) (Sakamoto et al., 2010). Generally,
temperature and water are the main climatic factors impacting the development of the majority of
species. A large number of species is also impacted by the length of the photoperiod. In temperate
climates, light is generally the primary limiting growth factor. In humid climates, light and nutrients are
both limiting. In tropical or dry subtropical climates, water is the main constraint but the absorption of
nutrient is also reduced.
2.4.1 VIs and hue time series as candidate data sources
Several vegetation indices (VIs) and hue computed from surface reflectance time series are qualified
candidate data source as VIs and hue works as a proxy of the Fraction of Absorbed Photosynthetically
Active Radiation (fAPAR).
Vegetation Indices (VIs) can be seen as a proxy of the Fraction of Absorbed Photosynthetically Active
Radiation (fAPAR) as they relate "greenness" with the measure of the absorption characteristics of the
vegetation in the red and NIR spectral bands (Pinty et al., 2009). NDVI first relates to total green biomass
and is sensitive to low to moderate LAI values but saturates at high values (Nguy-Robertson et al., 2014).
VIs do not present a straightforward biophysical interpretation, although they are strongly correlated
with biophysical variables (White et al., 1997; Eklundh et al., 2003; Pinty et al., 2009). LAI retrieval
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algorithm can also be considered but the underlying assumption and the higher computing cost of such
an algorithm prevent considering it at this stage.
Studies showed that the NDVI gives good estimates of the vegetation dynamics when the vegetation is
photosynthetically active (Palacios-Orueta et al., 2012). Other VIs based on the Short-Wavelength
Infrared (SWIR) are better for assessing low vegetation density zones. In semi-arid areas, the information
contained in both the Mid-Infrared (MIR) and blue regions relates to soil properties which helps in
distinguishing vegetation type classes (Hüttich et al., 2009).
Pekel et al. (2011) studied the detection of green vegetation in semi-dry and dry areas. The image color is
transformed from a Red-Green-Blue (RGB) to a Hue-Saturation-Value (HSV) representation. As the MIR
and NIR regions present several advantages for soil discrimination, the three MIR-NIR-Red bands are
used instead of RGB. The Hue component is the only parameter conserved because it is able to
discriminate land cover type where Saturation and Value fail. Marinho et al. (2014) applied the method
developed by Pekel et al. (2011) and tested it for sowing date estimation which had not been
investigated yet. The study aimed at estimating green-up onset dates in arid and semi-arid regions (i.e.
the Sahel region) from MODIS 250m resolution images and RFE 8km resolution rainfall estimate and,
then, comparing it with ground-truth data.
To reduce the noise and fill the gap in the time series, two interpolation methods are tested. First, a
simple linear interpolation method is applied between all the successive observations, between October
and the end of April. Alternatively, a logistic interpolation method commonly used to reduce noise in the
vegetation profiles is also selected to interpolate the satellite observations during plant growth (i.e,
between minimum and maximum index values): a four-parameter logistic function.
2.4.2 Candidate detection methods
The candidate methods for phenology studies are often grouped into four main categories: threshold,
moving window, function fitting and model fitting methods (Zeng et al., 2016; de Beurs and Henebry,
2010).
(1) The threshold method (Figure 2-72 a) is based on linking a phenological event with the crossing
of a certain value of the VI curve. The threshold can either be fixed or dynamic and varies with land
cover, soil background, view and solar angle (Reed et al., 1994). However, they do not rely on an
underlying biophysical meaning. For example, White et al. (1997) identified the onset and end of
greenness when the NDVI ratio of the smoothed curve exceeds or falls below 0.5 respectively. Lobell et
al. (2013) defined the green up phase as the date when the double-logistic fitted function exceeds 10%
of the year’s maximum amplitude. The main drawback of the fixed threshold is the disability for
reflecting the spatial changes of larger study area and inconsistency for a wide variety of land covers (de
Beurs and Henebry, 2010; Reed et al., 1994). Plethora of thresholds have been used based on the longterm VIs mean, yearly VIs, NDVI ratios, Normalized Difference Water Index (NDWI), etc. The ratio
approach has the advantage of being independent from the geographic location and land cover of the
area. As such, the NDWI is particularly indicated for heavily snowed areas.
(2) The moving window method can be derivative or backward-looking moving average. The
derivative method (Figure 2-72 b) is founded on the assumption that the fastest green-up or greatest
leaf expansion corresponds to the most ecologically relevant SOS (White et al., 1997). In other words,
the maximal increase and decrease of NDVI tally with SOS and EOS (de Beurs and Henebry, 2010).
Moving windows of a certain temporal extension are applied on each pixel and the slope (or derivative)
is calculated. The highest positive and lowest negative derivatives are then easily extracted.
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(3)
Figure 2-72: Four methods based on the NDVI to detect start and end of the season. a) fixed threshold, b)
derivative, c) Fourier transform, d) quadratic fitting based on AGDD (de Beurs and Henebry, 2010)

Some methods retrieve the second derivative and determine the SOS as the time point combining a
positive slope and a local maximum (Balzter et al., 2007). Cong et al. (2013) defined green-up onset date
as the highest positive relative change of the average NDVI time-serie for a 15-day moving window.
Moulin et al. (1997) identified the beginning of the vegetation cycle (b_date) on three conditions: (i)
NDVI value at b_date is close to a bare soil value, (ii) left derivative (before b_date) should be equal to
zero because NDVI is assumed constant before the growth season, (iii) right derivative (after b_date)
should be positive on two weeks’ time window. de Beurs and Henebry (2010) reported that this method
gives good results where the NDVI curve displays a sharp increase and a steep decrease.
The backward-looking moving average method identifies the onset of greenness as the date when the VI
curve crosses the moving average function which represents a significant change in the growth trend.
The moving average is built as the average of the last i observations. The choice of the temporal window
(i.e. number of i observations) is crucial and arbitrary as it introduces a time lag: a large time interval is
less sensitive whereas a small interval may take insignificant variations into account (Reed et al., 1994;
de Beurs and Henebry, 2010).
These two first methods present the advantage of being able to retrieve multiple growing seasons
(Verhegghen, 2013). However, they are not good at distinguishing the basic temporal variations of the
vegetation reflectance (noise) from the relevant seasonal changes. That, the date retrievals based on
local minima, maxima, or fixed thresholds can be completely shifted if observation errors contaminate
the original dataset. For instance, atmospheric constituents, bi-directional reflectance distribution
function, cloud coverage, and the mixed-pixel effect often influence MODIS images (Sakamoto et al.,
2010).
(3) The function fitting method (Figure 2-72 c) applies a mathematical function to a given VI curve to
smooth or filter the data and extract the main information. Different functions have proved to be useful:
Fourier analysis, wavelet transformation, Principal Component Analysis (PCA), Canopy Structure Dynamic
Model (CSDM), etc. The Fourier analysis which decomposes a complicated curve into a sum of sinusoidal
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waves, is able to approximate a VI (de Beurs and Henebry, 2010). This segmentation is sensitive to
systematic changes and reduces the non-systematic data noise. To interpret the new curve, the first
Fourier harmonic is considered to represent the mean NDVI. The wavelet transform also decomposes
the VI time-series into a set of small local waves (named wavelets) assuming the fact that the noise
components have higher frequencies than the main seasonal changes (Sakamoto et al., 2010). An
important aspect is that this type of frequency decomposition performs better on long time-series
showing periodic changes. Consequently, the source observations should be measured at a regular time
interval or require gap filling to be adequately processed (de Beurs and Henebry, 2010).
To retrieve phenological events from a fitted curve, the procedure of Sakamoto et al. (2005) can be used:
the minimal or inflection point earlier than 60 days before the maximum value (defined as heading date)
is selected, then, the later of the two points is identified as planting date. However, the Root Mean
Square Error (RMSE) of 12.1 days for planting date estimate is not satisfactory. Another way to account
for key information lies on the PCA. Through a linear combination of the original observations, the
primary factors explaining the main variance of the dataset are kept. Again, the interpretation of the
resulted parameters (eigenvectors) is not self-evident and does not remain consistent over the years
limiting the comparative power of the method (de Beurs and Henebry, 2010). The advantage of those
fitting methods is to reduce noise and adjacency pixel problem (between pixel effects) and their ability to
derive phenological metrics in a consistent way (Palacios-Orueta et al., 2012).
The model fitting method fits a model to the remote sensed observations. These models can be simple
(logistic models, etc.) or more complex (Gaussian Local Functions, etc.) and are previously defined or
dynamically built with input data (de Beurs and Henebry, 2010; Zeng et al., 2016). The number of input
parameters compared to the amount of observations available for their identification and the need of
large-scale ground-truth data is crucial when assessing the scope and implementation of these model
fitting (Duchemin et al., 2008).
Accumulated Growing Degree Days (AGDD) can be interpreted as a measure of the accumulated heat
above a specified base temperature from the beginning of the season: maize base temperature is
estimated around 10◦C. Modelling vegetation growth under AGDD instead of anthropocentric calendar
time (Figure 2-72 d) is more relevant especially during the first half of the growing season when day
length and water stress are not the main contributors yet (de Beurs and Henebry, 2010).
These four methods can be combined. Threshold methods are generally applied on smoothed function
to reduce data noise.
Then, a logistic function was applied to each identified increasing or decreasing period and key
phenological dates were then retrieved from the fitted curve. For a single growth cycle, the following
logistic function modelled the curve:

where t is time in days, y(t) is the VI value at time t, a and b are fitting parameters, c + d is the maximum
VI value, and d is the initial background VI value.
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Figure 2-73: Overview of the six emergence estimation methods. Methods without parameterization:
(a)inflection point,(b) base logistic (c) maximumvalue . Methods with parameterization: (d) highest slope, (e)
absolute threshold, (f) relative threshold. The threshold methods are both tested on the linear and logistic
interpolated observations. Presented vegetation profiles are examples from the maize calibration sample

In the phase 2 this application has been further investigated. On one hand an alternative time scale no
longer based on calendar date but rather on ‘Growing Degree Days’ providing a physiologically-based
time. This is expected to provide a more generic retrieval algorithm, more robust and more scalable over
large areas.
2.4.3 Benchmarking criteria
Furthermore, the comparison of the results of a systematic combination of detection methods and
vegetation proxies is necessary for detecting the best combination. The systematic analysis of three
approaches (i.e. threshold, derivative method and model fitting) and three vegetation proxies (NDVI,
soil-adjusted MSAVI and Hue index (MIR-NIR-Red)) interpolated using two functions (linear, logistic), and
the assessment of their relative performances against ground-truth measurements are achieved.
It is important to notice that each tested method aim to detect different time metrics (threshold
intersection, highest slope, inflection point, maximum value and base logistic value) to estimate
emergence date. Obviously the emergence date is then estimated by using a correction coefficient. The
correction coefficient is named the time-lag which corresponds to the interval between the emergence
date and the temporal metric specific for each method. Hence, the estimated emergence date from each
profile corresponds to the temporal metric date minus the mean time-lag for this method. Subsequently
time-lag stability (between the profiles) is the criteria to assess the performance between methods and
VIs profiles.
Given that stable time-lag reducing the spread around its value is targeted, two statistical indicators are
used to discriminate the different methods and VIs: Standard deviation (SD) and median absolute
deviation from the median (MAD). In particular, SD is used for measuring the dispersion of the
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emergence date estimations around the mean time-lag but it is very sensitive to outliers. Therefore,
MAD is incorporated as addressed by Varmuza and Filzmoser (2016).
MAD = b × median (| (xi − median (xn)|)
with, xn, the n original observations and b, a multiplicative parameter of 1.4826, assuming the normality
of the data and disregarding the abnormality induced by outliers.
Altough, utilizing both SD and MAD avoid the outliers affect and treat the data as it has Gaussian
distribution, significant difference are shown by the two indicators (Leys et al., 2013).
2.4.4 Implementation and benchmarking results
The objective was to compare different VIs and detection methods to provide an accurate estimation of
the emergence date at the field level. This benchmarking was carried out using a large in situ dataset
provided by an insurance company (for more information, see deliverable D4.1). This experience
demonstrated for maize that the relative threshold yields the most accurate estimate of the emergence
date (about 10 days accuracy), probably due to the iterative adjustment process. More specifically, this
method applied on NDVI time series provided a SD of 8.3 days and MAD of 7.4 days. Very similar results
were obtained from MSAVI time series (I.e. a SD of 8.5 days and MAD of 7.4 days) with a very low
coefficient of variation (2.9%). The results obtained for maize are most likely to be generalized to other
crops. The sunflower results are not reported here due to the limited validation dataset.
Surprisingly, the absolute and relative thresholds do not present significantly different results, although
the variations in sowing densities appear to affect the index values. This might notably be due to a
relatively good homogeneity of the observed fields (high quality fields) and/or the good weather
conditions for the entire region for this year.
The relative threshold method is expected to be more flexible and match more diverse situations at a
larger scale. Density, cultivar, management practices are often quite different over large areas and
absolute threshold might rapidly prove inaccurate. Therefore, the relative threshold is probably more
indicated for scaling up this product over large regions. To apply this method, it is however necessary to
wait for a crop type product (WP44) because the parameters are currently crop-specific. This crop type
product is generally available at the mid-season. Later on parameter values might probably be used for
multiple crops but this would require further investigation. At the field level, this method might also help
in detecting anomalies or within field spatial patterns relevant to precision agriculture.
The main drawback of the relative threshold is that it will output a result regardless of the real
vegetation status. A combination of an absolute threshold discriminating bare and cropped soils with a
relative threshold might prove useful. Furthermore, these threshold methods are also strongly impacted
by a saw-tooth pattern of observation, which was very limited in this dataset. For more erratic
observations, the logistic interpolation might prove very useful to smooth the index time-series
With regards to the indices, the MSAVI, NDVI and Hue index show similar growth dynamics. MSAVI
proves to yield the most accurate results with lowest SD and MAD in comparison to the other methods.
A second reason to favor MSAVI at the expense of the other three indices is its remarkably low and
stable coefficient of variation which is 2.9% at the extraction zone level. The objective of mitigating soil
background effects for MSAVI is a reasonable explanation for this behaviour.
The Hue index in accordance with the results of Pekel et al. (2011) exhibits a sharper increase than NDVI
with, however, a slightly lower start. This rapid raise does not seem to better the results. The conditional
definition of the index could cause a higher variability during the season which, averaged, is less stable
than the other indices.
It is also more interesting to discuss the potential and complementary uses of a set of methods. Indeed,
if one is interested in near-real time results, the time-lag value or the need to wait for the maximum
value might be more decisive than the overall accuracy of the method to make a choice. One might
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prefer a method robust to outliers, or, on the contrary, a method that half of the time gives very
accurate results. One might prefer a method that gives good relative results for a within field application
and not valuing the exact emergence date estimation. The three methods without parametrization seem
to present a bias to emergence date as emergence date tends to be delayed for early-planted fields and
advanced for late-planted fields, particularly for the base logistic method. Also, results of the methods
with parameterization presented by Table 2-20. Table 2-21 shows that the best method is the relative
threshold for MSAVI and and NDVI with lowest SD and MAD.

Table 2-20: Methods without parameterization. Results are expressed in days. Results for LAI on logistic
interpolation are not presented as the number of fitted vegetation profiles fall below 15%
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Table 2-21: Methods with parameterization. Results are expressed in days. Results for LAI on logistic
interpolation are not presented. The min/bias row corresponds for the calibration sample to the indicator (SD or
MAD) which is minimized while bias is the difference between the zero-mean expected validation and validation
emergence date estimations
MSAVI

Absolute threshold (linear
interpolation)

Relative threshold (linear
interpolation)

Absolute threshold
(log. interpolation)

Relative threshold (log.
interpolation)

Highest slope

NDVI

Hue index

calib

valid

calib

valid

calib

valid

SD
MAD
Time-lag

10.8 8.9
17.0

12.9
10.4

11.7 8.9
28.5

12.4
11.9

10.7 10.4
22.7

12.4
10.4

min/bias

SD

-0.9

MAD

0.9

SD

-2.3

SD
MAD
Time-lag

9.8
7.4
28.3

11.6
8.9

10.2 7.4
30.4

11.6
8.9

min/bias

SD

-1.2

MAD

-0.2

SD

-1.5

SD
MAD
Time-lag

10.2
11.9
25.3

10.5
8.2

10.7 7.4
22.6

11.5
10.4

9.3
9.6
24.1

10.3
7.4

min/bias

SD

-1.5

MAD

-1.2

SD

-1.3

SD
MAD
Time-lag

9.4
7.4
24.4

9.6
8.5

9.0
7.4
26.5

11.8
8.3

9.3
8.2
22.6

12.1
11.1

min/bias

SD

-0.6

SD

-1.6

MAD

-1.4

SD
MAD

13.6
8.9

14.6
11.1

17.6
10.4

17.4
10.4

13.6
10.4

13.9
10.4

Time-lag

29.4

29.0

33.0

32.8

24.9

24.1

11.1 10.4
21.9
12 11.1

The window size for the highest slope method is optimized for each index. The optimal window is the
one minimizing SD and is stable for the three VIs. Furthermore, SD is varying slowly for close window size
values, it is therefore not a highly sensitive parameter.
The lack of satellite images between January and February (i.e. close to the maximal index values) might
have affected the above results. The so called monthly sample was then compiled to investigate the best
possible performance from a set of fields observed at least once a month and by just looking at the
calibration performance as they are too few samples (n=133). Table 2-22 compares the monthly samples
and calibration of all methods using the MSAVI. For the threshold methods, improvements of one day for
the SD is observed for MSAVI and NDVI and half a day for the Hue index. The lowest values are a SD of
8.3 days and MAD of 7.4 days for NDVI and 8.5 days, 7.4 days for MSAVI respectively for the relative
threshold method on logistic interpolation (Table 2-21). The inflection point method is greatly improved
(probably due to the absence of outliers) with values close to the threshold results: SD of 9.4, 9.0, 10.3
days and MAD of 8.9, 7.4, 8.9 days, for MSAVI, NDVI and the Hue index respectively. These results
highlighted the sensitivity of the results to the time series density.
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Table 2-22: Comparison of the calibration and monthly samples for all methods for MSAVI

In the phase 2, calendar and GDD time scale have been tested using the same dataset and for the
different methods. Whatever the method to retrieve the emergence, it was found that the performances
are much least sensitive to the time scale than to the methods for both performance metrics as reported
in the Figure 2-74.
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Figure 2-74: Methods performances for detecting the maize green onset for two time representation. Blue
corresponds to the calendar days while orange to the Growing degree days. SD stands for standard deviation and
MAD for Median Absolute Deviation

Beyond the time scale, the plant density and the crop row width vary over large regions according to
local agriculture practices and meteorological conditions (dry year, drought, etc.). Their respective
influence on the NDVI has been assessed carefully and was shown to have a limited impact.
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3 Conclusions and Outlook
Estimating change from remotely sensed data is not straightforward since time series contain a
combination of seasonal, gradual and abrupt changes in addition to noise which originates e.g. from
remnant geometric misregistration or atmospheric effects. For monitoring land cover changes on panEuropean level, the availability of optical EO time series is a bottleneck because of data gaps and nonoptimal acquisition time frames due to high frequency cloud and snow cover and/or low solar incidence
angles especially in the North of Europe and in Alpine areas. Therefore, for pan-European or global
applications, a main requirement is the usage of optical as well as SAR time series to allow a
homogeneous wall-to-wall coverage for change monitoring. Depending on the biogeographic region,
approaches which are only based on optical data streams (e.g. in Mediterranean areas), and approaches
which combine optical and SAR data streams (e.g. in areas with more frequent cloud cover) can be
applied. Therefore, optical and SAR based approaches were benchmarked separately.
In phase one of ECoLaSS, a comprehensive state of the art review was performed, which together with
the comprehensive know-how of the consortium partners, formed the basis of the development and
implementation work within WP34 in phase 2, integrating all technical tasks outcomes. Special emphasis
was drawn on signal anomaly detection for dense time series for both, optical and SAR data, as well as
on multi-temporal classification.
As the land cover dynamics heavily depend on the specific land cover category, there is no single change
detection approach, which can be recommended for application in all thematic fields, covered within
ECoLaSS. For example, the temporal characteristics of the reflectance trajectory are different for forest,
cropland types, grassland, water and settlement. Therefore, the change detection testing and
benchmarking was performed separately for different thematic fields.
The forest change testing investigated the potential of Sentinel-1 and Sentinel-2 data for automated
forest change detection to be more flexible in areas of frequent cloud cover. The combined usage of
Sentinel-1/Sentinel-2 delivered the best detection result, but has the highest implementation cost, while
the Sentinel-2 scenario gives slightly worse results with about half the cost. The current methodology is
not able to determine the exact date of the change due to the use of time features. For the detection of
these specific changes, the combination of the approach with methods that focus on feature dynamics of
forest change events within the respective time period may be considered, which is recommended for
future investigations. Further research is also required to validate the transferability of the methodology
to areas of different geographic conditions and seasonal patterns, as the tests in different sites in phase
2 proved. Besides that, the influence of "technical" non-changes that can be caused by SAR speckle etc.
could be further investigated. The integration of SAR coherence could further improve the change
detection accuracy although the operational costs and timeliness might be compromised by the heavy
pre-processing implied and limitations in hilly areas applications, as was confirmed by tests in the forest
and grassland domains.
In the case of the imperviousness change studies, a mono-source approach based on one HR sensor
Sentinel-2 has been tested. The results show that the mono-source approach doesn’t seem to be
sufficient. The main issue is that yet the times series is not dense enough to take advantage of the
phenology of inter-yearly and of the intra-yearly seasonal dynamics. Further investigation has been
explored in the second phase, including a multi-sensor approach, with the input data from Sentinel-1 and
Sentinel-2, and in some cases medium resolution PROBA-V. There is still a need to ensure the temporal
consistency and comparability between the different time intervals regarding the re-processing of the
reference layer 2015 – and the new status layer for 2017.
For grassland monitoring, signal anomaly detection approaches are compared to the map-to-map
approach where it can be concluded that the combination improves the results. The map-to-map
approach strongly depends on the availability of dense time series. The annual features used as input for
the grassland probability derivation require enough observations to distinguish between cropland and
grassland. For the map-to-map approach, the changes are directly aggregated from the status layers. It
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must be taken into account that no historical time series where included in the grassland classification
process to detect ploughing events and exclude grassland younger than 5 years, therefore agricultural
grassland is included in the status layer. However, many changes actually result from such grassland,
which may be present in one year while tilled in another year. Higher details in subsequent status
products could be applied to improve the change detection in this regard. To reduce misclassified change
caused by agricultural grasslands, which is present in one year, but not in the other, the usage of a
historical time series is required to detect ploughing events. In this manner, areas that were e.g.
ploughed within the last 5 years can be excluded.
In order to exploit the high spatial and temporal resolution of Sentinel-2, the tested agricultural change
approach targets assessing crop growth condition by the trajectory of variables representing
photosynthetic activities such as Green Area Index (GAI) and/or Leaf Area Index (LAI). Surprisingly, the
absolute and relative thresholds do not present significantly different results, although the variations in
sowing densities appear to affect the index values. The relative threshold method is expected to be more
flexible and match more diverse situations at a larger scale. Density, cultivar, management practices are
often quite different over large areas and absolute threshold might rapidly prove inaccurate. The main
drawback of the relative threshold is that it will output a result regardless of the real vegetation status.
With regards to the indices, the MSAVI, NDVI and Hue index show similar growth dynamics. MSAVI
proves to yield the most accurate results with lowest SD and MAD in comparison to the other methods.
The benchmarking results highlighted the sensitivity of the results to the time series density. Calendar
and GDD time scale have been tested using the same dataset and for the different methods. Whatever
the method to retrieve the emergence, it was found that the performances are much least sensitive to
the time scale than to the methods for both performance metrics. Beyond the time scale, the plant
density and the crop row width vary over large regions according to local agriculture practices and
meteorological conditions (dry year, drought, etc.). Their respective influence on the NDVI has been
assessed carefully and was shown to have a limited impact.
For future applications we thus recommend to combine a signal anomaly detection approach with the
map-to-map comparison as demonstrated for the NDVI anomaly detection approach and the change
vector approach. The combination of Sentinel-1 and Sentinel-2 data can be recommended for
operational application for grassland and forest change detection applications. The change detection in
both forest and grassland domains approaches provide operational advantages and transferability. On
the one hand, map-to-map change detection is applicable evermore considering the many status
products generated in the past, with different resolutions, and the growing availability of land cover
maps. Limitations cannot be overcome, although properly documented, the procedure still achieves
satisfactory performance. Improvements to the map-to-map approach, on the basis of probability layers
of the ECoLaSS higher resolution and comparable 2017/2018 reference status layers and change
indicators derived from time features like the minimum NDVI thresholding and change vector approach
have been successfully tested and implemented in the demonstration sites in Task 4.
The derived products from WP34 serve as input for WP35 [AD08] where the change indicators are
combined with thematic information (existing LC/LU maps), the classification results from WP33 [AD06]
and the pre-processed data stacks from WP32 [AD07] to automatically generate thematic updates of the
LC/LU maps.
It should be stressed, that the change product qualities rely on the respective status layers accuracy.
Although a one year update cycle for operational rollout using S1/S2 features is achievable, the
limitations described in WP32 and WP33 apply:
Multitemporal co-registration of S2 needs to be improved, a better DEM for improved topographic
normalisation is required and the improvement of cloud masks e.g. from the Sen2Cor processor is
necessary.
For future applications we recommend to apply a continuous change detection with yearly updates,
however over longer time-spans such as e.g. over five or more years. A major requirement for future
monitoring of land-cover changes at the pan-European or global level is the reduction of time between
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image acquisition and availability of finally derived information products. Therefore, the focus within
WP34 was on fully automated change detection approaches, which are based on dense time series of
Sentinel-2 and/or dense time series of Sentinel-1. The aim was to develop transferrable methods in order
to achieve operational feasibility for large scale applications and allowing for cost-efficient automation.
The tests have proved successful, providing satisfactory accuracies and the methodologies have been
finally selected for generation of the incremental updates in Task 4.
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