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ABSTRACT

The identification and recognition of the land processes are of vital importance for a proper management of the
ecosystem functions and services. However, on-ground land uses/land covers (LULC) characterization is a time-
consuming task, often limited to small land areas, which can be solved using remote sensing technologies. The
objective of this work is to investigate how the different MODIS NDVI seasonal parameters responded to the
main land processes observed in Europe in the 2000-2018 period; characterizing their temporal trend; and eval-
uating which one reflected better each specific land process. NDVI time-series were evaluated using TIMESAT
software, which extracted eight seasonality parameters: amplitude, base value, length of season, maximum
value, left and right derivative values and small and large integrated values. These parameters were correlated
with the LULC changes derived from COoRdination of INformation on the Environment Land Cover (CLC) for
assessing which parameter better characterized each land process. The temporal evolution of the maximum sea-
sonal NDVI was the parameter that better characterized the occurrence of most of the land processes evaluated
(afforestation, agriculturalization, degradation, land abandonment, land restoration, urbanization; R? from 0.67-
0.97). Large integrated value also presented significant relationships but they were restricted to two of the three
evaluated periods. On the contrary, land processes involving CLC categories with similar NDVI patterns were not
well captured with the proposed methodology. These results evidenced that this methodology could be com-
bined with other classification methods for improving LULC identification accuracy or for identifying LULC pro-
cesses in locations where no LULC maps are available. Such information can be used by policy-makers to draw
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LULC management actions associated with sustainable development goals. This is especially relevant for areas
where food security is at stake and where terrestrial ecosystems are threatened by severe biodiversity loss.
© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Earth surface furnishes the basis for many ecosystem functions and
services essential for human society. In the last decades, the land uses/
land covers (LULC) have experienced significant changes mainly due
to climate change (CC) and anthropogenic activities, modifying both
LULC extent and distribution at global scale (Grimm et al., 2008; Seto
and Satterthwaite, 2010; Ramirez-Cuesta et al.,, 2016). Generally, LULC
changes, especially those derived from CC, lead to an increase of ecosys-
tems vulnerability, compromising its capacity to maintain food produc-
tion and natural resources, control climate and air quality, and lessen
infectious diseases (Sala et al., 2000; Foley et al., 2005). The magnitude
of these risks depends on several factors, including the warming and
population patterns, the exploitation of natural resources, the techno-
logical advances, and the environmental management strategies
(IPCC, 2019).

Important actions for minimizing negative impacts on the different
societal sectors due to LULC changes mainly consist of the design of
multi-level and integrated policies for the sustainable planning and
management (Di Gregorio et al., 2019). At European level, a concrete ex-
ample of these actions is CORINE (COoRdination of INformation on the
Environment) Land Cover (CLC) programme conducted by the
European Environment Agency, which provides an inventory on LULC
every 6 years since the 90s (2000, 2006, 2012 and 2018) (https://land.
copernicus.eu/pan-european/corine-land-cover). This programme
takes advantage of Earth observation satellite data for periodically cov-
ering wide extensions of terrain in a single image, allowing identifying
past LULC trends and predicting future patterns.

At present, there exist several satellite sensors (e.g. from MODIS to
Sentinel-2A/B) for LULC mapping by using surface reflectance values or
indices generated from remote sensing imaging bands (e.g. Normalized
Difference Vegetation Index, NDVI; Soil Adjusted Vegetation Index,
SAVI; and Enhanced Vegetation Index, EVI). A number of approaches
have been developed for LULC classification, including those based on
spectral or spectral-spatial features (Shao et al., 2016; Ma et al., 2017),
on deep learning techniques (Zhao and Du, 2016; Paoletti et al., 2018;
Zhang et al., 2018) and on multi-source data fusion techniques (Chen
et al,, 2017; Zhang and Xu, 2018). Most of the approaches converge in
highlighting the critical role of the temporal profile for LULC identification,
which provides a more accurate classification than when using single im-
ages. In this sense, new ways of performing LULC classifications have been
opened up also for land processes detection thanks to the availability of
long time-series satellite images. This is the case of Landsat Mission,
publicly available since 1972; and the synergy of Terra and Aqua satellites,
with Moderate-Resolution Imaging Spectroradiometer (MODIS) on
board, which in 2019 celebrated its 20th anniversary (1999-2019).
These satellites allow obtaining high-frequency LULC maps and, by its
comparison, identifying, characterizing and monitoring the main land
processes acting in the territory.

Authors have proposed several approaches for identifying and mon-
itoring LULC changes with different level of complexity and accuracy
(Mallinis et al., 2014; Quintero-Gallego et al., 2018; Luo et al., 2020).
In general terms, these approaches can be divided into post-
classification and time-series change detection methods (Yan et al.,
2019). The post-classification change detection methods consist on
comparing two images taken at different moment and classifying the
changes based on the indicators discrepancies between the two dates
(Pontius et al., 2004; Ramirez-Cuesta et al., 2016; Luo et al,, 2020). The
second group, the time series change detection methods, considers

longer temporal periods, requiring a higher number of satellites images
over a reference time period for LULC change detection. They include
the use of thresholds (Xie and Weng, 2016; Venkatappa et al., 2019),
the slope evaluation of a fitted curve (Jonsson and Eklundh, 2004;
Bradley et al., 2007) and the comparison and segmentation of trajecto-
ries with training signatures specific for different LULC changes
(Kennedy et al., 2007; Maciel et al., 2019). According to Gholamnia
et al. (2019), the time series change detection methods can be further
distinguished in abrupt/gradual changes methods (i.e. based on spectral
frequency and statistical approaches; e.g. BFAST, Verbesselt et al., 2010;
COLD, Zhu et al., 2019) and seasonal parameters based approaches (e.g.;
HANTS, Zhou et al., 2015; PhenoSat, Rodrigues et al., 2016; TIMESAT,
Jonsson and Eklundh, 2004).

Commonly, the seasonal parameter based approaches evaluate di-
rectly the VI values trend performing a previous smoothing of VI pixel
curves (Shao et al,, 2016; Novillo et al., 2019) Nevertheless, in literature,
less attention has been paid to the use of seasonal parameters for map-
ping spatial or temporal changes in the vegetation cover resulting from
LULC changes (e.g., beginning, end and amplitude of the growing sea-
son) (Jia et al., 2014). Despite the advances reached in the field of the
methodologies proposed for detecting and quantifying spatiotemporal
patterns of land cover changes, it is still difficult to capture the signifi-
cance of land cover changes over time (Waylen et al., 2014). The main
advantage of the use of the seasonal parameters is that it helps to over-
come any inconsistency caused by punctual malfunctioning of remote
sensing imagery. Today, only MODIS sensor offers two decades of
NDVI time series with 8/16 days of temporal resolution. With this
unique feature, MODIS time series products are suitable to better under-
stand the environmental dynamics that drive the LULC changes and not
only to map “what it is today” compared to the past.

The present study goes beyond an identification of LULC and its tem-
poral changes, attempting to characterize the main land processes in
terms of the temporal evolution of eight different seasonal parameters.
Therefore, the main objectives of this work are (i) to investigate how the
different MODIS NDVI seasonal parameters responded to the main land
processes observed in Europe in the 2000-2018 period; (ii) to character-
ize their temporal trend; and (iii) to evaluate which one reflected better
each specific land process.

2. Materials and methods

The methodology adopted in the present study for identifying and
characterizing the main land processes in Europe is summarized in
Fig. 1. A detailed description of the data inputs and the seasonal
parameter-based procedure are reported in the next sub sections.

2.1. Remote sensing imagery

NDVI time-series for entire Europe covering the 2000-2018 period
(Fig. 1A) were obtained from MODIS vegetation indices
product (MOD13A2; Didan, 2015; https://Ipdaac.usgs.gov/products/
mod13a2v006/). This product provides the most representative VI
value at 1 km spatial resolution, from all the acquisitions each 16-days
period, in function of the cloud mask (Ackerman et al., 1996), atmo-
spheric correction (Vermote et al., 1997), view zenith angle, solar zenith
angle, relative azimuth angle, geo-registration (Wolfe et al., 1998), and
surface BRDF normalization. In this study, only Terra satellite was con-
sidered for creating the VI time-series, since Aqua does not cover the
complete reference period, avoiding also possible inconsistencies
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Fig. 1. Flow chart of the proposed methodology to evaluate the use of seasonal parameters for characterizing land processes. For a description of the symbols included in panel B the reader

is referred to Sub-section “2.2 Time-series assessment”.

between the spectral radiances detected by both MODIS satellites
(Xiong et al., 2007; Minnis et al., 2008a, 2008b; Wenny et al., 2010).
MODIS VI products were downloaded through the National
Aeronautics and Space Administration (NASA) Earthdata service
(https://search.earthdata.nasa.gov/) in Hierarchical Data Format -
Earth Observing System (HDF-EOS) format. All steps of the MODIS
VI pre-processing workflow (i.e. downloading, compositing time
series and extracting raw binary layers; Fig. 1A) were automated
through scripts developed in a Linux environment. In particular, all
operations were performed on a “tile by tile”/“pixel-by-pixel” basis
with no attempt to perform mosaicking/reprojections operations,
maintaining the native Integerized Sinusoidal MODIS projection

throughout the whole processing. For this purpose, relevant layers
were extracted as raw binaries through a simple command-line
tool (called “hdf2rb”) in the MODIS Reprojection Tool software
suite (USGS-EROS Center, 2011). The raw binary layers extracted
were directly usable by the TIMESAT software (see Section 2.2),
after associating a suitable header file conforming to the IDRISI raster
format, that contained the required geometry and georeferencing
metadata (Eklundh and Jénsson, 2017).

Overall, a total of 6624 NDVI images were utilized in this study,
spread in 23 images per year and tile, covering 16 tiles for Europe
(i.e., tiles corresponding with “h” values between 17 and 20; and “v”
values from 02 to 05).
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2.2. Time-series assessment

A proper analysis of VI time-series derived from remote sensing pro-
vides useful information on seasonal parameters changes. For this pur-
pose, TIMESAT 3.3 software (Eklundh and Joénsson, 2017; Jénsson and
Eklundh, 2002, 2004; http://web.nateko.lu.se/timesat/timesat.asp)
was adopted using MODIS VI time-series as input. This software allows
processing VI time-series by smoothing each observed temporal trend
to a fitted function (Fig. 1B). Specifically, TIMESAT implements three
smoothing methods based on least-squares fits: Savitzky-Golay, asym-
metric Gaussians and double logistic functions. From the fitted func-
tions, TIMESAT extracts seasonality parameters that make possible to
depict spatial or temporal VI changes due to LULC changes (Fig. 1B).
The seasonality parameters outputted from TIMESAT include:
(a) amplitude (Amp), (b) base value (Base), (c) length of season
(Length), (d) maximum value (Max), (e) left and (f) right derivative
values (Lder and Rder, respectively) and (g) small and (h) large inte-
grated values (Sinteg and Linteg, respectively).

Table 1 shows the inputs referring to the Common settings used for
processing the imagery pixel-by-pixel. More specifically, the Image files
option was selected as the image mode as the data input was stored in
image files (NDVI raster). No Seasonal Trend decomposition by LOESS
(STL) trend fitting was applied since it has been noted that seasonal
components extracted using STL have generally less accuracy than
those obtained from other smoothing approaches (Eklundh and
Jénsson, 2017). No quality data was provided due to the undisputed
quality of MODIS input data already checked in MOD13A2 product
(Huete et al., 1999). As Image file list input, a text file was elaborated ac-
cording to the protocol proposed by Eklundh and Jénsson (2017), in-
cluding an initial row reporting the number of VI images used,
followed by the path and name of each VI image in separate lines.
Image file type was fixed as 16-bit signed integer in little-endian byte
order, coinciding with the data type of MOD13A2 product (Didan
et al.,, 2015). Rows and columns number were assigned to 1200 as
MOD13A2 tile size and the entire image was selected for processing
(rows and columns to process from 1 to 1200). The Range of values var-
ied between —2000 and 10,000 as specified in the MOD13A2 product
specifications (Didan et al., 2015). The Number of years and the Number
of data point per year were defined by the imagery dataset collected in
this study, i.e., 18 and 23, respectively. Neither cutoff for low amplitude
nor spike removal was applied, fixing consequently both parameters to
0.In the output data, it was selected to print the seasonality data and the
fitted function. Additionally, no land cover data file was used whereas
STL stiffness was fixed as its default value equal to 3. No debug data
was printed.

Table 1

Common settings inputs used in TIMESAT for this study.
Common settings input Value
Image mode Image files
Trend No trend
Quality No quality data
Image file list Text file
Image file type 16-bit signed integer
Byte order Little endian
No of rows 1200
No of columns 1200

From 1 to 1200
From 1 to 1200
From —2000 to 10,000

Rows to process
Columns to process
Range of values

No of years 18

No of data point per year 23

Amplitude cutoff 0

Spike method 0

Output data Seasonality, Fitted data and no original data
Use land data 0

STL stiffness 3

Debug Flag 0
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Class specific settings used in the present study are listed in Table 2.
Since no land cover data has been used in TIMESAT (see Table 1), code
input was fixed to 1. The seasonality parameter equal to 1 was selected
as recommended for fitting one season per year (Didan et al., 2015). No
adaptation to the envelope was applied, specifying 1 for the number of
envelope iterations, being therefore pointless the incorporation of a
value for the adaptation strength input. The fitted function was not
forced to a minimum value, fixing a value of 0 for this input. The double
logistic approach was selected as fitting function as recommended by
Didan et al. (2015) when handling rough temporal patterns as those ob-
served in the NDVI time-series used in this study. The seasonal ampli-
tude was selected as the start of season method, fixing 20% of the
amplitude as the value for defining the start and the end of the season.

Once the seasonal parameters for each pixel were calculated
(Fig. 1B), they were transformed into 8 multiband images (one image
for each Timesat seasonal parameter) with 18 bands (each one corre-
sponding with a season) (Fig. 1C). This operation was performed
through a script developed in a Linux environment.

2.3. CORINE land cover

CLC inventories for the years 2000, 2006, 2012 and 2018 were used
as the reference for the identification of the main LULC transitions oc-
curring in the European territory. CLC categories are arranged in 3 levels
in a nested hierarchy as function of the details level. Level-1 is the most
generalist or aggregated classification, distinguishing 5 categories:
(1) artificial surfaces; (2) agricultural areas; (3) forest and semi-
natural areas; (4) wetlands; and (5) water bodies. Level-2 and Level-3
provide more detailed classifications, with 15 and 44 LULC categories,
respectively. Therefore, each LULC category is defined by a three-
numbers code; the first referring to the Level-1 classification and the
second and third to the Level-2 and Level-3, respectively. The complete
legend of CLC level classifications including their structure and class de-
scriptions can be found in Kosztra et al. (2017).

CLC is generally generated by visual interpretation of high-
resolution satellite imagery (including e.g., Landsat-7 ETM+, Landsat
8 OLI/TIRS, SPOT-4/5, IRS P6 LISS 111, RapidEye and Sentinel-2), although
semi-automatic approaches combining in-situ data, satellite image and
Geographic Information Systems (GIS) are becoming more frequently
used. For the identification of the LULC transitions, CLC-Changes vector
layers for the 2000-2006, 2006-2012 and 2012-2018 periods were uti-
lized (Fig. 1A; https://land.copernicus.eu/pan-european/corine-land-
cover). These layers compare CLC of successive surveys, detecting
areas where LULC changed, with a minimum mapping unit of 5 ha.

24. Land processes identification

The main land processes acting in the European territory were se-
lected on the basis of literature review (Gémez-Mendoza et al., 2006;
Mendoza et al., 2011; Lasanta and Vicente-Serrano, 2012; Teixeira
et al., 2014; Ramirez-Cuesta et al., 2016; Levers et al., 2018; Yin et al.,
2018a, 2018b; Lu et al., 2019; Nguyen et al., 2020; Zhu et al., 2021).
Thus, according to these authors, the main land processes considered
in this study were afforestation (Aff), agriculturalization (Agr),

Table 2
Class specific settings inputs used in TIMESAT for this study.
Class specific settings input Value
Code 1
Seasonal par. (0-1) 1
No. envelope iterations 1
Force minimum value 0
Fitting method Double logistic

Start of season method Seasonal amplitude
Season start value 0.2
Season end value 0.2
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agricultural change (AgrCh), artificial use change (ArtCh), degradation
(Deg), land abandonment (LAbn), land restoration (LRst), scrubland in-
crease (Scr), urbanization (Urb) and wetlands and water bodies change
(WBCh). Afforestation refers to the expansion of forest cover at the ex-
pense of other LULC. Agriculturalization implies the transformation of
non-agricultural LULC categories in agricultural ones. Agricultural, arti-
ficial and wetlands and water bodies changes refers to changes in
LULC but limited between agricultural, artificial and wetlands and
water bodies categories, respectively. Urbanization refers to the growth
of urban LULC categories in areas previously occupied by other LULC.
Land abandonment is considered as the transformation of artificial sur-
faces and agricultural areas into forest or semi natural areas. Land resto-
ration takes into account the gain of wetlands or water bodies areas at
the expense of other LULC types. Degradation reflects a transition to a
less dense natural vegetation LULC. Scrubland increase refers to the en-
croachment of scrub into previously natural areas with open spaces
with little or no vegetation.

The land processes identification was performed starting from the
LULC transitions obtained from CLC-Changes product (see Section “2.3
CORINE Land Cover”) (Fig. 1D), associating later to each LULC transition
the related process (Table 3), as indicated in Fig. 2.

In order to integrate MOD13A2 product and CLC-Changes data
sources, after the assignation of the corresponding land processes oc-
curring in each feature, the CLC-Changes vector shapefile was converted
into a raster file, fixing the same spatial resolution (i.e. cell size of 1 km)
and extension than MOD13A2 product. Such procedure was performed
by following a majority approach, assuming that the land process occur-
ring within a pixel correspond with the prevailing one (i.e. the land pro-
cess covering the largest proportion of the pixel).

2.5. Statistical analysis

The performance of the seasonality parameters retrieved as de-
scribed in Section “2.2. Time-series assessment” for identifying the
main land processes occurred in Europe was evaluated by analysing
their temporal evolution at each reference period (2000-2006, 2006-
2012 and 2012-2018) (Fig. 1E). In this sense, ArcGIS (v10.2; Esri,
Redlands, CA, USA) was used for extracting the land processes (from
CLC-Changes dataset in raster format) and seasonal parameters values
(from TIMESAT outputs) at pixel level. Then, the temporal trends of
the different seasonal parameters were evaluated considering its aver-
age values for each land process and temporal period (i.e. 2000-2006,
2006-2012 and 2012-2018). These temporal patterns were adjusted to
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linear functions characterized by a slope term and a coefficient of deter-
mination, R®.

The sign of the slope term reflects if a determined land process pro-
duces an increase (slope > 0) or a decrease (slope < 0) in the seasonal-
ity parameter assessed. The absolute slope value gives an idea of the
phenomena magnitude for each seasonality parameter, being the land
process more abrupt as the absolute slope value is greater. R?> was
used for assessing the goodness of fit, indicating the proportion of the
relationship variation explained by the different seasonality
parameters.

For validation purposes, the entire dataset was split into training and
validation sets, containing the 60 and 40% of the data for each LULC, re-
spectively. The significance of the relationships obtained from the train-
ing and validation sets (in terms of their slopes) was evaluated by
performing one-way analysis of variance (ANOVA) with post-hoc
Tukey HSD test for its comparison.

3. Results
3.1. Land processes quantification

From the CLC change maps of the three considered periods (2000-
2006, 2006-2012 and 2012-2018), it can be derived that the most
dynamic period corresponded with the 2006-2012, with near 88.000
km? experimenting some LULC change (1.7% of the total area;
Table 3). The 2000-2006 and 2012-2018 periods identified LULC
changes in approximately 66.000 and 67.500 km?, respectively
(= 1.3% of the total area; Table 3). However, LULC changes were not
homogeneous among all evaluated nations. There were countries with
LULC changes of less than 0.5% of its total surfaces in all periods (e.g.
Austria, Slovenia and Switzerland) whereas other countries reach
LULC change rates higher than 3.5% of its total area in some of the pe-
riods (e.g. Estonia, Portugal and Sweden in 2006-2012 and 2012-
2018) (Fig. 3). Regarding the land processing quantification, the pre-
dominant phenomena affecting the territory were degradation, affores-
tation, agricultural change, and urbanization representing the 45.9, 29.0,
8.8 and 7.2% of the total LULC changes, respectively (Table 3).

3.2. Seasonal parameters representativeness
After quantifying the LULC changes occurred in Europe during the pe-

riod 2000-2018, the representativeness of the seasonality parameters to
characterize these land processes was assessed for the 2000-2006

2000-2006 (km?) 2006-2012 (km?) 2012-2018 (km?)

9. (0.0%) 22 (0.0%) 6 (0.0%)

169 (0.3%) 95 (0.1%) 56 (0.1%)
11,818 (17.9%) 35,168 (40.1%) 18,249 (27.0%)
483 (0.7%) 261 (0.3%) 298 (0.4%)
256 (0.4%) 282 (0.3%) 347 (0.5%)
1568 (2.4%) 680 (0.8%) 1045 (1.6%)
234 (0.4%) 53 (0.1%) 184 (0.3%)

33,864 (51.2%)
5283 (8.0%)
1218 (1.8%)
32 (0.1%)

257 (0.4%)
1721 (2.6%)

32,288 (36.8%)
7840 (8.9%)
1571 (1.8%)
31 (0.0%)

178 (0.2%)
1742 (2.0%)

33,538 (49.7%)
6407 (9.5%)
1202 (1.8%)
44 (0.1%)

193 (0.3%)
898 (1.3%)

Table 3
Area (km?) affected by each considered land process for the different temporal periods evaluated (2000-2006, 2006-2012 and 2012-2018).
Land process Code
Afforestation From 1XX Aff;
From 2XX Aff,
From 3XX Aff;
From 4XX/5XX Affy 5
Agriculturalization From 1XX Agry
From 3XX Agrs
From 4XX/5XX Agras
Degradation Deg
Intra-Class Changes Agricultural AgrCh
Artificial use ArtCh
Wetlands and water bodies WBCh
Land abandonment From 1XX LAbn;
From 2XX LAbn,
Land restoration From 1XX LRst,
From 2XX LRst,
From 3XX LRst3
Scrubland increase Scr
Urbanization From 2XX Urb,
From 3XX Urbs
From 4XX/5XX Urby s

All

99 (0.2%) 105 (0.1%) 89 (0.1%)
377 (0.6%) 398 (0.5%) 233 (0.4%)
495 (0.8%) 445 (0.5%) 304 (0.5%)
1526 (2.3%) 1176 (1.3%) 902 (1.3%)
5276 (8.0%) 4148 (4.7%) 2575 (3.8%)
1464 (2.2%) 1217 (1.4%) 848 (1.3%)
45 (0.1%) 62 (0.1%) 65 (0.1%)
66,194 87,763 67,473
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Fig. 2. Identification of the main land processes occurring in the territory based on the transitions observed between CLC products. Numerical subindices refer to the CLC Level1 category
experiencing the land process. The format (XXX) in the white boxes refers to Levell, Level2 and Level3 CLC categories, respectively. (Aff: afforestation; Agr: agriculturalization; AgrCh:
agricultural change; ArtCh: artificial use change; Deg: degradation; LAbn: land abandonment; LRst: land restoration; Scr: scrubland increase; Urb: urbanization; WBCh: wetlands and

water bodies change; Unch: unchanged).

(Table 4), 2006-2012 (Table 5) and 2012-2018 (Table 6) temporal pe-
riods. Special attention was paid to the seasonal parameters that showed
significant relationships in at least two of the three temporal periods
(Figs. S1-S7). An example of land processes distribution (i.e. afforestation,
agriculturalization, degradation, land abandonment and urbanization)
obtained using Maximum seasonal parameter can be observed in Fig. 4.

3.2.1. Afforestation

Tables 4-6 show that the individual Afforestation processes (Aff;,
Aff,, Aff; and Aff,5) could not be captured in the 3 temporal periods
by any seasonality parameter. Aff1 was well characterized by Max in
2006-2012 and 2012-2018 (e.g. Fig. 4), but not in 2000-2006. During
these periods, Max presented significant relationships (R? of 0.79-

2000 - 2006

2006 - 2012

2012 - 2018

LULC change (% of country area)

[ ]<05 [ ]1.0-15MM20-25MM30-35
[ Jo5-1.0M15-20M25-30MM>35

0

2.000 3.0&0 N

m
WGS 1984 UTM Zone 33N A

Fig. 3. Proportion of the territory affected by land use/land cover (LULC) changes for each country during the periods 2000-2006, 2006-2012 and 2012-2018 (expressed as % of the total

country area).
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Fig. 4. Land processes distribution obtained through the evaluation of the magnitude and sign of the slope term of the Maximum seasonal parameter.

2006 and 2006-2012 (Table 6). Land abandonment of previously culti-
vated areas (i.e. LAbn,) could not be significantly captured by any seasonal
parameter with the exception of Lder in the period 2000-2006 (Table 4).

3.2.6. Land restoration

Similarly to what reported for Afforestation and Intra-class changes
processes, there were not seasonal parameters able to detect Land
Restoration process during the three evaluated period. However, signifi-
cant relationships were found with some of them in two of the three
periods. Specifically, Linteg was sensitive to LRsts for the periods 2000-
2006 and 2006-2012 (R? of 0.70 for both periods), having negative slopes
(-0.1779- -0.1495) and initial and final Linteg values of 5.74-6.19 and
4.68-5.30, respectively. LRst; presented significant relationships with
Max for the periods 2006-2012 and 2012-2018 (R? of 0.95 and 0.86,
respectively). In this case, the obtained slopes were positive (0.0082-
0.0094) and the Max values at the beginning and at the end of the periods
ranged from 0.47 to 0.56 and from 0.52 to 0.61, respectively. Nevertheless,
significant differences were found for 2012-2018 between the relation-
ships obtained for Max seasonal parameter during the training and
validation process (Table 6). Regarding LRst,, Length (R? of 0.66-0.72)
and Max (R? of 0.68-0.78) showed significant relationships for the periods
2006-2012 and 2012-2018. From the Length relationship, it can be noted
that opposite sign slopes were obtained for each of the periods (-0.1887
for 2006-2012 and 0.1289 for 2012-2018) whereas the initial and final
Length values were 13.99 and 15.05 for 2006-2012; and 12.86 and
15.82 for 2012-2018, respectively. On the other hand, Max significant re-
lationships presented negative slopes (from -0.0104 to -0.0198) and ini-
tial and final Max values for each period ranging from 0.53 to 0.62, and
0.41 to 0.55, respectively.

3.2.7. Scrubland increase

The land process referring to scrubland increase did not present
significant relationships with any seasonal parameter, not even in a
sporadic temporal period as happened with the other land processes
(Tables 4-6). The lack of significance was also evidenced by the low
R? values derived from the assessed relationships, with a mean R? of
0.22, being lower than 0.65 in all cases (Tables 4-6).

3.2.8. Urbanization

Urbanization, specifically Urb, and Urbs, showed significant relation-
ships with the temporal evolution of Max for the three considered tempo-
ral periods (R? ranging from 0.67 to 0.89 for Urb, and from 0.78 to 0.92 for
Urbs). Both Urb, and Urbs obtained negative slopes, being slightly steeper
for Urbs than for Urb, (-0.006 - -0.007 for Urb, versus -0.091 - -0.012 for
Urbs). However, the Max values at the beginning and at the end of the pe-
riods obtained for Urb, and Urbs were quite similar, ranging from 0.56 to
0.66 and from 0.50 to 0.59, respectively. Moreover, Urb; presented also
significant relationships for Linteg (R? of 0.74-0.85) and Rder (R? of
0.69-0.70) for two of the three considered periods (2000-2006 and
2006-2012 for Linteg; and 2000-2006 and 2012-2018 for Rder). The
slopes for the Linteg relationships ranged from -0.1408 to -0.1793 with
initial and final values for each period of 8.11-8.54 and 7.27-7.47,
respectively. Concerning the Rder relationships, their slopes varied from
0.0027 to 0.0047 and the initial and final values for each season from
0.09 to 0.11 and from 0.07 to 0.10 respectively. On the contrary, Urbys
could not be significantly detected in more than one period as, for in-
stance, Lder and Max in the period 2006-2012 and Rder in the period
2000-2006.
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4. Discussion

The use of time-series change detection methods, such as TIMESAT,
overcomes some of the limitations of post-classification change detec-
tion approaches. Specifically, they consider the continuity of time-
series changes avoiding obtaining two relatively isolated classifications
for each single acquisition period (Yan et al., 2019). However, they are
subjected to a series of shortcomings, mainly related to the inefficacy
in detecting frequent and subtle changes (Jamali et al., 2015; Cai and
Liu, 2015; Zhu et al., 2019) and to the high demand of computational re-
sources (Zhu et al.,, 2019; Zhu and Woodcock, 2014).

Direct application of vegetation indexes derived from remote sensing
(e.g. NDVI) for identifying LULC seasonal patterns is limited by the high
degree of noise in the data as consequence of variable atmospheric condi-
tions and sun-sensor-surface viewing geometries at the moment of the
image acquisition (Ma and Veroustraete, 2006; Hird and McDermid,
2009, Atkinson et al., 2012). Thus, the use of fitted functions helps to re-
duce the intrinsic uncertainties while maintaining the relevant NDVI sig-
nal integrity leading to more robust determinations. In this sense, Hird
and McDermid (2009) compared six NDVI time series noise-reduction
techniques concluding that the asymmetric Gaussian and double logistic
function-fitting techniques achieved the highest performance. These find-
ings are in line with the conclusions drawn by other studies, which
showed the robustness of double logistic function for phenological pa-
rameter estimation under a variety of conditions (Jénsson and Eklundh,
2002, 2004; Cai et al,, 2017; Jonsson et al., 2018; Vanella et al., 2020). Ad-
ditionally, Michishita et al. (2014) also observed noise reductions using
asymmetric Gaussian and double logistic function-fitting techniques.
However, these authors obtained the most remarkably noise reductions
using Running Median, Mean value, maximum operation, End point pro-
cessing, and Hanning smoothing (Jin and Xu, 2013) and the iterative
Savitzky-Golay (Chen et al., 2004) filters, indicating that function-fitting
techniques performance depends on the land cover types and the study
area. Due to these previous researches and the general nature of the
land-use change phenomena to be characterized in this study, the double
logistic function was used. This is despite that for the characterization of
some specific LULC changes, especially those involving more abrupt
changes, other fitting functions would be preferable (Jonsson and
Eklundh, 2002). Additionally, this study assumes that LULC processes fol-
low a linear behaviour, which could not represent the non-linear trend of
the natural systems (Barbier et al., 2008). To solve these limitations, in-
stead of analysing the entire period as a whole (2000-2018), the approach
followed in the present study considered shorter temporal periods, thus
discretizing a long non-linear process into multiple shorter linear seg-
ments (i.e. 2000-2006, 2006-2012 and 2012-2018).

The LULC change identification process performed has demon-
strated that certain degree of classification details (as those provided
by CLC Levels 2 and 3) are needed for a proper detection of land pro-
cesses. If coarser classifications are used (e.g. CLC Levell) the recogni-
tion of some phenomena could be hidden due to the different patterns
that internal sub-classes have. The assessment of the slope term allowed
for the identification of the LULC intensity, which is quite dependent of
the initial and final status (i.e. the initial and final NDVI-related seasonal
parameters values). In this sense, there was not a unique period in
which all LULC processes were more intense, but it depended also on
the LULC process itself. For instance, analysing the slope obtained for
Max seasonal parameter, the intensity of the afforestation process
(Aff;) was higher during 2006-2012 than during 2006-2012. However,
agriculturalization (Agr;), degradation (Deg) and land abandonment
(LAbn;) processes were more pronounced in the first period (2000-
2006) than in 2006-2012 and 2012-2018. The intensity of the change
depended also on the initial and the final status. Although a LULC pro-
cess is identified in multiple pixels, it could be that several pixels with
the same LULC started from different conditions and/or finished in dif-
ferent change status. (represented by the initial and final values). The
fraction of the pixel affected by a LULC process also influenced the
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obtained relationships. For instance, urbanization affecting 75% of the
pixel will be better identified than urbanization when affecting to a
smaller pixel proportion. This could be solved by using better spatial
resolution LULC products, as for instance those generated from un-
manned aerial vehicles, which agree with previous findings (Eckert
et al., 2015; Ovejero-Campos et al., 2019). These authors pointed out
the spatial resolution as one of the main limitations of using CLC for
assessing land cover changes. Another limitation of the methodology
used in this study is that it did not allow detecting LULC changes occur-
ring inside the same CLC Level1 category. Specifically, these processes
refer to AgrCh, ArtCh and WBCh. This is because the initial and final
LULC categories involved in the process have similar temporal patterns
in terms of NDVI, and thus, in terms of the seasonal parameter. In this
sense, the evaluation of alternative terrain characteristics, as the surface
roughness by using radar images; could help their identification. An ex-
ample of this is found in Sica et al. (2019), who used SAR interferometry
from Sentinel 1 imagery for LULC classification over central Europe.

In this study, transitions among LULC were better characterized
by the maximum seasonal parameter. Specifically, afforestation,
agriculturalization, land abandonment and land restoration processes
were characterized by a positive Max trend representing the increase in
vegetation from the initial to the final LULC involved in the land processes
(Estel et al,, 2015; Zhang and Roy, 2017). On the contrary, degradation
and urbanization are represented by negative Max patterns as expected
in surfaces, which lose vegetation fraction in favour of less-vegetated sur-
faces (e.g. anthropic areas; Esau et al., 2016). Generally, maximum NDVI
values (and therefore Max seasonal parameter) coincide with the emer-
gence of spontaneous ground cover, which usually develops on natural/
agricultural areas (Estel et al., 2015). This could explain also the lack of
sensibility of other seasonal parameters, as for instance the base value,
that usually take place when the surface is without natural ground
cover or the vegetation without foliage (e.g. for deciduous vegetation;
Yang et al., 2017). Therefore, natural vegetation cover monitoring could
be used as an indirect indicator for the identification of land processes.
Moreover, the better performances of Max when compared with Sinteg
and Linteg suggest that some land processes are better identified at spe-
cific moment of the season, whereas its identification could be hindered
when considering the entire season, as Sinteg and Linteg do.

In addition, it is important to highlight that a more precise character-
ization of the seasonal parameter patterns could be reached through a
more detailed classification of the different LULCs. It can be achieved,
for instance, by using a CLC-level able to distinguish between evergreen
and deciduous forests or even between different species; or a higher
resolution imagery that reduce land processes contamination within a
pixel. Moreover, abiotic/biotic stresses could directly affect VI values
(Vanella et al., 2020), which if taken into account, may also contribute
to further improve land processes characterization.

The significant discrepancies observed between the results obtained
with the training and validation dataset when analysing some LULC pro-
cesses (e.g. Aff; and LRst; with Max for the period 2006-2012 and 2012-
2018, respectively; and Urbs with Base for 2006-2012) are explained by
the small surface affected by these processes (ranging from 22 to 89
km? for the previous examples; Table 3). This behaviour has been evi-
denced by Xu and Goodacre (2018), who found that the size of the
data was the deciding factor for the quality performance of the training
and validation procedures, indicating that the discrepancies among
them decreased when a higher number of samples were available.

Given the suitability of this methodology for characterizing LULC
processes, it could be combined with other classification methods for
improving LULC detection accuracy.

In this sense, results derived from this study could be incorporated
into a multi-criteria or rule based decision tree classification, where dif-
ferent thresholds in terms of slope and initial and final seasonal param-
eter values are used for discriminating LULC processes.

The use of this approach will allow identifying LULC processes in lo-
cations where no LULC maps are available, improving their spatial
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resolution, regularly updating LULC maps, or identifying these processes
in a shorter temporal resolution (e.g. a specific moment between two
CORINE LULC maps). This is especially relevant for areas where terres-
trial ecosystems are threatened by food security, biodiversity loss, and
climate change (e.g. Africa continent, Xu et al., 2019). Additionally,
such information can be used by policy-makers to draw LULC manage-
ment actions associated with the United Nations sustainable develop-
ment goals, as it has been highlighted by other studies (Theobald
et al, 2005; Koomen et al., 2008; Mustaphi et al,, 2019; Duveiller et al,
2020). Analysing the spatial patterns for changes in LULC can help to
highlight hot spots where additional pressure on natural resources ex-
ploitation is occurring or might be exacerbated in the near future. This
is particularly relevant for land and water conservation studies where
actions to implement preservation measures are more urgent. In addi-
tion, methods as proposed here for assessing LULC changes could be
useful for harmonising the tools to be used for the proper assessment
and monitoring of land degradation and suggesting tailored site-
specific solutions involving using multi-criteria methods. The possibility
of determining temporal pattern in LULC at large scale can also help to
better integrate, in a given large area, the availability of resources and
current LULC. This approach could be useful for instance for a more
quantitative assessment of the water-food-energy nexus considering
different scenarios for LULC.

5. Conclusions

A seasonal parameter-based procedure was assessed and validated
for characterizing main land processes occurring at European level dur-
ing the period 2000-2018. CLC inventories for the years 2000, 2006,
2012 and 2018 were taken as basin for identifying the relationships be-
tween the LULC transitions and the seasonal parameters determined
from MODIS NDVI time-series. The main key points derived from this
work can be summarized as in the follows:

* The temporal evolution of the maximum NDVI value was the seasonal
parameter that better characterized the occurrence of most of the land
processes evaluated.

« Linteg also presented significant relationships but they were re-
stricted to two of the three evaluated periods.

 Land processes involving CLC categories with similar NDVI patterns
were not well captured with the proposed methodology (e.g. AgrCh,
ArtCh, WBCh and Scr).
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