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Abstract: Remote sensing multi-decadal time-series provide important information for analysing
long-term environmental change. The Advanced Very High Resolution Radiometer (AVHRR) has
been providing data since the early 1980s. Normalised Difference Vegetation Index (NDVI) time-
series derived thereof can be used for monitoring vegetation conditions. This study presents the
novel TIMELINE NDVI product, which provides a consistent set of daily, 10-day, and monthly NDVI
composites at a 1 km spatial resolution based on AVHRR data for Europe and North Africa, currently
spanning the period from 1981 to 2018. After investigating temporal and spatial data availability
within the TIMELINE monthly NDVI composite product, seasonal NDVI trends have been derived
thereof for the period 1989-2018 to assess long-term vegetation change in Europe and northern
Africa. The trend analysis reveals distinct patterns with varying NDVI trends for spring, summer
and autumn for different regions in Europe. Integrating the entire growing season, the result shows
positive NDVI trends for large areas within Europe that confirm and reinforce previous research.
The analyses show that the TIMELINE NDVI product allows long-term vegetation dynamics to be
monitored at 1 km resolution on a pan-European scale and the detection of specific regional and
seasonal patterns.

Keywords: AVHRR; Europe; NDVI; North Africa; remote sensing; seasonal trends; TIMELINE;
time-series; trend analysis; vegetation

1. Introduction

Our environment is constantly changing due to natural processes and human land
management. Especially during the last decades, the impacts of climate change have
become more and more evident [1-3]. In particular, vegetation growth and phenology
are strongly influenced by climatic conditions with changing temperature or precipitation
patterns [4]. A thorough understanding of ongoing changes on our land surface is important
in order to be able to understand the impact of environmental change. Monitoring past and
ongoing vegetation change and analysing vegetation trends is required to understand the
possible impacts of climate change on land ecosystems and provide important information
for making decisions towards sustainable land management.

Remote sensing, which facilitates area-wide spatially continuous monitoring, is the
only means that allows environmental analyses to be performed over large areas and long
time periods. Therefore, satellite observations have become a standard in monitoring land
surface dynamics [5]. Vegetation indices derived from remote sensing are well established
for monitoring the state of the vegetation. The most widely used is the Normalised
Difference Vegetation Index (NDVI). The NDVI is calculated as the difference between
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the spectral reflectance measurements in the near-infrared (pn;r) and red (o,.4) regions,
normalised to the range [-1, 1] by relating to their sum:

NDV] = PNIR = Pred 1)
ONIR + Pred

NDVI time-series and their long-term analysis are important for a range of applications,
such as the derivation of vegetation dynamics in the context of climate change [6,7]. For
agricultural monitoring, NDVI time-series are used, e.g., for crop-type classification [8],
crop productivity and yield estimation [9,10] and the derivation of crop phenology [11].
NDVI time-series are further used for deforestation or forest disturbance mapping [12-15],
fire risk estimation or forecasting [16,17] as well as forest recovery monitoring [18]. Long
time-series of NDVI are also important for monitoring desertification [19-21] and land
degradation [22-24], as well as for monitoring drought impacts [25-27].

To allow climate-relevant statements to be made, monitoring of the status of the land
surface for at least three decades is necessary [28,29]. While sensors such as Sentinel-
3, Moderate-resolution Imaging Spectroradiometer (MODIS), Visible Infrared Imager-
Radiometer Suite (VIIRS) or Proba-V provide NDVI time-series at a higher spatial resolution,
the Advanced Very High Resolution Radiometer (AVHRR) is the only sensor that provides
long time-series of four decades enabling researchers to produce NDVI time-series going
back to the early 1980s on a global [30-35] or national scale [36-38]. The availability of
remote sensing data spanning this long a time period, such as those from the AVHRR, offers
the possibility to monitor the historic development of the environment and to identify
climate-relevant changes and statistically significant trends [39,40].

Within the TIMELINE (Time-Series Processing of Medium Resolution Earth Obser-
vation Data assessing Long-Term Dynamics In our Natural Environment) project, a ho-
mogeneous multi-decadal time-series from AVHRR/1, AVHRR/2 and AVHRR/3 sensors
has been generated at the German Remote Sensing Data Center (DFD) by the German
Aerospace Center (DLR) [29]. Starting in the early 1980s, this time-series allows global
change related processes in Europe and North Africa to be monitored at a 1 km spatial
resolution. Within TIMELINE, a comprehensive range of higher-level (Level 3) land and
atmosphere products are developed [29], one of which is the NDVI product [41]. This novel
TIMELINE NDVI product offers the unique possibility to investigate NDVI time-series
over Europe based on a consistent time-series covering almost four decades at a spatial
resolution of 1 km. At the time of preparing this manuscript, no other NDVI product over
Europe exists that covers this long time period and offers a spatial resolution of 1 km. In
the TIMELINE project, we fill this gap [41].

A common means to investigate long-term vegetation change is trend analysis, which
has been widely performed at regional to global scales [42-49]. Despite the large number
of NDVI trend analyses performed around the globe, pan-European studies are rare.
Julien et al. [50] focused on the European continent and derived NDVI changes between
the periods 1982/1986 and 1995/1999 from the Pathfinder AVHRR Land dataset. For
the period 1981-2015, He et al. [51] derived trends in vegetation condition over western
Eurasia based on the Global Inventory Modelling and Mapping Studies (GIMMS) NDVI
with a 1/12° resolution. Several trend analyses based on NDVI time-series have been
performed on a global scale [52-59]. The studies on a global scale naturally include Europe.
However, they do not show inner-European variation in detail, because of their coarse
spatial resolution (ranging between 8 km and 0.5°), or, in case of MODIS-based studies, they
cover only a short time period (starting in 2000 or later). There is no previous research that
analysed NDVI trends for the whole of Europe over 30 years with a 1 km spatial resolution.

Most studies derive NDVI trends on an annual basis. Trends of individual seasons
have been analysed less frequently on a European or global scale. Xiao and Moody [52]
presented global linear trends of NDVI from 1982 to 1998 on both annual and seasonal scales.
Wang et al. [58] compared the standard deviation of seasonal vegetation index trends in the
growing season from 2001 to 2016 and also uncertainty of trends on a monthly scale, but
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the results are presented globally, aggregated across latitudes. Maps of seasonal or monthly
trends are not provided. There are some studies, however, that analyse NDVI time-series
with respect to trends or shifts in phenology and seasonality by investigating growing
season parameters, such as start, end and length of the growing season [54,55,60-62].

As can be seen from previous publications, most NDVI trend studies investigated
annual trends. Changes in seasonality have been reported with trends towards a longer
growing season in large parts of central and eastern Europe [54,60,63]. However, the
effects of climate change on the environment can be diverse and vary in space and over
time [64]. For example, summertime weather extremes led to more frequent droughts and
heatwaves during the period 2012-2020 in western Europe [65]. Such extremes, but also a
general increase in temperature, as reported, e.g., by [66], might lead to a longer growing
season in spring and autumn, but reduced vegetation activity in summer. Thus, climatic
conditions may influence vegetation differently within different seasons. Therefore, in this
study, we analyse NDVI trends separately for individual seasons over Europe. Based on
the TIMELINE monthly NDVI time-series, we derive seasonal (spring, summer, autumn)
NDVI trends for the period 1989-2018. For better comparability to other studies, a trend
for the “growing season” (including the months of March through to November) was also
calculated. The seasonal trends can help to address following questions: Which NDVI
trends can be observed during the 30-year time period between 1989 and 2018? Are there
differences in the NDVI trends among seasons? How are spatial patterns of NDVI trends
distributed over Europe?

The first aim of this publication is to present the TIMELINE NDVI product, with a focus
on the monthly NDVI composites. We investigate temporal and spatial data availability,
which are important for the interpretation of time-series analysis results. The second aim
is to present results of trend analyses based on the novel TIMELINE NDVI time-series
and to contribute to our understanding of ongoing long-term vegetation change in Europe.
Therefore, seasonal NDVI trends for spring, summer and autumn months as well as a
“growing season” NDVI trend for the period 1989-2018 are derived and discussed.

2. Materials and Methods
2.1. TIMELINE Project Area

The area covered by this study includes the entire TIMELINE project area, which
extends over Europe and northern Africa. Figure 1 shows the spatial coverage of the study
area, i.e., the area for which the TIMELINE Level 3 (L3) NDVI product is generated. It has
the same extent as the European Environmental Agency (EEA) reference grid, which covers
the area from 900,000 m East and 900,000 m North to 7,400,000 m East and 5,500,000 m
North [67]. The total land area covered amounts to 13,760,339 km?2. The TIMELINE NDVI
products are provided in four tiles, whose extent is also shown in Figure 1. Territorial state
and region abbreviations (following ISO 3166-1 [68] alpha-2 country codes) are included in
the map and listed below with their corresponding geographic names.

2.2. TIMELINE NDVI Data

The TIMELINE L3 NDVI consists of three products: daily, 10-day and monthly NDVI
composites [29,41]. The three NDVI composite products are created by applying a me-
dian compositing approach, for which the median value of all NDVI observations in the
compositing period is selected. This procedure maintains an original physical observation
and is thought to reduce signal attenuation effects such as undetected clouds as well as
saturation or bidirectional reflectance effects [41]. A detailed description of the applied
compositing approach and comparison to other investigated compositing methods as well
as their deviation from MODIS NDVI time-series can be found in Asam et al. [41]. The
authors of [41] also include a comparison of the TIMELINE NDVI time-series with the
MODIS and National Oceanic and Atmospheric Administration (NOAA) Climate Data
Record (CDR) NDVI to evaluate the validity of the selected compositing procedure for the
entire production period. The analysis demonstrated in general a good agreement of the
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TIMELINE product with existing products, especially with the MODIS time-series. The
analysis did not show any overarching artificial patterns, trends or irregularities, which
indicated the validity of the selected compositing procedure [41]. A description of the
TIMELINE Processing chain from L0 raw data to L3 NDVI can also be found in [41].
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Figure 1. Extent of the TIMELINE L3 NDVI products with tiling scheme (Tiles 1-4) in ETRS89-LAEA
projection. The background image presents the mean annual NDVI for 1981-2018. Oceans and inland
water bodies are shown in white. Territorial state and region abbreviations included in the map are
listed below with their corresponding geographic names.

The TIMELINE L3 NDVI products are gridded and projected to the ETRS89-LAEA
(Lambert Azimuthal Equal-Area) projection (EPSG code: 3035). They have a spatial res-
olution of 1 km. The data are provided as netCDF files including the NDVI value for
the composite period and additional layers. These additional layers comprise the follow-
ing: (i-ii) Julian day and corresponding time of acquisition for the selected NDVI value,
(iif) variance of NDVI values in compositing period, (iv) number of available observations,
(v) a 16-bit encoded quality layer and (vi-vii) geographic coordinates (latitude, longitude).
Further descriptions of all data layers of the final L3 monthly NDVI product can be found
in [41]. Additionally, a quicklook image is provided for each product.

The available datasets currently span the time period from October 1981 to November
2018 (version v01.04). An overview on the available time-series data for the three L3 NDVI
composite products is given in Table 1. About 94% of possible monthly composites have
been generated. The rate of available 10-day and daily composites is lower, which is to be
expected due to missing acquisitions and observations affected by illumination conditions,
snow and clouds [41].
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Table 1. Overview on the available time-series data for the three L3 NDVI composite products
(version v01.04).

Daily Decadal (10-Day) Monthly
Composites Composites Composites
Time period 9 October 1981-9 November 2018 Decade-1 October 1981-Decade-1 October 1981-November 2018
covered November 2018
Numbe%‘ of 42,067 4762 1683
composites
Aval!able comp951teso of 776 89.1 943
maximum possible [%]
Data volume [GB] 300.16 88.84 38.5

2.3. Investigation of Available TIMELINE Monthly NDVI Composite Data

Some metrics regarding the availability of data within the time-series were calculated,
serving as background and auxiliary information for the presented NDVI time-series analysis.

First, the number of valid pixels within each monthly composite was calculated
and summed over all tiles. By this means, information was retrieved about the area for
which valid NDVI data are available for each month of the time-series. Additionally,
information about percentual valid data was derived for defined latitudinal (30°—40°N,
40°-50°N, 50°-60°N and 60°-70°N) and longitudinal (30°W-0°, 0°-20°E, 20°-40°E and
40°-70°E) ranges.

To retrieve spatial information about data availability, the total number of available
monthly NDVI observations was counted for every pixel for the entire time-series for the
period 1981-2018. For the three seasons of spring (March-May), summer (June-August)
and autumn (September—-November) the number of NDVI data available within the three
respective months for the period 19822018 was calculated. Here, the period 1982-2018 was
considered, i.e., leaving out the data of the incomplete year 1981, for better comparability
among the resulting figures for the three seasons.

Additionally, information about the data availability at the beginning of the time-
series was retrieved, as the early years of the AVHRR time-series consist of less-frequent
observations and are hence prone to data gaps. For each pixel of the study area, the
month, in which the first TIMELINE monthly NDVI data are available, was recorded. The
same analysis was performed with respect to data availability at the end of the current
NDVI time-series.

2.4. Pre-Processing of TIMELINE NDVI Time-Series for Trend Analysis

The database used within this study for the seasonal trend analysis comprises the
TIMELINE monthly NDVI composites. This time-series includes data gaps (see Section 3.1)
that had to be filled to form a continuous time-series for subsequent analyses. A flowchart
of the processing steps is presented in Figure 2. Gaps in the time-series were filled and
corrected via a four-stage approach (Figures 2 and 3). First, short gaps of one or two
subsequent months were filled by linear interpolation of the monthly time-series (intra-
annual interpolation). In order to not ignore the phenological cycle, longer data gaps of
three or more subsequent months were linearly interpolated from the closest available data
of the same month, e.g., from the previous and subsequent year (inter-annual interpolation).
Few remaining missing values in winter months were filled by linearly interpolated long-
term (1989-2018, i.e., period considered for trend analysis) monthly means in order to
retrieve a continuous and gap-free time-series. As a last step, a Savitzky—-Golay filter [69]
with a filter window of five months in length and a third-order polynomial was applied.
Savitzky-Golay filtering is a common method used in remote sensing to smooth vegetation
time-series and correct for values influenced by, e.g., clouds [58,70,71]. Figure 3 illustrates
the major steps of the procedure applied for filling of data gaps and smoothing of the NDVI
time-series within this study.
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Figure 2. Flowchart showing the steps applied for pre-processing of the TIMELINE monthly NDVI
time-series and calculation of seasonal trends within this study.
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2.5. Seasonal Trend Analyses

Figure 3. Exemplary visualization of the major steps for filling data gaps and smoothing the NDVI

For the analysis of seasonal trends, the seasonal mean NDVI for spring (March to May)
summer (June to August) and autumn (September to November) months was calculated
from the pre-processed NDVI data for each year. A Mann-Kendall trend test [72,73] was
then performed separately for the three seasons to analyse the time-series for consistent

positive or negative trends [74]. The Mann-Kendall trend test determines the frequency of
the sign of the difference between all pair-wise combinations of data values (x; — x;, with

j > ). This leads to n(n — 1)/2 pair-wise combinations (n = total number of data values).

The Mann-Kendall trend test is a non-parametric test, suitable for non-normally distributed
data and small sample size [75] that is less sensitive to outliers and uneven distribution
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compared to parametric tests [76,77]. We consider significant trends to have p-values lower
than 0.05. This is a common threshold that represents a statistical significance at the 95%
level [53,56,63,65,77-81]. Additionally, we mask areas with more than 50% missing monthly
NDVI composite data within the respective season in the period 1989-2018, as well as areas
with no or little vegetation cover characterised by a mean annual NDVI of less than 0.2
(compare with Figure 1).

The direction and strength of the trend were calculated using the Theil-Sen Slope
Estimator [82,83]. The Theil-Sen Slope Estimator calculates the strength of a monotonous
trend as the median of the slopes (B;) of the lines through all point pair combinations
(xj and x; are the data values at times j and 7, with j > i):

x]-—xi .
Bi= =i fori=1,...,n 2)

The Theil-Sen Slope Estimator is more robust compared to simple linear regression,
e.g., ordinary least squares regression, and is resistant to the impact of outliers [84,85].
The usage of the Mann-Kendall trend test in combination with the Theil-Sen slope esti-
mator has efficiently been used for climate-relevant trend analyses in other studies, for
example, [38,54,86-88].

In addition to the seasonal trends for spring, summer and autumn, a trend for the
“growing season”, which was defined to include the months of March through to November,
was calculated. In European winter (December—February), vegetation growth is widely
hindered due to low temperatures and large parts of the study area being covered by snow.
In terms of phenology, the period March to November includes the average beginning and
end of the growing season within Europe [89,90].

3. Results
3.1. Spatial and Temporal Availability of TIMELINE Monthly NDVI Time-Series Data

In case of long time-series over large areas, such as the TIMELINE NDVI product, the
availability of data within the time-series may vary in space and time. It is important to
know the data availability and distribution in order to reliably interpret and analyse the
time-series. For the TIMELINE monthly NDVI composite product, we investigated the
data availability within the time-series from 1981 to 2018.

The amount of available TIMELINE monthly composite data for 1981-2018 is shown
in Figure 4a. Each bar gives the count of valid NDVI pixels over the entire coverage area
within the monthly NDVI composites. Figure 4b,c present the percent of valid NDVI
pixels in the defined latitude (30°-40°N, 40°-50°N, 50°-60°N and 60°-70°N) and longitude
(30°W—-0°, 0°-20°E, 20°—40°E and 40°-70°E) ranges. It can be observed that overall, fewer
data are available in the beginning of the time-series for the years 1981 to 1988. A clear
seasonal pattern can be observed especially for northern latitudes with missing NDVI
data in winter due to large sun zenith angles and snow coverage. In the eastern part
of the coverage area, only a few NDVI data are available within the first eight years of
the time-series. Data availability is generally higher towards the south and west of the
study area. The increasing seasonality towards the east can be explained by extensive
snow coverage due to the continental climate, the landmass distribution with more land
in higher latitudes in eastern Europe compared to western Europe, and the coverage area
of the TIMELINE products that extends furthest to the east at about 59°N (compare with
Figure 1).
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Figure 4. Diagrams showing (a) valid NDVI pixels within all tiles for each month for 1981-2018 and
(b,c) percent of valid NDVI pixels in monthly NDVI composites for 1981-2018. (b) The diagrams
on the left represent latitude ranges from north to south: 60°~70°N (above), 50°-60°N, 40°-50°N
and 30°—40°N (below). (c) The diagrams on the right represent longitude ranges from west to east:
30°W-0° (above), 0°-20°E, 20°—40°E and 40°-70°E (below).

Figure 5a shows the availability of monthly NDVI composite data per pixel as the
percentage of the maximum possible count of data for the period 1981-2018 (i.e., 100%
represents a count of 446 composites). A clear gradient from the north (few data) to the
South (many data) as well as from mountainous areas (few data) to lower-lying areas (many
data) can be observed. The data availability is also reduced for the Canary Islands and
the Azores. For Greenland, almost no NDVI data are available. The period October 1981
to November 2018 comprises 446 months. The maximum number of available monthly
composite data counted on a per-pixel basis is 434. This indicates that at least a few
time-series data are missing for every pixel within the study area.

Additionally, the percentages of available monthly NDVI data for the three seasons of
spring (March-May), summer (June-August) and autumn (September-November) were
separately examined. This provides important information for the seasonal analyses. The
distribution of available data for the three seasons are shown in Figure 5b—d. For better
comparability, the time period considered for the count of seasonal data was restricted to
the years 1982 to 2018. The maximum possible count of monthly data per season for these
37 years is 111, represented by 100%. The figure for spring (Figure 5b) shows the lowest
data availability for mountainous regions. A reduction in available data can also be located
at high latitudes, in Iceland and continental eastern Europe. For summer (Figure 5c), data
availability is generally good with fewer data in eastern (>60°E) Europe, parts of Iceland,
Ireland, Scotland as well as high mountainous regions. The availability of data for autumn
(Figure 5d) shows a pronounced gradient from north to south with fewer data for more
northern regions and an influence of terrain height with fewer data for mountainous areas.
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Figure 5. Availability of monthly NDVI data for (a) the entire time-series 1981-2018, (b) spring
months 1982-2018, (c) summer months 1982-2018 and (d) autumn months 1982-2018, given as
percentage of maximum possible monthly composites. (e) Year in which the first monthly NDVI
composite data are available; (f) year in which the last monthly NDVI composite data are available.

For investigations that consider the timely development of NDVI over several years,
the availability of NDVI data within different years is also important. The number of
AVHRR observations varies between years and is considerably lower in earlier years [29].
Thus, for the early 1980s, fewer scenes were available for NDVI composite generation. In
order to further investigate this aspect, the month of the first available NDVI data was
recorded for each spatial location. Figure 5e shows the corresponding year in which the first
NDVImonthly composite data are available. For most of Europe, the first data are available
in 1981 or 1982 (dark purple). In the eastern part with longitudes > 35°E, the first data are
present later, e.g., in 1984 (blue), 1986 (mint green) and 1988 (light green). Analogously,
Figure 5f shows the corresponding year representing the month of the last available data
within the current TIMELINE L3 NDVI product time-series. Except for Greenland and a
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glacier area in Iceland, no larger regions within Europe are affected by constantly missing
NDVI data at the end of the NDVI time-series.

For trend analyses, it is important to have valid data for the entire time period con-
sidered. The data availability analysis reveals that a large area in the northeast of the
TIMELINE study region is characterised by missing data within the first eight years
(Figures 4 and 5e). Considering this observation, the time period for the subsequent NDVI
trend analysis of this study was confined to the years 1989-2018 to be able to include the
entire TIMELINE study area.

3.2. Seasonal NDVI Trends for Spring, Summer, Autumn and the Growing Season (1989-2018)

The results of the trend analyses for the years 19892018 are presented in the following
figures separately for spring (Figures 6 and 7), summer (Figures 8 and 9) and autumn
(Figure 10). Figure 11 shows the trend for the growing season including the period from
March through to November, as described in Section 2.5. The figures cover the extent of the
TIMELINE L3 NDVI product (compare with Figure 1). In the presented main figures of
the seasonal trends (Figures 6a, 8a, 10a and 11a), only significant trends are shown. Trends
with a significance level of p > 0.05 were considered insignificant. In addition, for all
main figures, areas with less than 50% of possibly available monthly NDVI composite data
present within the respective season in the period 1989-2018 were masked. Moreover, areas
with little or no vegetation cover characterised by a mean annual NDVI of less than 0.2
were also masked. The side-figures on the right within Figures 6, 8, 10 and 11 present the
unmasked slope of the regression from the Theil-Sen Slope Estimator (b) and the p-value
of the Mann—-Kendall trend test (c) for each of the seasonal trend analyses.

50°W 40°W 30°W  20°W 10°W 0° 10°E 20°E 30°E 40°E 50°E 60°E 70°E
/l L L 1 1 1 1 1 1 1 L 1 I\
a
- h
1000 km ; B— CLT e S ey g WS
" BT e EET  mEET
T T T T T — T T <0.01 <0.05 <0.1 >0.1
20°W 10°W 0° 10°E 20°E 30°E 40°E
Spring NDVI trend 1989-2018 [NDVI units yr’] B Tl [

-0.015 0.015 mask

Figure 6. (a) NDVI trend for spring (March-May) for the period 1989-2018. (b) Unmasked slope of
the regression from the Theil-Sen Slope Estimator given in [NDVI units year‘l]. (c) p-value of the
Mann-Kendall trend test (range [0, 1]). The black rectangles give the extent of three areas (A, B, C)
for which detail views are presented in Figure 7.
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Figure 7. Detail views showing the unmasked spring NDVI trend for the period 1989-2018 for the
three areas (A-C) highlighted in Figure 6: (A)—forest in northern Russia, (B)—Nile Delta in Egypt,
(C)—agriculture in Saudi Arabia. The line charts show the annual spring NDVI at selected location
marks (white signs). The satellite images on the right illustrate the situation in 1989/1990 and 2018
(image Landsat/Copernicus; Google Earth).

Additionally, two tables are provided that give numerical information about the four
seasonal trends derived. Table 2 presents the area that experienced significant or insignifi-
cant negative or positive trends for each season. Each area is given as the percentage of the
total land area (13,760,339 km?) within the extent of the TIMELINE L3 NDVI product, and
as the absolute area. Table 3 gives the average strength of the trend within areas of signifi-
cant or insignificant negative or positive trends, expressed in NDVI units over the 30-year
study period (1989-2018). The columns with p < 0.05 (significant trend) correspond to the
negative and positive trends shown in the main figures (a) within Figures 6, 8, 10 and 11.

The NDVI trend for spring (Figure 6) shows some areas with negative or positive
trends that are distributed over the study area and covering a local to regional extent.
The total area experiencing a significant positive trend sums up to 2,874,535 km?, which
corresponds to 20.89% of the land area within the extent of the TIMELINE project area
(Table 2). The average NDVI increase within the area with significant positive spring
NDVI trends (blue area in Figure 6a) is 0.12 NDVI units over the 30-year period 1989-2018
(Table 3). Larger areas with positive trends can be observed in central Europe, including
eastern Germany and Czechia, in south-eastern Europe, with the strongest positive NDVI
trends located in southern Romania, along the southern coast of the Black Sea, as well as
for a larger area in north-eastern Europe starting from Sweden and spreading over Finland
and Russia (Figure 6). Moreover, positive spring NDVI trends can be observed within other
smaller regions for example in Italy, France, Great Britain, parts of Spain, or Algeria.
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Figure 8. (a) NDVI trend for summer (June-August) for the period 1989-2018. (b) Unmasked slope
of the regression from the Theil-Sen Slope Estimator given in [NDVI units year~']. (c) p-value of the
Mann-Kendall trend test (range [0, 1]). The black rectangles give the extent of three areas (D, E, F) for
which detail views are presented in Figure 9.

The area for which significant negative spring NDVI trends are observed extends over
3.6% of the study area, covering 496,748 km? (Table 2). Its average trend is —0.11 NDVI
units over the 30-year study period (Table 3). Negative spring NDVI trends can be observed,
for example, for Morocco, parts of the Canary Islands, parts of Spain and within the Landes
forest in France (Figure 6). The continental part of eastern Europe also shows negative
trends for the central Ukraine and on both sides of the Volga river in Russia. Moreover, in
parts of Tunisia, Libya, the Nile Delta in Egypt, and Israel, negative spring NDVI trends
can be found.

The spatial resolution of the TIMELINE NDVI product of 1 km also allows us to
capture NDVI trends on a local scale. Three examples of locally outstanding spring NDVI
trends are shown in more spatial detail in Figure 7. Having a look at these areas at higher
resolution and comparing satellite imagery of the same areas from the years 1989 /1990
and 2018, it becomes apparent that the trends observed in these areas can be explained by
land management and land-use change. For example, in northern Russia, defined areas
with a negative spring NDVI trend can be observed that can be attributed to forest logging
(Figure 7A). Another example of local man-made changes is the areas with increasing
irrigated agriculture that show spatially limited positive spring NDVI trends, and this can
be found, for example, on both sides of the Nile Delta (Figure 7B). The core area of the
Nile Delta, in contrast, shows a negative NDVI trend, which can be explained by urban
expansion encroaching on established agricultural lands [91-93]. The third example within
Figure 7 shows an area with several newly established agricultural fields in Saudi Arabia
(Figure 7C) that are characterised by a strong NDVI increase within the period 1989-2018.
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Figure 9. Detail views showing the unmasked summer NDVI trend for the period 1989-2018 for the
three areas (D-F) highlighted in Figure 8: (D)—surface mining in eastern Germany, (E)—agriculture
in north-eastern Spain, (F)—agriculture in Turkey. The line charts show the annual summer NDVI at
selected location marks (white signs). The satellite images on the right illustrate the situation in 1989
and 2018 (image Landsat/Copernicus; Google Earth).

The summer NDVI for 1989-2018 (Figure 8) shows comparatively low trends dis-
tributed over Europe in a rather patchy pattern. The average strength of the significant
positive trends is 0.09 NDVI units, and that of the negative trends is —0.10 NDVI units
over the 30-year period of investigation (Table 3). The trends that can be observed for
central, northern and south-eastern Europe are mainly positive, but patches with a negative
trend can also be located on a small scale all over the area (Figure 8). England shows
partly positive trends, while the summer NDVI trend in Scotland and Ireland is rather
negative. Spain also shows distinct areas with positive or negative trends. Positive trends
dominate in the north, while large parts of the country experience negative summer NDVI
trends. Larger areas dominated by significant negative summer NDVI trends can be found
in Morocco, southern Russia and West Kazakhstan. Turkey also shows some areas with
significant negative trends, but the western part of the country experiences mainly positive
trends (Figure 8).

Though about 26% of the land area investigated experiences negative summer NDVI
trends, for only 6.2% of the area (853,141 km?), this trend is significant at the 95% level
(Table 2). The area with significant positive summer NDVI trends extends over 21.6% of
the study area.
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Figure 10. (a) NDVI trend for autumn (September-November) for the period 1989-2018. (b) Un-
masked slope of the regression from the Theil-Sen Slope Estimator given in [NDVI units year~'].
(c) p-value of the Mann—Kendall trend test (range [0, 1]).

The summer NDVI also features some areas with outstanding NDVI trends. Three
selected areas are presented in Figure 9 at a higher spatial resolution to allow for iden-
tifying patterns within these areas. The first detail view shows a surface mining area in
eastern Germany (Figure 9D). Three small defined sites with negative NDVI trend stand
out that coincide with areas of surface mining (open-cast mines Nochten, Welzow and
Jaenschwalde). Former surface mines, which have been recultivated within the period
of investigation, can be identified by a strong NDVI increase (Figure 9D). The other two
example areas include agricultural fields that have been established or intensified during
the period of investigation. These agricultural fields can be identified based on their strong
positive summer NDVI trend, for example, in the area in north-eastern Spain (Figure 9E).
The example area shown in Figure 9F can be found in Sanhurfa/Mardin provinces in
southern Turkey and also features outstanding positive NDVI trends that can be associated
with agricultural development in this area.

The autumn NDVI trend for 1989-2018 (Figure 10a) shows a significant positive trend
for large parts of western, central and south-eastern Europe. Eastern Europe also has a
positive trend except for a larger region around the Sea of Azov, for which a negative trend
can be observed. In northern Europe, areas in high latitudes have been masked due to low
data availability, and thus, no trend is shown.

Parts of Morocco are characterised by a negative NDVI trend for autumn during
the period 1989-2018, while the observed trend in northern Algeria and Tunisia is rather
positive. Spain and Turkey show patches of both positive and negative trends. Some agri-
cultural areas established during the period of investigation can again be clearly identified
as locally limited areas with a high positive autumn NDVI trend.



Remote Sens. 2023, 15, 3616

15 of 27

>0.1

SO:W 40:W 30;’W ZO:W 10:W 0I° 10I°E 20I°E 30I°E 4OI°E 50I°E 60I°E 70I°E
a : - ' b
Z
Z-
slope
-0.015
Z
£
Z g
81 . -~ oA \ z
1000 km - . . 3 L o :
|
: - . g
v P o : e p-value N[ |
T T — T T T UN T <0.01 <0.05 <0.1
20°W 10°W 0° 10°E 20°E 30°E 40°E
Growing season NDVI trend 1989-2018 [NDVI units yr']
-0.015 0.015 mask

Figure 11. (a) NDVI trend for the growing season (March-November) for the period 1989-2018.
(b) Unmasked slope of the regression from the Theil-Sen Slope Estimator given in [NDVI units
year_l]. (c) p-value of the Mann—Kendall trend test (range [0, 1]).

Table 2. Area with negative or positive NDVI trends with p < 0.05 (significant) or p > 0.05 (insignifi-
cant), respectively, as well as masked land area (mean annual NDVI < 0.2 or available monthly NDVI
data < 50%), given as percentage of total land area within the extent of the TIMELINE L3 NDVI
product [%], and absolute area [km?] for different seasons.

Negative Negative Positive Positive Masked
(p < 0.05) (p > 0.05) (p < 0.05) (p > 0.05) Land Area
[%] [km?] [%] [km?] [%] [km?] [%] [km?] [%] [km?]
Spring 3.61 496,748 16.58 2,281,464  20.89 2,874,535 38.01 5,230,305 2091 2,877,287
Summer 6.20 853,141 2012 2,768,580  21.58 2,969,481 35.87 4,935,834 16.23 2,233,303
Autumn 4.55 626,095 10.71 1,473,732 2528 3478614 19.03 2618593 4043 5,563,305
Growing season 2.17 298,599 7.99 1,099,451 5543 7,627,356 18.44 2,537,407 1597 2,197,526

Table 3. Average strength of trends observed for negative and positive NDVI trends with p < 0.05
(significant) and p > 0.05 (insignificant), respectively, for the different seasons. The strength of the

trends is expressed in NDVI units over the 30-year study period (1989-2018).

Negative Negative Positive Positive

(p < 0.05) (p > 0.05) (p < 0.05) (p > 0.05)
Spring —0.1114 —0.0320 0.1202 0.0455
Summer —0.0992 —0.0281 0.0918 0.0319
Autumn —0.1222 —0.0346 0.1369 0.0436
Growing season —0.1198 —0.0340 0.1483 0.0457

The area with significant positive autumn trends comprises 3,478,614 km? (25.3% of
the land area) and shows an average increase of 0.14 NDVI units over the 30-year period of
investigation. The area with significant negative trends covers 626,095 km? (4.6%) with an
average decrease of —0.12 NDVI units over the 30-year study period (Tables 2 and 3).
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The NDVI trend for the growing season shows a positive trend for most of Europe
(Figure 11). More than 55% of the land area covered by the TIMELINE NDVI product
has a significant positive trend (7,627,356 km?) with an average strength of 0.15 NDVI
units over the period of investigation (Tables 2 and 3). The growing season NDVI trend
is significant at a level of even p < 0.01 for large parts of the study area (Figure 11c). The
regions experiencing strongest positive growing season NDVI trends can be located in
central and south-eastern Europe, but also, northern, western, southern and eastern Europe
show mostly positive NDVI trends. Agricultural areas established during the period of
investigation, e.g., in Turkey, Egypt and Saudi Arabia, stand out as locally limited areas
with a high positive NDVI trend.

Some areas with a negative NDVI trend for the growing season can also be identified.
These areas, however, comprise only a small part of the study area (2.2%, i.e., 298,599 km?;
Table 2). Strong negative trends are observed for parts of the Canary Islands (this might
also be influenced by low data availability; see Section 4.3) and parts of Morocco. Small
areas in central and southern Spain, as well as areas in Libya, the Nile delta, Israel and
Turkey, also show a negative NDVI trend when considering the entire growing season. For
the area around the Sea of Azov, covering parts of south-eastern Ukraine, southern Russia
and West Kazakhstan, negative NDVI trends for the growing season can also be observed
during the period 1989-2018.

4. Discussion
4.1. Data Availability within the TIMELINE L3 Monthly NDVI Product

In this study, we present the TIMELINE NDVI product and investigate the data
availability of the monthly NDVI composites and how it varies temporally and spatially.
The results with respect to data availability within the monthly NDVI time-series show a
seasonal pattern with data gaps during the winter season that are especially pronounced in
the north of the study area. This can be explained by less data availability towards northern
latitudes due to lower sun illumination and the larger snow coverage in winter, which
lead to a reduced number of valid observations. In mountainous regions, the NDVI data
availability is also reduced due to longer snow coverage. Therefore, NDVI analyses for the
winter period and snow-covered areas are limited.

A reduced data availability can also be observed in the beginning of the time-series.
Especially in the eastern part (east of ca. 35°E) of the product coverage area, NDVI data
are missing for the first years. The time period to be included for possible future data
analyses for this area should be adjusted accordingly, similarly to the adjustment made in
this study. The data availability is also reduced for the Canary Islands and is very limited
for the Azores and Greenland. The data for the years 1981 to 1988 should generally be
handled with caution, because a lower number of AVHRR observations are available for
NDVI composite generation during this period before the start of NOAA-11 [29,41].

In this study, to be able to cover the entire TIMELINE area, the time period for the
trend analysis was limited to 1989-2018. Due to the long time coverage of the TIMELINE
product, this still leaves 30 years for the trend analysis, which can be considered sufficient
to allow climate-relevant statements to be made [28,29].

4.2. Generation of Continuous NDVI Time-Series

The TIMELINE monthly composite NDVI time-series includes data gaps due to dif-
ferent reasons including snow and cloud coverage, periods of low sun zenith angles, or
missing observations. In this study, we therefore implemented an approach for gap-filling
and smoothing of the NDVI time-series on a per-pixel basis in order to generate a continu-
ous NDVI time-series suitable for subsequent analysis. Our approach combines “intra-year”
interpolation for short gaps of up to two months with “inter-year” interpolation for longer
time periods. This approach was chosen in order to also maintain the phenological cycle in
case of longer data gaps. An advantage of our approach is that it relies only on the available
data of the TIMELINE L3 NDVI product. In contrast to filling with other products, this is
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more straightforward and avoids integrating errors or inconsistencies due to differences in
spatial resolution, geometry and calibration. A Savitzky-Golay filter was finally applied in
order to remove outliers and to smooth the time-series.

The filling of missing data is an important step required for time-series analyses. In
comparison to other NDVI studies, for which solely linear interpolation has been applied,
e.g., using Satellite Pour 'Observation de la Terre—Végétation (SPOT-VGT), GIMMS or
MODIS NDVI data [49,70,94,95], we suggest using a method that is also able to keep the
NDVI phenological signal in case of requiring the reconstruction of longer data gaps for the
TIMELINE NDVI time-series. There are several possible pre-processing methods, and the
choice of which to use depends upon the subject of the envisaged analysis and the study
region, for example [54,96-101].

4.3. Discussion and Comparison of NDVI Trends

In this study, we present seasonal trends for the 30-year period from 1989 to 2018.
The distribution and strength of the observed trends differ among spring, summer and
autumn seasons. Having a look at the growing season, we observe a mainly positive NDVI
trend for Europe with some regional exceptions (compare with Figure 11). The trends for
individual seasons show distinct patterns and reveal vegetation dynamics occurring only
for specific seasons. Especially in summer, the NDVI trend does not show a European-wide
greening, but it shows negative NDVI trends for several regions (compare with Figure 8).
Positive trends in summer are regionally limited and less pronounced compared to the
growing season trend. In spring, the NDVI trend also shows a patchy distribution with
both positive and negative trends, while in autumn, positive trends extend over a rather
large area. For some regions, significant trends can be identified for only one season (e.g.,
positive trend in spring for the region along the lower reach of the Danube River), while
other regions are characterised by varying or opposing trends in different seasons (e.g., the
region north of the Caucasus mountains between the Black Sea and Caspian Sea; several
areas within the Iberian Peninsula). The seasonal trends reveal that the development of
vegetation condition is not constant throughout the growing season. The results show
that the individual trends for spring, summer and autumn provide additional information
compared to the growing season trend.

Comparisons to previous studies on NDVI trends can mainly be performed for the
growing season, as individual seasons have rarely been analysed [38,52]. It has to be
considered that other studies often include a shorter or differing time period and are
partly based on other variables, mostly the annual mean NDVI. Most previous NDVI
trend analyses have been performed on a global scale with a low spatial resolution. Few
studies include smaller regions within Europe or focus on specific land cover classes, such
as [38,86]. None of the previous studies presented NDVI trends for three decades for the
whole of Europe with a 1 km spatial resolution.

The comparison of our results with other studies shows that the distribution of areas
with a positive/negative trend corresponds to the results of previous research. An early
study from Xiao and Moody [52] analysed NDVI trends globally for 1982-1998 using
the AVHRR-derived Pathfinder NDVI dataset and found a positive annual NDVI trend
for most of Europe ranging between 1% and 14%. The strongest positive trends are
observed for central and eastern Europe, the UK and southern Sweden. For the south
of Spain, a negative NDVI trend was found. Seasonal trends were less pronounced with
mainly positive trends. Julien et al. [50] presented the NDVI difference between the periods
1982/1986 and 1995/1999 derived from the Pathfinder AVHRR Land dataset. They reported
an NDVI decrease in arid and semiarid areas (northern Africa, southern Spain, Middle East)
and an increase in temperate areas (western and central Europe) with a stronger increase in
NDVI mean values, especially for Germany, Czech Republic, Poland and Belarus, where
NDVI values have increased by more than 0.07. Beck et al. [53] compared annual mean
NDVI trends from four AVHRR-based Global Area Coverage NDVI datasets for the period
1982-1999. The trends observed for Europe differ in magnitude among datasets, but they
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predominantly show a “greening” of vegetation for Europe. The spatial distribution of
trends from these early studies [50,52,53], in general, fit to the trends observed in our study,
though it has to be considered that they only overlap by about 10 years with our study.

De Jong et al. [54] retrieved NDVI trends for the period 1981-2006 based on GIMMS
NDVL The trend within Europe was negative for southern Spain/Portugal, while the rest
of Europe showed mainly positive or insignificant trends. The areas showing strongest
positive trends coincide with those observed in our study. Sobrino and Julien [55] also
observed a positive trend of yearly integrated GIMMS NDVI over Europe similarly to
other studies. They also report an increase in growing season length for central, eastern
and northern Europe. Fensholt and Proud [56] analysed GIMMS and MODIS NDVI for
the ten-year period between 2000 and 2010. Large areas in Europe showed no significant
trend. The linear trend based on monthly observations was negative, e.g., for parts of Spain,
Portugal and France. The strongest negative trends were observed within southern Russia
and western Kazakhstan, where, in this study, a negative summer NDVI trend was found
as well. Positive trends were reported, e.g., for the eastern coast of Spain, southern Europe,
Turkey and Algeria. The trends are presented in the range +/—0.1 over the study period
and show lower values for GIMMS compared to MODIS NDVI. Eastman et al. [61] also
report an increase in mean NDVI for the period 1982-2011 for large areas within Europe and
an increase in the difference between minimum and maximum NDVI without affecting the
mean for continental eastern Europe. The areas of increasing NDVI coincide with positive
NDVI trends in our study. Liu et al. [57] present the annual rate of change in NDVI for the
period 1982-2012 based on GIMMS NDVI. They report a greening for large areas in Europe
and insignificant or partly negative trends for the area north of the Black Sea towards the
Caspian Sea, findings which are consistent with our results. The strength of the presented
trend is also in a comparable range to our results. Wang et al. [58] compared global VI
trends for the period 2001-2016. The GIMMS NDVI trend was positive for most of Europe
and negative for northern areas such as Norway, areas within the Iberian Peninsula, and
central and eastern Europe. Pronounced negative vegetation trends were observed for the
southern part of eastern Europe (Ukraine, southern Russia, Kazakhstan), coinciding with
the trends observed in our study. Zhang et al. [59] present global annual NDVI trends for
the period 2001-2015 based on MODIS Terra NDVI that also show mainly positive trends
except for the area covering the south of the Ukraine towards Kazakhstan, where positive
trends are observed. For the period 1981 to 2015, He et al. [51] reported an increasing
NDVI for large parts of Europe based on GIMMS data, but also no or negative trends in the
Ukraine/Russia/Kazakhstan area, where we observe negative NDVI trends. Their results
are in good agreement with our observations.

For the central-eastern part of the study area, covering parts of the Ukraine, south-
ern Russia and Kazakhstan, where we observe negative NDVI trends, other previous
studies have also reported negative NDVI trends, especially those including more re-
cent years [51,56,58,59]. In the area with a decreasing summer or autumn NDVI trend,
a decreasing trend in summer precipitation between 1960 and 2015 was also reported
by the European Environment Agency (EEA) [102]. Stockli and Vidale [103] found a
trend towards an earlier occurrence of autumn phases based on a 20-year AVHRR dataset
from 1982 to 2001 for most of the areas with a negative autumn NDVI trend in the
Ukraine/Russia/Kazakhstan region from our study. A comparison of the trends in this
region with a land cover map (ESA CCI [104]) reveals that negative trends are mostly
located in agricultural areas, while forests show mainly positive trends for the growing
season and insignificant or positive trends for summer and autumn. A recent publication
by Yao et al. [105] found that water reservoirs in this area experience the strongest negative
water storage trend for the period 1992-2020 within Europe. Lake volume loss in that
region could be attributed to temperature and potential evapotranspiration or precipitation
and runoff [105].

A more spatially detailed comparison of NDVI trends is possible with regional studies,
such as the study by Vicente-Serrano et al. [38], who analysed NDVI trends in Spain for the
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period 1981-2014 with a 1.1 km spatial resolution and also presented results for individual
seasons. The areas showing negative or positive trends are in generally good agreement
with the results of our study for all seasons. The magnitude of change is also in a similar
range for both studies. Our results are also generally consistent with previous studies for
Spain considering previous and shorter time periods [106,107].

Pravalie et al. [86] analysed the summer season (June—-August) NDVI for forest areas
in Romania and reported a countrywide increase in NDVI during the period 1987-2018.
Only a small part of the forest area showed a decreasing trend, which is also partly present
in our results but has been masked as insignificant.

For Tenerife and Gran Canaria, for which we observe partly strong negative NDVI
trends, no regional NDVI trend analyses were found for comparison. Global studies have
too coarse a resolution to be able to identify trends for this area. However, climate trends
with increasing temperatures have been reported for the Canary Islands [108,109], which
might have caused negative vegetation trends. The mean yearly temperature for the Canary
Islands shows an increase of 0.7 °C for the period from 1979 to 2021, while the precipitation
trend shows a decrease from 251 mm to 217 mm [110]. However, the trend observed for the
Canary Islands might also be affected by lower data availability due to their location at the
edge of the observation area (most south-western area) with fewer data available especially
at the beginning of the time-series. Exceptionally high NDVI values within the first years
might have affected the derived trend.

For the Alps, a previous study by Choler et al. [78] observed a greening trend for the
2000-2020 period. Asam et al. [111] detected an overall increasing NDVI for 2000-2017
based on MODIS over the Alps. In our study, a greening can also be observed for the Alps
region when looking at the autumn and growing season trends. Some individual pixels
and small areas with a negative NDVI trend are present in our results, which are located in
areas with a data availability just above 50% in the NDVI time-series. Thus, the negative
trend for these pixels might be caused by the low number of original NDVI observations.
Applying a higher percentage for the mask (e.g., two-thirds of valid composite data are
required within the time-series) would mask these areas.

A regional NDVI trend study is also available for Iceland. Raynolds et al. [112]
analysed the AVHRR (GIMMS with 12.4 km resolution)-derived NDVI trends of Iceland
from 1982-2010, as well as MODIS NDVI for the period 2002-2013. The GIMMS trend is
mostly positive until the year 2000, but from then, negative NDVI trends are more common
until 2010. The negative trend was confirmed with the MODIS dataset. The results for the
summer NDVI trend from this study are in good agreement with the MODIS maximum
annual NDVI trend presented by [112], showing similar spatial distribution and magnitude
of trends.

Our results for northern Africa can be compared to a study by Barrio et al. [113], who
observed a similar pattern with respect to land condition trends for the period 1998-2008.
Their results generally confirm the trends observed for the growing season NDVI in our
study for Morocco, Algeria and Tunisia.

The comparison shows that the NDVI trends observed in this study are generally
consistent with previous studies. Our findings confirm the greening trend that has been
reported for large parts of Europe, and due to the longer time-series as well to the higher
spatial resolution, reinforce this finding with a higher reliability. On a regional scale and
for individual seasons, the NDVI trends of this study show detailed and spatially explicit
trends with variations in positive and negative trends, which agree with regional research
and add details of the development of vegetation condition.

4.4. Comparison of TIMELINE L3 NDVI and Other AVHRR NDVI Products

The TIMELINE L3 NDVI product is a novel product complementing other available
NDVI products derived from AVHRR data. Table 4 gives on overview of the TIMELINE
L3 NDVI product features in comparison to examples of other currently available AVHRR
NDVI products of at least national or continental coverage. Table 4 provides information
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about spatial coverage and resolution, temporal coverage and resolution, and the data
provider for each product.

The majority of AVHRR NDVI products listed in the table are available on a global
scale. One product is available for Canada, and one product is available for Peninsula
Spain and the Balearic Islands. The resolution of the grid cells varies from 1 km to 16 km
and 0.05 degrees to 0.5 degrees. The NDVI products are available on a monthly basis
up to daily intervals. Currently, only NOAA and NASA produce global data products
which cover the full time-series from the 1980s up to the present day. These long-term
time-series are available at a spatial resolution of 0.05 degrees or 4 km grid size only. NDVI
products with a 1 km spatial resolution are available on a national scale or produced for a
certain limited time period. In this context, the widely used MODIS NDVI products should
also be mentioned. The MODIS Vegetation Index Products provide NDVI time-series
at different spatial (0.25 km, 0.5 km, 1 km, 0.05 degree) and temporal (16-day, monthly)
resolutions [114]. However, the MODIS NDVI products are only available over the MODIS
time span from 2000 onwards. Currently, no NDVI product over Europe exists covering
the full time-series of four decades and offering a spatial resolution of 1 km. This gap is
filled by the TIMELINE NDVI product.

Table 4. Parameters of the TIMELINE L3 NDVI product and examples of other currently available
AVHRR NDVI products.

Product Spatial Coverage Temporal Coverage Spatial Resolution Temporal Resolution Produced by
daily,
TIMELINE L3 NDVI Eu“’pe;rf‘r‘fcgorthem (Wﬂllsslc;i?}fue n 1km 10 days, DLR
monthly
LTDR NDVI [115] Global 1981-present 0.05 degree daily NASA
NOAQS\]/DIIE/gf[%\iHRR Global 1981—present 0.05 degree daily NOAA
Boston Universit 16 km, . .
NDVI [116] Y Global 1981-2001 0.5 degree monthly Boston University
NDVI3g GIMMS [30,31] Global 1981-2015 1/12 degree 15 days NASA/GFSC
NDVI V2 VITO/EUMETSAT
(ENDVTI0) [34] Global 2007-present 1 km 10 days LSA SAF
Crop Condition dail
Assessment Program Canada 1987-2020 1km week)l,, Statistics Canada
(CCAP) NDVI [36] Y
Sp_1 km_NDVI [38] Spain 1981-2015 1km semi-monthly Spanish National

Research Council

4.5. Outlook and Further Development of TIMELINE L3 NDVI Product

In this study, NDVI trends for the period 1989-2018 for Europe were investigated.
Within further studies, additional analyses can be conducted based on the TIMELINE
NDVI product within various thematic contexts. The time coverage of almost 40 years and
spatial resolution of 1 km allow for long-term analyses to be performed on a pan-European
to regional scale. Moreover, the high temporal resolution of the 10-day or daily NDVI
products may additionally be used for analyses with respect to phenological patterns such
as the start and end of the growing season.

The TIMELINE NDVI product is also subject to further development. Data processing
for the extension of the time-series to more recent years including additional NOAA and
Meteorological Operational Satellite (MetOp) AVHRR data is currently ongoing.

5. Conclusions

We present the TIMELINE NDVI product, which provides a novel set of daily, 10-day
and monthly NDVI composites derived from AVHRR data for Europe and North Africa.
The NDVI composites have a spatial resolution of 1 km and currently span the period
1981-2018. The total number of generated datasets currently comprise 42,067 daily compos-
ites (~300 GB), 4762 10-day composites (~89 GB) and 1683 monthly composites (38.5 GB).

In this study, we analysed the temporal and spatial data availability within the monthly
TIMELINE NDVI time-series. Both seasonal and geographic differences and areas with
lower data availability in the beginning of the time-series are identified and presented. A
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clear seasonal pattern can be observed with missing NDVI data in winter, especially for
northern latitudes. Overall, fewer data are available at the beginning of the time-series for
the years 1981 to 1988. For this period, fewer AVHRR scenes were available for composite
generation. While for most of the study area, the first data are available in 1981 or 1982,
the most eastern part of the study area with longitudes > 35°E is affected by missing
data for up to eight years at the beginning of the time-series. Other regions at the border
of the study area, such as Greenland, the Azores and Canary Islands, are also affected
by missing data in the 1980s. The presented results of the data availability analysis are
important to understand the possibilities and limitations of the TIMELINE NDVI product
for time-series analyses.

Additionally, we derived and investigated seasonal and growing season NDVI trends
for the period 1989-2018 based on the TIMELINE NDVI product. Our analysis covers the
entire TIMELINE project area. Areas with a mean annual NDVI < 0.2 or a data availability of
monthly composites < 50% for the respective season were masked. The following findings
with respect to area coverage and strength of the trends for spring, summer and autumn
can be concluded:

e In spring, an area of 2,874,535 km? (20.9% of the land area within the TIMELINE
project area) shows a significant (p < 0.05) positive NDVI trend, while 496,748 km?
(3.6%) has a significant negative trend.

e  The area with negative NDVI trends is largest for summer, with 853.141 km? (6.2%)
experiencing a significant negative trend. Including both significant and insignificant
trends, a total area of 3,621,721 km? (26.3%) is affected by negative trends in summer.
Significant positive trends are observed in summer for 2,969,481 km? (21.6% of the
land area).

e In autumn, the areas affected by significant positive and negative trends cover
3,478,614 km? (25.3%) and 626,095 km? (4.6%), respectively. About 40% of the land
area was masked due to low mean annual NDVI or low data availability in autumn.

e  The average strength of the significant (p < 0.05) trends varies between spring, sum-
mer and autumn. The strongest average trends can be observed in autumn, with
—0.12 NDVI units over the 30-year period 19892018 for negative trends and 0.14 NDVI
units for positive trends. In summer, the average strength over all areas with signifi-
cant trends is weakest, with about —0.1 NDVI units for negative trends and 0.09 NDVI
units for positive trends, again, both given over the 30-year period 1989-2018.

The trends for individual seasons (spring, summer, autumn) show distinct spatial dis-
tributions of positive and negative trends. For selected geographical regions, the following
larger patterns and observations can be summarised:

e Scandinavia: Positive spring NDVI trends can be observed within a strip spreading
from Norway over central Sweden to southern Finland. In summer, the region has
mostly insignificant trends, but an NDVI increase can be observed along the eastern
coast of Scandinavia.

e  The north-eastern part of study area: The strip with positive spring NDVI trends
observed for Scandinavia extends further east over northern Russia between 58°N
and 65°N. In summer, this area shows mostly no NDVI trends, but positive trends can
be found further south at about 53°N-58°N. In autumn, the most northern area was
masked due to low data availability, but for the area from the Baltic states and Belarus
towards the East, positive NDVI trends also dominate.

e  The central-eastern part of the study area: In spring, most areas have no significant
trend, but some regions in central Russia and northern Ukraine show a negative
trend. In summer, a large region spreading over southern Russia and West Kazakhstan
has significant negative NDVI trends. In autumn, a larger region covering parts of
southern Russia and south-eastern Ukraine shows an outstanding NDVI decrease.
The affected area and strength of the negative NDVI trends within this area increase
from spring to autumn.
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e Turkey: The coastal area along the Black Sea and western Turkey shows mainly
positive trends for all three seasons. Along the northern coast, the strongest NDVI
increase can be observed in spring. In central Turkey, several small areas are located
that exhibit negative NDVI trends in summer and autumn.

e Central and southern Europe: In spring, for about half the area of the region, posi-
tive NDVI trends can be observed, which are located in specific regions such as in
the Netherlands, eastern Germany, western Poland and Czechia. Positive spring
trends also spread further southeast over Hungary, Romania, Serbia, Bulgaria, North
Macedonia, Albania and Greece. Summer NDVI shows smaller areas with significant
trends. These are also mostly positive, but less pronounced. Negative summer NDVI
trends can be found for small patches in, e.g., Italy and Romania. Greece and Albania
have relatively large areas with significant positive summer NDVI trends. In autumn,
significant positive NDVI trends are widespread across the region.

o  Western Europe: France and Great Britain show only few areas with significant trends
in spring and summer, which are mostly positive, except for the northern part of
Great Britain/Ireland and southern France, where several small areas with significant
negative trends can be observed in summer. In autumn, large parts of the region
experience significant positive NDVI trends.

e  The Iberian Peninsula: For the Iberian Peninsula, all seasonal trends show patches
of both positive and negative and insignificant NDVI trends. While positive trends
dominate in spring and autumn, the summer trend is mostly negative, showing several
regions with a decrease in the NDVI, except for the northern coast, where positive
trends can be observed for all seasons.

e  Northern Africa: Larger areas in Morocco show negative NDVI trends for all seasons,
while coastal areas in Algeria and Tunisia also have negative trends in summer, but
mostly positive trends in spring and autumn.

The growing season trend shows a positive NDVI trend for large areas within Europe.
This confirms and, due to the longer time-series as well as the higher spatial resolution,
reinforces previous findings of a greening of vegetation over Europe. Our results show
a significant positive NDVI trend for the growing season for an area of 7,627,356 km?,
corresponding to 55.4% of the land area within the extent of the TIMELINE project area. In
particular, western, central, southern and north-eastern Europe show widespread signifi-
cant positive NDVI trends. Negative NDVI trends for the growing season are only observed
for small areas, mainly in Morocco and in an area spreading from southern Ukraine to West
Kazakhstan, summing up to 298.599 km? (2.2% of the land area). The average strength of
the significant positive and negative trends is 0.15 NDVI units and —0.12 NDVI units over
the 30-year period 1989-2018, respectively.

In our results, due to the 1 km spatial resolution of the TIMELINE NDVI, details
such as variations and negative trends on a regional and local scale additionally become
apparent. Examples presented include mining areas (Germany), forest logging (Russia)
and urban encroachment on agricultural land (Egypt), all resulting in outstanding negative
NDVI trends. Locally outstanding positive NDVI trends were observed, for example,
in recultivation areas (Germany) and land undergoing agricultural intensification and
expansion (Egypt, Saudi Arabia, France, Turkey).

The general positive NDVI trend over 30 years observed in our study might be
associated with climate change. A general warming and an extension of the growing season
might be possible explanations for the major trends observed in this study. However, the
seasonal trends also reveal that trends are not constant throughout the growing season.
This indicates that the impact of climate change on vegetation varies among seasons. The
consequences for agriculture, forests, or other land use or land cover types differ as well.
While trends observed over large regions are possibly associated with climate change,
the results of this study also reveal outstanding trends on a local scale that can clearly be
attributed to human activities and land management.
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The novel TIMELINE NDVI product presented in this study offers a unique possibility
to analyse a time-series of almost 40 years with a spatial resolution of 1 km and a temporal
resolution of up to one day over Europe. Information products derived thereof, such as
trends, anomalies or phenological information, can assist to further understand ongoing
vegetation change and dynamics, and their relation to climate parameters.
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