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Abstract: Vegetation seasonality is a critical indicator of ecological responses to global climate
change, especially in the Iberian Peninsula, where the intersection of human activity and climate
variability amplifies these effects. Understanding these changes is vital for adopting ecogeographical
sustainability and developing effective climate adaptation strategies. This study examines trends in
vegetation seasonality in the Iberian Peninsula from 1982 to 2023, based on weekly AVHRR NDVI
data (2184 images). By integrating Seasonal Trend Analysis (STA) with Robust Trend Analysis (RTA)—
including the Theil–Sen (TS) slope estimator, the Contextual Mann–Kendall (CMK) test (α = 0.05),
and false discovery rate (FDR) control—we identified significant phenological shifts and widespread
vegetation greening. The results reveal a regional response to global patterns of climate change, with
94.2% of the study area exhibiting significant trends, particularly in the Mediterranean ecoregion,
where earlier growing seasons are becoming increasingly common. These shifts highlight the urgent
need for sustainable land and resource management in the face of accelerating global change. Our
findings provide critical insights into the ecological dynamics of the Iberian Peninsula, offering a
robust foundation for formulating policies that promote environmental sustainability and enhance
resilience to climate change.

Keywords: environmental remote sensing; land surface phenology (LSP); global change; phenological
shifts; vegetation greening; climate adaptation strategies; ecogeographical sustainability

1. Introduction

One of the most evident impacts of climate change is the alteration of the seasonality
trends of vegetation [1]. These temporal shifts are particularly pronounced in the Northern
Hemisphere, where the arrival of spring occurs earlier [2–4] and the timing of autumn
is undergoing complex changes due to climate change [5,6]. Understanding these shifts
is crucial for the sustainable management of ecosystems, as they directly impact natural
resource availability and regional-scale management [7].

Traditionally, monitoring vegetation seasonality required meticulous yearly documen-
tation, recorded by hand in notebooks [8]. Modern phenology began in 1736 with Robert
Marsham’s work Indications of Spring. Over the following 62 years, Marsham systematically
documented 27 natural phenomena and collected information on 20 species of animals and
plants in Norfolk [9]. Today, satellite data are crucial for tracking these changes, estimating
vegetation dynamics and trends, assessing vigour or decline, and identifying seasonal
shifts [10–13].

Phenology explores plants’ and animals’ periodic life cycle events and their response
to seasonal and interannual climate variations [14]. Land surface phenology (LSP) studies
vegetation phenology at various scales using data from spaceborne optical sensors [15].
Remote sensing offers significant advantages for phenological studies, including contin-
uously capturing phenological patterns across landscapes and retrospectively analysing
phenological data from satellite archives [16].

Sustainability 2024, 16, 9389. https://doi.org/10.3390/su16219389 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su16219389
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0003-2580-5465
https://orcid.org/0000-0002-5514-2941
https://doi.org/10.3390/su16219389
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su16219389?type=check_update&version=1


Sustainability 2024, 16, 9389 2 of 18

Phenological metrics focus on critical biological events’ timing [17,18]. These metrics
are valuable for planning agricultural activities [19], pest management [20], and conducting
ecological studies [21]. However, there has been significant variability in the methods used
to measure these parameters [22–25]. As a result, the reported findings on phenological
trends have shown considerable inconsistency [26]. Given the difficulty of identifying
specific phenological events with remotely sensed imagery, the seasonal trend analysis
(STA) was developed to describe seasonal curves rather than to identify individual events
during their development [27]. This approach primarily focuses on detecting trends in their
transformation based on amplitude and phase characteristics from signal processing and
time series analysis.

Vegetation indices are essential for studying vegetation dynamics and land surface phe-
nology (LSP) [28]. The most used is the normalised difference vegetation index (NDVI) [29].
In remote sensing, “vegetation dynamics” refers to the spatiotemporal monitoring of the
spectral behaviour of vegetation on the Earth’s surface [30]. These dynamics, closely linked
to phenology, can be influenced by environmental factors (e.g., climate) and human activi-
ties (e.g., management practices). Studying vegetation through these indices helps detect
environmental trends and changes [31]. Monitoring the Earth’s surface using satellite
images is a highly active geoscience research area, thanks to abundant open data from
international observation programmes [32].

The Mediterranean region is a mosaic of landscapes long affected by human influence,
and climate change has now questioned its resilience [33]. The temperature in Mediter-
ranean climate-type regions has increased more rapidly than the global mean rates [34].
Therefore, under the research hypothesis suggesting trends in seasonality, our objective is
to analyse trends in vegetation seasonality in the Iberian Peninsula using weekly NDVI
composites derived from AVHRR data covering the period from 1982 to 2023.

2. Materials and Methods
2.1. Study Area

The study area is the Iberian Peninsula (Figure 1). Located in the southwestern
part of Eurasia, the Iberian Peninsula includes Spain and Portugal, along with the small
mountainous country of Andorra and the tiny site of Gibraltar. It is bordered by the
Mediterranean Sea to the south and east, the Atlantic Ocean to the west and northwest,
and the Pyrenees mountains to the north, which form a natural barrier to France [35,36].
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According to the terrestrial ecoregions of the world [37], the Iberian Peninsula features
two major biomes or ecoregions: the Temperate Broadleaf and Mixed Forests and the
Mediterranean Forests, Woodlands, and Scrub. The Köppen climate classification [38]
associates the Temperate Broadleaf and Mixed Forests biome with the northwest’s Oceanic
climate (Cfb), characterised by mild temperatures and consistent rainfall. The Mediter-
ranean Forests, Woodlands, and Scrub biome align with the Mediterranean climate (Csa,
Csb), featuring hot, dry summers and mild, wet winters.

The Atlantic ecoregion (which includes the Cantabrian and Pyrenean ranges), situated
in the northernmost fringe, experiences a notable seasonal contrast, with constant humidity
enabling growth during spring and summer and leaf fall in the dense deciduous forests in
autumn [39]. Despite the poor soil quality, the high productivity of the vegetation allows
forestry and pastoral uses to predominate in this region.

The Mediterranean ecoregion, which covers most of the peninsula, is characterised
by a phenology marked by the limiting combination of intense summer heat and drought,
restricting growth during the summer [40]. In contrast, spring and autumn are favourable
seasons due to mild temperatures and precipitation, promoting budding and flowering.
Land use in the Mediterranean region is more complex, with mosaics of agricultural,
pastoral, and forestry uses depending on lithology and the availability of water [41].

The High Mountain areas in both ecoregions introduce additional phenological modi-
fications, with longer winters and a brief but intense summer biological activity period [42].
Higher elevations, such as the Pyrenees, Sierra Nevada, Cantabrian Range, and Iberian
Range, often experience Continental climates, which can include both non-dry-summer (Df)
and dry-summer (Ds) variants [43], characterised by cold winters and significant snowfall.
Alpine climates (ETs) are found locally, particularly in the Pyrenees.

2.2. Remote Sensing Data and Preprocessing

We used the smoothed normalised difference vegetation index (SMN) data from the
vegetation health products (VHPs) provided by NOAA’s Center for Satellite Applications
and Research (STAR) [44]. These datasets are derived exclusively from the advanced very-
high-resolution radiometer (AVHRR) sensor onboard NOAA’s polar-orbiting satellites,
covering the period from 1981 to the present. The data are in global area coverage (GAC)
format, with a weekly temporal resolution and a spatial resolution of 4 km.

The normalised difference vegetation index (NDVI) values are calculated from surface
reflectance data that have been atmospherically corrected to ensure consistency and relia-
bility throughout the entire time series. The SMN dataset is further smoothed to remove
cloud contamination and adjusted using the empirical distribution function (EDF) statistical
technique. This process corrects sensor degradation, addresses satellite orbital drift, and
mitigates the effects of aerosols, significantly improving the overall quality of the data [45].

The SMN data consists of weekly composites of seven Julian days, starting on Thurs-
day and ending on Wednesday, amounting to approximately 52 weeks per year. Our re-
search focused on the period from 1982 to 2023, as the seasonal trend analysis requires data
with a complete annual cycle. We worked with 2184 images, corresponding to 52 weekly
images per year over 42 years. The dataset includes five weekly gaps due to AVHRR
platform issues or other measurement errors [46,47]. To enhance temporal aggregation, we
created monthly composites using the maximum value composite NDVI rule [48], ensuring
that each month’s most significant NDVI value was selected. Additionally, we applied two
interpolation methods to address missing or incorrect pixel values and to fill in gaps in our
dataset to achieve a complete and curated series: linear temporal interpolation was used
to fill in missing images, and harmonic interpolation was used to correct erroneous pixel
values by fitting a harmonic regression [49]. These adjustments and corrections ensure the
consistency and reliability of the dataset over the study period.

The AVHRR NDVI SMN data are available at a spatial resolution of approximately
4 km. More specifically [50], at the Equator, each pixel measures approximately 4 km
per side, resulting in an area of 16 km2, whereas, for the Iberian Peninsula, the pixel size
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is approximately 4.006 km × 3.071 km, resulting in an area per pixel of approximately
12.3 km2. We applied a data mask of 47,635 pixels (≈586,000 km2) to focus our analysis
on the Iberian Peninsula, which serves as the operational study area. This allowed us to
concentrate exclusively on the relevant geographic region and control the scope of multiple
testing [51], as each trend test was applied to each pixel.

2.3. Seasonal Trend Analysis (STA) with False Discovery Rate (FDR) Control

We applied seasonal trend analysis (STA), a sequential analytical technique developed
by Clark Labs for the Earth Trend Modeller system included in the Terrset 2020 Version
19.0.8 software [27,52]. STA performs a seasonal trend analysis of time series images by
calculating trends in seasonal parameters. This procedure uses a two-stage time series
analysis to perform a harmonic regression of yearly images, followed by a trend analysis
of the amplitude and phases of each year generated by the harmonic regression [27].
Additionally, we incorporated an extra step into the original procedure to control for the
false discovery rate (FDR) [53]. Finally, we generated the seasonal curves based on pixels
with statistically significant trends, corrected using FDR, ensuring that the visualised trends
were robust and reliable.

2.3.1. Modelling Seasonal Parameters

In the first stage, harmonic regression is applied to each yearly time series file using its
associated Julian date. The harmonic regression, combined with the inclusion of the Julian
date, is preferred over the traditional Fourier method because it accounts for the exact
calendar dates of the images, thus producing more reliable results. Harmonic regression is
like Fourier analysis, but allows for the specification of Julian dates. Two frequencies are
used in harmonic regression to capture the dominant trends in the data without including
high-frequency noise [27].

y = α0 +

n=2

∑
n=1

{
ansin

(
2πnt

T

)
+ bncos

(
2πnt

T

)}
+ e

where α0 is the mean of the series; an and bn: these are the coefficients of the sinusoidal
and cosinusoidal terms, respectively; and n is a harmonic (an integer multiple of the
fundamental frequency). Harmonics allow the series to be decomposed into components
of different frequencies. In this formula, n ranges from 1 to 2, meaning that the first two
harmonics are being considered; t: represents time; T: represents the length of the period;
and e represents the error term.

After solving the harmonic regression and rearranging the terms, ignoring the error
term, the generalised seasonal curve can be expressed as:

y = α0 +

n=2

∑
n=1

αnsin
(

2πnt
T

+φn

)

where an are the amplitudes for each harmonic, indicating the strength of the annual and
semi-annual cycles; and φn is the phase shift (ranging from 0◦ to 360◦) for each harmonic,
determining the timing of the peaks and troughs of the cycles.

Each annual dataset undergoes harmonic regression to calculate the following shape
parameters at the pixel level [54]: amplitude 0 (baseline NDVI level), amplitude 1 (annual
cycle strength), amplitude 2 (semi-annual cycle strength), phase 1 (annual cycle start), and
phase 2 (semi-annual cycle start). These five parameters can describe a wide range of
seasonal curves. Using only two harmonics and the mean, high-frequency noise and vari-
ability are rejected. In practice, the most informative seasonality parameter is Amplitude 0,
mainly when combined with the other parameters.
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2.3.2. Spatiotemporal Trend Analysis

In the second stage, a Theil–Sen (TS) median trend analysis is applied to the five
shape parameters over the entire series duration [55,56]. This method, which can handle
data with up to 29% outliers, focuses on long-term trends while rejecting short-term
variability and noise. We also applied the Contextual Mann–Kendall (CMK) test to compute
significance tests on the seasonal trend analysis results [57]. Unlike the original Mann–
Kendall test [58,59], the CMK test uses contextual information (first-order eight neighbours)
to correct for spatial correlation while also addressing cross-correlation.

The TS slope estimator calculates the median slope from all possible pairwise com-
parisons of observation values, resulting in a total of N slopes, where N = n(n−1)

2 . This
non-parametric technique for estimating the magnitude of trends in time series data was
introduced by Theil (1950) [55] and later refined by Sen (1968) [56]. The equation used to
estimate TS slope and intercept are:

TS Slope = Median

(
Xj − Xi

tj − ti

)

Intercept = Xi − MedianSlope ∗ ti, for i = 1 . . . n

where Xj − Xi is the difference in the observation values between two points in time;
tj − ti is the difference in time between two observations, with tj being later than ti; and,
here, N represents the total number of non-zero differences tj − ti for all pairs (i, j) such
that 1 ≤ i < j ≤ n. i and j are indices that iterate through the data series, ensuring that
i is always less than j, so that all possible pairs of observations are considered without
repetition or reversing the order. This is necessary to calculate the slope differences between
each pair of observations in the TS method.

This approach offers several advantages. The TS technique is robust to outliers,
enabling it to ignore extreme values without affecting the overall slope estimation. It can
reject up to approximately 29% of the sample size as outliers (known as the breakdown
bound: 1 − 1√

2
≈ 29.3%) without compromising the results, as described in [60].

A widely used method is the MK test to assess the significance of the TS slope [58,59].
Like the TS approach, the MK test evaluates the slopes between all possible pairs of data
points. In the MK test, the data are ordered chronologically, with each data point serving as
a reference for the subsequent data points in time. The statistic S, introduced by Kendall
(1975) [59], is defined as follows:

S =

n−1

∑
i=1

n

∑
j=i+1

sign
(
xi − xj

)
where:

sign
(
xj − xi

)
=


1
0
−1

i f xj − xi > 0
i f xj − xi = 0
i f xj − xi < 0

and S is the MK test statistic that sums the signs of all differences between pairs of observa-
tions; n represents the number of observations in the time series; and xi − xj are the values
of the time series at time points i and j, respectively. In the MK test, the sign function is
used to evaluate whether the difference between two values in a time series is positive,
negative, or zero.

The variance σ2 of S is used to normalise the statistic and is calculated as:

σ2 =
n(n − 1)(2n + 5)

18
−

g

∑
t=1

t(t − 1)(2t + 5)
18
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where σ2 is the variance of the statistic S; g is the number of tied groups in the dataset; and
t represents the size of each tied group. The first term (σ 2 = n(n−1)(2n+5)

18 ) accounts for the

total variance, while the second term (
g
∑

t=1

t(t−1)(2t+5)
18 ) corrects for ties in the data.

The Z statistic is used to determine the significance of the trend:

Z =


S−1
σ

0

S+1
σ

i f S > 0

i f S = 0

i f S < 0

and:
p = 2 × Φ(−|Z|)

where Z is the standardised test statistic, which follows a normal distribution; p is the
p-value, the probability that measures the evidence against the null hypothesis; and Φ rep-
resents the cumulative distribution function (CDF) of the standard normal distribution. The
value of Z indicates the strength and direction of the trend. If Z is positive and significant,
there is an increasing trend; if negative and significant, there is a decreasing trend.

We used the CMK test, an enhanced version of the traditional MK test, to assess the
statistical significance of trends in the seasonality parameters [57]. Unlike the original MK
test [58,59], the CMK test sequentially incorporates contextual information from first-order
eight neighbours to correct for spatial and cross-correlation. The equations used to estimate
CMK significance are:

Zm =
Sm − E

(
Sm
)

σ√
m

and:

Sm =
1
m

m

∑
j=1

Sj

and:

Var
(
Sm
)
=

n(n − 1)(2n + 5)
18m

=
σ2

m
where Sj is Kendall’s for the j-th neighbour; m = 9 pixels, which includes eight neighbours
with central pixel; and E(S) and σ are the mean (expected value) and standard deviation.

Adjustment for cross-correlation is achieved by introducing a covariance term in the
calculation of variance:

Var
(
Sm
)
=

1
m2

 m

∑
j=1

Var
(
Sj
)
+ 2

m

∑
j=1

m−j

∑
l=1

Cov
(

Sj, Sj+l

)
According to Neeti and Ronald Eastman (2014) [57], the CMK method reduces the

detection of spurious trends while increasing confidence in the presence of consistent
ones. Furthermore, applying the TS slope offers the distinct advantage of filtering out
inter-annual variability shorter than 0.29 times the length of the series. Together, these
techniques are non-parametric and robust against the influence of outliers.

2.3.3. False Discovery Rate (FDR) Control

Furthermore, we adjusted the p-values from the CMK test using the false discovery
rate (FDR) control to account for multiple testing [61], which is an addition to the original
procedure to reject false discoveries. Therefore, we only presented the significant trends
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(α = 0.05) in vegetation seasonality of the AVHRR NDVI data based on the CMK test and
adjusted with FDR.

The FDR procedure aims to control the proportion of spurious significances (false
discoveries) concerning the total number of discoveries (i.e., the total number of tests
declared significant) in a multiple-testing context.

Benjamini and Hochberg (BH) introduced the original FDR approach, which is the
expected number of false discoveries within all discoveries [62].

The FDR is formally defined as:

FDR = E
[

V
R

]
where E denotes the expected value; V is the number of false positives (false discoveries);
and R is the total number of rejected hypotheses (discoveries).

The FDR-BH procedure is applied as follows:

1. Order the p-values of all the hypothesis tests in ascending order:

p(1), p(2), . . . , p(m)

where p(1) represents the smallest p-value from the set of hypothesis tests; p(2)
represents the second smallest p-value; p(m) represents the largest p-value; and m is
the total number of hypothesis tests performed.

2. Determine the critical value k as the largest i such that:

p(i) ≤
i
m

· α

where p(i) denotes the smallest p-value from the set of hypothesis tests; i is the rank of
the p-value when ordered from smallest to largest; i is the total number of hypothesis
tests being performed; and α is the desired FDR level.

3. Reject all null hypotheses:
H(1), H(2), . . . , H(k)

where H(1) represents the hypothesis corresponding to the smallest p-value; H(2) rep-
resents the hypothesis corresponding to the second smallest p-value; H(k) represents
the hypothesis corresponding to the k-smallest p-value; and, k is the largest rank for
which the p-value meets the FDR-BH criterion.

2.3.4. Mapping Trends in Seasonality Parameters and Generalised Seasonal Curves

Our seasonal trend analysis (STA) workflow (Figure 2) applies harmonic regression to
model the seasonal parameters of the NDVI data, followed by TS slope estimator and the
CMK test to detect significant spatiotemporal trends. To ensure the statistical reliability
of the results, we applied the FDR control for multiple testing. This process allowed us
to generate detailed maps of seasonality parameters and fit generalised seasonal curves,
providing a comprehensive summary of the long-term vegetation dynamics across the
study regions.

We generated maps for all five seasonality parameters: amplitude 0 (baseline NDVI
level), amplitude 1 (annual cycle strength), amplitude 2 (semi-annual cycle strength), phase
1 (annual cycle start), and phase 2 (semi-annual cycle start). These maps only display
statistically significant trends, with the significance levels corrected using the FDR control,
ensuring that only robust trends are represented.

To better understand phenological patterns, we fitted and plotted seasonal curves
for the Atlantic and Mediterranean ecoregions and High Mountain areas (above 1500 m).
These modelled curves represent the start and end of the series, based on the intercepts and
slopes of five harmonic shape parameters [63]. Rather than using data from specific years,
such as 1982 and 2023, these curves are the best-fit models derived from the entire 42-year
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dataset. This generalised approach maximises the use of spatial and temporal information,
intentionally excluding short-term variability.
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Figure 2. Research workflow diagram for seasonal trend analysis (STA). Source: Figure created by
the authors.

The start and end curves are generalised by calculating the median values of the
seasonal parameters (amplitude and phase) across all pixels. This includes the mean,
annual, and semi-annual cycles. A representative curve summarises the region’s overall
behaviour using the median slopes and intercepts. This method reduces the impact of
outliers and provides a robust, stable depiction of seasonal trends. These idealised curves
clearly visualise how seasonal characteristics, such as growth peaks or season onset, have
evolved over time, without the influence of short-term noise or variability.

3. Results

Figure 3 shows the spatiotemporal trends of NDVI seasonality parameters (amplitudes
and phases) in the Iberian Peninsula from 1982 to 2023.

Among all the seasonality parameters, the most widespread significant trends were
observed in amplitude 0 (Figure 3A), with 83.16% of the Iberian Peninsula showing a
significant trend in this parameter. Meanwhile, amplitude 1 (Figure 3B), amplitude 2
(Figure 3C), phase 1 (Figure 3D), and phase 2 (Figure 3E) exhibited significant trends in
34.68%, 29.68%, 21.42%, and 20.52% of the area, respectively.

Approximately 94.2% of the Iberian Peninsula experienced a significant trend related
to a seasonal parameter for 1982–2023. Within this, about 67.6% of the map showed
overlapping significant trends in two to three classes, with the most significant overlap
occurring in areas where two (33.0%) and three (34.5%) classes intersected (Figure 3F).
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Figure 3. NDVI trends of seasonality parameters in the Iberian Peninsula (1982–2023). Note: Each of
the five seasonality parameters was evaluated for trends individually, with binary maps showing
whether a trend is present. (A) amplitude 0; (B) amplitude 1; (C) amplitude 2; (D) phase 1; (E) phase 2;
(F) The final combined map is also shown, summarising the seasonality parameters with values
ranging from 1 to 5. Only the NDVI trends that were statistically significant (α = 0.05) using the CMK
test with FDR control are shown on the map. Source: Figure created by the authors.
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The NDVI baseline (amplitude 0: annual mean) trend showed a positive slope over
95% of the area with significant trends with the FDR control, indicating that greening
vegetation was the dominant trend in the Iberian Peninsula from 1982–2023 (Figure 4).
The reliability of these trends is further supported by the FDR control applied during
the analysis (Figure 5). Before the FDR control, 83.92% of the pixels were identified as
significant. After using the FDR control, 83.16% remained significant, with only 0.76%
of the pixels classified as false discoveries. This minimal reduction in significant pixels
demonstrates the robustness of the detected trends, ensuring that multiple testing errors
do not influence the observed greening patterns.
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Figure 6 represents the fitted seasonal curves derived from the entire time series (1982–
2023), with each curve representing the modelled phenological data for specific ecoregions.
Only pixels with statistically significant trends are represented, ensuring the robustness
and reliability of the visualised seasonal patterns. Rather than using data from individual
years, such as 1982 and 2023, these curves are based on trends captured across the entire
42-year period, highlighting long-term trends in seasonality.

The long-term trend in the Atlantic ecoregion showed increased NDVI values from
1982 to 2023. The seasonal pattern revealed that NDVI peaked during the summer (July),
with values ranging from 0.46 to 0.54. NDVI values started increasing in January, ranging
from 0.27 (1982) to 0.35 (2023), and decreased to lower values in December, ranging from
0.25 (1982) to 0.35 (2023). This pattern indicates that the growing season has advanced,
with earlier increases in NDVI values compared to previous decades.

We found a more extended period of vegetation growth in the High Mountain areas
within the Atlantic ecoregion. The NDVI values increased earlier and peaked in July,
starting at 0.43 in 1982 and reaching 0.54 in 2023. The growth period was sustained
longer than in other regions, with high values persisting into August. This suggests an
advancement in the growing season, with vegetation growth beginning earlier in the year.
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In the Mediterranean ecoregion, the long-term trend also indicated a positive increase
in NDVI values from 1982 to 2023. This trend was characterised by enhanced vegetation
growth and activity throughout the year. The seasonal pattern showed that the NDVI also
peaked in the summer, but started at a lower base in January, with values ranging from 0.18
(1982) to 0.26 (2023), and peaked earlier in April, with values between 0.33 and 0.37. The
NDVI values then steadily declined until December. This indicates a shift toward earlier
seasonal growth, with the NDVI values rising earlier in the year than previously observed.
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Figure 5. Controlling the false discovery rate (FDR) of annual mean NDVI trends in the Iberian
Peninsula (1982–2023) using FDR-BH p-value adjustment and the CMK test. Note: The x-axis
represents the rank (k) of 47,635 p-values sorted in ascending order, whilst the y-axis displays the
observed p-values. The celestial blue line symbolises the threshold defined by the FDR, which is
calculated using the following expression: k · α

m ; herein, k denotes the rank, α the significance level,
and m the total number of tests conducted. The line coloured in blue indicates the p-values that are
deemed significant following the application of the FDR control, using the Benjamini–Hochberg
method (FDR-BH). Conversely, the line coloured in red represents the p-values that are not considered
significant according to this adjustment. This bi-coloured line comprises 47,635 points, corresponding
to the number of tests performed (m). Source: Figure created by the authors.

In the High Mountain areas within the Mediterranean ecoregion, the long-term trend
showed a notable positive trend in vegetation growth from 1982 to 2023. The NDVI values
increased, indicating a robust enhancement in vegetation activity over the period. The
seasonal pattern showed that the NDVI values began to rise in February and peaked in
June, with values ranging from 0.36 (1982) to 0.43 (2023), followed by a decrease towards
the end of the year. This region revealed a more pronounced mid-year peak compared
to the other areas. The shift towards earlier peaks indicates a change in the timing of the
growing season, with the NDVI values rising earlier in the year.
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Figure 6. Fitted seasonal curves (1982–2023). Note: These curves do not represent specific years, but
are generalised abstractions of long-term trends derived from the entire dataset. The green dashed
line represents the trend for the first year (1982), while the green continuous line represents the trend
for the last year of the series (2023). Source: Figure created by the authors.
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The Atlantic ecoregion consistently showed the highest average NDVI values, peaking
at 0.54 in July due to its dense vegetation and favourable climatic conditions. The High
Mountain areas in the Atlantic ecoregion experienced the greatest long-term increase in
NDVI values from 1982 to 2023, reflecting a strong positive trend in vegetation cover and
significant enhancement in vegetation activity over the decades. The Mediterranean ecore-
gion showed the largest seasonal changes, with NDVI values peaking earlier around April
(0.37) and steadily declining through the summer, indicating significant variability and
adaptation to changing climatic conditions. Overall, all ecoregions proved a positive trend
in NDVI from 1982 to 2023, suggesting increased vegetation activity and advancements in
the growing season.

Across the Atlantic and Mediterranean ecoregions, a general increase in NDVI values
was observed over the study period, indicating an overall positive trend in vegetation
activity. This increase was consistent across all regions, with earlier rises in NDVI values
suggesting a shift towards earlier growing seasons. In both ecoregions, the NDVI values
reached their highest levels during the summer months, although the timing of these peaks
varied between regions.

The main differences between the ecoregions were observed in the timing and duration
of the NDVI peaks. In the Atlantic ecoregion, the NDVI values remained high for extended
periods, particularly in the High Mountain areas, where elevated values persisted longer
into the growing season. In contrast, in the Mediterranean ecoregion, the growing season
started earlier, with a sharper increase and an earlier peak, followed by a steady decline
through the summer. Additionally, the lowest baseline NDVI values at the beginning of the
growing season were observed in the High Mountain areas of the Atlantic ecoregion, while
the most significant increases in the NDVI values over the study period occurred in the
High Mountain areas of the Mediterranean ecoregion. The underlying factors contributing
to these observed differences will be further analysed in the discussion section.

4. Discussion

This research analysed vegetation seasonality trends in the Iberian Peninsula from
1982 to 2023 using the spatiotemporal time series of AVHRR NDVI data. Our seasonal trend
analysis revealed significant spatial trends in the phenological parameters in the Iberian
Peninsula. The findings indicate a widespread increase in vegetation activity, reflecting
a generalised greening process over the forty-four-year period. These significant trends
underscore substantial shifts in the timing and intensity of vegetation growth, with the
growing season beginning earlier each year.

Several key methodological strengths highlight the robustness of our seasonal trend
analysis with false discovery rate control. Firstly, the extensive data series length from 1982
to 2023 provides a comprehensive long-term perspective of NDVI trends. Additionally,
the temporal frequency of the data ensures detailed monitoring of seasonal fluctuations,
enhancing the resolution of our trend detection. Complete geographic coverage of the
Iberian Peninsula ensures that the analysis represents diverse ecological zones. Statistically,
the robustness of our approach is further reinforced by using the CMK test combined with
the FDR control. The original seasonal trend analysis (STA) methodology does not include
the CMK test, and the FDR control is an additional innovation, further strengthening
the statistical reliability of the detected trends [64]. This innovative incorporation of
FDR correction into our seasonal trend analysis uniquely addresses the multiple testing
problem [65], significantly reducing the chances of Type I errors and increasing the reliability
of our findings [66,67].

Our analysis of interannual trends confirmed a dominant greening trend in the
Iberian Peninsula, aligning with other studies conducted independently in Spain and
Portugal [68–73], and reflecting the broader pattern of global greening [74]. Vicente-Serrano
et al. (2020) [68] analysed the time series (1981–2015) of AVHRR NDVI data and found a
clear positive NDVI trend in approximately 80% of mainland Spain and the Balearic Islands.
In our research, covering the period from 1982 to 2023, we observed significant greening
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trends across 83.16% of the Iberian Peninsula. Notably, we adopted a more stringent ap-
proach to statistical significance by combining the CMK test with the TS slope estimator,
and we applied the FDR control, enhancing our findings’ statistical reliability by controlling
for multiple testing.

One of the most significant findings was that we observed approximately 94.2% of
the Iberian Peninsula experiencing a significant trend in at least one of the seasonality
parameters for the period 1982–2023. These trends included consistent increases in the
NDVI baseline across all seasons, an earlier start of the growing season, greening onset,
and shifts in the timing of the senescence period. Several authors have reported that the
greening period starts earlier, and the senescence period lengthens, which others have
linked to rising temperatures [75,76]. The earlier green-up is seen because of increased
temperatures [77]. This also leads to a longer growing season, associated with increased car-
bon sequestration [61] and exposes vegetation to greater potential drought stress [78]. The
earlier peak and decline in NDVI values in the Mediterranean ecoregion suggest increased
wildfire risk during summer, necessitating improved fire management strategies [79,80].
Adell-Michavila et al. (2024) [81] also reported changes in phenological trends in Spain
during the period 1983–2020, noting significant contrasts among land covers. Caparrós et al.
(2020) [82] analysed vegetation phenology in the Iberian Peninsula and the Balearic Islands
from 2001 to 2017 using MODIS reflectance data. Their results revealed distinct differences
between the Atlantic and Mediterranean ecoregions in the spring and autumn phenophases.
Additionally, the phenological behaviour in the Mediterranean mountainous ecoregion was
like that of the Atlantic vegetation [83,84]. We identified distinct phenological patterns for
each ecoregion, including a unique pattern in the high mountain areas of the Mediterranean
ecoregion, combining characteristics of both Mediterranean and Atlantic regions.

Despite our research’s comprehensive scope and robust methodology, several limi-
tations should be acknowledged. Firstly, relying on satellite-based NDVI data may not
fully capture fine-scale phenological variations due to its relatively coarse spatial reso-
lution. However, we opted for a high temporal resolution and a generalised approach,
allowing us to capture long-term seasonal trends accurately. This approach prioritises
the frequency of observations over spatial detail, aligning with our goal of exploring the
effects of global change at ecoregional scales. Additionally, the analysis does not fully
account for the potential influence of non-climatic factors, such as land use changes and
management practices, which could also impact vegetation dynamics. This limitation
could be addressed by applying the methodology at the level of land cover classes and,
even more specifically, at the level of vegetation formations with predominant species,
as has already been carried out with the Spanish fir forests [84]. Using other vegetation
indices, such as the enhanced vegetation index (EVI) [85], could provide complementary
insights and improve the detection of subtle trends. This would be particularly useful in
capturing shallow and high values of vegetation activity. Moreover, integrating multiple
time series datasets could offer a more nuanced understanding of long-term trends and
drivers. It would also be interesting to compare the same indicators (NDVI, EVI) across
different sensors (AVHRR, MODIS), which would provide an opportunity to validate the
results. However, addressing these limitations would require a focused and comprehensive
investigation dedicated exclusively to this purpose. This will serve as a key component of
our future research roadmap.

5. Conclusions

Over the past four decades, significant trends in vegetation seasonality and greening
have been identified across the Iberian Peninsula, reflecting enhanced vegetation activity
and a general adaptation to climate change. These trends point to earlier growing seasons
and extended growth periods, which carry important implications for land management.

The phenological shifts observed highlight the need for adaptive land-use strategies
that consider these changes in growing seasons. Sustainable agricultural practices must
evolve to address altered water availability and potential impacts on crop productivity. Op-
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timising water resources and adjusting farming practices to align with shifting phenological
patterns will be crucial, particularly in vulnerable regions like the Mediterranean. However,
it is essential to recognise that the observed greening cannot continue indefinitely and may
eventually lead to ecosystem collapse, with increased risks of forest fires and water stress.
Conservation efforts should also focus on preserving biodiversity, as changes in vegetation
cycles can disrupt species interactions. Long-term studies like this one provide valuable
data to guide regional-scale management decisions, ensuring the sustainable use of natural
resources in the face of ongoing climate change.

Future research should explore variations in phenological responses across differ-
ent regions, land cover types, and the effects of extreme weather events. Integrating
high-resolution remote sensing with ground-based observations will provide a deeper
understanding of vegetation dynamics. Additionally, there is a need for rigorous statistical
methods to address multiple testing challenges and ensure the reliability of the findings.

Our results revealed significant seasonality trends that align with observed climate
trends, supporting the hypothesis that climate change alters vegetation seasonality patterns.
This underscores the importance of satellite-based remote sensing for monitoring ecological
responses to global change and meeting the study’s objectives.
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