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Abstract: This study analyzes the temporal patterns of rainfed cereal phenology extracted from the
GIMMS NDVI3g dataset in the main cereal-growing regions under a Mediterranean climate in Spain,
Portugal, France and Italy during the period 1982–2022. The series before and after the beginning of
the 21st century were analyzed separately. Phenological parameters were extracted using the modified
dynamic threshold method, and their trends were analyzed. Correlation analyses were performed
to study the relationships among these parameters and to analyze the influence of hydroclimatic
variables on the start (SOS) and end (EOS) of the growing season. Results showed a temporal reversal
in phenological trends between both study periods, coinciding with the Glob. warming hiatus. In the
first period (1982–2002), SOS and EOS advanced (−7.5 and −3.1 days, respectively), and the length of
growing season (LOS) increased. However, during the second stage (2003–2022), SOS and EOS were
delayed (7.5 and 1.7 days, respectively), and LOS decreased. Similar dynamics were observed for
the influence of the hydroclimatic variables on SOS and EOS, stronger in the first period and weaker
in the second. This study provides valuable information on the phenological dynamics of rainfed
cereals that may be useful for their management and planning in climate change scenarios.

Keywords: cereal phenology; rainfed cereal; Mediterranean climate; Glob. warming hiatus; NDVI;
soil moisture

1. Introduction

Vegetation phenology dynamics are considered important biological indicators that
reflect the cyclical and seasonal responses of ecosystems to climate and hydrological
regimes [1]. In this context, Glob. warming is an undeniable phenomenon with a significant
impact on terrestrial vegetation, altering its phenological cycles [2]. Thus, an accurate
characterization of phenology and monitoring of its behavior at different times are fun-
damental to understanding the variations in climate change impacts. This is of particular
interest in water-limited areas, such as the Mediterranean, as it is one of the most vulnerable
regions to climate change, and this vulnerability is likely to worsen in the future [3]. The
soil moisture (SM) drought risk is projected to increase around the world, resulting in
increased frequency and intensity of agricultural droughts under all climate scenarios, with
the Mediterranean region being the most affected [4,5]. The Mediterranean region is char-
acterized by water-limited conditions, where rainfed cereal cultivation predominates [6].
This increases the interest in the study of the phenological behavior of cereals under the
Mediterranean climate, which could be an essential tool for better agronomic management
under a Glob. climate change scenario [7].

Crop phenological information is mainly extracted from in situ ground records and
remote sensing data [8]. In situ monitoring of vegetation is mainly based on field obser-
vation methods and provides detailed and accurate information on plant development.
However, this approach is limited by its spatial and temporal scales, making it impossible
to detect phenological dynamics at larger spatial scales and to conduct long-term studies.
Several studies used information from in situ observations for the analysis of phenological
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trends but recognized that the geographic extent is limited, as are long-term observations
in complex environments [9,10].

However, satellite data are effective tools for monitoring land surfaces at large spa-
tial and suitable temporal scales, which allow tracking of the phenological dynamics of
vegetation over large areas [11]. The phenology obtained from satellite data is usually
determined from vegetation indices (VIs), such as the normalized difference vegetation
index (NDVI) or the enhanced vegetation index (EVI) [11–13]. Many studies have inves-
tigated the vegetation phenology using satellite sensors, including mainly the Advanced
Very High Resolution Radiometer (AVHRR) [14,15], the Moderate Resolution Imaging
Spectroradiometer (MODIS) [13] and the Satélite Pour l’Observation de la Terre (SPOT) [16].
In particular, the NDVI derived from the AVHRR sensor is the most widely used tool for
studying the long-term phenological dynamics of vegetation at Glob., continental and
regional scales. It is the longest NDVI time series to date and has been shown to have a
good capability for long-term vegetation monitoring [17].

With the impressive advancements in remote sensing technologies, which make it pos-
sible to effectively monitor vegetation phenology, recent research on phenological trends
and their responses to climate change has been performed at different scales. Various
climatic factors, such as temperature, precipitation, photoperiod, etc., can influence the sea-
sonal development of plants and the calendar of phenological phases [18,19]. Many studies
have incorporated these variables into analyses of climatic impacts on phenology [20,21].
However, the use of other important factors, such as the soil water content, in phenological
analyses using remote sensing data is uncommon, despite its crucial importance for crops
and the impacts that agricultural drought is causing [5].

The main vegetation parameters that are extracted to monitor phenological dynamics
are the start of the growing season (SOS), the end of the growing season (EOS) and the length
of the growing season (LOS); the latter is calculated from the previous two parameters.
Many studies have shown that prior to the 2000s, there was a general trend of advanced SOS
in many regions, and different time periods and study methods were used [22,23]. How-
ever, since the start of the 2000s, several studies have suggested that the trend may have
slowed [24,25] or even reversed [26–28]. In contrast, the overall trend of the EOS was more
heterogeneous and less marked than that of the SOS, with a majority of advances [24,29]
but also some delays [27]. The discrepancy in the trends of the main phenological metrics
before and after the beginning of the 21st century has been attributed to the Glob. warming
hiatus [30]. However, it is still not clear how these trends evolved beyond that period and
whether they have persisted in recent years, specifically in agricultural areas. Accordingly,
Piao et al. [30] recommended continuous monitoring and analysis using satellite observa-
tions to verify whether and how the trends in phenological parameters will continue in the
coming decades. Several studies [31–33] have noted that, despite the interest in detecting
the phenological dynamics of cultivated plants at a regional scale, most researchers did
not consider it due to the perception that it was influenced by anthropogenic activities.
Thus, instead of focusing on cultivated plants, attention has been mostly focused towards
phenological changes in natural vegetation. Moreover, in the few cases where cultivated
plants have been considered, they were small-scale studies based on in situ field data [32].
Therefore, assessments of plant phenology covering both the periods before and after the
Glob. warming hiatus are needed, especially for cultivated plants. This would provide a
more complete understanding of the temporal phenological dynamics of vegetation and
would allow verification of the trends of most current phenological parameters.

This study aimed to analyze the patterns of the temporal phenological parameters
of rainfed cereals based on the NDVI AVHRR data and their responses to hydroclimatic
variables under Mediterranean conditions. The analysis was performed in the main cereal-
growing regions with a Mediterranean climate in Spain, Portugal, France and Italy during
the period from 1982 to 2022. This study provides a deep understanding of the phenological
dynamics of crops as important as cereals, particularly in water-limited regions. In these
environments, accurate management and yield forecasting are crucial to ensure food
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security and agricultural sustainability under a climate change scenario. This work can
significantly contribute to inform management decisions with the aim to address future
situations in water-limited regions for these key crops.

2. Materials and Methods
2.1. Study Area

In the Mediterranean region, the most common crops are rainfed cereals, with wheat
and barley being the main crops [34,35]. The area is characterized by water-limited condi-
tions, with dry, hot summers and mild, humid winters. The main cereal-growing regions
under a Mediterranean climate in Spain (e.g., Castilla y León and Castilla-La Mancha, CL
and CM, respectively); Portugal (e.g., Alentejo, AT); France (e.g., Occitanie, OC); and Italy
(e.g., Puglia, PG), as highlighted in previous works [36–39], were selected as the study
areas (Figure 1).
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2.2. Data Source
2.2.1. Detection of Cereal Zones

To study rainfed cereal areas in the selected study areas (Figure 1), two databases
were used to create a mask that filtered out all the areas other than the target areas. The
Climate Change Initiative (CCI) Land Cover (LC) map obtained from the European Space
Agency (ESA) was used to discard areas with different land cover types than cereal crops.
It describes Earth’s land surface in 37 original LC classes based on the United Nations
Land Cover Classification System (UN-LCCS) [40], with a spatial resolution of 300 m [41].
Additionally, the Digital Glob. Map of Irrigation Areas of the Food and Agriculture
Organization (FAO) was used to exclude irrigated areas. It represents the Glob. area that is
equipped with irrigation at a spatial resolution of 5 arc minutes [42]. In this study, pixels
with more than a 10% irrigated area and with land cover types different from those of
rainfed and mosaic cropland were hidden. This mask was applied to all databases to select
those pixels that only represented areas of rainfed cereal crops, assuming that cereals are
the predominant crop in each region.

2.2.2. Remote Sensing Data and Processing

The normalized difference vegetation index third-generation V1.2 (NDVI3g) dataset
for Glob. Inventory Modeling and Mapping Studies (GIMMS) was used as the remote sens-
ing source data. It is based on corrected and calibrated measurements from the Advanced
Very High Resolution Radiometer (AVHRR) that were obtained from different sensors
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onboard the National Oceanic and Atmospheric Association (NOAA) polar-orbiting meteo-
rological satellites [43]. The dataset provided two NDVI values per month over 14–16 day
compositing periods, with a spatial resolution of 0.0833 degrees and Glob. coverage from
1982 to 2022.

The cubic spline interpolation method was used to obtain the daily NDVI time series,
since it is one of the most common methods used for time interpolation [44,45]. Cubic
spline interpolation of the data with piecewise cubic polynomials allows the NDVI curve to
pass through two endpoints with their respective derivatives [45]. Additionally, for noise
reduction, the NDVI time series was smoothed by calculating the moving average with a
30-day window.

2.2.3. Hydroclimatic Data

Climatic and SM data were used to analyze the relationships among phenological
patterns and environmental conditions. The climate variables were obtained from the
E-OBS database, which is a gridded daily Earth observation dataset over Europe belong-
ing to the Copernicus Climate Change Service (C3S) European climate and assessment
dataset [46]. The E-OBS database used, version 28.0, provides data with a spatial resolution
of 0.1◦ × 0.1◦ and daily temporal resolution, with data available from January 1950 to
December 2023. Climatic data were resampled into NDVI3g GIMMS grids using a majority
filter. Among the set of climate variables that is provided by this database, four variables
were selected for this study: accumulated precipitation (P), maximum temperature (Tmax),
minimum temperature (Tmin) and relative humidity (RH). However, the latter was only
used to calculate the vapor pressure deficit (VPD), which was defined for its agronomic
relevance in vegetation development. The VPD (kPa) is the difference between the satu-
rated vapor pressure (es) and the actual vapor pressure (ea) and was calculated according
to Equations (1)–(4) [47,48], where eo is the saturated vapor pressure at the air temperature
(kPa), and Ti is Tmax or Tmin (◦C).

VPD = es − ea (1)

es =
eo(Tmax) + eo(Tmin)

2
(2)

eo(Ti) = 0.6108exp
(

17.27Ti

Ti + 237.3

)
(3)

ea =
RH
100

(
eo(Tmax) + eo(Tmin)

2

)
(4)

As in the previous section, the moving averages were calculated using a 30-day
window for P, Tmax, Tmin and VPD. Finally, to obtain the variables by season, the averages
of each of the variables and for each pixel in each season of the year were calculated. Thus,
autumn was considered to occur from September to November, winter from December to
February, spring from March to May and summer from June to August.

The ERA5-Land reanalysis database was used as the SM database. It is provided by
the European Centre for Medium-Range Weather Forecasts (ECMWF) in the framework of
the C3S [49]. This reanalysis database has been widely validated and used [50–52]. The
series provides SM data from 1981 to the present, with an hourly temporal resolution and
a regular grid of 0.1◦. The SM data were resampled into NDVI3g GIMMS grids using
a majority filter. In addition, it provides the SM in three different depth layers in each
pixel (0–100 cm). In this study, the SM values of the three layers at different depths were
averaged at 12 am and 12 pm to determine the daily SM in the root zone (0–100 cm). As in
the previous subsection, the moving averages SM were calculated with a 30-day window
and then averaged for each season of the year.
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2.3. Data Analyses

Figure 2 shows the general technical flow chart of this study. The three main com-
ponents are: (1) data collection and preprocessing of phenological parameters, (2) data
collection and preprocessing of hydroclimatic data, and (3) analysis of phenological param-
eters and hydroclimatic data.
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2.3.1. Phenology Parameter Extraction

The identification of the phenological parameters of cereals was performed using the
modified dynamic threshold method [53], which is an improved method of the original
dynamic threshold method [54,55]. The time series of crop vegetation indices tend to be
asymmetric; therefore, this method solves this problem by using two different amplitudes
for the recovery of the SOS and EOS of crops [53]. A diagrammatic sketch of the modified
dynamic threshold method is shown in Figure 3.

The agricultural year was defined as the period from the season in which the SOS
occurred to the season in which the EOS occurred. In all study regions and for cereal crops,
the SOS occurs in autumn, and the EOS occurs in summer of the following year [56–61];
therefore, the agricultural year was considered to extend from 1 September to 31 August
of the following year. The SOS and EOS dates were retrieved at the pixel scale, and
the amplitude thresholds were defined to be 20% according to the methodology used in
several studies [14,20,62,63]. The calculations of SOS and EOS thresholds are summarized
in Equation (5). {

NDVISOS ≥ x + 20%× a1
NDVIEOS ≤ b + 20%× a2

(5)

Derived from these two parameters, the LOS was calculated as the time between the
SOS and EOS. In addition, the booting stage (BS) was identified as the date when the NDVI
value during the crop year reached its maximum, indicating the peak of green biomass
development [64,65], and the NDVI value in the BS (BV) was also determined. Finally,
following the methodology of Jeong et al. [24], 10-year moving averages were calculated to
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remove statistical uncertainties caused by the first and last values and individual outliers
in the time series for each pixel and for all identified phenological parameters.
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agricultural year to extract the phenological parameters: start (SOS), end (EOS), length (LOS) of the
growing season, booting stage (BS), and the NDVI value in the BS (BV). BV is the maximum NDVI
value within the growing season, “x” is the minimum NDVI value on the left side of BV and “b” is
the minimum value on the right side of BV. The black arrow indicates the retrieval of the BS date
from BV. “a1” denotes the difference between BV and x, while “a2” denotes the difference between
BV and b; these are the amplitudes used to retrieve SOS and EOS, respectively.

2.3.2. Trend Analysis

The Mann–Kendall (MK) statistical test was used in the present study for the trend
analyses. It is a nonparametric test used to identify trends in time-series data [66,67]. The
ability of this test to detect trends has been demonstrated in many studies on the dynamics
of vegetation phenology based on satellite observations [7,21,68]. In this study, the MK
test was used to detect whether there were statistically significant increasing or decreasing
trends in phenological parameters at the pixel scale. Under the null hypothesis of no trend
H0, the MK test statistic (S) was calculated as follows:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
xj − xi

)
(6)

where

sgn(x) =


1 i f x > 0
0 i f x = 0
−1 i f x < 0

(7)

For an upward trend, the S statistic is increased by +1, while it is decreased by −1 for
a downward trend. The S statistics remain unchanged for a zero difference. The statistical
parameter Z allows us to determine whether a trend is significant:

Z =


S−1√
var(S)

i f S > 0

0 i f S = 0
S+1√
var(S)

i f S < 0

(8)
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Throughout this study, a p value of 0.05 (95% confidence level) was used as the criterion
for determining the statistical significance of a trend. Thus, for an absolute value of Z
greater than 1.96, a significant trend is considered.

2.3.3. Correlation Analysis

Pearson’s correlation coefficients (R) were calculated at the pixel scale to analyze the
relationships among the main phenological parameters (e.g., the SOS, EOS and LOS). The
significance of the correlations was identified with p values at the 95% confidence level.

In addition, for the analysis of the influence of the hydroclimatic variables on the
SOS and EOS parameters, the mean SOS and EOS dates were previously calculated for all
the pixels of the study regions as well as for each season of the hydroclimatic variables.
Subsequently, R values were calculated between each hydroclimatic variable and the main
phenological parameters, SOS and EOS, with the statistical significance level set to p < 0.05.
This analysis was conducted during the season in which the SOS and EOS occurred, as
well as during the previous season. Therefore, for the SOS, the autumn season and summer
season of the previous agricultural year were considered, while for the EOS, the summer
and spring of the current agricultural year were considered.

3. Results
3.1. Phenological Dynamics over Decades

The initial analysis of the extracted parameters involved comparing the dates of the
phenological parameters, SOS, EOS, and BS, with the LOS and BV values between the first
and last decades of the study (Figure 4). Advanced dates predominated for the SOS, EOS,
and BS, while the LOS increased. CM stood out, with an advanced SOS in 64% of the pixels.
Regarding the EOS and LOS, the CL showed very pronounced advance and shortening,
with 88% and 78%, respectively, of negative pixels. For BS, the AT showed a delay in the
dates in 72% of the pixels. Conversely, for the BV, all regions showed an increase, with an
average increase of 88% of the pixels.
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Figure 4. Histograms of the distributions of the start (SOS), end (EOS), length (LOS) of the growing
season, booting stage (BS), and the NDVI value in the BS (BV) differences between the last (2013–2022)
and first (1982–1992) decades of the study period at the pixel scale in Castilla y León (CL), Castilla La
Mancha (CM), Alentejo (AT), Occitanie (OC) and Puglia (PG). Values equal to 0 are excluded from
the percentages (advance, red; delay, blue).
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Several authors reported changes in the phenological parameters from the 2000s
onward [25,26] and associated these with the Glob. warming hiatus [29]. In the study areas,
this slowdown in Glob. warming was also observed between the end of the 20th century
and the beginning of the 21st century, as shown in Figure 5.
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With the aim of studying the behavioral patterns before and after this climatic in-
flection, the study period was divided into two parts: the first period covered the first
two decades (1982–2002), and the second period covered the last two decades (2003–2022).
This approach, which involves dividing the period into two parts, namely, before and after
the slowdown in Glob. warming, has been used in other studies [2,24], although with a
shorter observation period and for all types of vegetation cover.

Figures 6–8 show that the decadal differences in both periods had inverse behaviors,
considering the predominant pattern of each phenological parameter, except for BV, which
increased in both periods. Thus, in the decadal differences of the first period, advances in
the SOS and EOS and an increase in the LOS were predominantly observed (Figures 6 and 7).
The SOS advanced in all regions except for CL, with PG standing out for its advancement
in 81% of the pixels, while for the EOS, CL showed an advancement in 75% of the pixels.
The length of the phenological cycle of the PG increased in 79% of the pixels. In contrast,
the differences in the decades of the second period showed delays in the SOS and EOS and
decreases in the LOS (Figures 6 and 7). The SOS experienced delays in all regions, with
the percentages of positive pixels ranging between 52% and 67%, while the LOS decreased
in all regions, with the percentages of negative pixels ranging between 56% and 64%. The
EOS predominantly experienced delays, with the PG region standing out with a delay for
68% of its pixels.

BS followed the same pattern that was observed for the SOS and EOS in each period
(Figure 8). During the first period, not only did the SOS and EOS advance, but they also
caused a change in the phenological cycle, thus advancing the BS. In all regions, the BS
advanced with an average of 76% of the pixels, except in the PG, where delayed pixels
predominated, with a negligible difference of 48% compared to 45% for advanced pixels.
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Figure 6. Spatial distribution of the differences in the start (SOS), end (EOS) and length (LOS) of the
growing season, between the two decades (1993–2002 minus 1982–1992) of the first period and of the
second period (2013–2022 minus 2003–2012), represented at the pixel scale in Castilla y León (CL),
Castilla La Mancha (CM), Alentejo (AT), Occitanie (OC) and Puglia (PG).
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Figure 7. Histograms of the distributions of the differences in the start (SOS), end (EOS) and length
(LOS) of the growing season between the second (1993–2002) and first (1982–1992) decade (Decade
2–1, brown) and between the fourth (2013–2022) and third (2003–2012) decade (Decade 4–3, blue),
represented at the pixel scale in in Castilla y León (CL), Castilla La Mancha (CM), Alentejo (AT),
Occitanie (OC) and Puglia (PG). Values equal to 0 are excluded from the percentages (advance, red;
delay, blue).
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Figure 8. Histograms of the distribution of the differences in the booting stage (BS) and the NDVI
value in the BS (BV) between the second (1993–2002) and first (1982–1992) decade (Decade 2–1, brown)
and between the fourth (2013–2022) and third (2003–2012) decade (Decade 4–3, blue), represented at
the pixel scale in Castilla y León (CL), Castilla La Mancha (CM), Alentejo (AT), Occitanie (OC) and
Puglia (PG). Values equal to 0 are excluded from the percentages (advance, red; delay, blue).

However, in the second period, the BS was mostly delayed, with CL occurring in 57%
of the delayed pixels. In contrast, the BV showed a consistent pattern in the same direction
in both periods, with average percentages of increasing pixels of 70% and 86% in the first
and second periods, respectively.

3.2. Temporal Patterns of Phenological Trends

The trends of the phenological parameters during the first and second periods are
shown in Table 1, and the values of the slopes of these trends are shown in Table 2.
Significant changes in the SOS, EOS, LOS and BS were observed in the two study periods,
with an inverse pattern between them. During the first period, the SOS, EOS and BS
dates tended to advance in all regions, with 76%, 65% and 75%, respectively, of the pixels
showing negative trends (Table 1). The average pixels across all regions with significant
trends toward advancing dates for the SOS, EOS, and BS represented nearly 55% of the
total pixels. The SOS presented an average advance of 7.5 days, with the AT and PG regions
experiencing the greatest advancements, exceeding 10 days (Table 2). The EOS presented an
average advance of 3.1 days, while the BS advanced by 7 days, with the OC and CL regions
showing the greatest advancements in both cases. In most regions, the LOS exhibited
increases, although the distribution was more heterogeneous, with the CL and OC regions
showing decreases due to greater advancements of the EOS than of the SOS. The average
increase in the LOS across all regions was 4.3 days, with an average increase in regions
with a higher percentage of positive pixels of 9 days and a mean decrease in CL and OC of
2.2 days. When contrasting regions with LOS increases and decreases, the increases in the
number of days were observed to be four times greater than the decreases.
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Table 1. Trends of the cereal phenological parameters, SOS, EOS, LOS, BS and BV, at the pixel scale
in CL, CM, AT, OC and PG and the averages of these parameters for the two study periods. The
data indicate the percentages of pixels with positive trends (P), negative trends (N), statistically
significant trends p < 0.05 (S), significant positive trends (SP) and significant negative trends (SN).
The highest percentages (above 50) for each parameter have been colored in red (negative trends)
and blue (positive trends).

Regions

1st Period (%) 2nd Period (%)

P N S SP SN P N S SP SN

SOS

CL 38 62 62 22 40 68 32 64 45 19
CM 26 73 67 13 54 66 33 65 44 21
AT 18 81 75 7 68 89 11 77 73 4
OC 21 79 70 13 57 75 25 81 64 17
PG 14 86 75 7 68 55 38 60 40 20

Average 23 76 69 12 57 71 28 69 53 16

EOS

CL 15 85 70 8 62 39 61 59 21 38
CM 45 54 54 25 30 53 46 62 34 28
AT 48 51 59 27 32 73 27 67 51 16
OC 32 68 80 22 58 58 41 63 40 22
PG 35 65 70 25 45 75 17 72 59 13

Average 35 65 66 21 45 60 38 65 41 23

LOS

CL 38 61 61 20 41 30 70 68 18 50
CM 66 34 55 41 14 39 60 62 23 39
AT 78 22 68 59 10 21 78 66 8 58
OC 44 55 64 27 37 32 68 62 15 47
PG 82 18 71 60 11 40 52 56 26 29

Average 62 38 64 41 23 32 66 63 18 45

BS

CL 7 93 80 4 77 67 33 73 51 22
CM 21 78 65 10 56 38 61 82 29 54
AT 27 73 63 8 55 84 15 73 67 6
OC 16 84 74 7 67 49 51 71 34 37
PG 49 49 56 22 34 57 35 61 39 22

Average 24 75 68 10 58 59 39 72 44 28

BV

CL 70 30 62 49 13 79 21 73 62 11
CM 58 42 62 41 21 84 16 83 73 11
AT 58 42 48 28 20 90 10 84 80 4
OC 98 2 96 94 1 92 8 93 87 6
PG 68 32 74 50 24 66 27 74 52 22

Average 70 30 68 52 16 82 17 81 71 11

In contrast, during the second period, there was a predominant trend toward delays
in the SOS, EOS, and BS dates across all regions, with 70%, 60%, and 59%, respectively,
of the pixels showing positive trends (Table 1). On average, nearly 43% of the pixels
across all regions exhibited significant trends toward delayed SOS, EOS, and BS dates. The
SOS presented an average delay of 7.5 days, with AT and OC being the regions with the
greatest advances, averaging 10.6 days (Table 2). The EOS presented an average advance
of 1.7 days, and the BS presented an average advance of 1.6 days, with AT experiencing
the most prolonged delay. The BS trend was more heterogeneous across all regions, as it
advanced in CM and OC, while in the remaining regions, it was delayed, which was similar
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to what occurred in CL with the EOS, which was the only region with a higher percentage
of positives. However, compared to the first period, the rate of advancement slowed, with
the average advancement of the BS decreasing from 8.8 days to 2.8 days in CM and OC
and from 6.6 days to 2 days in the EOS for CL. Considering all territories as a whole, the
LOS presented a decreasing trend in 66% of the pixels, 68% of which were significant, with
an average decrease of 6 days. BV increased in both periods, with a 47% difference in the
increase between the second and first periods (Table 2). Overall, clear inverse trends in the
phenological parameters were observed between the two periods, with a tendency toward
delayed SOS, EOS, and BS, along with a reduction in the LOS in the latter years.

Table 2. Slopes of the MK trends of the phenological parameters of SOS, EOS, LOS, BS and BV cereals
in CL, CM, AT, OC and PG and the average of these parameters for the two study periods. ∆%
indicates the percentage increase in the NDVI from the first period (1P) to the second period (2P).

Periods Regions
SOS EOS LOS BS BV

Days/Period NDVI/Period ∆% 2P-1P

1

CL −3.2 −6.6 −3.3 −13.0 0.009
CM −6.1 0.0 5.6 −6.9 0.005
AT −10.6 −1.1 9.5 −3.7 0.004
OC −5.9 −7.3 −1.1 −10.6 0.021
PG −11.4 −0.6 10.5 −1.0 0.005

Average −7.5 −3.1 4.3 −7.0 0.009

2

CL 6.5 −2.0 −8.7 4.7 0.015 40
CM 4.2 1.4 −3.3 −5.0 0.018 69
AT 11.8 3.3 −8.7 6.6 0.020 81
OC 9.4 2.9 −6.5 −0.6 0.020 −8
PG 5.5 2.8 −2.6 2.4 0.012 54

Average 7.5 1.7 −6.0 1.6 0.017 47

3.3. Relationships between the Phenological Parameters of Vegetation

The interrelationships among the main phenological parameters of cereals, namely,
the SOS, EOS and LOS, were analyzed (Table 3). The results showed that there were no
clear relationships between the SOS and EOS in either period since no marked patterns
were detected in any region. The percentage of positive correlations is slightly greater than
that of negative correlations, with an average percentage of significant positive correlations
in all regions of approximately 55% in both the first and second periods. The mean R
value in all regions was irrelevant, with values of 0.03 and 0.09 in the first and second
periods, respectively.

However, when the relationships of the SOS and EOS with the LOS were analyzed,
very marked patterns were observed in both periods. During the first period, there was an
inverse relationship between the SOS and LOS, with an average of 93% of pixels having a
negative correlation in all regions, 89% of which were significant, with an average R value
of −0.71. The AT and PG regions had inverse correlations for 100% of their pixels, with
100% and 95% of the correlations being significant and with average pixel R values of−0.96
and −0.87, respectively. This indicates that the SOS advances caused an increase in the
LOS, as shown in the previous section.

In the second period, relationships between the SOS and LOS were observed to be in
the same direction as those in the first period but were more pronounced (Table 3). Across
all regions, there were pixel percentages with inverse correlations between 92% and 99%,
of which an average of 94% were significant. The average R value for the study region was
−0.80. OC increased the number of pixels with a negative correlation by 16%, increased the
number of pixels with an inverse and significant correlation by 26%, and increased the R
value from −0.41 to −0.70. Although the relationship between the SOS and LOS remained
consistent in both periods, it was slightly more pronounced in the second period. Thus, the
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dynamics of the SOS inversely influenced the LOS, with a stronger relationship observed
in later years.

Table 3. Correlation coefficients between the phenological parameters, SOS, EOS and LOS, at the
pixel scale in CL, CM, CM, AT, OC, and PG and the averages of these parameters for the two study
periods. The data indicate the average R value in pixels (R), the percentage of pixels with a positive
correlation (P), a negative correlation (N), a statistical significance of p < 0.05 (S), a positive significant
correlation (SP) and a significant negative correlation (SN). The highest percentages (above 50) for
each parameter have been colored in red (negative trends) and blue (positive trends).

Regions

1st Period 2nd Period

P N S SP SN R P N S SP SN R

SOS—EOS

CL 57 41 52 32 20 0.09 55 45 50 28 23 0.05
CM 47 52 52 26 27 −0.02 55 44 56 33 23 0.08
AT 41 57 52 20 32 −0.09 68 32 53 43 10 0.24
OC 62 37 61 41 21 0.16 57 43 56 34 23 0.09
PG 46 52 52 24 28 −0.01 51 49 59 33 25 0.02

Average 51 48 54 28 26 0.03 57 43 55 34 21 0.09

SOS—LOS

CL 5 95 81 0 81 −0.67 2 98 92 0 91 −0.82
CM 7 92 82 3 79 −0.65 8 92 86 4 82 −0.70
AT 0 100 95 0 95 −0.87 2 98 96 0 95 −0.84
OC 22 77 65 7 57 −0.41 6 93 84 1 83 −0.70
PG 0 100 100 0 100 −0.96 1 99 99 0 99 −0.94

Average 7 93 85 2 83 −0.71 4 96 91 1 90 −0.80

EOS—LOS

CL 88 12 74 72 2 0.56 79 21 60 54 6 0.40
CM 90 9 78 77 1 0.64 83 17 67 62 5 0.49
AT 83 17 68 62 6 0.46 68 32 54 38 16 0.19
OC 93 7 86 84 2 0.71 83 17 67 62 5 0.50
PG 66 34 61 42 19 0.22 61 39 62 45 17 0.20

Average 84 16 73 67 6 0.52 75 25 62 52 10 0.36

The relationships between the EOS and LOS (Table 3) were direct in both study periods,
in contrast to the relationships between the SOS and LOS. In the first and second study
periods, the average percentages of pixels showing direct correlations were 84% and 75%,
respectively, of which 80% and 69%, respectively, were statistically significant. Across
all regions, there were slight decreases in the percentages of positively correlated pixels
from the first to the second period. The average R values were 0.52 and 0.36 in the first
and second periods, respectively. Although this relationship remained consistent in both
periods, it was slightly less pronounced in the second period. Consequently, the EOS
has become less decisive in affecting the LOS in recent years. Therefore, while the SOS is
becoming more determinant of the LOS, the EOS has the opposite influence. This suggests
that the SOS varied more significantly than the EOS, as observed in the trend analysis.

3.4. Influence of Hydroclimatic Variables on Phenological Parameters

The analysis of the potential controls of the hydroclimatic variables on the dynamics of
phenological parameters under Mediterranean conditions is shown in Table 4. During the
first period, a distinctive pattern of statistically significant inverse correlations was observed,
involving the relationships of the SOS and EOS with the Tmax, Tmin and VPD variables
of the previous summer and spring, respectively. Among these, the highest R values
correspond to the relationships of the SOS and EOS with Tmin and Tmax, respectively,
with R values of −0.71 in both cases. During the second period, a similar pattern was
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also observed for both phenological parameters, with significant direct correlations of the
autumn and summer Tmax values with the SOS and EOS dates, with R values of 0.53 and
0.45, respectively. Furthermore, during the spring of the first period, the EOS also showed a
significant direct correlation with SM, with R values of 0.50. Similarly, during the summer
of the first period, an inverse correlation between the EOS and Tmin was observed, with an
R value of −0.61.

Table 4. Correlation coefficients between the SOS, EOS and hydroclimatic variables during the current
phenological season and the previous season for the five study regions as a whole, considering the
first (1P) and second (2P) periods. p < 0.05 indicates statistical significance (*).

Variables

SOS EOS

Autumn Last Summer Summer Spring

1P 2P 1P 2P 1P 2P 1P 2P

P −0.10 −0.17 0.04 0.11 −0.16 0.08 0.09 0.06
Tmax 0.27 0.53 * −0.52 * 0.30 −0.37 0.45 * −0.71 * 0.26
Tmin 0.08 0.03 −0.71 * −0.14 −0.61 * 0.04 −0.58 * −0.04
VPD 0.36 0.40 −0.45 * 0.28 −0.26 0.41 −0.54 * 0.19
SM −0.17 −0.36 0.40 0.07 0.29 −0.04 0.50 * −0.15

Specifically, the energy variables and SM could have played a significant role in the
observed variations in the SOS and EOS during the first study period. However, in recent
decades, Tmax has emerged as the variable that exerts predominant control over the
dynamics of these key phenological parameters.

4. Discussion

The results revealed a clearly delineated pattern of reversal or slowdown of the
phenological parameters from the beginning of the 21st century. During the first period,
the SOS, EOS, and BS dates improved by averages of 7.5 days, 3.1 days, and 7 days,
respectively, while the LOS increased by 4.3 days. These results are consistent with those of
many previous investigations, such as Stockli and Vidale [22], which revealed a general
shift toward earlier and longer growing periods in Europe, which were approximately
5.4 days/decade and 9.6 days/decade, respectively, during the period from 1982 to 2001.
Piao et al. [23] reported that in China from 1982 to 1999, the SOS advanced at a rate of
7.9 days/decade, and the LOS increased by 10.16 days/decade. Furthermore, there is
extensive evidence that spring events such as BS occurred increasingly earlier in the studies
prior to the 2000s. For instance, Menzel et al. [69] reported an advance of 2.5 days/decade
in spring phenology in Europe from 1971–2000. A study carried out by Peñuelas et al. [70]
revealed that in the Mediterranean region, plants altered their cycles, with advances in
phenological phases of approximately 6 days during the period from 1952 to 2000.

However, during the first decades of the 21st century, changes in the trends of phe-
nological parameters were evident. In the present study, average delays of 7.5 days in the
SOS, 1.7 days in the EOS and 1.6 days in the BS were recorded, while the LOS decreased
by 6 days. Similar results were obtained by Touhami et al. [27], who detected an average
delay in the SOS of 7.8 days and a decrease in the LOS of 12.8 days from 2000 to 2017 in the
Mediterranean region of northeastern Tunisia. Additionally, several studies have reported
trends toward delayed EOS in recent decades [71,72]. Thus, Zhu et al. [73] reported a
delayed EOS of 1.6 days/decade in China. Zhang et al. [74] studied the phenology in the
Northern Hemisphere and observed EOS delays of 6.3 days/decade.

The present study found strong evidence that the BV tended to increase in both
periods, with average increases in the first period of 0.009 NDVI and 0.017 NDVI in the
second period. The observed increase in the second period was significantly greater than
that in the first period, being 47% greater. This finding is consistent with that obtained
in the study of Gao et al. [75], who also identified a trend toward greening during the
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1982–2020 growing season, with an average increase of 0.048 NDVI per decade. This trend
showed two distinct periods, one of gradual growth before 2006 and another of drastic
increase in the NDVI after 2006. De Jong et al. [76] reported a continuous increase in plant
activity in Europe. Several studies have shown that the increasing rate of CO2 fertilization
caused by increasing temperatures and CO2 levels are the main drivers of the observed
greening [77–79]. The Intergovernmental Panel on Climate Change (IPCC) 2023 report [80]
highlights that the greenhouse gas (GHG) emissions during 2010–2019 were higher than
those in any previous decade. In 2019, GHG emissions were 12% higher than those in 2010
and 54% higher than those in 1990, which explains the notable increase observed in the
second study period.

According to previous studies [81–83], an advanced SOS was associated with a longer
LOS in the first study period, and this association was slightly stronger in the second period,
when a delayed SOS was associated with a shorter LOS. Alternatively, it was observed that
an earlier EOS was associated with a shorter LOS in the first period, but this relationship
was also weaker in the second period, with a more delayed EOS associated with a longer
LOS. The relationships between the SOS and LOS were slightly stronger than those between
the EOS and LOS, suggesting that the SOS had a greater impact on the LOS than did the
EOS; moreover, this impact was slightly more pronounced in the second period than in the
first period. Additionally, a negligible relationship was found in the first period, although
it was slightly more prominent in the second period between the SOS and EOS, with a
positive relationship of 57% of pixels, of which 60% were significant. This finding suggests
that in the second period, later SOS in autumn are usually accompanied by later EOS in
summer, regardless of the summer conditions.

Changes in vegetation phenology are considered to be a consequence of adaptive
responses to climatic factors [84]. Particularly in rainfed agriculture, environmental con-
ditions determine the correct development of crops. A greater influence of the energetic
variables and SM was observed during the first period in the previous season on the SOS
and EOS. The discrepancy between the first and second periods coincides with the changes
observed in the trends of the phenological parameters. Stronger and more significant
associations were found between the first periods of the SOS and EOS in the previous
summer and spring, respectively, and Tmax, Tmin, VPD and SM. More specifically, in
the first period, the variables Tmax, Tmin and VPD of the previous summer were the
variables that most influenced the SOS with an inverse relationship. The same pattern
was observed for the EOS, except for SM aggregation, which had a direct relationship.
Thus, increases in Tmax, Tmin and VPD would lead to advances in the SOS and EOS,
while a decrease in SM would also advance the EOS. Several studies obtained similar
results [21,85], and others have confirmed these results since at the end of the 20th century
there were increases in VPD [86] and a warming of the Earth’s surface with significant
increases in temperature [87]. Furthermore, in the study by Almendra-Martín et al. [88], a
general decreasing trend in SM in Europe was observed. However, in the second period,
the pattern that was observed in the first period changed, and only the direct relationships
of Tmax in autumn and summer with the SOS and EOS, respectively, were significant.
Thus, an increase in Tmax would cause delays in the SOS and EOS. In agreement with
these results, del Río et al. [89] observed an increase in Tmax at a greater rate than in Tmin.

As previously observed, there is a disparity in the phenological patterns as well as in
the relationships among these patterns and climatic factors between the first and second
periods of this study, with the inflection point that occurred around the beginning of the
21st century. A reversal of the SOS, EOS, LOS and BV was observed after 2002. From the
late 20th century until approximately 2012, the Glob. surface temperature did not increase
as rapidly as predicted by Glob. climate models [90,91]. This slowdown in warming is
known as the Glob. warming hiatus. However, since approximately 2012, particularly
more intense warming has been observed [92,93]. In the Mediterranean region under study,
a reversal of the dynamics of the phenological parameters as well as a decrease in the
influence of climatic variables and SM on the phenology of cereals between the first and
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second periods of study was obtained. This phenomenon can be attributed to the Glob.
warming hiatus, which resulted in a pause in warming around the early 2000s, as observed
in most of the world [94]. Consequently, further studies in other regions are suggested to
evaluate the generalizability of these findings and to better understand the impact of the
Glob. warming hiatus on crop plant phenological trends.

5. Conclusions

The results obtained in this study reveal a clear distinction between the last decades of
the 20th century and the first decades of the 21st century. The trends in SOS, EOS, LOS and
BS experienced significant changes between these periods. In the first period, advances in
SOS, EOS and BS were observed, as well as an increase in LOS; in the second period, these
trends reversed, showing delays in SOS, EOS and BS and a decrease in LOS. However, BV
continued to show a steady increase in both study periods. Additionally, the SOS was more
decisive than the EOS in determining the lengthening of the LOS. A greater influence of
the energy climatic variables and SM was observed in the season prior to the SOS and EOS.
In addition, a decrease in the influence of the energetic and SM variables on the SOS and
EOS was detected throughout the study period. In the first period, the energetic variables
with an inverse relationship and SM with a direct relationship during the previous season
had a more significant impact on the progression of the SOS and EOS. However, in the
second period, only Tmax during the SOS and EOS emergence seasons showed a direct
relationship with their delays.

These findings, which are consistent with the timing of the Glob. warming hiatus,
reflect changes in the trends of phenological parameters around the beginning of the 21st
century. Furthermore, they highlight the suitability of using the NDVI obtained through
remote sensing to analyze the dynamics of cereal phenological parameters over time. These
results extend the understanding of the changes in cereal phenology in regions under
a Mediterranean climate and provide a valuable reference for understanding ecosystem
responses to climate change.

Continuous monitoring of phenological parameters using remote sensing is essential
for detecting long-term changes in vegetation and for better understanding the ecosystem
responses to climate change. These detected phenological changes are crucial because they
could impact food security, especially in regions susceptible to SM scarcity due to climate
change. However, it is recommended to explore the phenology of vegetation and crops
other than cereals, as well as in other areas under different environmental conditions, to
determine whether this trend is generalizable. This study demonstrated the importance
of understanding the phenological trends and their relationships with climate change
to develop adaptation strategies and strengthen the resilience of agricultural systems
to changing environmental conditions. These findings may be useful for agricultural
management practices, such as sowing planning, seed and crop selection and management,
as well as for developing strategies and strengthening the resilience of agricultural systems
to changing environmental conditions. Furthermore, these results provide a solid basis
for future research in this field, thus contributing to the advancement of knowledge and
management of agricultural systems in a constantly evolving context of climate change.
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