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ARTICLE INFO ABSTRACT

Keywords: Land cover and climate monitoring is a crucial task in agriculture, forestry, hazard management, and
Coherency ecosystems assessment. In this paper, normalized difference vegetation index (NDVI), land surface temperature
Ecoregion (LST), and land cover products by the moderate resolution imaging spectroradiometer (MODIS) as well as
tg?d cover precipitation were utilized to monitor the spatiotemporal dynamics of vegetation and climate along with their
LSWAVE correlation and coherency across Italy during 2000-2021. The analyses were performed on both pixel and
MODIS ecoregion levels via the least-squares wavelet software (LSWAVE). It was found that relatively more areas

NDVI in all ecoregions had positive NDVI gradients than negative for each month since 2000. It was estimated

Phase delay that the average NDVI has increased by ~0.07 since 2000 for all ecoregions. Except the southern ecoregion

Precipitation which showed an insignificant daytime cooling, other ecoregions have been warming by less than 0.05 °C/year

Trend since 2000. Furthermore, precipitation had an insignificant decreasing trend for almost all ecoregions over the
past two decades. The annual coherency between NDVI and LST was found much stronger than the annual
coherency between NDVI and precipitation. The annual cycles of NDVI and LST were out-of-phase for the
southern ecoregion while the annual cycle of precipitation led the one in NDVI by about one month for this
ecoregion, the only ecoregion showing the highest Pearson correlation (53%) and annual coherency (39%)
between NDVI and precipitation. For other ecoregions, the annual cycles of NDVI and LST were approximately
in-phase, i.e., less than a month phase delay.

climate data for over two decades. The MODIS normalized difference
vegetation index (NDVI) is a simple yet effective index that is sensitive

1. Introduction

Vegetation plays a vital role in keeping the climate stable through
transpiration and carbon cycle regulation, and it is an essential sub-
stance between the atmosphere, water, and soil (Zhang et al., 2017;
Ghorbanian et al., 2022). During photosynthesis, vegetation consumes
carbon dioxide which can slightly mitigate the effect of anthropogenic
carbon emissions, and it is a key component for attenuating climate
change in the future (Forzieri et al., 2022). Many factors can directly

to chlorophyll concentrations and widely applied to many research
areas, such as drought monitoring, climate change, agriculture, and
forestry (Touhami et al., 2022). Trend and change detection analyses
have been performed on MODIS NDVI in various studies. Ghorbanian
et al. (2022) estimated linear and non-linear trends for MODIS NDVI
time series (250 m) across Iran. Wang et al. (2019) performed several

or indirectly affect vegetation, such as climate change, anthropogenic
activities, wildfires, and landslides (Ghorbanian et al., 2022). For exam-
ple, the land surface temperature along with sunlight and soil moisture
can determine whether the land supports vegetation. On the other
hand, vegetations through evapotranspiration and shades can cool
down the land (Alexander, 2021; Shawky et al., 2023). Understanding
the interconnection between vegetation and climate is essential for
management strategies to maintain a sustainable environment in the
face of climate change (Tomlinson et al., 2011).

The moderate resolution imaging spectroradiometer (MODIS) is a
reliable sensor onboard Terra and Aqua satellites, providing Earth and
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regression analysis methods to investigate changes in MODIS NDVI time
series for Shiyang River Basin.

The MODIS land surface temperature (LST) and MODIS land cover
data have also been employed in conjunction with MODIS NDVI in sev-
eral studies. Neinavaz et al. (2020) employed artificial neural networks
to investigate the relationships between NDVI and LST for agriculture
and forest ecosystems. Abdulmana et al. (2021) performed trend analy-
sis and investigated the relationships between these datasets for Taiwan
from 2000 to 2020 via multivariate linear regression. They observed a
stronger correlation between NDVI and LST over vegetated lands than
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over built-up regions. Yan et al. (2020) processed MODIS monthly LST
data for 2002-2018 in North America and found that North America
was warming during this period by ~0.02 °C/year. Son et al. (2012)
utilized a decade of MODIS data to monitor agricultural drought in the
Lower Mekong Basin in Asia during dry seasons. Since cloud contamina-
tion removes many daily and 8-day pixels of the MODIS LST products,
they employed the monthly MODIS LST data and found it suitable for
agricultural drought monitoring. Song et al. (2021) analysed trends in
MODIS LST across China from 2003 to 2019 via linear and non-linear
regression models and showed that vegetation and air temperature
were the main influential factors of LST dynamics.

Global precipitation measurement (GPM) is an international satel-
lite mission operated by the National Aeronautics and Space Admin-
istration (NASA) which provides next generation precipitation obser-
vations globally (Huffman et al., 2017). The GPM satellite is an ad-
vanced successor to the Tropical Rainfall Measuring Mission (TRMM)
which has additional channels, namely, the dual-frequency precipita-
tion radar, and the GPM microwave imager, able to sense snow and
light rain (Skofronick-Jackson et al., 2017). The GPM data have been
used and assessed in many studies (Mahmoud et al., 2018; Shawky
et al., 2019). Herein, the monthly GPM level 3 data, recommended to
use for research, are utilized in addition to the MODIS products.

Not much scientific research has been published on the intercon-
nection between vegetation and climate in Italy. Sciortino et al. (2020)
estimated land productivity trends for Italy at 95% confidence level
utilizing 16 years of MODIS NDVI data (2000-2016). Sarvia et al.
(2021) explored the impact of climate change on vegetation phenology
in the Piemonte region in Italy via MODID-NDVI data at 250 m during
2001-2019. They demonstrated that forested regions and vineyards
without irrigation had more sensitivity to climate change than agri-
cultural lands with an intense management (e.g., applying fertilizers
and irrigation). Capodici et al. (2020) found a negative correlation
between 12-year long MODIS NDVI and LST time series for the Imera
Meridionale basin in Sicily, Italy. Negative correlations between NDVI
and LST were also reported for other regions (Deng et al., 2018; Lai
et al., 2020).

Linear regression is a simple and widely used method for inves-
tigating whether there is a significant trend in data (Song et al.,
2021). Pearson correlation coefficient (r) is a widely used statistical
metric showing the level of linear dependency between two vari-
ables (Lee Rodgers and Nicewander, 1988). However, in climate and
environmental studies, researchers often need to analyse time series
that contain seasonal cycles due to the tilted Earth’s spin axis and other
factors. Therefore, the traditional linear regression models are not rec-
ommended for estimating trends in such time series because the trend
results may be easily biased by seasonal fluctuations, particularly when
the time series are irregularly sampled or have missing values. The anti-
leakage least-squares spectral analysis (ALLSSA) is a robust method for
simultaneous estimation of harmonics and trend components in a time
series which may not be evenly sampled (Ghaderpour et al., 2021).

Time—frequency analysis methods, such as wavelet and cross-
wavelet analyses have been widely used for monitoring climate and
vegetation. Time-frequency decomposition of time series can show
how the inter- and intra-annual cycles of time series change over
time (Ghaderpour et al., 2018). For example, Lian et al. (2022) utilized
the cross-wavelet transform (XWT) and wavelet coherence (Torrence
and Compo, 1998) to investigate spatiotemporal impacts of climate on
vegetation in China using MODIS data from 2000 to 2020. Moreira
et al. (2019) estimated the coherency and phase difference between
vegetation and meteorological data for a southern part of Brazil and
observed strong annual coherency between vegetation and temperature
for all grassland types.

To study coherency and phase delay between wavelike components
in multiple time series whose measurement errors may be available and
possibly have different sampling rates, Ghaderpour et al. (2018) pro-
posed two methods, the least-squares cross-spectral analysis (LSCSA)
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and its extension, the least-squares cross-wavelet analysis (LSCWA).
Unlike XWT and wavelet coherence, LSCWA does not have the limi-
tation of evenly sampled time series whose time indices exactly match.
In addition, LSCWA can consider the observational uncertainties and
provide higher time—frequency resolution cross-spectrograms (Ghader-
pour et al., 2021). The ALLSSA, LSCSA, and LSCWA are the main
tools of the least-squares wavelet (LSWAVE) software, developed in
MATLAB and python (Ghaderpour and Pagiatakis, 2019; Ghaderpour,
2021). These tools have been used in many studies, such as trend,
time-frequency, and coherency analyses of climate, streamflow, and
vegetation (Ghaderpour et al., 2021; Dastour et al., 2022).

In this study, 16-day MODIS NDVI (250 m), monthly MODIS LST
(~5.5 km), and monthly GPM precipitation data (~11 km) during
2000-2021 for Italy were analysed at both pixel and ecoregion levels
via the LSWAVE software to estimate trends, coherency, and phase
delay. The main contributions of this work are:

(a) Illustrating monthly NDVI, LST, and precipitation change maps
of Italy and describing how the vegetation and climate have changed
across Italy on monthly scales since 2000.

(b) Estimating the season-trend components of NDVI, LST, and
precipitation at both pixel and ecoregion levels and showing their
coherency and phase delays using the LSWAVE software.

(c) Demonstrating the dynamics of annual land cover classes for
each ecoregion and discussing their interconnection with the dynamics
of NDVI and climate.

2. Materials and methods
2.1. Study area

Italy is heavily rich in biodiversity due to its wide range of biogeo-
graphic regions and climate and is an interesting region for studying
and assessing vegetation and climate dynamics. However, there is a
significant lack of knowledge between climate-induced vegetation and
land cover changes throughout Italy (Chelli et al., 2017). The ecolog-
ical regions or ecoregions have a relatively homogeneous ecological
condition in which the evaluations and comparisons of biodiversity
are meaningful within them (Painho et al., 1996). The digital map
of European ecological regions (DMEER) employed herein is provided
by European Environment Agency (2022). These ecoregions are delin-
eated based on several factors, such as climate, topography, soil, geob-
otanical European data, and the assessment and judgment of a large
team of experts from many European nature-related institutions and
the World Wide Fund for Nature (WWF). Fig. 1 shows the ecoregions
of Italy derived from DMEER and their topography. The background
elevation in meters above the mean sea level shown in Fig. 1b is from
the Shuttle Radar Topography Mission (SRTM) plus at ~30 m spatial
resolution provided by Jet Propulsion Laboratory (Farr et al., 2007).
Table 1 lists the names and areas of these ecoregions along with their
climates, where the annual average precipitation for each ecoregion
was estimated from the GPM observations during 2000-2021.

2.2. Datasets and pre-processing

The descriptions of data employed in this research can be found
in Table 2. Image pre-processing, including sub-setting and geographic
projection into the WGS84 (world geodetic system) coordinate system,
is performed through Google Earth Engine (GEE) and Geographic Infor-
mation System (GIS) platforms (QGIS). For Pearson correlation analysis
and generating monthly maps, monthly NDVI data were produced from
16-day data using a weighted method as demonstrated in Figure 5
in Didan and Munoz (2019). For each ecoregion, a specific weight was
assigned to each 16-day time series value which was the number of
good-quality pixels divided by the total number of pixels within that
ecoregion. Fig. 2 shows the weights associated with the ecoregion-
based NDVI time series, categorized into four classes. The number of
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Fig. 1. (a) A map of Europe showing Italy in green, (b) the ecoregion boundaries in Italy overlaid on DEM-SRTM (30 m spatial resolution), and (c) the ecoregions of Italy. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
The ecoregions of Italy and their areas and climates, see Fig. 1c.
Label Ecoregion’s name Area (km?) Annual average Annual average
temperature (°C) precipitation (mm)
Ecol Dinaric mountains mixed forests 765.36 10 + 7 1600 + 300
Eco2 Po basin mixed forests 42399.09 14 +9 1000 + 200
Eco3 Apennine deciduous montane forests 14600.95 10 + 8 900 + 200
Eco4 Alps conifer and mixed forests 52124.46 6 + 8 1100 + 200
Eco5 Illyrian deciduous forests 514.88 13 + 8 1400 + 300
Ecob6 Italian sclerophyllous and semi-deciduous forests 108094.68 15 + 8 800 + 200
Eco7 South Apennine mixed montane forests 8248.03 13 +7 800 + 300
Eco8 Tyrrhenian-Adriatic sclerophyllous and mixed forests 73973.85 17 + 8 700 + 200
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Fig. 2. Weight distributions of 16-day NDVI time series calculated for ecoregions of Italy.

observations whose weights fall in each class was counted to generate observations in the NDVI time series correspond to Eco4 have weights
the bar charts. It shows that Eco3 and Eco4 have more uncertainties due in the range of [0.5, 0.7) and [0.7, 0.9), respectively (see the grey bars
to clouds than other ecoregions, e.g., more than 20% and 40% of the in Fig. 2).
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Table 2

Datasets used in this study with their properties.
Data Date Temporal resolution Spatial resolution No. images Product name Digital object identifier (DOI)
NDVI 2000-2021 16-day 250 m 503 MOD13Q1 V6.1 10.5067/MODIS/MOD13Q1.061
LST 2000-2021 Monthly 0.05° x 0.05° 263 MOD11C3 V6.1 10.5067/MODIS/MOD11C3.061
Precipitation 2000-2021 Monthly 0.1° x0.1° 252 GPM V6 10.5067/GPM/IMERG/3B-MONTH/06
Land cover 2001-2020 Annually 500 m 20 MCD12Q1 V6 10.5067/MODIS/MCD12Q1.006
SRTM-plus 2000 February 2000 30 m 1 SRTMGLIN V3 10.5067/MEaSUREs/SRTM/SRTMGL1N.003
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Fig. 3. The workflow of this study. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

The monthly MODIS LST product consists of monthly cloud-free
daytime and nighttime LST since February 2000. The MOD11C3 Ver-
sion 6.1 is an improvement of former versions in that the LST is
estimated based on various calibration processes, adjustment of the
optical crosstalk in infrared bands, correction of the reflective solar
bands, and others (Wan, 2014). Herein, in addition to analysing day-
time and nighttime LST observations, the average of cloud-free daytime
and nighttime monthly observations was calculated for each pixel as a
proxy of overall monthly LSTs (Chen et al., 2017).

Monthly GPM level 3 data have been derived by inter-calibrating
and interpolating all precipitation microwave and infrared satellite
estimates, precipitation gauge analyses, and other precipitation esti-
mators at fine time and space scales (Adler et al., 2018; Kidd, 2018).
A rigorous precipitation gauge analysis, using global precipitation cli-
matology centre (GPCC) products, has been performed for calibrating
and correcting the biases from satellite precipitation estimates and to
provide reliable monthly precipitation data (Schneider et al., 2014;
Gehne et al., 2016). In this research, monthly merged satellite-gauge
precipitation estimates and their random errors have been employed
for correlation and coherency analyses. The period of record of monthly
GPM data is from June 2000 to June 2021.

The MODIS land cover type product (MCD12Q1) is derived from
a combination of Terra and Aqua MODIS data via a rigorous super-
vised classification scheme (Sulla-Menashe et al., 2019). MCD12Q1
has 11 classes: water bodies, grasslands, shrublands, broadleaf crop-
lands, grassy woodlands (sparse trees), evergreen broadleaf forests,

deciduous broadleaf forests, evergreen needleleaf forests, deciduous
needleleaf forests, non-vegetated lands, and urban. For more details
about these classes, see the user guide at https://doi.org/10.5067/
MODIS/MCD12Q1.006.

2.3. Methods

The methods described here are applied to NDVI and climate
datasets to produce four different sets of output as illustrated in
Fig. 3. To obtain output 1, the images were grouped into the calendar
months to generate monthly average and gradient maps using QGIS
during 2000-2021, respectively. To obtain output 2, NDVI was spatially
downsampled using a median approach to match the resolution of
LST for per-pixel Pearson correlation and LSCSA annual coherency and
phase delay analyses. Likewise, NDVI was spatially downsampled to
match the resolution of precipitation for the analyses (operation A
in Fig. 3). To obtain output 3, the ecoregion-based NDVI, LST, and
precipitation time series were generated along with their statistical
weights (see Fig. 2 and operation C in Fig. 3), also excluding water
bodies from the analysis using the land cover water class. The ALLSSA
was implemented to estimate season and trend simultaneously. The
LSCSA and LSCWA were also performed for estimating the coherency
and phase delay between cycles of the pairs of time series for each
ecoregion. For comparison, Person correlation coefficient was also
estimated for each pair of temporally aligned time series. To obtain
output 4, the annual MODIS land cover data were utilized, and linear
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regression was performed on each per-ecoregion per-class time series
to investigate changes in land cover classes for each ecoregion since
2001 and their linkage with NDVI and climate.

Pearson correlation coefficient r is in range [—1,1]. Values be-
tween 0 and 0.3 or 0 and —0.3 indicate a weak positive or weak
negative correlation. Values between 0.3 and 0.7 or —0.3 and —0.7
indicate a moderately positive or negative fuzzy linear dependency
while values between 0.7 and 1 or —0.7 and —1 show a strong positive
or negative linear dependency between variables (Ratner, 2009). To
estimate the correlation between multiple time series, the time series
data must be first aligned in time, e.g., both time series be sampled
monthly with no missing values (see operation B in Fig. 3). The
LSCSA first decomposes each time series into a common frequency
domain regardless of its time distribution. Then it calculates a least-
squares cross-spectrum (LSCS) by multiplying the time series spectra
which shows the coherent spectral peaks. The values of these peaks
are expressed in percentage variance, where values greater than 25%
indicate significant coherency between the estimated sinusoidal cy-
cles of the same frequency (Ghaderpour et al., 2018). The LSCWA
decomposes each time series into a time—frequency domain to obtain
a least-squares cross-wavelet spectrogram (LSCWS) which shows the
spectral peaks within localized time-frequency neighbourhoods. Like
LSCS, the spectral peaks in LSCWS are expressed in percentage vari-
ance, but they are interpreted locally in time rather than globally.
The Morlet wavelet with its default settings was used to calculate the
cross-spectrograms in the LSWAVE software, creating optimal time—
frequency resolution cross-spectrograms (Torrence and Compo, 1998;
Ghaderpour et al., 2021). Spectral peaks can be suppressed/removed
from LSCS or LSCWS to obtain a residual LSCS (RLSCS) or residual
LSCWS (RLSCWS), respectively. This process is done globally in LSCSA
but is done locally (segment-wise) in LSCWA. The stochastic surface
in the LSCWS also shows whether a peak is significant at a confidence
level (e.g., 99%). If the peak value is greater than the critical value,
i.e., the peak stands above the stochastic surface, then the peak is sta-
tistically significant. The phase delays are typically portrayed by white
arrows on the LSCWSs, following the principle of the trigonometric
circle, see Ghaderpour et al. (2021) and Dastour et al. (2022) for more
details.

3. Results

This section describes the results of analysing NDVI, LST, and pre-
cipitation data at both pixel and ecoregion levels. Lastly, the temporal
and spatial dynamics of annual land cover data are presented for the
sake of assessment and discussion. The ALLSSA results are shown for
daytime, diurnal (average of daytime and nighttime), and nighttime
LST. For brevity, the correlation and coherency results are illustrated
only for diurnal LST (simply LST) as the results for daytime and night-
time LST were very similar to diurnal LST. Note that the subsection
numbers here exactly refer to the output numbers shown in red in Fig. 3
to aid understanding.

3.1. Spatiotemporal maps of NDVI and climate across Italy

The monthly average geospatial maps of NDVI, LST, and precipi-
tation across Italy during 2000-2021 are illustrated in Figs. A.1-A.3,
respectively. Fig. A.1 shows that NDVI was relatively higher in summer
but lower in winter for northern Italy while this relation was opposite
for the southern Italy, including Sardinia. Fig. A.2 shows that Eco4
and Eco8 had relatively cooler and warmer months compared to other
ecoregions, respectively. Fig. A.3 also shows that Eco8 was the driest
ecoregion during summer.

The monthly gradient maps of NDVI, LST, and precipitation at 95%
confidence level for Italy are displayed in Figs. A.4-A.6, respectively.
These maps were generated by analysing per-pixel time series of sizes
less than or equal to 22, depending on cloud contamination. The overall
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gradient for each per-pixel time series was estimated by the linear
regression method. Only the statistically significant gradients at 95%
are demonstrated here. Fig. 4 shows the bar charts for percentage
counts of positive or negative NDVI gradients illustrated in Fig. A.4.
Each bar, corresponding to a month and an ecoregion, is obtained
by dividing the total number of pixels whose gradients were positive
(negative) in that month by the total number of pixels in that ecoregion.
From Fig. 4, one can observe that relatively much more areas have been
greening since 2000 for all ecoregions. Fig. A.5 also shows that May
has been cooling while September has been warming for some parts
of all ecoregions, particularly for Eco2. Furthermore, only four months
showed significant precipitation gradients, mostly in Eco6-Eco8 (see
Fig. A.6).

3.2. Correlation, coherency, and phase delay maps between NDVI and
climate

Fig. 5 shows the results of applying Pearson correlation and LSCSA
to the spatially aligned NDVI and LST and spatially aligned NDVI and
precipitation per-pixel time series. The LSCSA results are shown only
for the annual cycles in the per-pixel time series that were mainly
the most significant cycles in the time series. Comparing panel (b)
with panel (e), one can observe that the annual percentage variance
(coherency) for NDVI and LST was stronger (at least twice) than the an-
nual percentage variance for NDVI and precipitation. Panels (c) shows
the phase delay analysis between the annual cycles of NDVI and LST.
Likewise, panels (f) shows the phase delay analysis between the annual
cycles of NDVI and precipitation. Panel (a) shows that NDVI in most
of Eco8 was negatively correlated with LST, and panel (c) shows that
the annual cycles of NDVI and LST were almost out-of-phase for Eco8.
Most of Eco6 and Eco7 had relatively much weaker annual coherency
than the other ecoregions as can be seen in panel (b). The mountainous
ecoregions Eco3 and Eco4 had the most positive correlation and annual
coherency between NDVI and LST whose annual cycles were also
approximately in-phase. As for the relationship between NDVI and
precipitation, panels (d) and (e) show the lowest correlation and annual
coherency for Eco2 (insignificant) while the highest correlation and
annual coherency were for Eco8. Panel (f) shows that the annual cycle
of precipitation led the annual cycle of NDVI by about one month for
Eco8.

3.3. LSWAVE results of NDVI and climate for ecoregions

The 16-day NDVI and monthly LST and precipitation time series
for the ecoregions are illustrated in Figs. A.7-A.11 and Fig. 6. The
weights associated with the NDVI time series values were calculated
based on the number of cloud-contaminated pixels in each ecoregion as
demonstrated in Fig. 2. The weights for climate time series were also
estimated from the random errors associated with the climate pixels.
The simultaneous season-trend fit results using ALLSSA are listed in
Tables A.1-A.3. The harmonics at higher estimated frequencies have
lower amplitudes and omitting them do not significantly change the
gradients. From Table A.1, all ecoregions have been slightly greening
by 0.003 NDVI/year since 2000 with the highest annual amplitude
(~0.22) estimated for Ecol and Eco4. The ALLSSA estimated statisti-
cally significant annual, semi-annual, and four-monthly (3 cycles/year)
cycles for all ecoregions.

Table A.2 shows that all ecoregions have been warming at different
rates since 2000, except the daytime and diurnal LST for Eco7 and
Eco8. Eco2 had the most significant overall positive diurnal LST trend
among other Italian ecoregions (0.05 °C/year), where most of this
change occurred during July and September (cf., Fig. A.5). In ALLSSA
when the estimated error is greater than the magnitude of the estimated
gradient, the gradient is insignificant, i.e., the linear trend cannot be
used as predictor.
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Fig. 4. The bar charts showing the percentage counts of statistically significant positive and negative NDVI gradients at 95% shown in Fig. A.4 for the ecoregions.

Table A.3 shows that precipitation has been slightly declining since
2000 for Eco3, Eco6, and Eco7. No statistically significant semi-annual
cycle was estimated for Ecol, Eco4, and Eco5. Furthermore, Eco5 did
not have any statistically significant annual cycle. Eco7 and Eco8 had
the highest amplitude for the annual cycle (~36 mm).

For brevity, the LSCSA and LSCWA results are displayed for Eco8
in Fig. 6. The LSCSA and LSCWA results for other ecoregions are
illustrated in Figs. A.8-A.11, where they are categorized based on
climate and elevation of ecoregions to better aid comparison between
ecoregions. Furthermore, Pearson correlation and LSCSA results for
the ecoregion time series are summarized in Table 3. After the esti-
mations of cross-spectra and cross-spectrograms, the annual peaks at
1 cycle/year were found to be the most dominant peaks, and so in
the next step the annual peaks were removed from the cross-spectra
and cross-spectrograms to obtain RLSCSs and RLSCWSs. In the cross-
spectrograms, arrows pointing toward the positive and negative di-
rection of the time axis mean the estimated harmonics are in-phase
and out-of-phase, respectively. Arrows pointing toward the positive and
negative direction of the frequency axis indicate that the estimated cy-
cles in the NDVI time series lead and lag the ones in the LST time series
by a quarter cycle (90 degrees), respectively. Furthermore, the grey
surface is the stochastic surface at 99% confidence level (similarly for
NDVI and precipitation). All the LSCWSs for the ecoregions share the
same colour bar to aid visualization and comparison, similarly, unique
colour bars were chosen for the RLSCWSs and stochastic surfaces.

Fig. 6a shows that NDVI and LST have significant annual coherency
(~80%), see the horizontal coherent peaks at 1 cycle/year in the
LSCWS. The direction of arrows for the annual peaks indicates that the
annual cycles of NDVI and LST were out-of-phase since 2000, meaning
warming had a reverse effect on greening and vice versa (see the
white arrows displayed on the annual spectral peaks in LSCWS point-
ing toward the left). Fig. 6b also shows significant annual coherency
between NDVI and precipitation which is more pronounced between
2010 to 2015. However, the direction of arrows (toward bottom-right)
displayed on the LSCWS indicates that when the annual cycle of precip-
itation reached its maximum, about one month after the annual cycle
of NDVI reached its maximum, and the annual cycle of LST reached
its minimum about one month after the annual cycle of precipitation
reached its minimum. After removing the annual coherent peaks, the
RLSCWSs show seasonal cycles of NDVI and LST were coherent with
phase discrepancy. Their coherency is more pronounced in certain

periods. For example, semi-annual coherency of more than 30% was
estimated between NDVI and LST in 2008 and 2010 while their semi-
annual cycles were out-of-phase in these years, see the direction of the
arrows displayed on the significant coherent peaks at 2 cycles/year in
the RLSCWSs in Fig. 6a. Interestingly, in 2008 and 2010, the semi-
annual cycles of NDVI and precipitation were in-phase and significantly
coherent.

From the LSCWSs illustrated in Figs. A.8-A.11, one can observe that
the annual cycles of NDVI and LST for Ecol-Eco5 were significantly
coherent over time and almost in-phase which means annual warming
and greening occurred at almost the same time; however, the annual
cycles of NDVI led LST by a few weeks for Eco6 and Eco7 with relatively
much lower coherency (less than 40%). The annual cycles of NDVI
and precipitation were relatively much less coherent for Ecol-Eco7.
Table 3 summarizes the LSCSA results for the annual cycles of NDVI
and climate time series corresponding to each ecoregion. It can be seen
that the correlation (0.53) and annual coherency (39%) between NDVI
and precipitation are significant only for Eco8.

3.4. Temporal and spatial dynamics of land cover

The land cover maps for 2001, 2010, and 2020 are illustrated in
Fig. A.12. The annual time series of land cover types for each ecoregion
was obtained by counting the number of pixels for each land cover type
within the ecoregion and dividing it by the total number of pixels in
the ecoregion, Fig. A.13. The average of each time series, representing
the percentage amount of a land cover type in an ecoregion, is listed in
Table 4. In addition, linear regression was applied to estimate the slope
of each time series. The estimated slopes along with their standard
errors are also listed in Table 4, which show the amount of grasslands
has been significantly declining for all ecoregions except Eco4 while
the amount of grassy woodlands was increasing for all ecoregions at
95% confidence level.

4. Discussion

Table 3 showed that the annual cycles of LST led the ones in NDVI
by a few days for Eco3 and Eco4, likewise for Ecol and Eco5. The
seasonal cycles of LST also led the ones in NDVI. This is mainly due
to relatively cooler and wetter climate as well as their land cover
types. Deciduous broadleaf forests, grasslands, and grassy woodlands
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show how much the annual cycle of NDVI lead and lag the annual cycle of precipitation, respectively. Panels (b), (c), (e), and (f) are obtained by applying the LSCSA to per-pixel

time series.

Table 3

Statistical relations between NDVI and LST and between NDVI and precipitation time series for ecoregions of Italy using Pearson correlation analysis and LSCSA. Note that the
positive and negative values in the fourth column mean that the annual cycle of NDVI lags and leads the annual cycle of LST, respectively (likewise for the NDVI and precipitation

in the last column).

Ecoregions NDVI-LST NDVI-LST annual NDVI-LST annual NDVI-Precip NDVI-Precip annual NDVI-Precip annual
of Italy correlation r coherency (%) time delay (days) correlation r coherency (%) time delay (days)
Ecol 0.91 85 =5 0.04 6 17

Eco2 0.85 71 5 0.04 2 31

Eco3 0.88 78 -3 -0.26 8 159

Eco4 0.92 85 -4 0.21 12 -2

Eco5 0.86 80 -6 -0.01 2 51

Eco6 0.52 34 34 0.00 4 —-176

Eco7 0.62 37 16 -0.39 16 172

Eco8 —-0.86 75 173 0.53 39 =31

are the major land cover types in these ecoregions (Figs. A.12 and
A.13). Therefore, roughly speaking when the temperature reached its
annual maximum, a few days after NDVI became maximum, and NDVI
became minimum a few days after the annual temperature reached its
minimum. A similar NDVI response to climate (2-3 weeks phase delay)
was also reported for the Athabasca River Basin in Alberta Canada
which has a cold climate with similar land cover types (Dastour et al.,
2022). As illustrated in Fig. A.5, over 60% of Eco3 (Apennine deciduous

montane forests) has been cooling in May without any significant
changes in other months which may be explained by increasing the
amount of grassy woodlands (sparse trees) and forests, see Table 4.

From Fig. A.5, parts of Eco2 were significantly warming in June,
July, and September. Eco2 experienced overall warming of 0.05 °C
per year, see Table A.2, where grasslands were significantly decreasing
while grassy woodlands and urban were increasing during the past
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legend, the reader is referred to the web version of this article.)

two decades in this ecoregion, see Table 4. These natural or artifi-
cial land cover dynamics (e.g., due to fire, urbanization, industrial
activities) may explain the significant warming trend observed in this
ecoregion. Zullo et al. (2019) investigated the effect of urban growth
on LST in this ecoregion and found that in daytime and diurnal condi-
tions, LST has increased by ~1.36 °C and ~0.93 °C during 2001-2011,
respectively, which agrees with the findings of this research. Anniballe
et al. (2014) highlighted the potential influence of existing plants and
green areas in built-up areas in this ecoregion for reducing the urban
heat island. Warming, reduction of riverine vegetation, and urban and
agricultural pollutions seem to have a negative impact on the biodiver-
sity and ecosystem of the ecoregion, including fish species along the Po
River in recent years (Castaldelli et al., 2013).

As observed in Fig. 5b, most parts of Eco6 and Eco7 showed rela-
tively much lower annual coherency, particularly in Tuscany, meaning

that the annual temperature variation was less coherent with the annual
vegetation dynamic, see also Table 3. This behaviour may be explained
by climatic conditions, diversified growing cycles, and human-induced
factors, such as irrigation (Maselli et al., 2020). Due to relatively lower
annual precipitation in Eco8, as shown in Table 1, vegetation including
grasslands, grassy woodlands, and broadleaf croplands was more in
stress during hot and dry summers, which could explain why the annual
and seasonal cycles of NDVI and LST were out-of-phase in Eco8 (Piao
et al., 2014). The in-phase annual cycles of NDVI and precipitation,
demonstrated in Fig. 6, indicate the importance of precipitation for
cooling and greening in Eco8. Other potential contributing factors to
such NDVI dynamics could be albedo, surface resistance to evapotran-
spiration, and seasonal irrigation (Zhang et al., 2008). This vegetation
response to climate also conforms with Capodici et al. (2020) who
noticed a strong negative correlation between LST and NDVI for the
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The estimated averages and gradients for land cover types using linear regression. The first and second rows for each land cover type show the average
percentage area coverage and the estimated gradient (percentage per year) for the ecoregions of Italy during 2001-2020, respectively. The highlighted numbers
also show the most significant gradients for each land cover type. The land cover types ‘Water bodies’, ‘Shrublands’, and ‘Deciduous Needleleaf Forests’ are

not listed here because they were insignificant in all ecoregions.

Land cover type Ecol Eco2 Eco3 Eco4 Eco5 Ecob Eco7 Eco8
Grasslands 11.75 + 123 7171 + 217 2398 + 2.16 25.60 + 0.42 1111 + 1.27 3478 + 297 2872 + 2.14 4379 + 1.63
-0.19 + 0.02* =035 + 0.03* -0.34 = 0.03* 001 + 0.02 -0.16 + 0.03* -048 + 0.04* -035 + 0.02* -0.26 + 0.02*
Broadleaf 0.08 + 0.03 6.72 + 0.60 0.02 + 0.01 1.38 + 0.11 1221 + 051 598 + 043 081 + 0.10 1270 + 0.54
Croplands 0.00 + 0.00 0.08 + 0.01* 0.00 + 0.00* -0.01 + 0.00* =0.08 = 0.01* =0.05 £ 0.01* 0.00 + 0.00 0.00 + 0.02
Grassy 17.19 + 2.16 725 + 1.62 41.34 + 1.58 2947 + 094 31.09 + 3.82 4242 + 274 42.17 + 1.00 27.62 + 1.11
Woodlands 0.35 + 0.02¢ 0.26 + 0.02* 0.25 + 0.02* 0.08 + 0.03* 0.55 + 0.08* 045 + 0.02* 0.16 + 0.02* 0.15 + 0.03*
Evergreen 0.00 + 0.00 0.00 + 0.00 0.12 + 0.01 0.00 = 0.00 0.04 + 0.03 1.82 + 0.04 1.21 + 0.07 334 + 034
Broadleaf 0.00 + 0.00 0.00 + 0.00 0.00 + 0.00* 0.00 + 0.00 0.00 + 0.00% 0.00 + 0.00 0.01 + 0.00* 0.04 + 0.01*
Deciduous 66.36 + 1.21 1.57 + 0.07 3370 £ 1.20 21.40 + 0.99 2258 + 2.23 996 + 0.54 21.10 + 0.76 1.61 + 0.12
Broadleaf -0.20 + 0.01* -0.01 + 0.00* 0.08 + 0.04 -0.07 + 0.04* -031 + 0.05* 0.06 + 0.02* 0.11 + 0.01* 0.0l + 0.00%
Evergreen 323 + 0.24 0.08 + 0.01 0.66 + 0.09 13.99 + 025 0.62 + 0.07 1.36 + 0.13 4.28 + 0.52 475 + 0.54
Needleleaf 0.03 + 0.01* 0.00 + 0.00* 0.01 + 0.00* 0.01 + 0.01 0.00 + 0.00 0.02 + 0.00* 0.09 + 0.00* 0.06 + 0.02*
Non- 0.51 = 0.07 0.0l + 0.00 0.01 + 0.01 3.54 + 0.15 0.48 + 0.00 0.0l + 0.00 1.03 + 0.03 0.06 + 0.01
Vegetated 0.00 + 0.00 0.00 + 0.00* 0.00 + 0.00* =0.02 + 0.00© 0.00 + 0.00* 0.00 + 0.00* 0.00 + 0.00* 0.00 + 0.00*
Urban 0.88 + 0.00 1142 + 0.10 0.13 + 0.00 349 + 0.01 19.55 + 0.02 3.15 + 0.01 043 + 0.00 5.68 + 0.02
0.00 + 0.00* 0.02 + 0.00* 0.00 + 0.00* 0.00 + 0.00* 0.00 + 0.00* 0.00 + 0.00* 0.00 = 0.00 0.00 + 0.00*

*Symbol means that the estimated gradient is statistically significant at 95% confidence level.

Imera Meridionale basin in Sicily, a part of Eco8. It also agrees with
the findings of Lai et al. (2020) who pointed out that NDVI and LST
were negatively correlated in Sardinia, noting that almost half of the
regional land in Sardinia is agricultural land (e.g., broadleaf cropland)
where vegetation growth is strongly depended on precipitation. From
Table 4, a slight increase in broadleaf and needleleaf forests in Eco7
and Eco8 was likely a contributing factor to daytime cooling of these
ecoregions, though not significant (see Table A.2).

Fig. 4 showed that relatively larger parts of ecoregions have been
greening in each month since 2000. The LSWAVE results in Table
A.1 also showed that all ecoregions have been greening by 0.03 per
decade. On the other hand, Table 4 and Fig. A.13 showed that within
each ecoregion (excluding Eco4), most grasslands dominated by herba-
ceous annuals have been replacing by grassy woodlands and/or forests.
Anthropogenic activities have had a significant influence on forest
distribution in Apennine regions, i.e., abandonment of rural, traditional
farming or grazing activities have resulted in forest expansion (Vacchi-
ano et al., 2017). Afforestation has been occurring over the past few
decades across Italy, especially on the Alps and Apennines ranges (Cav-
alli et al., 2022). The trend results for MODIS land cover types shown
in Table 4 were also in agreement with the dynamics of the Italian
land use inventory (IUTI) classes over the past two decades (Sallustio
et al., 2016). Therefore, the gradual increase in forest coverage may
explain the positive NDVI gradients in these ecoregions over the past
two decades. Despite the moderate resolution of MODIS imagery, un-
controlled vegetation growth can still be monitored through vegetation
indices which can help in detecting and managing areas that are
susceptible to destruction due to fires and their consequences, such as
floods and landslides.

The RLSCWSs in Figs. A.8-A.11 and Fig. 6 showed that semi-annual
cycles (2 cycles/year) of NDVI and LST were more coherent for Eco6,
Eco7, and Eco8 than other ecoregions (more than 6% coherency),
particularly in 2008 and 2010, but they were mostly out-of-phase,
meaning that warming resulted in lowering NDVI and cooling resulted
in increasing NDVI. Interestingly, the semi-annual cycles of the NDVI
and precipitations were almost in-phase for Eco6, Eco7, and Eco8. The
coherent peaks at 3 cycles/year with approximately 90 degrees or one-
month phase delay were also detected for Ecol, Eco3, Eco4, and Eco5
which were more significant in 2015. Note that RLSCSs illustrated on
the left sides of RLSCWSs do not show how these seasonal cycles are
coherent over time.

While the analyses presented here carefully considered the obser-
vational uncertainties provided by the quality assurance bands in the

MODIS products, it should be noted that still there exist issues in the
MODIS products and cloud detection algorithms utilized by scientists
and programmers to produce quality assurance bands (Stillinger et al.,
2019; Qiu et al., 2020). Therefore, the results presented here should
be interpreted with caution, particularly for the mountainous regions
Eco3 and Eco4 which have high observational uncertainties, see Figs. 1
and 2. In addition to climate change, anthropogenic activities, such
as deforestation, urbanization, industrial activities, and human-caused
fires are also key factors affecting vegetation change. Investigating the
impact of such activities on vegetation change is also very important
and is subject to future research.

5. Conclusions

In this research, the advanced techniques in the LSWAVE software
for frequency and time-frequency analyses of unequally sampled data
were presented and applied to MODIS and GPM data since 2000 for
Italy. Gradual changes in NDVI, LST, and precipitation were investi-
gated for each calendar month at pixel levels. The ALLSSA season-trend
fit model was also utilized to simultaneously estimate trends and har-
monics of NDVI, LST (daytime, diurnal, nighttime), and precipitation
time series for each ecoregion in Italy. Pearson correlation and LSCSA
were applied to spatially aligned NDVI and climate data across Italy,
and their results were compared. Pearson correlation method, LSCSA,
and LSCWA were also applied to NDVI, LST, and precipitation time
series for each ecoregion in Italy. While Pearson correlation method
required the time series to be first aggregated and aligned in time,
the LSCSA and LSCWA did not need such pre-processing and were
directly applied to the time series with their original temporal reso-
lutions. Unlike Pearson correlation, LSCSA and LSCWA estimated how
the periodic/aperiodic components are coherent and how much they
lead/lag. The LSWAVE tools considered the statistical weights for the
time series values to estimate more accurately the trends and harmonic
components of the time series. In addition, trends between MODIS land
cover types were estimated for each Italian ecoregion to discuss their
interconnections with NDVI and climate dynamics. Some of the main
results of this research are summarized below.

It was found that Po Basin mixed forest (Eco2), one of the most
industrialized ecoregions in Italy and Europe, has been warming by
0.5 °C/decade particularly in July and September while no significant
temperature gradients were estimated for the southern ecoregions Eco7
and Eco8. All ecoregions exhibited a significant coherency between
annual cycles of NDVI and LST, with less than 40% for Eco6 and Eco7
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and more than 70% for other ecoregions. The annual and semi-annual
cycles of NDVI and LST were out-of-phase for Eco8, i.e., temperature
and vegetation cycles lagged or led each other by about 180 degrees,
while Ecol-Eco5 had approximately in-phase coherent annual cycles.
Furthermore, the highest and the lowest annual coherencies between
NDVI and precipitation were observed for Eco2 (2%) and Eco8 (39%),
respectively. The correlation and coherency between NDVI and LST was
generally much higher than the ones between NDVI and precipitation
for all ecoregions. Relatively, more areas in all ecoregions showed
statistically significant positive NDVI gradients for each month since
2000 which could potentially be due to afforestation/forest expan-
sion in recent decades. It was shown that the forested regions with
higher altitudes had positive correlation with almost in-phase annual
coherency between NDVI and precipitation while vegetation in the
warmest ecoregion (Eco8) was positively correlated with precipitation
but negatively correlated with LST.

Gradual warming and declining annual precipitation in Italy, likely
to continue by mid-century, may potentially increase the frequency of
heavy precipitation events that can cause thread to electricity networks
in flood-prone areas, increase flood risk and rainfall-induced landslides,
and others. On the other hand, increased woodlands and climate change
can increase the frequency of wildfire events and possibly post-fire
mudslides. Gradual warming also affects energy demand by increasing
cooling degree days during the summer. Therefore, developments of na-
tional climate change adaptation strategies as well as land and hazard
management strategies become a crucial task. The findings of this study
can be considered as a guide for agronomists, hazard management
personnel, politicians, and stakeholders, and it can also be used for
improving the ecological region boundaries in Italy and around the
globe.
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