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Abstract: Understanding vegetation seasonality and its driving mechanisms improves decision-
making in the management of ecological systems in a warming global climate. Using multiple
statistical methods (i.e., trend analysis, abrupt changes, and partial correlation analysis), this study
analyzed the spatiotemporal variations in the Normalized Difference Vegetation Index (NDVI) in the
Equatorial Africa (EQA) region and their responses to climate factors from 1982 to 2021. The NDVI
values declined at a rate of 0.00023 year−1, while the precipitation (P) and mean temperature (TMEAN)
values increased at rates of 0.22 mm year−1 and 0.22 ◦C year−1, respectively. The mean minimum
temperature (TMIN) had a higher rate of 0.2 ◦C year−1 than the mean maximum temperature (TMAX)
at 0.02 ◦C year−1. An abrupt change analysis showed that the TMAX, P, and NDVI breakpoints
occurred in 2000, 2002, and 2009, respectively; TMEAN and TMIN breakpoints occurred in 2001.
The NDVI trends declined in forest and cropland areas but increased in shrubland and grassland
areas. The summer NDVI trends declined for all vegetation types and were reversed in the winter
season. The NDVI positively correlated with the P (r = 0.50) and TMEAN (r = 0.60). All seasonal
analyses varied across four seasons. A temporal analysis was conducted using partial correlation
analysis (PCR), and the results revealed that TMIN had a greater impact on the NDVI (PCR = −0.45),
followed by the TMAX (PCR = 0.31) and then the P (PCR = −0.19). The annual trend showed that
areas with significant greening were consistent with stronger wetter and weaker warming trends.
Both precipitation and temperature showed a positive relationship with vegetation in semi-arid and
arid regions but a negative relationship with humid regions. Our findings improve our insight into
scientific knowledge on ecological conservation.

Keywords: NDVI; vegetation dynamics; climate change; precipitation; temperature; Equatorial Africa

1. Introduction

Terrestrial vegetation is a dominant component of terrestrial ecosystems on Earth. Veg-
etation is an intermediary in the biosphere that influences energy–water–carbon cycles [1,2].
Therefore, monitoring and tracking vegetation dynamics are essential practices in the man-
agement of multiple sectors of ecological systems in a warming global climate [3,4]. Recent
observation and climate modeling studies have indicated that global warming significantly
influences climate patterns and vegetation dynamics [5,6]. For example, changes in the

Forests 2024, 15, 1129. https://doi.org/10.3390/f15071129 https://www.mdpi.com/journal/forests

https://doi.org/10.3390/f15071129
https://doi.org/10.3390/f15071129
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/forests
https://www.mdpi.com
https://orcid.org/0000-0001-6636-9554
https://orcid.org/0000-0002-0342-7929
https://orcid.org/0000-0001-6938-8734
https://orcid.org/0000-0002-0560-7050
https://orcid.org/0000-0003-3501-9783
https://orcid.org/0000-0001-8959-3428
https://doi.org/10.3390/f15071129
https://www.mdpi.com/journal/forests
https://www.mdpi.com/article/10.3390/f15071129?type=check_update&version=2


Forests 2024, 15, 1129 2 of 23

hydrological cycle affect soil moisture and vegetation growth. Vegetation, in turn, impacts
the climate by altering energy and biogeochemical cycles [7,8]. According to the sixth
assessment report of the Intergovernmental Panel on Climate Change (IPCC AR6), global
warming is impacting our ecosystems, and these changes are mainly due to natural and
anthropogenic causes [7]. The impacts on ecosystems in a given region affect communities
whose livelihoods are directly tied to local ecosystems. However, the factors that explain
global ecosystem changes vary across space and time [9]. For example, it is well known that
intense social pressures on certain global land areas can suppress or promote major ecosys-
tem richness [4]. Typical empirical evidence includes land degradation in the Amazon
and Congo rainforests [10,11] and restoration programs (e.g., in China and India [12,13]
and greening in the Sahel region [14,15]). Thus, the study of vegetation dynamics (i.e.,
patterns, seasonality, and relationships) has gained substantial attention in climate change
studies [3,4].

With advances in observational remote sensing, it has become more convenient to dis-
entangle the issue of climate impacts on greening. Remote sensing (RS) data offer scalable
multi-temporal and multi-spatial analysis solutions. Many RS products are being devel-
oped to measure vegetation health, plant phenology, productivity, etc. [16–18]. The NDVI
(Normalized Difference Vegetation Index) is a commonly used index based on the ratio
of red (R) to near-infrared (NIR) reflectance (i.e., NDVI = (NIR − R)/(NIR + R)) [19]. The
NDVI is primarily used to determine the health and density of vegetation. This indicator
measures vegetated and non-vegetated terrain within the range of +1 and −1, where high
NDVI values (near +1) indicate dense green vegetation and low values indicate moisture-
stressed vegetation [20]. Multiple NDVI datasets are available for global and regional
studies [17]. The Global Inventory Modeling and Mapping Studies of the National Oceanic
and Atmospheric Administration/Advanced Very High-Resolution Radiometer Normal-
ized Difference Vegetation Index third generation (GIMMS NOAA/AVHRR NDVI3g)
dataset has been widely used to study vegetation greening since the 1980s. Over the past
three decades, the GIMMS NOAA/AVHRR NDVI3g dataset has significantly improved
our understanding of intra- and inter-annual variations in vegetation activity from regional
to global scales [21,22]. Most of these studies have reported large patterns and trends in
the magnitude and timing of vegetation activity in the Northern Hemisphere (NH) [23–25].
Additionally, increasing (“greening”) or decreasing (“browning”) vegetation trends have
been documented over multiple timescales [26]. The trajectories of these vegetation trends
have been reported to be gradual or abrupt for global and regional studies [27]. Vegetation
greenness in relation to trends in climate has been investigated at different spatial (i.e.,
global, regional, and watershed) and temporal scales [28].

Climate drivers, such as precipitation and temperature, generally influence vegetation
growth. Precipitation and temperature are the two most widely used climate variables in
different regions [29]. Despite these numerous studies, the relationship between precipi-
tation or temperature and vegetation dynamics across different climate zones at different
timescales is still complex [29,30]. Most of these studies used statistical models to analyze
the effect of water and heat conditions on vegetation. Recently, parametric methods have
been reported to be unreliable; however, non-parametric methods such as Sen Slope and
Mann–Kendall tests are widely used due to their reliability. These methods can be used
to determine changes in vegetation dynamics. Some studies used partial correlation and
cross-correlational analysis to quantify vegetation-driving factors. The partial correlation
analysis is intended to explain the relationships between vegetation growth and the driving
factors [31]. In addition, transient disturbances in the time series could be determined
during changes in vegetation [29], and the Pettitt test is preferred to detect breakpoints or
abrupt changes in vegetation and climate time series in many different regions [29,30].

The Equatorial Africa (EQA) region is located in the tropics, which are geographical
zones that regulate hydrological and carbon cycles [32]. Previous studies on vegetation
dynamics have been conducted in the Horn of Africa [33] and sub-Saharan Africa [34–37].
Moreover, recent studies have observed frequent changes in land use and land cover
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(LULC) across sub-Saharan Africa. Thus, the effects of vegetation dynamics caused by
climatic and non-climatic factors make this tropical region a hot spot for land–atmosphere
interactions [32,38,39] and, by extension, a test bed for investigation [40]. Moreover, warm-
ing at night has been reported to be faster than that during the day in certain global lands
(e.g., West Africa and Europe) [41]. However, our insight into vegetation responses to
the influences of climate and LUCL remains unclear due to confounding factors, such as
trends in minimum and maximum temperatures and land use changes. Therefore, it is
essential to strengthen research to understand vegetation dynamics in a warming global
climate. This study used the GIMMS NOAA/AVHRR NDVI dataset and precipitation and
air surface temperatures (minimum and maximum) from the CRU (Climate Research Units)
and AVHRR global LULC datasets, respectively. The objectives of this study are as follows:

(1) To investigate the spatiotemporal trends in vegetation and climate variables;
(2) To analyze the main climatic drivers of vegetation variability in the EQA region. All

the analyses were conducted in the EQA region from 1982 to 2021.

To the best of our knowledge, further studies on the inter-relationship of vegetation
and climate in the region have been recommended to include the effect of minimum and
maximum temperatures on vegetation dynamics based on the updated NDVI.

2. Materials and Methods
2.1. Study Area

The study area is Equatorial Africa (EQA), which is a region in the tropical African
continent with a geographical location of 18◦ W–55◦ E longitude and 2◦ N–20◦ N latitude.
The tropical monsoon climate strongly influences EQA [22,42]. The West African mon-
soon [22] on the western side and the East African monsoon [42] on the eastern side are
prevalent in the region. The average annual precipitation (P) is about 62.76 mm and varies
depending on the seasons (summer = 115.48 mm, autumn = 73.01 mm, winter = 9.12 mm,
and spring = 53.35 mm). The annual average temperature (TMEAN) is about 26.75 ◦C and
varies depending on the seasons (summer = 27.75 ◦C, autumn = 26.59 ◦C, winter = 24.12 ◦C,
and spring = 28.55 ◦C). The EQA climate system has a distinct wet and dry season [43]. The
seasonal climatology values that were computed by the authors, based on the CRU dataset
for the period 1982–2021 [44] and averaged over longitude 18◦ W–55◦ E and latitude 2◦

N–20◦ N, showed that the wettest season was summer and the driest season was winter;
the warmest season was spring, and the coolest season was winter. The elevation ranges
from 500 to 2000 m above mean sea level [45]. The highest elevations are found in the
Ethiopian, Kenyan, and Cameroon highlands (Figure 1c). The ten (10) predominant land
cover classification types [46] found in EQA are presented in Figure 1a.
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Figure 1. The location of the study area. (a) Study area with subregions: (1) Sahara Desert [21◦–37◦ N],
(2) Sahel [12◦ N–20◦ N, 18◦ W–18◦ E], (3) Savanna [8◦ N–12◦ N, 18◦ W–18◦ E], (4) Guinea Coast [4–8◦ N,
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18◦ W–18◦ E], (5) Congo Basin [2◦–4◦ N, 18◦–25◦ E], (6) Sudano belt [12◦ N–20◦ N, 18◦–25◦ E],
(7) Arabian Peninsula (ARP) [12◦–20◦ N, 25◦–52◦ E], and (8) Horn of Africa (HOA) [8◦–20◦ N,
25◦–52◦ E]. (b) AVHRR land cover map: ENF—evergreen needleleaf forest (0.00%), EBF—evergreen
broadleaf forest (3.89%), DNF—deciduous needleleaf forest (0.00%), DBF—deciduous broadleaf
forest (0.13%), MF—mixed forest (0.00%), WL—woodland (7.68%), WGL—woodland grassland
(20.20%), CSL—closed shrubland (5.52%), OSL—open Shrubland (9.80%), GL—grassland (4.38%),
CL—cropland (3.67%), UBU—urban and built-up, BG—barren or sparsely vegetated (27.60%), and
water (17.11%). (c) Elevation.

2.2. Data Sources
2.2.1. NDVI

The data used in this study include the Global Inventory Modeling and Mapping
Studies (GIMMS) of the National Oceanic and Atmospheric Administration/Advanced
Very High-Resolution Radiometer (AVHRR) Normalized Difference Vegetation Index third
generation (NDVI3g) (i.e., GIMMS AVHRR NDVI3g) dataset, which includes precipitation,
temperature, digital elevation model (DEM), and a land cover map. The GIMMS AVHRR
NDVI3g data with a spatial resolution of 8 km and a temporal interval of 15-day composit-
ing periods were obtained from the NASA website (https://daac.ornl.gov/VEGETATION/
guides/Global_Veg_Greeness_GIMMS_3G.html, accessed on 10 May 2023). The National
Oceanic and Atmospheric Administration/Advanced Very High-Resolution Radiometer
Normalized Difference Vegetation Index third generation plus (AVHRR NDVI3g+) dataset
covers January 1981 to December 2022 [18,19]. The AVHRR NDVI3g data acquisition
process, which includes using various sensor platforms, advanced algorithms for pre-
processing, and quality assurance procedures for atmospheric and radiometric correction,
has been described in detail in previous studies [18,47]. The Africa region mask was defined
to isolate the NDVI region from a gridded global dataset. To convert the bimonthly NDVI
to the monthly NDVI, the maximum-value composite (MVC) method proposed by Holben
et al. [48] was used. The NDVI grid values range from +1 to −1 and are computed as the
ratio of (NIR − R)/(NIR + R) pixels, where NIR is the near-infrared wavelength and R is the
red wavelength [18]. Positive NDVI values close to +1 indicate the presence of dense green
foliage, while negative NDVI values near −1 indicate the presence of water bodies [49].
We removed negative and zero NDVI grid values that indicated non-vegetated surfaces
and water bodies. The pixel grids were set to a monthly mean NDVI value of <0.1 over
39 years [19,50].

2.2.2. Climate Datasets (Precipitation and Temperature)

The Climatic Research Unit (CRU) data were used in this study to compute spatial
variation, trends, and correlation between climate and vegetation. The CRU data consist of
monthly spans from 1901 to the present with a resolution of 0.5◦ × 0.5◦. The Climatic Re-
search Unit (CRU) dataset was downloaded from the website (http://www.cru.uea.ac.uk,
accessed on 10 May 2023). Gridded product data processing and validation were reported
by Harris et al. [44]. In addition, the gridded data have been extensively used as they were
obtained from over 4000 weather stations and interpolated based on spatial autocorrelation
functions [51,52]. The temperature data comprise the monthly mean minimum tempera-
ture (TMIN) and the monthly mean maximum temperature (TMAX). The monthly mean
temperature (TMEAN) was computed from the TMIN and TMAX, and the study period
covered 1982–2021.

2.2.3. Land Use Land Cover

The spatial distribution of land use land cover (LULC) was obtained from the Univer-
sity of Maryland’s Department of Geography through the website https://glad.umd.edu/
(accessed on 10 May 2023) with a spatial resolution of 1 km [46]. Out of the 14 separate
land cover types, 10 were regrouped into four predominant land cover classes, including

https://daac.ornl.gov/VEGETATION/guides/Global_Veg_Greeness_GIMMS_3G.html
https://daac.ornl.gov/VEGETATION/guides/Global_Veg_Greeness_GIMMS_3G.html
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Forests 2024, 15, 1129 5 of 23

forest, grass, crop, and shrub, which were extracted for further analysis, and non-vegetated
cover areas were excluded for consideration in the computation.

2.3. Methods

In this study, we applied various statistical approaches for data analyses.

2.3.1. Data Processing

All data were initially loaded, averaged, and selected from January 1982 to December
2021, and the climatology was calculated by averaging the data from 1982 to 2021 at
different time scales. The seasonal scales were defined as a combined monthly average as
follows: spring (i.e., March–April–May, MAM), summer (June–July–August, JJA), autumn
(September–October–November, SON), and winter (December–January–February, DJF). All
datasets were resampled to a spatial resolution of 0.5◦ × 0.5◦ using the bilinear interpolation
method to match CRU dataset resolution. Figure 2 shows the methodological flow chart of
the work.
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2.3.2. Statistical Analysis

(a) Trend analysis and significance testcalculation
First, the linear trend was computed to understand the vegetation dynamics and its

connections to climate in the EQA region. The linear trend analysis was computed using
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the non-parametric Mann–Kendall (MK) trend and Sen slope tests. The MK trend test was
used to detect the significance of the time series trend, and the Sen slope test was used
to compute the magnitude of the trend in the time series [53–56]. The MK trend test is a
non-parametric test on data values (x) of a time series based on Equations (1)–(4) as follows:

υ = f(t) + ∑ t (1)

S =
n−1

∑
k−1

n

∑
j=k+1

sin
(
xj − xk

)
(2)

where n is the length of the time series xi, . . . xn, sgn () is the sign function, and xj and xk
are values in years j and k, respectively. E[S] = 0 for series without a trend and the variance
was calculated based on A3 as follows:

δ2(S) =
1

18

[
n(n − 1)(2n + 5)−

n

∑
i=1

tn(tn − 1)(2tn + 5)

]
(3)

where n is the number of tied groups and tn is the number of data values in the nth group.
The test statistic Z is as defined in Equation (4):

Z =


s−1√
δ2(s)

i f S > 0

0 i f S = 0
s+1√
δ2(s)

i f S < 0
(4)

The Z-statistics test the null hypothesis (Ho), which states that there is no trend, against
the alternative hypothesis (H1), which states that there is a trend. H1 signifies an increase
or decrease trend in the data. The Sen slope is used to estimate the true slope as follows:

Y = mx + c (5)

where Y and x are the dependent and independent variables, respectively; m is the gradient;
and c is the intercept.

(b) Calculation of abrupt changes
Second, we used the Pettitt test [56] to detect abrupt changes in the time series of the

NDVI and climate variables. The null hypothesis (Ho), of no change, was tested against the
alternative hypothesis (Ha), which was changed. We implemented the function based on
Equations (6)–(8), following Verstraeten et al. [57] as follows:

Pij =


−1, xi < xj

xi = xj
1 xi > xj

(6)

where xi and xj denote the magnitude of climate variables; xi precedes xj.

Qt,T =
t

∑
i=1

T

∑
j=t+1

Pij (7)

Qt,T is the Mann–Whitney statistic for samples, x1, . . . xt and xt+1, . . ., xT , which
denote the series of observed data.

The test statistic Q,T is computed based on expected values of t ranging from 1 to T.
Based on the test statistic below, the change point is computed using a two-tailed test.

WT = max|Qt,T | (8)
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If the statistic WT differs significantly from 0, then there is a change in year t that
corresponds to the time for the largest absolute value of Qt,T . The probability of a shift in
one year is the maximum |Qt,T |.

L = 2 exp

(
−6W2

T

T3 + T2

)
(9)

Based on the significance level ( α), if we reject the Ho hypothesis (null hypothesis)
when L < α, we can conclude that Xt is a significant change point at the α level.

(c) Correlation Analysis Model
Third, the relationships between the NDVI and single climate variables were per-

formed using Pearson correlation coefficients at annual and seasonal scales over 39 years
using Equation (10). Furthermore, we computed the correlation between the trends in the
NDVI response to LULC as follows:

r = ∑n
i=1 (xi − x)(yi − y)√

∑n
i=1 (xi − x)2(yi − y)2

(10)

where r is the correlation coefficient (r), xi and yi denote the climate variables, i denotes the
time, and n denotes the sample size.

In addition, a partial correlation coefficient (PCC) was also used to determine the main
driving factors for vegetation growth [58,59]. The PCC determines the relationship between
vegetation responses to the different climatic factors (i.e., precipitation and temperature).
The PCC between the NDVI and each climate factor was computed (Equation (11)), with
the other two as control variables. The climate variable with the greatest partial correlation
coefficient (PCR) was interpreted as the main driver. The PCC analysis model is provided
as follows:

ρxyz =
ρxy − ρxzρyx√

(1 − ρ2xz) ∗ (1 − ρ2yz)
(11)

where ρxyz is the partial correlation of variables x and y conditional on z, ρxy is the
correlation between variables x and y, and ρyz is the correlation between variables y
and z. The correlation values range from −1 to +1 to denote negative and positive
correlation, respectively.

Furthermore, we used cross-correlational analysis (CCA) to assess the time lag effects
of the NDVI responses to precipitation or temperature at a specified time lag [60]. The CCA
in Equations (12) and (13) was used to analyze the spatial patterns of time lag-correlation
for the time lags for 1, 2, 3, 6, 9, and 12 months as follows:

cc f (τ) = ∑ x(ti) ∗ y(ti + τ) (12)

ccc(τ) =
cc f (τ)√

(Var(x)) ∗ Var(y)
(13)

where cc f (τ) denotes the cross-correlation function, and ccc(τ) signifies cross-correlation.
Var(x) and Var(y) are variations (standard deviations) of x and y, respectively. τ is a time lag
x, and x(ti) and y(ti) are measured values of two variables at t = ti. For example, when
τ > 0, it means A leads B; τ < 0 means A lags B.

3. Results
3.1. Seasonal Analysis of the NDVI

Annually, the highest NDVI values of greater than 0.5 (>0.5) are in locations 2◦–8◦ N,
18◦ W–8◦ E and 2◦–8◦ N, 8◦–35◦ E, with NDVI values of 0.20–0.39 in semi-arid regions
along 2◦–8◦ N, 36–52◦ E and 8◦–14◦ N. Dense vegetation canopy tends to have positive
NDVI values greater than 0.4 to 0.8, which is consistent with vegetation conditions in the
humid regions of the Congo Basin. Moderate NDVI values (0.2–0.35) are located in the
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Sahel, Savanna, GC, and southern Sudano. The lowest values of 0.1 are located in arid
regions (14◦–20◦ N). Vegetation with NDVI values < 0.1 tends to be scattered vegetation
consistent with conditions in the arid regions of the Sahara Desert, Arabian Peninsula, and
Horn of Africa (Figure 3a). Seasonally, the NDVI values showed similar spatial variability
in the NDVI distribution, albeit with differences in the NDVI values (Figure 3b–e). Winter
and spring seasons showed a similar spatial pattern in the NDVI, albeit the values differed
(Figure 3b,c). The summer season showed the lowest NDVI values in arid regions of the SD,
northern Sudano, ARP, and HOA. Semi-arid areas of the Sahel, Savanna, GC, and southern
Sudano showed moderate values between 0.2 and 0.3 and >0.4 (Congo Basin) (Figure 3d).
The autumn season showed values of >0.4 in areas in the western Savanna, Guinea Coast,
and Congo Basin (Figure 3e).
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Figure 3. The spatial distribution of the maximum NDVI values across EQA from 1982 to 2021.
(a) annual, (b) winter (DJF), (c) spring (MAM), (d) summer (JJA), and (e) autumn (SON).

The monthly NDVI values range from 0.04 to 0.22 (Figure 4, green bar). The monthly
P ranges from 0 to 140 mm (Figure 4, blue line), and the TMEAN ranges from 22 to 30 ◦C
(Figure 4, red line). All variables exhibited a clear periodic change, where the NDVI values
peaked at 0.22 in October and reached their lowest value at 0.16 in July. P seasonality was
highest (lowest) in August (January) at 138 (2 mm). The monthly TMEAN showed the
highest (lowest) values in May (January).
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3.2. Long-Term Changes in NDVI and Climate Drivers
3.2.1. Spatial Trends in NDVI and Climate Drivers

The NDVI trends varied at a decadal rate of −0.5 to 0.5. However, many regions
showed no significant changes in NDVI trends across the EQA region (Figure 5). The
annual NDVI values exhibited an increasing trend at a rate of 0.5 per decade in the western
Savanna and Sahel and in a few patches in the eastern Sahel and southern Sudano. Similarly,
the annual NDVI values exhibited patches with a significant negative trend scattered along
the eastern Guinea Coast, Congo Basin, and the tip of the HOA at a rate of 0.1 per decade
(Figure 5a). The seasonal NDVI trends range from 0.1 to 0.5 per decade and are presented
in Figure 5b–e. The spring NDVI results showed mixed trends similar to the spatial pattern
of annual NDVI trends, albeit with differences in trend values (Figure 5b). Summer showed
widespread, significantly decreasing NDVI trends at 0.3 per decade in areas along the
Guinea Coast, eastern Savanna, and Congo Basin (Figure 5c). Autumn (Figure 5d) and
winter (Figure 5e) exhibited a similar increasing trend at 0.5 per decade along the Sahel.
However, the winter season showed increasing NDVI trends extending to the Savanna,
Guinea Coast, Congo Basin, southern Sudano, and patches scattered in the HOA (Figure 5e).
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Figure 5. The spatial patterns of the NDVI trends in Equatorial Africa during 1982–2021. (a) Annual,
(b) spring (MAM), (c) summer (JJA), (d) autumn (SON), and (e) winter (DJF). The blue–red legend
denotes negative–positive trends. The dots in the maps denote the significant results at p < 0.05.
Positive and negative changes in the NDVI are called greening and browning, respectively.

The linear trend in P ranges from −5 to +5 mm per decade, as shown in Figure 6.
Annually, P showed significant increasing trends in the Sahel, Savanna, Sudano, and HOA.
The central Guinea Coast areas showed positive trends at 1 mm per decade but were
insignificant (p < 0.05). The spring season showed no significant P trends (Figure 6b). The P
trends during the summer presented similar values to annual P trends, except the Guinea
Coast showed significant decreasing trends (Figure 6c). Similarly, the spatial pattern of P
trends in autumn was identical to the annual P trends (Figure 6d, SON). The winter season
showed significantly increasing P trends along the Guinea Coast and patches in the Congo
Basin (Figure 6e).

The annual TMEAN ranged from −0.5 to +0.5 ◦C and increased across the study area
(Figure 7a). Areas in the Guinea Coast, central Sahel, Congo Basin, western Sahel, northern
Sudano, and parts of the HOA increased at a rate of 0.3–0.5 ◦C (Figure 7a, year). Generally,
the spatial patterns of TMEAN trends during the spring (Figure 7b, MAM) and winter
(Figure 7e, DJF) seasons were identical to annual trends. Summer trends showed that the
TMEAN increased at 0.1 ◦C per decade along the periphery of the EQA region (Figure 7c).
During the autumn season, a significantly increasing trend at 0.3 ◦C is widespread across
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the area (Figure 7d). A similar trend analysis was shown for the TMIN (Figure S1) and
TMAX (Figure S2). However, in the EQA region, the TMIN exhibited more pronounced
warming trends than the TMAX.
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Figure 6. The spatial patterns of precipitation (P) trends. (a) Annual, (b) spring (MAM), (c) summer
(JJA), (d) autumn (SON), and (e) winter (DJF). The blue–red legend denotes negative–positive trends.
The dots in the maps denote the significant results at p < 0.05. Positive and negative changes in
precipitation are called wetting and drying, respectively.

Forests 2024, 15, 1129 10 of 23 
 

 

 

Figure 6. The spatial patterns of precipitation (P) trends. (a) Annual, (b) spring (MAM), (c) summer 

(JJA), (d) autumn (SON), and (e) winter (DJF). The blue–red legend denotes negative–positive 

trends. The dots in the maps denote the significant results at p < 0.05. Positive and negative changes 

in precipitation are called wetting and drying, respectively. 

The annual TMEAN ranged from −0.5 to +0.5 °C and increased across the study area 

(Figure 7a). Areas in the Guinea Coast, central Sahel, Congo Basin, western Sahel, north-

ern Sudano, and parts of the HOA increased at a rate of 0.3–0.5 °C (Figure 7a, year). Gen-

erally, the spatial patterns of TMEAN trends during the spring (Figure 7b, MAM) and 

winter (Figure 7e, DJF) seasons were identical to annual trends. Summer trends showed 

that the TMEAN increased at 0.1 °C per decade along the periphery of the EQA region 

(Figure 7c). During the autumn season, a significantly increasing trend at 0.3 °C is wide-

spread across the area (Figure 7d). A similar trend analysis was shown for the TMIN (Fig-

ure S1) and TMAX (Figure S2). However, in the EQA region, the TMIN exhibited more 

pronounced warming trends than the TMAX. 

 

Figure 7. The spatial patterns of mean average temperature (TMEAN) trends. (a) Annual, (b) spring 

(MAM), (c) summer (JJA), (d) autumn (SON), and (e) winter (DJF). The blue–red legend denotes 

negative–positive trends. The dots in the maps denote the significant results at p < 0.05. Positive and 

negative temperature changes are called warming and cooling, respectively. 

Figure 7. The spatial patterns of mean average temperature (TMEAN) trends. (a) Annual, (b) spring
(MAM), (c) summer (JJA), (d) autumn (SON), and (e) winter (DJF). The blue–red legend denotes
negative–positive trends. The dots in the maps denote the significant results at p < 0.05. Positive and
negative temperature changes are called warming and cooling, respectively.

3.2.2. Temporal Trends in NDVI and Climate Drivers

Figure 8 presents the annual and seasonal variability in the NDVI and climate variables
(i.e., precipitation and temperature) from 1982 to 2021. Table 1 illustrates the tabulated
trend rate. The NDVI trends range from 0.05 to 0.30 (Figure 8a). Overall, the annual NDVI
trends decreased at a decadal rate of −2.3 × 10−4 (Figure 8a, blue color). Moreover, spring
(Figure 8a, orange color) and summer (Figure 8a, yellow color) showed that NDVI trends
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decreased at −3.9 × 10−4 and −7.5 × 10−4* year−1, while the NDVI showed increasing
trends of 3.3 × 10−4 and 1.4 × 10−5 year−1 in autumn (Figure 8a, purple color) and winter
(Figure 8a, green color), respectively. The annual P ranged from 0 to 120 mm (Figure 8b)
and increased at 2.0* mm per decade from 1982 to 2021 (Table 1, P). On a seasonal scale,
all four seasons showed a significant increasing trend. The summer season recorded the
highest trend at 4.5 mm per decade, followed by autumn at 3.4* mm per decade. The
increase in spring was 0.9 mm per decade, and winter was the lowest at 0.4 mm per decade.
The average mean temperature (TMEAN) ranges from 22 ◦C to 30 ◦C (Figure 8c). The
trend increased at an annual rate of 0.2* ◦C per decade (Table 1, TMEAN). Spring and
autumn exhibited a trend rate of 0.2* ◦C per decade, respectively. However, the trend
rate is slightly higher in winter and lowest in summer at 0.3* ◦C and 0.1 ◦C (α = 000) per
decade, respectively. In addition, the TMIN and TMAX presented significantly increasing
trends annually and in the four seasons, as presented in Figures S3 and S4, respectively.
The TMIN ranges from 15 to 23 ◦C in Figure S3, and the TMAX ranges from 30 to 36 ◦C
in Figure S4, respectively. Remarkably, all three temperature values (TMIN, TMEAN, and
TMAX) exhibited an annual trend rate of 0.2* ◦C per decade, albeit with differences in
values. At the seasonal level, the TMIN and TMEAN exhibited similar seasonal trend
rates, except for the winter season, which presented rates of 0.2* ◦C and 0.3* ◦C per decade,
respectively (Figures S3 and 8c). On the other hand, the results of the TMAX showed
a similar value of trend rate with summer and winter at 0.1 ◦C and 0.3* ◦C per decade,
respectively. In spring and autumn, temperatures increased slightly to 0.31* ◦C and 0.1* ◦C
per decade, respectively (Figure S4, Table 1).

Forests 2024, 15, 1129 11 of 23 
 

 

3.2.2. Temporal Trends in NDVI and Climate Drivers 

Figure 8 presents the annual and seasonal variability in the NDVI and climate variables 

(i.e., precipitation and temperature) from 1982 to 2021. Table 1 illustrates the tabulated trend 

rate. The NDVI trends range from 0.05 to 0.30 (Figure 8a). Overall, the annual NDVI trends 

decreased at a decadal rate of −2.3 × 10−4 (Figure 8a, blue color). Moreover, spring (Figure 8a, 

orange color) and summer (Figure 8a, yellow color) showed that NDVI trends decreased at 

−3.9 × 10−4 and −7.5 × 10−4* year−1, while the NDVI showed increasing trends of 3.3 × 10−4 and 

1.4 × 10−5 year−1 in autumn (Figure 8a, purple color) and winter (Figure 8a, green color), respec-

tively. The annual P ranged from 0 to 120 mm (Figure 8b) and increased at 2.0* mm per decade 

from 1982 to 2021 (Table 1, P). On a seasonal scale, all four seasons showed a significant in-

creasing trend. The summer season recorded the highest trend at 4.5 mm per decade, followed 

by autumn at 3.4* mm per decade. The increase in spring was 0.9 mm per decade, and winter 

was the lowest at 0.4 mm per decade. The average mean temperature (TMEAN) ranges from 

22 °C to 30 °C (Figure 8c). The trend increased at an annual rate of 0.2* °C per decade (Table 1, 

TMEAN). Spring and autumn exhibited a trend rate of 0.2* °C per decade, respectively. How-

ever, the trend rate is slightly higher in winter and lowest in summer at 0.3* °C and 0.1 °C (α 

= 000) per decade, respectively. In addition, the TMIN and TMAX presented significantly in-

creasing trends annually and in the four seasons, as presented in Figures S3 and S4, respec-

tively. The TMIN ranges from 15 to 23 °C in Figure S3, and the TMAX ranges from 30 to 36 °C 

in Figure S4, respectively. Remarkably, all three temperature values (TMIN, TMEAN, and 

TMAX) exhibited an annual trend rate of 0.2* °C per decade, albeit with differences in values. 

At the seasonal level, the TMIN and TMEAN exhibited similar seasonal trend rates, except for 

the winter season, which presented rates of 0.2* °C and 0.3* °C per decade, respectively (Fig-

ures S3 and 8c). On the other hand, the results of the TMAX showed a similar value of trend 

rate with summer and winter at 0.1 °C and 0.3* °C per decade, respectively. In spring and 

autumn, temperatures increased slightly to 0.31* °C and 0.1* °C per decade, respectively (Fig-

ure S4, Table 1). 

  
(a) (b) 

 

 

(c)  

Figure 8. The inter-annual variations in (a) the mean NDVI, (b) P, and (c) TMEAN at annual and Figure 8. The inter-annual variations in (a) the mean NDVI, (b) P, and (c) TMEAN at annual and
seasonal timescales from 1982 to 2021. The linear trend calculated using the linear regression (dashed
lines) trend is calculated using the least squares linear trend fitting method over the period (at
p-value < 0.05). Annual (blue color), spring (MAM, orange color), summer (JJA, yellow), autumn
(SON, purple color), and winter (DJF, green color).
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Table 1. The slope of the annual and seasonal NDVI and meteorological variables from 1982 to 2021
over the EQA region.

Variable Time Scales

Annual MAM JJA SON DJF

NDVI m = −2.3 × 10−4,
c = 0.19, (α = 0.097)

m = −3.9 × 10−4,
c = 0.18, (α = 0.259)

m = −7.5 × 10−4,
c = 0.19, (α = 0.001)

m = 1.4 × 10−5,
c = 0.22, (α = 0.478)

m = 3.3 × 10−4,
c = 0.18, (α = 0.076)

P m = 0.20, c = 55.44,
(α = 0.000)

m = 0.09, c = 45.00,
(α = 0.032)

m = 0.45, c = 104.66,
(α = 0.000)

m = 0.34, c = 58.91,
(α = 0.000)

m = 0.04, c = 6.50,
(α = 0.000)

TMEAN m = 0.02, c = 26.46,
(α = 0.000)

m = 0.02,
c = 28.18, (α = 0.000)

m = 0.01, c = 27.79,
(α = 0.008)

m = 0.02, c = 26.32,
(α = 0.000)

m = 0.03, c = 23.42,
(α = 0.001)

TMAX m = 0.02, c = 33.14,
(α = 0.000)

m = 0.03, c = 35.17,
(α = 0.000)

m = 0.01, c = 33.40,
(α = 0.043)

m = 0.01, c = 32.89,
(α = 0.001)

m = 0.03, c = 31.08,
(α = 0.001)

TMIN m = 0.02, c = 19.90
(α = 0.000)

m = 0.02, c = 21.36,
(α = 0.000)

m = 0.01, c = 22.27,
(α = 0.000)

m = 0.02, c = 19.95,
(α = 0.000)

m = 0.02, c = 15.82.
(α = 0.001)

Minus (−) value indicates a decreasing trend. α is the p-value.

The annual NDVI declined in forests and croplands at a rate of −3.0 × 10−3 and
−0.61 × 10−3 and increased in shrubs and grasslands by 2.2 × 10−3 and 4.0 × 10−3 across
the region from 1982 to 2021 (Figure 9). Seasonally, the NDVI declined in the forest and
cropland covers conservatively in spring, summer, and autumn, except in winter, where it
increased but at different rates of magnitude (Figure 9). In contrast, the NDVI increased in
grassland during the spring and autumn transition seasons, except for a decline in summer.
In addition, the NDVI in shrubs decreased (increased) in spring and summer (autumn and
winter), albeit with different trend values.
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vegetation types.

3.3. Abrupt Change Analysis of NDVI and Climate Drivers

Table 2 presents breakpoint changes for the NDVI and climate variables from 1982 to
2021. Overall, the breakpoint results showed considerable similarities and differences over
the period. On the inter-annual scale, the NDVI, P, TMEAN, TMIN, and TMAX breakpoints
varied and occurred at different years. The annual NDVI breakpoints were observed in
2009. For the different seasons, the spring and summer NDVI breakpoints occurred in
spring and summer in 2002, while the autumn and winter breakpoints occurred in 1994 and
1993, respectively. The annual precipitation (P) breakpoint occurred in 2002 and seasonally,
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except in summer, which exhibited an identical breakpoint as the annual; the rest occurred
in 2011 for spring, in 1996 for autumn, and winter in 1998. In the temperature values,
the annual breakpoint for the TMEAN and TMIN was observed in 2001, while the TMAX
occurred in 2000. Seasonally, the TMIN showed that summer and autumn had similar
breakpoints in 2001, while the spring breakpoints occurred in 2000.

Table 2. The years of abrupt changes in the NDVI, P, TMEAN, TMIN, and TMAX from 1982 to 2021.

Variable Years of Abrupt Changes

Annual MAM JJA SON DJF

NDVI 2009 2002 2002 1994 1993

P 2002 2011 2002 1996 1988

TMEAN 2001 1997 2001 2001 1994

TMIN 2001 2000 2001 2001 2001

TMAX 2000 1997 2001 2000 1994

An analysis of the trend slope before and after the breakpoint was performed (Table 3).
The annual NDVI breakpoint displayed a positive (0.005) value before 2009 and a negative
value after 2009, indicating that the NDVI trends were not monotonic across the EQA region
from 1982 to 2021 as shown in Table 3. Seasonal analysis showed that the NDVI values
exhibited positive trends in the spring before and after the breakpoint. The summer (JJA)
NDVI values showed a positive trend before and after the breakpoints. The autumn and
winter NDVI trends were negative before and positive after the breakpoints, respectively.
For precipitation (P) analysis of trend estimates, we observed a significant positive annual
trend before (0.3645) and after (0.4830) the breakpoint in 2009 (p < 0.05). Spring P exhibited
positive values before and after the negative breakpoints. Summer, autumn, and winter
P showed positive trends before and after the breakpoints. In addition, the TMEAN and
TMIN showed no significant change in annual trends before and after the 2001 breakpoints.
The TMIN, TMEAN, and TMAX exhibited positive trends before and after the spring,
autumn, and winter breakpoints. In contrast, the TMIN, TMEAN, and TMAX showed
negative trends before and after the breakpoints in the summer season.

Table 3. The trends in the abrupt changes before and after for the NDVI, P, TMEAN, TMIN, and
TMAX from 1982 to 2021.

Trends before Abrupt Changes

Variable Annual MAM JJA SON DJF

NDVI 0.005 0011 * 0.0005 −0.0006 −0.0018

P 0.3645 * −0.0339 0.7566 * 0.5653 0.4220

TMEAN 0.0114 −0.0021 −0.0060 0.0053 −0.0009

TMIN 0.0065 0.0058 −0.0063 0.0055 0.0193

TMAX 0.0151 0.0026 −0.0057 0.0029 −0.0033

Trends after Abrupt Changes

Variable Annual MAM JJA SON DJF

NDVI −0.0013 0.0006 0.0006 0.0009 * 0.0015 *

P 0.4830 * 1.6933 0.9599 * 0.5658 * 0.0835 *

TMEAN 0.0114 0.0033 −0.0060 0.0055 0.0394 *

TMIN 0.0065 −0.0066 −0.0063 0.0053 0.0193

TMAX 0.0186 0.0044 −0.0057 0.0079 0.0476 *
* Asterisk significance level at p < 0.05.



Forests 2024, 15, 1129 14 of 23

3.4. Analysis of Factors That Drive NDVI Changes
Correlation Analysis of NDVI and Climate Drivers

The annual correlation coefficient (r) between the NDVI and climate factors shows R
values ranging between −0.50 and +0.50 (Figure 10). Spatially, a strong positive correlation
(r > 0.5, p < 0.05) was found in the Sahel and northern Sudano regions, and a negative
correlation was observed in the SD and ARP (R > 0.45) between the NDVI and P (Figure 10a).
However, mixed results of weak relationships (r ≤ 0.30) were found in the Savanna, Guinea
Coast, and Congo Basin. Figure 10b (NDVI-TMIN) shows that strong and significant
positive r ≥ 0.5 correlations mainly occurred in the western Sahel and Guinea Coast,
while a weakly insignificant correlation was found in areas of southern Sudano (r ≤ 0.30,
p > 0.05). The spatial patterns of positive and negative correlation trends in Figure 10c
(NDVI-TMEAN) and Figure 10d (NDVI-TMAX) present similar values, with differences
in magnitudes. However, the spatial patterns of positive and negative correlation trends
in Figure 10c (NDVI-TMEAN) and Figure 10d (NDVI-TMAX) are identical. Seasonally,
a strong relationship between the NDVI and P was observed, and this spatial pattern is
comparable to spring–summer–autumn in the Sahel, Savanna, and Guinea Coast. However,
the spatial patterns of r values between the NDVI and the temperature values (TMIN,
TMEAN, and TMAX) were comparable to the spring and summer seasons across the region
(Figure S5).
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Figure 10. Spatial correlation analysis of the annual and seasonal NDVI with climatic variables:
(a) NDVI vs. PRE, (b) NDVI vs. TMIN, (c) NDVI vs. TMEAN, and (d) NDVI vs. TMAX across EQA
during 1982–2021. The blue–red legend denotes a negative–positive relationship. The dots in the
maps denote the significant results at p < 0.05.

We analyzed the spatial patterns of time lag correlation to assess the time lag effects of
the NDVI as responses to precipitation and temperature at the time lags of 1, 2, 3, 6, 9, and
12 months. Table 4 presents the time lag correlation coefficients between the NDVI and P
and T from 1982 to 2021. Overall, the time lag of the NDVI negative correlation coefficients
of the NDVI with responses to climatic factors differed with R values ranging from −0.6 to
+0.6 over 1 to 3 months (Table 4), which signifies that the NDVI response to climate varies
within 1 to 3 months, specifically the maximum and mean temperatures. Meanwhile, the
TMIN leads the NDVI for up to 9 months, while the P leads the NDVI for up to 6 months.
The response of the NDVI to these climate factors varied from 1 to 9 months. It can be
seen that from the 12th month, the climate variables mostly lead to the NDVI. The spatial
distribution of the time lag correlation is provided in Figures A1–A4 at the annual scale
for the time lags for 1, 2, 3, 6, 9, and 12 months. Although significant positive correlations
were found in the study area, negative correlations of the NDVI with climatic factors were
observed in certain areas. This explains the heterogeneous response of the vegetation cover
to climatic conditions (Figures A1–A4).
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Table 4. The time lag correlation coefficients between the NDVI and P and T from 1982 to 2021.

Time Lag Lag-Corr
(NDVI, TMIN)

Lag-Corr (NDVI,
TMEAN)

Lag-Corr
(NDVI, TMAX)

Lag-Corr
(NDVI, P)

1 −0.27 −0.27 −0.27 −0.21

2 −0.43 −0.42 −0.34 −0.33

3 −0.43 −0.39 −0.27 −0.35

6 −0.006 +0.11 0.28 −0.23

9 −0.32 +0.29 +0.20 +0.27

12 +0.14 +0.06 −0.07 +0.29
Note: A correlation coefficient (r) value ranges from −1 to +1. A minus sign indicates a negative correlation, and a
plus sign indicates a positive correlation.

We performed a partial correlation analysis to clarify the factors driving temporal
dynamics in the NDVI. Overall, the PCC results of the NDVI–climate relationship indicate
that the TMIN and P results were statistically significant at p < 0.05 (Table 5). The TMIN
showed moderate negative PCC with the NDVI (R = −0.45, p < 0.05), followed by P with
low negative PCC (R = −0.19, p < 0.05). This result suggests that the TMIN was the main
driver that moderately influenced the NDVI during the study period.

Table 5. The partial correlation coefficients between the NDVI and P and T (i.e., TMIN and TMAX)
from 1981 to 2021.

Climate Factors NDVI

P −0.19 *

TMIN −0.45 *

TMAX +0.31
Note: A higher PCR value infers a greater effect and, hence, the main driving factor. A minus sign indicates
the factor suppresses vegetation growth, and a plus sign encourages vegetation growth. The asterisks indicate
significance at p < 0.05.

4. Discussion

This study investigated the long-term record of vegetation dynamics and main drivers
across the Equatorial Africa (EQA) region based on the annual and seasonal scale. The
spatiotemporal distribution of vegetation and climate were analyzed. Trend analysis was
used to analyze the spatial heterogeneity and the dynamic variations in vegetation growth
and climate. In addition, correlation (partial) analysis was used to analyze the relationship
between vegetation growth and climate and the driving factors. The spatial patterns in
the NDVI are highly seasonal and exhibit contrasting seasonal patterns. Forests dominate
the Guinea Coast, and the Congo Basin region exhibits higher NDVI values. The Sahel,
Sudano, and Savanna areas are semi-arid and dominated by shrub woodlands, grasslands,
and crops exhibiting high values. In contrast, areas in the Sahara Desert, Arabian Peninsula,
and parts of the Horn of Africa are arid and dominated by sparse shrubs, crops, and
grasslands. Overall, the vegetation pattern and its seasonal distribution suggest that
changes in vegetation productivity depend on season and location, which is related to
climate (e.g., precipitation and temperature).

The distribution across the region has been confirmed in previous studies [15,31,61],
suggesting that vegetation trends are increasing and decreasing in different areas world-
wide [62]. Some studies found that vegetation increased while others declined [63,64]. Our
study found that the vegetation trends displayed spatial heterogeneity, and the overall
trend slightly declined from 1992 to 2021. Previous global studies have also reported
that global average temperature and changing precipitation regimes are expected to alter
moisture conditions in various global land regions [9]. Our results showed that the trend
in the mean average temperature increased in agreement with past studies [9]. Increasing
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minimum and maximum temperatures contributed to increasing mean average temper-
atures, which is consistent with Meehl et al. [65]. Increasing minimum temperatures are
related to vapor pressure feedback, while maximum temperatures are related to local
conditions such as soil moisture [66,67]. In addition, our precipitation results exhibited
an increasing trend in the semi-arid regions. In contrast, mixed trends are present in the
humid regions, and there was no change in precipitation in the arid regions. Our analyses
of the temporal trend changes to detect the timing and significance of changes in vegetation
and climate drivers showed that the breakpoint years occurred and shifted at different
years consistent with past studies [68] and the reasons that drive changes require further
analysis. However, there seems to be a general agreement that in parts of the study area,
such as the Sahel and Sudano regions, natural climate variability influences these changes
more than human-related activities, as reported by Fensholt and Rasmussen [69].

Regarding the GIMMS NDVI observations, previous global studies have reported
vegetation greening in the Northern Hemisphere (NH) [70]. Other studies have reported
that greening has stalled or reversed [63,70–72]. Our results showed spatial vegetation
heterogeneity as the different regions exhibited distinct vegetation variations in browning,
greening, or stagnation. Our results showed that the vegetation trend increased in the west-
ern Savanna, Sahel, and parts of Sudano. These locations are dominated by shrubs, grasses,
crops, and woodlands, and the climate zone is considered semi-arid [73,74]. Furthermore,
this study showed that greening along the Sahel region is consistent with Zhao et al. [62]
compared with global research that reported greening in the northern hemisphere [75]. In
addition, stagnant or no change in vegetation activity suggests that vegetation transitioning
stalled predominately forested areas along the Guinea Coast and Congo Basin, and the
region’s climate is considered a humid zone [73,74]. Likewise, vegetation transitioning
stalled in the southern Sahara Desert, northern Sudano, Arabian Peninsula, and parts of the
HOA. The region is arid, dominated by grasslands, crops, and sparse woodlands [73,74].
Our results of vegetation stalling are consistent with previous studies on arid and humid
regions by Zhou et al. [10] and arid regions by Berdugo et al. [28]. Generally, changes
in vegetation productivity are constrained by water and energy availability. Most global
and regional studies have reported that wet regions are becoming wetter and drier areas
are becoming drier [76,77]. Moreover, other global and regional studies have reported
that watersheds can be water-limited or energy-limited to drive vegetation growth. In
semi-arid regions, water-limited and energy-limited conditions dominate the constraints
on woody foliage production [15,31,61]. Our results provide data on the semi-arid areas
in the Sahel and Sudano regions, which show strong warming and wetting trends. Thus,
it is unsurprising that the greening in these semi-arid regions is consistent with strong
significant wetting, and the significantly weak warming trends in this study are consistent
with previous research [15,31].

Previous global and regional studies have indicated that external climate factors in-
fluence vegetation changes [78]. Some studies reported that greening patterns are related
to increasing temperature and precipitation [78]. Other studies have found that certain
regions have stalled or even reversed due to changes in precipitation and temperature
seasonality [63]. In this study, our correlation analysis showed spatial heterogeneity. Vege-
tation changes in the semi-arid region of the Sahel and major parts of the Savanna areas are
strongly positively related to precipitation. Biasutti et al. [61] found that rainfall recovery in
the Sahel supports foliage production. The analysis in the arid regions revealed a significant
negative relationship between precipitation and vegetation, suggesting vegetation activity
is significantly constrained by water conditions. The seasonal analysis of autumn precipi-
tation correlated most significantly with vegetation change. Generally, the investigation
showed that temperature values (minimum, average, and maximum) are significantly
positive in the western Sahel and Savanna areas, whereas a significantly negative correla-
tion is obvious in the northern Sudano and Arabian Peninsula. Semi-arid regions in the
Sahel and western Savanna demonstrate that the area is a hot spot for land–atmosphere
interactions [39,79].
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We further analyzed the time lag effects of the NDVI response to the different climate
factors, considering monthly values of 1 to 3 months and 6, 9, and 12 months (Appendix A,
Figures A1–A4). The subregions exhibited distinct inter-annual lags in vegetation response
to temperature and precipitation variations. Overall, there was a significant time-lagged
effect of climate factors on vegetation growth in general, with a lag of up to three months,
after which the response decreased in correlation values in line with previous studies [80,81].
Similarly, minimum temperature and precipitation primarily affect vegetation growth
responses. However, the response is negative based on the partial correlation coefficients.
This indicates that precipitation inhibits vegetation growth because higher precipitation
generally means lower temperatures. Understanding the mechanisms by which vegetation
changes occur is challenging, and future studies should explore the combined effect of
natural climate variability and human activities on changing vegetation dynamics. Our
findings on climate drivers emphasize that regional vegetation changes can better capture
specific patterns and dynamics.

5. Conclusions

This study investigated the spatiotemporal variations in the NDVI to examine the
responses of vegetation to climate and environmental factors in the EQA region using trend
analysis, abrupt change, correlation (partial) analysis, and MLR at annual and seasonal
scales from 1982 to 2021. The following conclusions were drawn based on our findings:

1. The NDVI annual trends revealed a distinct spatial heterogeneity with obvious con-
trasting seasonal patterns in the Sahel, Savanna, Guinea Coast, Congo Basin, Sudano,
Horn of Africa, Saharan Desert, and Arabian Peninsula at a rate of 0.5 per decade.
Precipitation annual trends showed significant increasing trends in the Sahel, Savanna,
Sudano, and western Guinea Coast at 0.1 mm per decade. Over the whole of the
study area, the spatial patterns of the TMAX, TMIN, and TMEAN showed comparable
positive trends at the annual rate of 0.2 ◦C per decade over the past 39 years;

2. The temporal NDVI trends decreased at an annual rate of −2.3 (×10−4) per decade,
with trends decreasing in spring and summer and increasing in autumn and winter,
i.e., −3.9 (×10−4) and −7.5 (×10−4); 3.3 (×10−4) and 1.4 (×10−4), respectively. Pre-
cipitation trends increased annually at a rate of 2.0 mm per decade and in all four
seasons with rates of 4.5 mm10a−1, 3.5 mm10a−1, 0.9 mm10a−1, and 0.4 mm10a−1.
The TMAX, TMIN, and TMEAN showed similar increasing annual trends at 0.2 ◦C
(10a−1) and in all four seasons;

3. The timing of the abrupt changes differed among the NDVI, P, and TMAX (i.e., 2009,
2002, and 2000), respectively, except for the TMIN and TMEAN in 2001. The NDVI
breakpoints in spring and summer occurred in 2002 but differed in autumn (1994)
and winter (1993). Seasonal P timing of abrupt changes differed in all four seasons
(i.e., spring, summer, autumn, and spring), occurring in 2011, 2002, 1996, and 1998,
respectively. The timing of abrupt changes between the TMAX and TMIN differed
in spring (1997, 2000), summer and autumn (2000, 2001), and winter (1994, 2001),
respectively, except in summer in 2001;

4. The annual trend showed that areas with significant greening were consistent with
stronger wetter and weaker warming trends and vice versa. Spatially, summer
and winter showed seasonal reversals in vegetation greening and browning trends,
respectively. The spring and autumn transition seasons showed similar spatial
trend patterns;

5. The relationship between the NDVI and precipitation is significantly positive in the
Sahel, western Savanna, and Guinea Coast and negative in the Congo Basin, Sudano,
Horn of Africa, Saharan Desert, and Arabian Peninsula. Similarly, the NDVI and
temperature trends showed a significant positive relationship with temperature values
(TMIN, TMEAN, and TMAX) in most of the Sahel, Savanna, and Guinea Coast areas
and a negative relationship with temperature in the Congo Basin, Sudano, Horn
of Africa, Saharan Desert, and Arabian Peninsula. Across the study area, partial
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correlation analysis showed that vegetation growth response to climate variables
was significant in precipitation and minimum temperature; however, the response
was negative.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f15071129/s1, Figure S1. Spatial patterns of the mean average
minimum temperature (TMIN) trends: (a) annual, (b) spring (MAM), (c) summer (JJA), (d) autumn
(SON), and (e) winter (DJF). Figure S2. Same as Figure S1 but for the average maximum temperature
(TMAX). Figure S3. Inter-annual variations in the average minimum temperature (TMIN) at annual
and seasonal timescales from 1982 to 2021. Figure S4. Same as Figure S3 but for the average maximum
temperature (TMAX). Figure S5. Spatial correlation analysis of the seasonal NDVI with climatic vari-
ables: (a) NDVI vs. PRE, (b) NDVI vs. TMIN, (c) NDVI vs. TMEAN, and (d) NDVI vs. TMAX across
EQA during 1982–2021. Top left: MAM, top right: JJA, bottom left: SON; and bottom right: DJF.
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Figure A1. Spatial correlation analysis of time lag effects of NDVI with precipitation (P) at annual
scale: (a1) NDVI vs. PRE 1 month; (a2) NDVI vs. PRE 2 months; (a3) NDVI vs. PRE 3 months;
(a4) NDVI vs. PRE 6 months; (a5) NDVI vs. PRE 9 months; and (a6) NDVI vs. PRE 12 months across
EAQ during 1982–2021. The blue–red legend denotes positive–negative relationships. The dots in the
maps denote the significant results at p < 0.05.
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