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Abstract: Studying vegetation change and its interaction with climate change is essential for regional
ecological protection. Previous studies have demonstrated the impact of climate change on regional
vegetation in South America; however, studies addressing the fragile ecological environment in
Argentina are limited. Therefore, we assessed the vegetation dynamics and their climatic feedback
in five administrative regions of Argentina, using correlation analysis and multiple regression
analysis methods. The Normalized Difference Vegetation Index 3rd generation (NDVI3g) from Global
Inventory Monitoring and Modeling Studies (GIMMS) and climatic data from the Famine Early
Warning Systems Network (FEWS NET) Land Data Assimilation System (FLDAS) were processed.
The NDVI of the 1982-2015 period in Argentina showed a downward trend, varying from —1.75
to 0.69/decade. The NDVI in Northeast Argentina (NEA), Northwest Argentina (NWA), Pampas,
and Patagonia significantly decreased. Precipitation was negatively correlated with the NDVI in
western Patagonia, whereas temperature and solar radiation were positively correlated with the
NDVI. Extreme precipitation and drought were essential causes of vegetation loss in Patagonia.
The temperature (73.09%), precipitation (64.02%), and solar radiation (73.27%) in Pampas, Cuyo,
NEA, and NWA were positively correlated with the NDVI. However, deforestation and farming and
pastoral activities have caused vegetation destruction in Pampas, NEA, and NWA. Environmental
protection policies and deforestation regulations should be introduced to protect the ecological
environment. The results of this study clarify the reasons for the vegetation change in Argentina and
provide a theoretical reference for dealing with climate change.

Keywords: NDVI; Argentina; vegetation dynamic; climate change; human activity; residual analysis

1. Introduction

As a critical “producer” in terrestrial ecosystems, vegetation is inseparable from
natural factors such as climate, soil, terrain, animals, and water [1,2]. Plants convert carbon
dioxide (CO;) and water into oxygen and organic matter through photosynthesis and
decompose oxygen and organic matter into CO; and water through respiration [3], which
play a crucial role in terrestrial carbon storage, material cycle, energy flow, and maintaining
ecological balance [4,5]. Climate changes the vegetation growth structure, in which seasonal
changes in precipitation can alter soil water availability to plants [6], and temperatures
can directly and simultaneously affect plant photosynthesis and respiration [7]. Although
climate change can promote vegetation growth and its phenological response [8,9], it can
also bring about negative impacts such as vegetation degradation, soil erosion, and land
degradation [10,11].
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Air temperature, precipitation, and solar radiation are considered the dominant cli-
mate drivers of vegetation growth [12]. Variations in temperature and precipitation can
affect the availability of nutrients and water for plant growth. For example, some studies
have pointed out that the increase in temperature leads to changes in the evapotranspi-
ration of plants, which affects the greenness of vegetation [13,14]. One study found that
the vegetation coverage in Patagonia decreased with increasing drought severity and
temperature [15]. At the same time, precipitation is a limiting condition for vegetation
growth in arid and semi-arid regions [6]. Olivares-Contreras et al. found that increased
temperature and decreased rainfall may be contributing factors to the declines in green-
ness at the regional scale in Chilean Patagonia, increasing the vulnerability of Patagonian
forests [16]. Solar radiation is an energy source for plant photosynthesis, affecting plant
morphology, growth, and development through light intensity, light length, and spectral
composition [17,18]. In contrast, tropical forest ecosystems are more vulnerable to rainfall
and solar radiation [19,20]. Other than climate change, human activity is a vital factor in
vegetation growth, affecting vegetation coverage by improving or destroying the growth
environment of plants. Land-use change is considered a major factor leading to vegetation
changes [21,22]. For example, measures such as ecological engineering, afforestation, and
grazing prohibition can promote the greening trend of vegetation [23]. Afforestation and
ecological engineering can provide natural conditions such as sufficient water, temperature,
light, and fertile soil for the growth and development of trees [24], and improve plants’
living environment, thereby promoting tree growth and increasing vegetation coverage.
However, human activities such as soybean expansion [25] and farmland irrigation [26]
may bring about deforestation and vegetation degradation. The agriculture expansion,
intensive production in Pampas, and pastoral activities in Patagonia have changed the
natural species composition, and the natural appearance of plants has been destroyed [27].
These human disturbance activities have greatly changed the energy balance and chemical
cycle of surface matter [28], thereby affecting surface properties and vegetation ecosystems.
The transition from forest to farmland and pasture in the Chaco region has changed the
water supply, which in turn affects the water use efficiency of vegetation and hinders the
growth and development of vegetation [29]. Furthermore, economic activities such as
logging, reclamation, and land clearing directly lead to the loss of a large amount of natural
vegetation [21].

The terrestrial ecosystem in South America is comprehensively affected by climate change,
persistent droughts, extreme weather events, and anthropogenic land-use changes [30]. On the
one hand, Argentina has suffered from increasingly severe droughts in recent decades [31,32].
Water shortages have a significant impact on soil water availability and vegetation growth,
aggravating the drought in farmland and grassland [33,34]. The fragile ecological environment
in Argentina faces greater risks because of the more frequent extreme climate events [35].
On the other hand, deforestation has become a major environmental problem in Argentina
owing to land-use change [21,36], especially in the north [37], where the forest ecosystem has
been seriously damaged. Climate- and human-driven variations in vegetation have seriously
influenced soil and water resources, ecosystems, agricultural development, and socioeconomic
security in Argentina and even South America. A series of studies have demonstrated the
interaction of vegetation change in several regions of South America with climate variables and
human activity, particularly in the Amazon [38], Brazil [39], and Patagonia [40]. These studies
have provided valuable observations on the long-term monitoring of vegetation dynamics in
South America, but few studies have been conducted in Argentina. Argentina is the second
largest country in South America, abundant in natural resources and diverse vegetation.
However, influenced by the Andes Mountains [41], EI Nifio [42], and other factors, Argentina
has a fragile ecological environment and is very sensitive to climate change. Therefore, it
is crucial to assess the temporal and spatial changes in vegetation in Argentina and their
interaction with climatic factors, which helps us to better understand the impact of global
warming on vegetation growth in Argentina and South America.
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Among the commonly used vegetation indices, the Normalized Difference Vegeta-
tion Index (NDVI) is closely related to chlorophyll content, vegetation net productivity,
photosynthetically active radiation, and leaf area index, which can enhance vegetation
representation ability to a certain extent and provide valuable information on vegetation
dynamics [43-45]. The NDVI can also provide reliable information on ecosystem attributes
such as vegetation coverage and species richness [15], playing an increasingly important
role in assessing and monitoring land degradation and drought [34,46]. It is considered
the best for characterizing the vegetation growth state and studying the spatial character-
istics of vegetation [47,48], which are widely used in regional- or global-scale vegetation
dynamic change and environmental monitoring research [49]. In addition, the residual
trend-based method detects vegetation changes caused by human activities by establishing
a multiple regression model of climatic factors (such as temperature and precipitation)
and the NDVI [50], thereby further quantitatively distinguishing the driving mechanisms
that affect vegetation dynamics (climatic and anthropogenic factors) [51]. This study used
several methods to analyze vegetation change and its influencing factors in Argentina
from 1982 to 2015 (34 years). The objectives include (1) understanding the spatiotemporal
vegetation pattern in Argentina from 1982 to 2015, and (2) analyzing the impact mech-
anism of vegetation change driving factors. This study contributes to a comprehensive
understanding of vegetation increase (decrease) and its climate feedback in Argentina and
provides valuable references for Argentina to cope with climate change and protect the
ecological environment.

2. Materials and Methods
2.1. Study Area

The study area was located in continental Argentina (52°-72°W, 21°-55°S), with a
land area of 2,780,400 km?. The terrain of the study area is high in the west and low in the
east (Figure la), derived from the Global Digital Surface Model (DSM) dataset ALOS World
3D-30m (AW3D30) (https:/ /www.eorc.jaxa.jp/ALOS/en/dataset/aw3d30/aw3d30_e.htm,
accessed on 24 September 2022). The west of Argentina is high and dominated by the
Andes Mountains, accounting for approximately 30% of the national area. The eastern and
central areas are primarily farmland and rangeland, and to the west are irrigation oases and
deserts; in the north, there is a significant area of tropical forest and shrubs, and the vast
plateau is in the south. According to the National Institute of Statistics and Censuses of the
Argentine Republic (INDEC in Spanish: www.indec.gob.ar, accessed on 1 October 2022),
the study area is divided into five administrative regions [52], namely, Cuyo, Northeast
Argentina (NEA), Northwest Argentina (NWA), Pampas, and Patagonia.

Argentina has a diverse climate with a large north-south span. The highest and lowest
points of South America are both in Argentina, located in the northwest of Cuyo and
a large depression in the southwest of Patagonia, respectively. Most of the areas have
subtropical climates and mid-latitudes, varying from hot in the north to very cold in the
southernmost region and at the heights of the Andes Mountains. The average annual
temperature in Argentina is 14.22 °C, the average annual precipitation is 640.71 mm, and
the annual average solar radiation is 2638.66 (W-m~?2) (Figure 2). Based on the European
Space Agency Climate Change Initiative (ESA-CCI) land cover product from 1992 to 2015
(300m) (http://maps.elie.ucl.ac.be/CCl/viewer/download.php, accessed on 13 March
2023), combined with the classification system of the International Geosphere-Biosphere
Program (IGBP), the land cover of Argentina was divided into 13 classes (Figure 1b).
Pampas is dominated by agricultural land, with savanna and shrubland in the north
and southwest, and a small part of natural grassland. Most of the vegetation in Cuyo
is shrubland. The NEA has evergreen deciduous forests, deciduous coniferous forests,
and savannas. The eastern NWA is dominated by deciduous coniferous forests, while
the western part is sparse vegetation. Patagonia is dominated by sparse vegetation and
shrubland, with deciduous coniferous forests in the southernmost and western region.
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Argentina has a large variety of vegetation types, from savannas and swamps in the
northern region to tundra in the far south, with strong spatial heterogeneity.
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Figure 1. (a) Geographic distribution of the five administrative regions of Argentina. (b) Land cover
in Argentina.
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Figure 2. (a) Annual average temperature, (b) annual average precipitation, and (c) annual average
solar radiation in Argentina from 1982 to 2015.

2.2. Data Collection and Preprocessing
2.2.1. GIMMS NDVI3g

In this study, the NDVI data originated from the National Aeronautics and Space
Administration (NASA) Global Inventory Monitoring and Modeling Studies (GIMMS)
Normalized Difference Vegetation Index 3rd generation (NDVI3g) dataset (https://ecocast.
arc.nasa.gov/data/pub/gimms/3g.v1/, accessed on 10 October 2022). GIMMS NDVI3g
dataset originated from the Advanced Very High-Resolution Radiometer (AVHRR) sen-
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sors on board the National Oceanic and Atmospheric Administration (NOAA) satellites.
Compared with the previous GIMMS NDVI, the third generation GIMMS NDVI3g has
a great improvement [51]. The dataset has the highest temporal consistency among the
long-term AVHRR datasets and is considered the most appropriate choice for NDVI trend
analysis [53]. The dataset has a spatial resolution of 8 km and a temporal resolution of
15 days, covering the period from July 1981 to December 2015.

The NDVI is calculated based on the near-infrared band (NIR) and red band (RED)

reflectance [14]:

NIR — RED
NDVI = NIR + RED )

where NIR is the spectral reflectance of the near-infrared (0.58-0.68 um) band, and RED
is the spectral reflectance of the red (0.725-1.10 um) band. The NDVI ranges from —1 to
1. The NDVI value between —1 to 0 indicates that the ground is covered by clouds, water,
and snow, highly reflective to visible light. The NDVI value of 0 indicates that there are
rocks or bare soil, and NIR and RED are approximately equal. The NDVI value between
0 and 1 indicates the presence of vegetation coverage, which increases with the increase
in coverage.

2.2.2. Climatic Data

Climatic data were obtained from the Famine Early Warning Systems Network
(FEWS NET) Land Data Assimilation System (FLDAS). As one of the custom instances
of the NASA Land Information System (http://lis.gsfc.nasa.gov/, accessed on 8 Jan-
uary 2023), the FLDAS global model can adapt to the environmental data monitoring
and prediction requirements of developing countries with scarce data [54]. FLDAS vari-
ables such as air temperature, precipitation, evapotranspiration, soil moisture, and so-
lar radiation are related to agriculture and water resources and can monitor vegetation
variation and hydrological drought. The spatial resolution of this dataset is 0.1°, and
the time coverage was from 1982 to the present with a time resolution of one month.
Monthly air temperature (°C), precipitation (mm), and solar radiation (W-m~2) were down-
loaded from the NASA Goddard Earth Science Data and Information Service Center (GES
DISC) (https:/ /disc.gsfc.nasa.gov/datasets/FLDAS_NOAH01_C_GL_M_001/summary?
keywords=FLDAS_NOAHO01_C_GL_M_001, accessed on 12 October 2022).

2.2.3. Data Preprocessing

In this study, all data (Table 1) were processed in MATLAB version R2021a and ArcGIS
version 10.7, and graphs were drawn in OriginPro version 2022. The NDVI data and climatic
data from January 1982 to December 2015 were processed as follows. First, in MATLAB, the
NDVI NetCDF format data with a temporal resolution of 15 days were synthesized into the
NDVI TIFF format of monthly scale using the maximum value composite (MVC) [55]. This
method can eliminate the impact of clouds, atmosphere, and solar altitude angles on the
image and has been widely used in NDVI preprocessing. Second, we used the clip tool in
ArcGIS to clip the Argentine extent NDVI from the global scale; we defined the coordinate
system of all TIFF files as GCS-WGS-1984 and projected to UTM-21S. In addition, to match
the spatial resolution of the NDVI time series, the resample tool in ArcGIS (nearest neighbor
method) was used to resample the monthly climate data to 8 km. Based on the synthesized
monthly NDVI data, we calculated the annual mean and multi-year variation in NDVIin
Argentina. We also calculated the annual average values of temperature, precipitation, and
solar radiation based on the monthly data of climatic factors to analyze the effect of climate
on vegetation changes. Finally, the NDVI values and climatic data were exported. The
corresponding graphs of the NDVI and climatic data were plotted using Origin. Different
maps were generated using ArcGIS to represent the spatial pattern of the NDVL
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Table 1. Data sources and information.

. Resolution
Dataset Variables (Temporal/Spatial) Temporal Span URL
https:/ /ecocast.arc.nasa.gov/
GIMMS NDVI3g NDVI 15 day/8 km July 1981-December 2015 data/pub/gimms/3g.v1,
accessed on 10 October 2022
Temperature . o e Macn o
FLDAS Precipitation Monthly/0.1° 1982-present https://disc.gsfcnasa.gov,

Solar radiation accessed on 12 October 2022

ALOS World 3D-30m

https:/ /www.eorc.jaxa.jp/
ALOS/en/dataset/aw3d30/

(AW3D30) Elevation 30m B aw3d30_e.htm, accessed on 24
September 2022
http://maps.elie.ucl.ac.be/
ESA-CCI - 300 m 1992-2015 CClI/viewer/download.php,
Land cover

accessed on 13 March 2023

2.3. Methods
2.3.1. Linear Regression Analysis

The variation trends of the NDVI and climatic factors were calculated pixel by pixel
based on the least-squares method [26]. This method constructed a linear regression equa-
tion with time as the independent variable and defined the slope of the linear regression
equation as the rate of change (slope), which was used to represent the rate of change in
the dependent variable over time [56]. The slope coefficient is calculated as follows:

nxX Yl i x X =Y iy X
nx Y i2=Y" i

where Slope is the linear trend of the dependent variable (NDVI, temperature, precipitation,
and solar radiation), X; is the value of the dependent variable in the ith year, i represents
the ith year, and n is the time series length (34 years). When slope > 0, the dependent
variable is an upward trend; when slope < 0, the dependent variable is a decreasing trend.
The trend’s significance was detected by a t test, where p < 0.05 and p > 0.05 indicated
significance and insignificance, respectively. At the same time, based on the non-parametric
test method (Mann—-Kendall test), the confidence interval at the 0.05 level is used to detect
the breakpoint of the NDVI time series.

Slope =

@)

2.3.2. Correlation Analysis

Correlation analysis was used to analyze the relationship between the various elements.
In this study, this method takes the NDVI as the dependent variable and climatic factors
(temperature, precipitation, and solar radiation) as independent variables to calculate the
correlation coefficient (r) between the NDVI and climate variables. The formula for r is

as follows: o o
DR
VEL (% - %) B, (% - 7)°

where 7 is the correlation coefficient of the NDVI and climatic factors, X; and Y; are the ith
values of two elements, X and Y are the averages of the two elements, and # is the time
series length (34 years). The closer the value of r is to 1 or —1, the closer is the relationship
between the two groups of elements; the closer the 7 is to 0, the weaker is the relationship.
The significance of the correlation coefficient between different variables was detected
by the t test, where p < 0.05 indicated a significant correlation and p > 0.05 indicated an
insignificant correlation.

®)
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2.3.3. Residuals Analysis

The residual analysis method proposed by Evans and Geerken [57] can distinguish the
effect of human factors and climate variables on vegetation change. This method assumes
that there is a close relationship between vegetation growth and precipitation; then it
obtains the residuals from the difference between the observed and predicted NDVI using
climate variables as explanatory factors [58]. Evans and Geerken reported that if there is a
significant change in the residual trend, it can be speculated that the NDVI change may
result from human activities. On the contrary, if the residuals do not change significantly,
NDVI changes can be attributed to climatic factors such as rainfall.

In this study, based on the multiple regression residual analysis method, first, the
predicted NDVI (NDV1I,) was calculated according to the relationship between the actual
observed NDVI (NDVI,,) and climate factors [51,58]. Then, the difference between the
NDVIys and NDVI,y, was calculated to obtain the value of residual NDVI (NDV1I,,s), which
was used to represent the impact of human activities on NDVI. The equation used is
as follows:

NDVIpe= 61 x Tem + 6 x Pre + 605 X Solar + ¢ (4)

NDVI,es = NDVlyp — NDVI,, (5)

where 61, 6, 03, and ¢ are model parameters; Tern, Pre, and Solar refer to air temperature,
precipitation, and solar radiation, respectively. NDVI,,; is the residual value, NDV1I,,, is the
observed value, and NDVI is the predicted value. According to Formula (2), the slopes
of NDVI,, and NDVT,s are calculated to represent the NDVI affected by climate change
and anthropogenic activity, respectively.

3. Results
3.1. Temporal and Spatial Change in the NDVI

Based on the least squares method and the Mann-Kendall test, the annual, seasonal,
and monthly variation trends of the NDVI in Argentina from 1982 to 2015 were calculated,
respectively (Figure 3). As shown in Figure 3a, the annual NDVI in Argentina showed a
significant downward trend with a change rate of —0.005/decade (p < 0.05). In the period
1982-2015, the UF and UB lines intersect in 2008 (Figure 3c), and the NDVI decreased slowly
before 2008. The maximum mean value appeared in 1998 (0.41), and the minimum mean
value appeared in 2009 (0.35), indicating that the vegetation in Argentina suffered serious
losses in 2009. After 2009, the NDVI gradually increased but was at a low-value period.
Similarly, the monthly NDVI in Argentina significantly decreased (p < 0.05) over the past
34 years. Before 2008, the monthly NDVI changes were relatively stable, most of the NDVI
value was between 0.33 and 0.44. However, after 2008, the NDVI began to fluctuate with
obvious ups and downs. On a seasonal scale (Figure 3d), the NDVI in spring and winter
exhibited a downward trend (p < 0.05), while in summer and autumn, the NDVI decreased
slightly (p > 0.05). These results indicated that in the past 34 years, the vegetation coverage
in Argentina has reduced.

Based on the least squares method, according to Formula (2), the changing trend of
NDVI in Argentina over the past 34 years was calculated with time as the independent
variable and NDVI as the dependent variable. The trend of the annual NDVI in Argentina
had pronounced spatial heterogeneity over the past 34 years (1982-2015), ranging from
—1.75 to 0.69/decade (Figure 4b). In general, the area with a declining NDVI trend ac-
counted for 71.38%, which was larger than the area with a rising trend, mainly in Patagonia,
eastern NWA, western NEA, and northern Pampas. The vegetation in the eastern NWA
and western NEA was widely distributed (0.45 < NDVI < 0.75) (Figure 4a), the NDVI
decreased significantly during the study period (p < 0.05), with the change rate as low as
—1.75/decade. In most areas of northern Pampas (0.45 < NDVI < 0.75), the NDVI decreased
at a rate of less than —0.02/decade, while the NDVI in southern Pampas increased slightly.
The NDVI in Patagonia (0.15 < NDVI < 0.30) declined significantly (p < 0.05) with a slight
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0.38

GIMMS NDVI3g
=
3

0.36

MK statistics

change rate. The regions with an upward trend of the NDVI (28.62%) were mainly dis-
tributed in western NWA, eastern NEA, Cuyo, and southern Pampas. The relative change
in the 34-year NDVI trend in Argentina based on the NDVI in 1982 was also calculated
(Supplemental Figure S1). The area where NDVI decreased by 0-25% in Argentina is the
largest, accounting for 41.62% of the study area, mainly distributed in Pampas, eastern
NWA, and western NEA; followed by areas with 25-50% NDVI reduction, accounting for
24.03% of the total area, concentrated in Patagonia; the areas with 50-75% and 75-100%
NDVI reductions were relatively few, accounting for 5.19% and 0.84% of the study area,
respectively. The areas with NDVI increases of 0-25%, 25-50%, 50-75%, and 75-100% in
Argentina accounted for 21.93%, 5.03%, 1.01%, and 0.33% of the total area, respectively.
It can be seen that the NDVI in Argentina showed a significant decreasing trend in the
whole 34 years, and the change was relatively small. The decreasing regions were mainly
distributed in Pampas, eastern NWA, western NEA, and Patagonia.
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Figure 3. (a) Annual NDVI time series in Argentina from 1982 to 2015. (b) Monthly NDVI time series
in Argentina from 1982 to 2015. (¢) Mann—Kendall (M-K) test of the NDVI in Argentina from 1982 to
2015. (d) Seasonal NDVI time series in Argentina from 1982 to 2015.

Furthermore, several typical pixels were randomly selected based on the different
NDVI changing slopes and calculated their time series (Figure 5). The results showed
that sample (a) in western NWA showed a slowly increasing trend in the past 34 years,
during 1995-2000 and 2010-2015, NDVI continued to increase yearly. Before 2008, the
NDVI change in sample (b) in eastern NWA was relatively stable with a downward trend
(p < 0.05); after 2008, NDVI began to fluctuate severely. In Cuyo, the NDVI of sample (c)
increased slightly on the whole (p > 0.05), but in 1992-1996 and 20102013, NDVI continued
to decline. In Patagonia’s sample (d), the NDVI exhibited a significant downward trend and
continued to decline in the four years after 2004 and 2010, respectively; during the period
from 1982 to 2015, the NDVI of sample (e) decreased (p > 0.05) with obvious fluctuations.
The NDVI of sample (f) showed a significant downward trend, during the 2006-2011 period,
the NDVI changed like a “V” shape, and the NDVI increased sharply after 2009. In Pampas,
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the NDVI of sample (g) decreased significantly in the past 34 years (p < 0.05), and during
2005-2010, NDVTI first decreased and then continued to increase; the NDVI of sample
(h) increased slowly (p > 0.05), and the NDVI continued to increase during the periods
of 2000-2005 and 2011-2014. The NDVI in sample (i) decreased significantly, the NDVI
continued to decline during 1996-2002, and the downward trend of the NDVI has obvious
ups and downs after 2002. The above nine samples all showed that the change range of the
NDVI in Argentina had become significantly larger between 2000 and 2015, particularly
around 2009. These results indicated that the temporal and spatial variation in vegetation
in Argentina all exhibited a significant downward trend, mainly distributed in densely
vegetated areas, whereas the changes in sparsely vegetated areas were small.
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o1 NDVI Slope
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Eo : I 0.05--0.005
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Figure 4. (a) Average NDVI. (b) NDVI trend in Argentina from 1982 to 2015.

3.2. Correlation Analysis between the NDVI and Climatic Factors

The correlation coefficient (r) between NDVI and climate factors was calculated to clar-
ify the interaction between vegetation and climate variation. In Pampas, NEA, Cuyo, NWA,
and western Patagonia, the NDVI was significantly positively correlated with temperature
(p < 0.05), accounting for 73.09% of the entire study area; the areas with a significant neg-
ative correlation between the NDVI and temperature were mainly distributed in eastern
Patagonia (Figure 6a,b). As shown in Figure 6¢,d, the areas with a significant positive
correlation between the NDVI and precipitation were mainly distributed in Pampas, NEA,
NWA, and eastern Cuyo (64.02%), and the areas where the NDVI was negatively correlated
with precipitation were mainly in western Patagonia (p < 0.05). The correlation between
the NDVI and solar radiation was similar to that between the NDVI and temperature
(Figure 6e,f). The solar radiation in other regions of the study area was positively correlated
with the NDVI (73.27%), except for the area in eastern Patagonia, which was negatively
correlated with the NDVI (p < 0.05). It can be seen from Figure 5 that a small corporation
of the NDVI had no significant correlation with temperature and solar radiation, and less
than 20% of the NDVI was insignificantly correlated with precipitation. In general, there
was a strong correlation between the NDVI and climatic factors. The positive correlation
was primarily distributed in subtropical regions, whereas the arid and semi-arid regions
were mainly negatively correlated.
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Figure 5. NDVI time series sample at individual pixels in Argentina from 1982 to 2015. (a—i) are the
time series of selected sample pixels from 1982 to 2015.
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3.3. Residual Analysis

A multiple regression residual analysis was used to assess the effect of climate change
and anthropogenic activity on vegetation growth. During the study period, the slope of the
NDVIye in Argentina ranged from —0.54 to 1.36/decade and showed an overall decreasing
trend (60.37%), mainly distributed in western Patagonia, western NEA, eastern NWA, and
Pampas. In contrast, the areas showing an upward trend were less than 40%, concentrated
in Cuyo, western NWA, eastern NEA, and eastern Patagonia (Figure 7a).
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Figure 7. (a) The slope of the predicted NDVI (NDVlI) in Argentina from 1982 to 2015. (b) The
slope of the residual NDVI (NDVI,s) in Argentina from 1982 to 2015.

Under the influence of human activity, the slope of the NDVI,,s in Argentina varied
from —0.18 to 0.26/decade, with a slight upward trend (27.49%) in western NWA, eastern
NEA, southern Pampas, and Cuyo (Figure 7b). The residual NDVI in eastern NWA, western
NEA, Patagonia, and northern Pampas showed a downward trend, accounting for 72.51%
of the total area. These results indicated that climate change and anthropogenic activity
had a dual effect on Argentine vegetation growth.

In this study, the relative contribution rates [59] were calculated to represent the drivers
of NDVI changes. Figure 8 indicates that the region in which climatic factors and human
activities jointly drove the increase in the NDVI was small (17.33%), mainly in western
NWA, eastern NEA, and Cuyo. The contribution rate of the increased NDVI driven by
climatic factors alone accounted for 13.57% with a scattered distribution; the contribution
rate of the increased NDVI driven by human activities alone was 25.28%, distributed in
southern Pampas. Approximately 50% of the study area indicated that climate change and
anthropogenic activity jointly caused the NDVI reduction, concentrated in eastern NWA,
western NEA, Pampas, and Patagonia. Among them, the decreased NDVI barely driven by
climate factors was less than 5%, whereas the NDVI reduction driven by human activities
alone was as high as 26%, mainly in central Patagonia. Overall, the joint effect of climate
change and human activity was the main reason for the vegetation change in Argentina in
the past 34 years.
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Figure 8. Driving forces of vegetation change in Argentina from 1982 to 2015.
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4. Discussion
4.1. Impact of Climate Change on the NDV1

The results of the study showed that from 1982 to 2015, NDVI in Argentina showed
a significant downward trend both in time and space (Figures 3 and 4), consistent with
Fensholt and Proud [60] and Liu et al. [61]. Fensholt and Proud compared the NDVI
datasets from two different sensor systems in terms of linear regression and trend analysis.
Both the GIMMS3g and MODIS NDVI datasets showed significant declining trends in
vegetation in Argentina. Liu et al. explored the spatiotemporal variation pattern of the
global NDVI from 1982 to 2012, also showing a browning trend in Argentina’s NDVI. These
results all indicated that the NDVI in Argentina has decreased in recent decades. Against
the background of global warming, most regional vegetation has shown a greening trend,
but Argentine vegetation has shown a browning trend. The reasons behind the changes in
NDVI are extremely complex, and climate change and human activity are the two main
aspects, which are interlinked and affect each other.

Argentina’s geographic features and interactions with the climate determined the
effect of global warming on vegetation in the country. Its climatic characteristics were
affected by the Andes in the west [41,62], anomalous sea surface temperatures, and El
Nifio-Southern Oscillation (ENSO) [42]. This study found that the NDVI in Patagonia was
negatively correlated with precipitation, particularly on the Andes side (Figure 6¢,d), which
may have been caused by extreme weather. Abnormal precipitation may lead to floods,
resulting in plant roots being unable to breathe and affecting their water and nutrient
absorption capacity [7]. The Andes is perpendicular to the direction of atmospheric flow,
forming an effective barrier that generates strong orographic uplift and precipitation [63].
Recent studies have shown that extremely wet years in Patagonia are more frequent than
extremely dry years [64]. The NDVI in other regions of Argentina was positively correlated
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with precipitation, which was attributed to increased rainfall. Seasonal water scarcity is a
common environmental forcing factor affecting plant growth [6], the results of this study
also showed that the NDVI values in winter and spring in Argentina were lower than
those in summer and autumn over the past 34 years (Figure 3d). Both transpiration and
photosynthesis of plants require water [3]. Insufficient water supply or too much water
affects the absorption of water by plant roots and inhibits vegetation growth [7]. Water
resources are limited in winter and spring and the soil moisture content is insufficient [65],
causing a slowdown in plant growth. Rainfall increased in summer and autumn, depleted
soil moisture was supplied, and plant photosynthetic rate and transpiration gradually
returned to normal [66], improving vegetation coverage. Posse et al. also reported similar
conclusions. In Pampas, although the positive effect of precipitation on NDVI was delayed,
in summer, precipitation was positively correlated with NDVI, which was beneficial to the
increase in NDVI [67]. It can be seen that sufficient precipitation is conducive to the growth
of vegetation in subtropical regions.

This study found a breakpoint in 2008, and the minimum mean value of the NDVI
occurred in 2009 (Figure 3a,c), which was possibly the consequence of vegetation change
caused by drought. Studies have shown that there was a close relationship between
vegetation growth and drought events [68,69]. Under the influence of extreme drought
events, forests in Dry Chaco were apparently disturbed [65]. Most of the most persistent
drought events in the past 100 years (1901-2001) occurred in northern Argentina (NEA,
NWA) [70]. This was similar to the results of this study, under the influence of climate
change, the vegetation growth of both NWA and NWA was affected (Figure 7). Owing to
the long-term drought, the precipitation was below the normal range, causing widespread
water shortages and insufficient water supply demand [71], which seriously affected the
normal growth of vegetation, leading to vegetation degradation and even death. Previous
research has illustrated that as early as 1998-1999, Patagonia suffered a severe drought event
that resulted in a large number of tree deaths [68]. It can be seen that the forest ecosystem
in this area is fragile and sensitive, and is easily affected by climate disturbances [16,69].
According to reports, in 2008, southern South America experienced the largest drought
in intensity and extent in 50 years, seriously affecting forest growth and crop planting in
Argentina [33]. Patagonia experienced a prolonged drought from 2008 to 2013 [46], owing
to the decreased rainfall and reduced soil moisture content, unable to meet the water supply
needs of vegetation, resulting in a decline in vegetation cover in the region.

The area where the NDVI is negatively correlated with solar radiation and negatively
correlated with temperature is mainly in eastern Patagonia (Figure 6a,e). Light energy
directly affects the formation of chlorophyll and the photosynthesis of plants [1,72,73]. In
sunny weather, as a consequence of the few and thin clouds, the weakening effect of the
atmosphere on solar radiation is weak, and the solar radiation reaching the ground is strong,
causing the surface temperature to rise [44,74]. Rising temperatures and dry air accelerate
vegetation respiration and surface evaporation [75], leading to a lack of soil moisture and
reducing the net productivity of vegetation [76], which is not conducive to plant growth and
development. Studies have found that above-average temperatures and low precipitation
deplete soil moisture, which in turn inhibits vegetation growth [69]. Moreover, from 40°S
to the southern tip of Argentina, the Andes gradually lower and the prevailing westerlies
become drier with little precipitation [77]. Dry weather patterns with little rainfall may
increase the risk of forest fires, further increasing tree mortality and resulting in sparse
forest vegetation [7,78]. It can be seen that the rising temperature is not conducive to the
growth of vegetation in this area. These results indicated that climate-driven drought
was a major cause of the decrease in vegetation coverage in this region. While in Pampas,
NEA, NWA, and Cuyo, located in a subtropical climate zone, the NDVI was positively
correlated with solar radiation, and the relationship between temperature and NDVI was
also positive. Suitable temperature and sufficient solar radiation can provide advantageous
light and heat conditions for vegetation growth, which are beneficial to the photosynthesis
and evaporation of plants.
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4.2. Impact of Human Activity on the NDVI

Under the condition of climate change mainly characterized by warming, Argentine
vegetation did not increase but decreased. In addition to the complex natural conditions,
human activities had an effect on the vegetation in Argentina. Argentina is the second
largest country in South America, with its economic aggregate and per capita income
ranking at the forefront. However, Argentina’s economic development is at the expense of
destroying the ecological environment.

The results showed that the NDVI in Pampas decreased slightly (Figure 4), which
may be the changes in vegetation caused by farming and pastoral activities. Owing to
the increase in soybean yield, many natural grasslands in Pampas have been replaced by
soybean farmlands [27]. Changes in agricultural technology and production strategies such
as intensification, mechanized tillage, and no-tillage have led to significant variations in
animal husbandry and agricultural activities in Pampas [36,79]. Overgrazing can lead to
grassland degradation [28], and crop pest management such as pesticides and herbicides
may directly lead to vegetation loss [22]. Once the natural grassland is converted into
agricultural and pastoral land, the drastic changes in land use over time affects the growth
and development of vegetation, and it is difficult to recover the ecological environment of
vegetation in a short period. Large-scale intensive production makes the soil surface tend
to be compacted and closed [80], increasing the difficulty of surface water replenishment
and weakening the water use efficiency of vegetation, thereby inhibiting the production
and development of vegetation. This result was in compliance with that reported by
David et al. [81]. In their study of the sustainability of the agriculturalization process
in the Argentine Pampas, David et al. reported that to develop intensive, specialized,
and large-scale agricultural production, a large area of grassland in Pampas has been
reclaimed, and the grassland area has been obviously reduced. Agostini et al. also revealed
that land use (grazing and soybean cultivation) in Pampas had changed significantly in
recent decades, overgrazing and soil compaction from agropastoral activities caused grass
cover loss, exacerbating soil exposure and environmental pollution [22]. These studies all
demonstrated that agricultural expansion and cattle breeding was responsible for the loss
of natural vegetation in the Pampas.

With the expansion of cultivated land, pastures began to move from Pampas to North-
west Argentina [36]. The support of economic policies [79] also promoted the cutting of
natural vegetation in eastern NWA and western NEA (Chaco). Chaco forests have been
drastically reduced by human activities such as logging, charcoal production, dryland agri-
culture, and pastoralism [29]. Moreover, with the continuous improvement of technology
and the expansion of new international and domestic market conditions, large areas of
original tropical dry forests, sparse grasslands, savannas, and shrubs have been replaced by
agriculture and cattle breeding [82]. Our results also proved this: under the effect of human
activity, the NDVI in eastern NWA and western NEA decreased severely, which was in
line with the results of Fehlenberg et al. [25]. They assessed the causes of deforestation
in the tropical dry forests of Argentina, Bolivia, and Paraguay using a Panel regression
model, and the results indicated that soybean area and production were positively corre-
lated with deforestation, with large areas of forests in the Chaco region of Argentina being
directly replaced by soybeans. Song et al. also reported that the area of net tree cover in
Argentina lost 113,000 km? from 1982 to 2016 owing to the expansion of the agricultural
frontier [28]. Gimenez et al. also reported that during 20002015, Chaco’s natural dry forest
area decreased by about 40% due to continued agricultural expansion [29]. The above
results demonstrated that the rapid development of agriculture has accelerated the process
of deforestation, leading to the decline of the NDVI in eastern NWA and western NEA.

In addition to climatic factors, unreasonable land use also reduces the vegetation in
Patagonia. The breeding activities of sheep, cattle, and camels promoted the construction
of surrounding buildings, fences, roads, and other infrastructure, accelerating the develop-
ment of major cities [83]. The hardened road surface and buildings occupied a large amount
of land, resulting in vegetation coverage loss. With an increase in population density, the
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conflict between people and land has become prominent, and the urbanization process has
further accelerated vegetation destruction in Patagonia [84]. In addition, long-term grazing
has resulted in land degradation in this region, further reducing vegetation productivity.
Veron et al. also reported that the above-ground net primary productivity (ANPP) in the
Patagonia Andes area decreased significantly owing to desertification [85]. These studies
all indicated that both traditional grazing and modernization had a damaging impact on
Patagonia’s vegetation. Human activities such as agricultural expansion, overgrazing,
and deforestation not only directly affect the ecological functions of forests and increase
greenhouse gas emissions [36], but also bring risks of non-point source pollution, land
degradation, and soil erosion [22,28,36,80]. It can be seen that human disturbance activities
on the land hinders the growth and development of vegetation and cause adverse effects
on the ecological environment of vegetation, resulting in the reduction in vegetation.

4.3. Suggestions and Limitations

Under the combined influence of climatic and human factors, Argentine NDVI is
undergoing extensive variation, although such variations are negative. Because of climate
change, floods, droughts, and extreme weather will become more frequent in the future [35].
Deforestation and land degradation exacerbate the negative effects of climate change [30].
With the expansion and intensification of farmland and cattle ranching, the negative impacts
of human intervention on natural vegetation and biodiversity will increase [36]. Land-use
change and urbanization have also overstretched Argentine forest ecosystems. The vegeta-
tion conditions of areas such as savannas, grasslands, and shrubs can be improved through
rotational grazing. Environmental protection policies and deforestation regulations [86]
should be issued to prohibit cutting native vegetation. Reasonable land management such
as rotational grazing, can improve pasture carrying capacity and forage grass quality. The
legal system can increase the public’s awareness of primary forest protection. At the same
time, it can increase the total amount of forest resources and improve the quality of forest
resources, which is conducive to the sustainable development of forestry. Through the
results of this study, more attention can be paid to the change in local vegetation and
protection of terrestrial ecological environment, which is beneficial to local sustainable land
management and ecosystem stability in the future.

However, this study has some limitations. Three climate factors were selected for
the multivariate regression residual analysis to distinguish the impacts of climate change
and anthropogenic activity on vegetation. Nevertheless, the growth and development of
vegetation are complicated processes. The climate is a factor that changes with time and
space. In addition to climate, terrain and altitude [49] are constant factors in time, which
also affects the growth and development of vegetation. On the other hand, there is a certain
lag effect between vegetation and climatic factors. Vegetation’s response to climate variables
differs on a seasonal scale [6]. Ecological engineering and farmland irrigation contribute to
the management and restoration of the ecosystem, creating a favorable growth environment
for plants, and thereby promoting the increase in vegetation coverage. However, irrational
land use and deforestation will destroy the living environment of plants, increase the risk of
water and soil pollution, and accelerate vegetation degradation. Therefore, in future studies,
the driving mechanism of vegetation variation may need to be combined with additional
factors to further refine the differentiation between the climatic and anthropogenic impacts.
An analysis of the seasonal change in vegetation and the lag effect of vegetation on climatic
factors may also be required.

5. Conclusions

Using the GIMMS NDVI3g dataset and FLDAS climatic data, combined with the linear
regression, correlation, and multiple regression residual analysis, this study analyzed the
temporal and spatial changes and driving factors of the NDVI in Argentina from 1982 to
2015. We reached the following conclusions:
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(1) The vegetation change in Argentina had prominent regional characteristics in
space, and the NDVI showed an overall downward trend, with an average change rate of
—0.005/decade (p < 0.05). The areas where the NDVI decreased significantly were mainly
distributed in western NEA, eastern NWA, Pampas, and Patagonia.

(2) Vegetation in Argentina showed different correlations with temperature, precipi-
tation, and solar radiation. The NDVI in Pampas, NEA, NWA, and Cuyo was positively
correlated with the three climatic factors. The NDVI in western Patagonia showed an
apparent positive correlation with temperature and solar radiation, whereas the NDVI
showed a negative correlation with precipitation.

(3) Variations in vegetation in Argentina are driven by climate change and human
activity. Extreme weather and unreasonable land use were the major reasons for the
decrease in Patagonian vegetation coverage. On the contrary, climate change favored
vegetation growth in Cuyo. Deforestation and farmland expansion were the main drivers
of vegetation loss in Pampas, NEA, and NWA.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390 /1515071926 /s1, Figure S1: The relative change in the 34-year NDVI
trend in Argentina based on the NDVI in 1982.
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