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“O sabiá no sertão
Quando canta me comove,
Passa três meses cantando
E sem cantar passa nove
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De só cantar quando chove”.
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INFLUÊNCIA DAS CONDIÇÕES AMBIENTAIS NO VERDOR
VEGETAÇÃO DA CAATINGA FRENTE ÀS MUDANÇAS CLIMÁTICAS

DA

RESUMO
O bioma Caatinga, ecossistema de clima semiárido localizado no nordeste do Brasil,
apresenta forte sazonalidade com baixo regime de precipitação. Esta região possui as
projeções de mudanças climáticas mais alarmantes do país, com o aumento temperatura
do ar e a redução da pluviosidade com tendências mais fortes que as previsões médias
globais. As mudanças climáticas no bioma podem acarretar na diminuição da cobertura
vegetal e alteração de sua distribuição, bem como do funcionamento ecossistêmico. Desta
forma, influencia fortemente na diversidade de espécies. Nesse contexto, a proposta desse
estudo é modelar a dinâmica da vegetação em função das condições ambientais
(pluviosidade e temperatura), bem como predizer as consequências das mudanças
climáticas, baseadas nesses determinantes ambientais para o verdor da vegetação. O
índice de vegetação EVI (Enhanced Vegetation Index) foi usado para estimar o verdor da
vegetação no bioma. A fim de considerar a forte autocorrrelação temporal e espacial, bem
como a heterogeneidade presente nos dados, vários modelos GLS (Generalized Least
Squares) foram desenvolvidos e comparados para se obter o melhor modelo. Tal modelo
refletiu a influências das condições ambientais na previsão do verdor da vegetação no
futuro. Diante da aplicação dos novos cenários de mudanças climáticas no modelo, a
modificação dos determinantes ambientais, pluviosidade e temperatura, influenciou
negativamente no verdor da vegetação no bioma Caatinga. Esse modelo foi usado para
criar imagens de vegetação potencial nos períodos presente e futuro do bioma Caatinga
considerando que até 2040 haverá uma diminuição de 20% da precipitação e um aumento
de 1°C na temperatura; até 2070 haverá uma diminuição de 35% na precipitação e um
aumento de 2,5°C na temperatura; e até o final do século o percentual de diminuição das
chuvas alcançará 50% e a temperatura terá um aumento de até 4,5°C. Os resultados desse
estudo sugerem que o funcionamento do ecossistema será afetado com a diminuição de
5,9% do verdor da vegetação até 2040, 14,2% até 2070 e 24,3 % até o final do século. A
vegetação da Caatinga em áreas de baixa altitude (maior parte do bioma) será mais afetada
pelas mudanças climáticas.

PALAVRAS-CHAVES: Clima semiárido, Índice de vegetação EVI, determinantes
ambientais, modelos GLS, sensor MODIS.
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ENVIRONMENTAL INFLUENCE IN VEGETATION GREENNESS UNDER
CLIMATE CHANGE IN CAATINGA

ABSTRACT

The Caatinga biome, a semi-arid climate ecosystem found in northeast Brazil, presents
low rainfall regime and strong seasonality. It has the most alarming climate change
projections within the country, with air temperature rising and rainfall reduction with
stronger trends than the global average predictions. Climate change can present
detrimental results in this biome, reducing vegetation cover and changing its distribution,
as well as altering all ecosystem functioning and finally influencing species diversity. In
this context, the purpose of this study is to model the environmental conditions (rainfall
and temperature) that influence the Caatinga biome productivity and to predict the
consequences of environmental conditions in the vegetation dynamics under future
climate change scenarios. Enhanced Vegetation Index (EVI) was used to estimate
vegetation greenness (presence and density) in the area. Considering the strong spatial
and temporal autocorrelation as well as the heterogeneity of the data, various GLS models
were developed and compared to obtain the best model that would reflect rainfall and
temperature influence on vegetation greenness. Applying new climate change scenarios
in the model, environmental determinants modification, rainfall and temperature,
negatively influenced vegetation greenness in the Caatinga biome. This model was used
to create potential vegetation maps for current and future of Caatinga cover considering
20% decrease in precipitation and 1 °C increase in temperature until 2040, 35% decrease
in precipitation and 2.5 °C increase in temperature in the period 2041-2070 and 50%
decrease in precipitation and 4.5 °C increase in temperature in the period 2071-2100. The
results suggest that the ecosystem functioning will be affected on the future scenario of
climate change with a decrease of 5.9% of the vegetation greenness until 2040, 14.2%
until 2070 and 24.3% by the end of the century. The Caatinga vegetation in lower altitude
areas (most of the biome) will be more affected by climatic changes.

KEYWORDS: Semiarid climate, Enhanced Vegetation Index (EVI), environmental
determinants, Generalized Least Squares (GLS) models, MODIS sensor.
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INTRODUCTION

Northeast Brazil is covered by a semiarid biome, called Caatinga, strongly
influenced by seasonal patterns of drought characterized by low water availability that
varies greatly in time and space and high temperatures with little spatial and temporal
variation (Sampaio, 1995). It is considered an environment with high rates of evaporation
and shallow soil with low water holding capacity (Silva et al., 2009). Caatinga is also one
of the largest semi-arid areas of South America (Reis, 1976) presenting low rainfall
regimes with average values between 500 and 750 mm, with some regions reaching
values up to 250 mm (Reddy, 1983).
The Caatinga is a true mosaic of different vegetation types generated from large
scale influences, such as climatic and orographic patterns; as well as small scale factors,
such as different soils and local topographical features (Sampaio, 1995). In this context,
the marked hydric deficit found in this biome, variable in time and space, significantly
influences its physiognomy (Amorim et al., 2005).
Many natural environmental factors are responsible for the high spatial
heterogeneity found in the Caatinga biome. Most Caatinga presents average altitudes that
are relatively low (mostly between 400 and 500 m), but some peaks as high as 1000 m
can be also found (Sampaio, 1995). The vegetation in the lower areas is characterized by
open steppe savanna and in the highest areas (mountains) the vegetation is a closed
arboreal Caatinga type (Silva, da et al., 2014) with higher humidity and taller vegetation
(Amorim et al., 2005). The forests of highland tops are important water suppliers to
nearby areas (Andrade-Lima, 1981).
Regarding the relationship between climate characteristics and the plant species
that compose the Caatinga landscape, the region has a strong seasonal climate regime that
combines deciduous plant species and herbaceous annual ones with different
physiognomies such as xerophyte plants, thorny shrubs, deciduous trees, cactus and
bromeliads (Barbosa et al., 2006).
In order to adapt to the extreme climate, some species of plants still present water
storage ability by morphological features such as tubers (in Spondias tuberosa
(Anacardiacea) and Carica corumbaensis (Caricaceae)), water swollen trunks (in
Cavanillesia arborea (Malvaceae) and Chorisia glaziovii (Bombacaceae)), water
accumulation on the leaf itself (in Bromeliaceae), and through scaly filaments (in
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Tillandsia usneoides, T.streptocarpa, T. recurvata and T. Ioliacea, Bromeliaceae)
(Andrade-Lima, 1981).
The environmental determinants in Caatinga influence vegetation dynamics and
ecosystems functioning. As a result, this process has important implications in the
community dynamics and thus to trophic interactions (Pennington & Collins, 2007). This
whole interaction scenario among environmental factors, vegetation and ecosystem
functioning in Caatinga can all be altered by climate change.
The Net Primary Production (NPP), which consists in capturing solar energy and
carbon conversion through photosynthesis in energy to be used by plants through biomass
production and respiration (Potter et al., 1993; Ruimy et al., 1994; Field et al., 1995), can
be estimated by measuring the amount of light absorbed by the vegetation (Chapin et al.,
2002) using remote sensing techniques.
Vegetation indices are metrics available in Remote Sensing techniques to measure
vegetation greenness. Indexes may represent a direct measure of chlorophyll leaf content,
but they are also used indirectly as proxies (indicators) of ecosystem processes
(Ramachandran et al., 2011). Currently, several studies used vegetation indexes as
vegetation productivity proxies (Tucker & Sellers, 1986; Prince et al., 1991; Sims et al.,
2006, 2008; Peng et al., 2013), especially in semi-arid environments (Sjöström et al.,
2011; Fensholt et al., 2012; Wen et al., 2012; Baldi et al., 2013; Requena-Mullor et al.,
2014).
A potentially useful variable to ecosystem functioning metrics is the Enhanced
Vegetation Index (EVI), which is linearly related to carbon gains and therefore NPP
(Requena-Mullor et al., 2014). This index is recommended for use in studies developed
in semi-arid environments because it reduces soil brightness influences in images, which
is a significant error in environments with little leaf cover (Huete et al., 2002; John et al.,
2008; Oliveira et al., 2009; Jenerette et al., 2010). Thus, this index can be applied to
vegetation modeling in the Caatinga biome, and the obtained model can be used to create
different climate change scenarios, taking into account the influence of these changes in
ecosystem processes such as NPP.
Recent projections predict that climate variability and extreme events are likely to
increase in response to high CO2 concentrations in the whole world (IPCC, 2006). In
Brazil, the Caatinga biome has the most alarming projections, with rise in temperature
and decrease in rainfall patterns that will be stronger than the global average changes
(PBMC, 2012).
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Climate forecasting scenarios to Caatinga predict that in the next three decades
(2040) there will be an increase from 0.5 ° to 1 ° C in air temperature and a decrease
between 10% and 20% in rainfall. In the period 2041-2070 there will be a gradual increase
in temperature from 1.5 ° to 2.5 ° C and decrease from 25% and 35% in rainfall patterns.
By at the end of the century (2071-2100), the projections indicate significantly warmer
conditions with temperature increase between 3.5 ° and 4.5 ° C and a reduction of almost
half (-40 to -50 %) in rainfall distribution in this biome (PBMC, 2012).
Climate change can present detrimental results in this biome, reducing vegetation
cover and changing its distribution, as well as altering all ecosystem functioning and
finally influencing species diversity. In this context, the objective of this study is to model
the influence of environmental conditions (rainfall and temperature) in the Caatinga
biome productivity (greenness) and to predict its consequence in the vegetation cover in
the face of future climate change scenarios.

MATERIAL AND METHODS

The Caatinga and its climate
The Caatinga biome is located between 35 ° and 42 ° W and 3 ° S to 16 ° S, and
comprises 845000 km2, corresponding to 10% of Brazilian territory (IBGE, 2004). It is
located in Brazilian’s northeastern and occupies the states of Bahia, Ceará, Paraíba,
Pernambuco, Piauí, Rio Grande do Norte, Sergipe, Alagoas, Maranhão and northern
Minas Gerais (Fig. 1).
Brazilian northeast region’s rainfall pattern is influenced by the El Niño - Southern
Oscillation, because through this process, a modification occurs in the Walker circulation
pattern, leading to the Pacific waters heating, especially on the north coast of Peru and
Ecuador, which inhibits cloud formation in this region (Ferreira and Mello, 2005).
The climate in the region is also affected by large scale climatic systems, from
which the Intertropical Convergence Zone (ITCZ) is one of the most important (Erasmi
et al., 2014). From February to March, the ITCZ over the tropical Atlantic Ocean reaches
its southernmost position, giving rise to what is called the rainy season over Northeastern
Brazil and its return to more northern position determines the end of the rainy season.
The timing of its return is highly variable and contributes greatly to the seasonal
precipitation. Brazilian Northeastern exhibits a large variability in the total amount of
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rainfall from year to year and a high spatial and temporal variability in the precipitation
within its rainy season (see Uvo et al., 1998).
The present study analysed data from 42 Caatinga climatic stations for 14 years,
to access the influence of environmental conditions while incorporating the
spatiotemporal variability. Preliminary analysis revealed that stations can be divided into
three distinct groups with similar rainfall patterns. There is a more remarkable seasonal
pattern with rainfall peaks from January to April inside the biome Caatinga (Fig. 1, red
triangles). The northeastern portion of the biome, a region closer to the coast, presents
peaks occurring from May to July (Fig. 1, blue circles). In the southern region of the
biome, rainfall peaks can occur from November to April (Fig. 1, green squares).

FIGURE 1 - Caatinga biome delimitation according to the Brazil’s Biomes Map (IBGE,
2004) with the location of the 42 weather stations divided into three groups according to
the rainfall seasonal pattern.
MODIS Sensor
The Moderate-Resolution Imaging Spectroradiometer (MODIS) sensor is the
main instrument of Terra and Aqua platforms, which is integrating the NASA’s Earth
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Observing System (EOS). MODIS is designed to carry out multidisciplinary scientific
studies, whose objectives are to evaluate the increasing impact of human activity on the
planet and monitor changes on its surface and atmosphere. One sensor’s main
characteristics is the availability of images in the form of specific products, in high-level
of pre-processing, thereby facilitating its usage by the scientific community (Soares et al.,
2007).
The MODIS sensor was created to provide better monitoring by land and ocean,
and develop atmospheric research covering the entire Earth’s surface every two days. It
has 36 bands in the 0.4 to 14.4 µm range of the electromagnetic spectrum, high
radiometric sensitivity (12 bit) and 250 m spatial resolution (bands 1 and 2), 500 m (bands
3 and 7) and 1 km (bands 8 to 36), covering a 2,330 km swath (Barnes et al., 1998).
Among the MODIS images derivatives, there is the MOD-13 product, which
comprises vegetation indexes generated at 16 days intervals. The vegetation index values
are calculated by the operation between two or more spectral bands, in order to enhance
the vegetation properties and minimize lighting variations in ground, favouring a better
comparison of the temporal and spatial distribution, productivity, photosynthetic activity,
and structural and phenological changes in vegetation cover (Huete et al., 2002).
The MOD-13 product includes two vegetation indices: the Normalized Difference
Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI). Both are produced
using, for each pixel, the greatest value observed of MODIS sensor over a period of 16
days, to minimize clouds presence (Anderson & Shimabukuro, 2007). The MODIS
vegetation indices are available with a 250 m spatial resolution, enabling studies on a
regional scale with a high temporal resolution.
The EVI index was chosen for this study because it is more suitable for use in
semi-arid regions, since it is designed to reduce the effect of soil brightness (which are
strong in semi-arid environments with poor leaf cover), and atmospheric effects (Huete
et al., 2002; John et al., 2008; Oliveira et al., 2009; Jenerette et al., 2010). The EVI is
calculated with the following equation:

𝐸𝑉𝐼 = 𝐺

𝜌𝑁𝐼𝑅 − 𝜌𝑟𝑒𝑑
𝜌𝑁𝐼𝑅 + 𝐶1 × 𝜌𝑟𝑒𝑑 − 𝐶2 × 𝜌𝑏𝑙𝑢𝑒 + 𝐿
(Equation 01)

where ρ are the reflectance bands in the near infrared and red (calibrated and
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atmospherically corrected, in full or in part), L is the factor for soil adjustment and C1,
C2 are coefficients adjustment for the aerosols effect, which uses the range of blue to
correct the aerosols influence in the red range (Huete, et al., 2002).

Environmental variables analysis and their relationship with the vegetation in
Caatinga
Data obtention
Within Caatinga biome extension, a time series of 14 years of satellite data
(images of EVI MODIS TERRA vegetation index from 2000 to 2013) was used, as well
as monthly environmental variables of rainfall and temperature from 42 weather stations
(Fig. 1) of “Banco de Dados para Ensino e Pesquisa do Instituto Nacional de
Meteorologia” (INMET/BDMEP).
The weather stations were selected through visual analysis of their surroundings
in GOOGLE EARTH to make sure that the selected pixels really corresponded to
Caatinga vegetation. For those stations that were not located in vegetated environment
(disturbed areas), as well as those who were outside Caatinga boundaries, the closest pixel
that corresponded to vegetated area for each station was chosen (up to a maximum of 5
km). Thus, the environmental variables from meteorological stations refer to the
overlapped EVI pixel value or the pixel that is closest to them. Therefore, 31 points
(pixels) were relocated near the stations to extract the EVI. Among all the stations, only
one was approximately 1.2 km outside the Caatinga boundaries and had to be relocated.
The study area is covered by the MODIS scenes h13v9, h13v10, h14v9 and
h14v10. These images of the EVI index were obtained by MODIS Reprojection Tool Web
Interface (NASA) with scenes location and positioning in the geographical projection lat
long, in datum WGS1984. The EVI values extraction was carried out with the program
ArcGIS 9.3 (ESRI, 2009).
Due to possible positioning errors, and possible variation occurrence in the EVI
values surrounding the meteorological stations, the present study used as EVI value the
average of nine pixels: the pixel value where the station is located and its eight adjacent
pixels.
As the index images are generated every 16 days and the environmental variables
obtained from the database are monthly data, for each month, one MODIS image was
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selected with the average index containing more days in that month. Thus, vegetation data
was represented as an average of 16 days per month while meteorological data was
monthly.

Data analysis: Dealing with heterogeneity, temporal and spatial autocorrelation

a. GLS models
The studied dataset presented a strong temporal and spatial autocorrelation since
it is a spatial-time series dataset. In other words, the dataset is a time series collection
referencing to sites in a common spatial framework. One possible solution to this problem
is to incorporate structures in the linear regression model. Such model consists of a fixed
term and random term. The fixed term describes the response variable Y as a function of
the explanatory variables in linear regression. The random term contains components that
allow for heterogeneity, nested data (random effects), temporal and spatial correlation,
and a real random term or combination of these components. When allowing for
heterogeneity, temporal and spatial correlation, this model is called a Generalized Least
Squares model (GLS), which is essentially a weighted linear regression (Zuur et al.,
2009).
To determine the influence of the environmental variables rainfall and temperature
in the primary productivity above ground (vegetation index values) in the Caatinga,
various GLS models were developed and selection applied. The selection was performed
following the protocol presented by Zuur et al. (2009) for data with normal distribution
using the nlme package R program (Pinheiro et al., 2009). In sum, in this study, several
models were created and the best model was selected with lowest Akaike Information
Criterion (AIC).

b. Creating models
Data preliminar analysis through residuals plot showed that EVI and rainfall
violated the assumption of variance homogeneity (Figs. 2a and b), differently temperature
that seems to respect this assumption (Figs. 2c and 2d). The variable EVI was transformed
in square root and rainfall was transformed in logarithmic to reach the data normal
distribution.

Residuals

Residuals

15

Rainfall

Residuals

Residuals

Month

Temperature

Area

FIGURE 2: Residuals analysis for diagnostic of the variables causing heterogeneity in the
dataset. a) Residuals per month. b) Residuals versus rainfall. c) Residuals versus
temperature d) Residuals versus area. Because month and area are nominal variables,
boxplots are produced. Nominal variables area matches southern portion, inside biome
and northeastern portion, respectively. Panel A and B show that there is clear violation of
heterogeneity.

In the normalized residuals plot on month per area it is possible to see that the
residual spread increases with increasing rainfall (Fig. 3). So, one can conclude that
residual spread can be influenced by both month and area. Then, both aspects were
incorporated in several models (heterogeneity incorporation) and compared selecting best
models with lowest AIC.

Normalized residuals
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Rainfall

Temperature

FIGURE 3: Coplot of standardized residuals obtained by the linear regression model
Temperature
without variance structure versus rainfall, conditional on month per area. There is
evidence of heterogeneity, showing different patterns according to area and month. In the
horizontal axis, each box refers to a month, totaling 12 boxes. In the vertical axis, each
box refers to a stations group. Bottom-up have been those of southern portion, inside
biome and northeastern portion.
c. Applying and testing models
First of all, thirteen models were tested with different heterogeneity structures and
the best model was selected with lowest AIC (Table 1, model0 – model 8.2). Then, the
best model was compared to other eighteen temporal autocorrelation models which
already had the variance structure (heterogeneity) incorporated in the previous step (Table
1, model5_t1 – model5_t16). Finally, this last model was compared to other models with
spatial autocorrelation structure for finding the optimal best model (Table 1, model5_S1
– model5_S5). The details for each tested model follow in Table 1. The next step is to use
the best model to predict vegetation changes in Caatinga in a climate change scenario.
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TABLE 1: Summary of the models tested in this study and details about the random terms
it added.
MODELS
Model0
Model1
Model2
Model2.1
Model2.2
Model3
Model4
Model5
Model6

Heterogeneity

Model7
Model8

Model8.1

Model8.2
Model5_t1
Model5_t1.1
Model5_t1.2
Model5_t2
Model5_t3
Model5_t4
Model5_t5
Model5_t6
Model5_t7
Model5_t8
Model5_t9
Model5_t10
Model5_t11
Model5_t12
Model5_t13
Model5_t14
Model5_t15
Model5_t16

Heterogeneity +
Temporal
autocorrelation

RANDOM TERM IN THE MODELS
Without any structure.
Fixed variance structure.
VarIdent variance structure with nominal variables month
and area.
VarIdent variance structure with month nominal variable.
VarIdent variance structure with area nominal variable.
Power of the covariate’ variance structure with the rainfall
variable.
Power of the covariate’ variance structure with rainfall
variable per stratum of month.
Exponential variance structure.
VarConstPower Variance Structure with variable rainfall.
VarConstPower Variance Structure with variable rainfall per
stratum for month.
Combination of variance structures in which was used
varIdent per stratum for month and area; and exponential
variance structure.
Combination of variance structures in which was used
varIdent per stratum for month and exponential variance
structure.
Combination of variance structures in which was used
varIdent per stratum for area and exponential variance
structure.
Exponential variance structure and compound symmetric
correlation per stratum for month and station.
Exponential variance structure and compound symmetric
correlation per stratum for month and area.
Exponential variance structure and compound symmetric
correlation per stratum for month and year.
Exponential variance structure and auto-regressive
correlation of order 1 (AR-1 auto-correlation).
Exponential variance structure and Auto-Regressive Moving
Average correlation with p=1 and q=1 (ARMA (1,1)).
Exponential variance structure and ARMA (1,2).
Exponential variance structure and ARMA (1,3)
Exponential variance structure and ARMA (0,1).
Exponential variance structure and ARMA (0,2).
Exponential variance structure and ARMA (0,3).
Exponential variance structure and ARMA (2,0).
Exponential variance structure and ARMA (2,1).
Exponential variance structure and ARMA (2,2).
Exponential variance structure and ARMA (2,3).
Exponential variance structure and ARMA (3,0).
Exponential variance structure and ARMA (3,1)
Exponential variance structure and ARMA (3,2).
Exponential variance structure and ARMA (3,3).
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Model5_S1
Model5_S2
Model5_S3
Model5_S4
Model5_S5

Heterogeneity +
Spatial
autocorrelation

Exponential variance structure and Spherical correlation
Exponential variance structure and Linear correlation
Exponential variance structure and Rational quadratic
correlation
Exponential variance structure and Gaussian correlation
Exponential variance structure and Exponential correlation

Forecast future scenarios on climate change

To obtain Caatinga biome productivity (vegetation greenness) images in the future
in different time periods, three future predictions by PBMC (2012) were applied to
generate potential vegetation maps in its most pessimistic scenario presented as follows:
 Until 2040: Decrease of 20% in rainfall and 1 °C increase in temperature;
 2041-2070: Decrease of 35% in rainfall and 2.5 °C increase in temperature and;
 2071-2100: Decrease of 50% in rainfall and 4.5 °C increase the temperature.
The variables used to generate scenarios forecast from the final model are annual
average temperature and annual accumulated rainfall, obtained from WorldClim dataset
in the raster format with 1 km spatial resolution (Hijmans et al., 2005;
http://www.worldclim.org/ download.htm). This data layers were generated through
interpolation of average monthly climate data from weather stations on 1 km 2 resolution
for at least 10 years within the data period 1950-2000. The result of this modeling
generated a raster image EVI vegetation index (variable model response) for present
period and, then, for each predicted time period (until 2040, 2041-2070 and 2071-2100).
Vegetation intensity or greenness was evaluated as the average of EVI values in each
image. Vegetation decrease was accessed as the percentage decrease of average EVI in
relation to present in the obtained image.

RESULTS

Observing a time series of 14 years in Caatinga, it is possible to see that the
seasonal observed patterns in the Caatinga biome differ in relation to distance from the
coast in the southern portion, inside biome and in the northeastern portion (see Fig.4 and
stations locations in Fig. 1). The average rainfall is lower inside biome (70.53 mm)
regarding nearest areas in the coast (72.09 mm in the southern portion and 77.31 mm in
the northeastern portion of the biome). Variation in rainfall patterns (standard deviation
average of the precipitation) is much higher and decrease inside-border direction with
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88.51 mm inside biome, 82.33 mm in southern and 70.38 mm in northeastern (Fig. 4 D,
E and F). The temperatures are high and more homogeneous inside biome (26.41°C +
1.38°C; x + SD), have intermediate values in the southern portion (24.62°C + 1.52°C; x
+ SD) and the lower values in the portion northeast (24.07°C + 1.59°C; x + SD) (Fig. 4
G, H and I). These characteristics are related to strong rainfall seasonality with short rainy
periods and long dry periods as penetrates into the biome (see SM17 for environmental
average data for each meteorological station). Besides, there is a clear seasonal pattern in
all areas, but not all patterns are identical (Fig. 4).
It is possible to recognize that there is a direct positive relation between vegetation
intensity and rainfall (compare Figs. 4 A, B and C with D, E and F). Even though
temperature is much more stable, it is possible to observe a negative relation between
vegetation and temperature (compare Figs. 4 A, B and C with G, H and I).
Regarding the model selection of the environmental variables influence on
vegetation, the model initially selected was the exponential variance structure model
(Model5, which incorporated the heterogeneity structure). This model was selected within
the first 13 models (see methods above and Table 2). This model (Model 5) was chosen
despite not presenting lowest AIC. The three other models that could be chosen (Model8,
Model8.1, Model8.2) had lower AIC in marginal values but were more complex (Table
2, see supplementary material, SM01:SM06, with all models for comparison).
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Southern portion

Northeastern portion

Inside biome
(B)

(C)

(D)

(E)

(F)

(G)

(H)

(I)

Temperature

Rainfall

EVI index

(A)

Months

FIGURE 4: Boxplots of square-transformed EVI Index, log-transformed rainfall and
temperature versus month per area. Each area consists of various stations. See Fig. 1 with
the stations location.
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TABLE 2: Exponential variance structure model covariate rainfall (Model5) versus
models with a combination of variance structures in which was used varIdent per stratum
for month and area and exponential variance structure (Model8), varIdent per stratum for
month and exponential variance structure (Model8.1) varIdent per stratum for month area
and exponential variance structure (Model8.2). Only the best models to analyze
heterogeneity in terms of AIC are in this table. To see all models, see supplementary
material (SM01:SM06).
Df

AIC

p-value

Model8

40

14774.24

<.0001

Model8.1

16

14781.14

0.0003

Model8.2

7

14784.37

0.0116

Model5

5

14793.83

The second step was to incorporate heterogeneity and temporal autocorrelation
structures (Table 2, model5_t1 to model5_t16, see methods above). The best models were
the ones with p= 2 and q= 1 (Model5_t10) and p= 3 and q= 3 (Model5_t16) (see Table
3). Both AICs differed only marginally, and we selected ARMA (2, 1) model since it is
considerably less complex than ARMA (3, 3) model (See supplementary material,
SM07:SM12, with all models for comparison). The optimal model is not necessarily the
one with the perfect autocorrelation structure (with the best AIC) but one with the most
adequate structure (less complex). In some situations it is more appropriate to choose a
less complex model than one with lower AIC and higher complexity (Schabenberger and
Pierce, 2002; Zuur, 2009).
Finally, the next step was to compare this model with other spatial autocorrelation
models (Table 2, model5_S1 to model5_S5, see methods above). The optimal final model
was one that incorporated exponential variance and exponential correlation structures
(Model5_S5, Table 4).
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TABLE 3: Auto-regressive moving average (ARMA) models with p= 2 and q= 1
(Model5_t10) versus ARMA models with p= 3 and q= 0 (Model5_t13), p= 3 and q= 1
(Model5_t14), p= 3 and q= 2 (Model5_t15), p= 3 and q= 3 (Model5_t16). Only the best
models to analyze temporal autocorrelation in terms of AIC are in this table. To see all
models, see supplementary material (SM07:SM12).
Df

AIC

p-value

Model5_t10

8

12559.47

Model5_t16

11

12558.81

0.0105

Model5_t14

9

12561.42

<.0001

Model5_t15

10

12563.35

0.7923

Model5_t13

8

12672.94

TABLE 4: Auto-regressive moving average (ARMA) model with p= 2 and q= 1
(Model5_t10) versus spatial autocorrelation models with spherical correlation
(Model5_S1),

linear

correlation

(Model5_S2),

Rational

quadratic

correlation

(Model5_S3), Gaussian correlation (Model5_S4) and Exponential correlation
(Model5_S15).
Df

AIC

Model5_t10

8

12559.47

Model5_S1

7

12739.40

Model5_S2

7

13983.58

Model5_S3

7

12575.78

Model5_S4

7

12650.54

Model5_S5

7

12559.05

p-value

<.0001

Through final model analysis, it was possible to observe that rainfall, as expected,
showed a positive relation with vegetation greenness (coefficient 0.011, Table 5), while
temperature showed a negative relation (coefficient -0.011, Table 5). This results suggest
that the lower the rainfall and higher the temperature, the lower the vegetation greenness.
This implies that the increase in temperature and water deficit will result in a decline in
photosynthetic processes, since the inhibition of transpiration by overheating of the leaves
is affected by availability of water, which leads in a photoinhibition due to the heat
(Larcher, 2000).
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TABLE 5: Final model summary that incorporated exponentials correlation and variance
structures.
Generalized least squares fit by REML
Model: EVI ~ Rainfall + Temperature
Correlation Structure:

Exponential spatial correlation

Formula:

~1 | Month

Parameter estimate(s):
Range

Nugget

11.7198693

0.3927369

Variance function:
Structure:

Exponential of variance covariate

Formula:

~Rainfall

Parameter estimates:
Exponential
0.1293507
Coefficients:
Value

Std.Error

t-value

p-value

(Intercept)

1.1654882

0.013279871

87.76352

0

Pluviolog

0.0109204

0.000615196

17.75107

0

Temp

-0.0110596

0.000481229

-22.98199

0

(Intr)

Rainfall

Correlation:

Rainfall

-0.295

Temperature

-0.983

0.330

Standardized residuals:
Min
-3.07306344

Q1
-0.72165827

Med

Q3

Max

0.03499177

0.76254947

4.01341965

Residual standard error:

0.04521692

Degrees of freedom:

6379
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The ecosystem functioning will be affected on the future scenario of climate
change with a decrease of 5.9% of the vegetation greenness until 2040, 14.2% from 2041
to 2070 and 24.3% by the end of the decade (Fig. 5).
The most affected areas will be the north and northwest regions of the biome,
especially the states of Ceará, Piauí and inside Rio Grande do Norte, that currently are
the areas with greater water deficit and higher temperatures in the biome. The southern
region will be less affected.
Although altitude was not incorporated to the model, the areas coinciding with
higher greenness are the ones with highest altitudes, since those areas present the most
favorable environmental conditions. Thus, one can conclude that the areas with lower
altitudes (most of Caatinga biome) are more susceptible to loss of Caatinga vegetation
with the climatic changes (compare Fig. 5 with Fig. 7).
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(A)

(B)

(C)

(D)

FIGURE 5: Consequences climate changes in the vegetation greenness of the Caatinga biome, Brazil. A) Current potential vegetation greenness.
B) In the next three decades (until 2040) with decrease of 20% precipitation, 1°C increase in the temperature and decrease of 5.9% of the vegetation
greenness. C) In the period 2041-2070 with decrease of 35% precipitation, 2.5 °C increase in the temperature and decrease of 14.2% of the
vegetation greenness. D) In the final decade (2071-2100) with decrease of 50% precipitation, 4.5 °C increase in the temperature and decrease of
24.3% of the vegetation greenness.
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DISCUSSION

Analyzing climatic data in Caatinga for 14 years, we selected three distinct subareas in Caatinga based mainly in rainfall patterns (Figs. 1 and 4). Average temperature
is warm and more homogeneous inside the region (Fig. 4 H), while in the southern and
northeastern portion of the biome the temperature variability a bit higher (Figs. 4G and I,
respectively). This is probably due to cold fronts coming from the coastal region. These
fronts enter the continent and are modified by the difference in altitude that, despite of
being small (between 400 and 500m, may reach 1000 meters in some specific locations)
create a more humid microclimate in places where relief intercepts these fronts, and more
dry leeward (Sampaio, 1995).
The present study showed that the rainfall in the biome decreases in the edge-inner
way (Fig. 4 E), as the air masses lose humidity as they penetrate the region (Sampaio,
1995). It is possible to observe a variation much higher in rainfall than in temperature
(results above and SM19). Inner Caatinga (inside biome in Fig.1) spams most of the
biome and presents higher temperatures and lower rainfall (with higher rainfall variation).
Climate is the main factor influencing Caatinga landscape (Andrade-Lima, 1981).
Silva et al. (2011) showed that the vegetation cover in the Caatinga presents a strong
distinction when comparing dry and rainy seasons in the same year (Fig. 5), confirming
that rainfall is strongly influent in vegetation greenness. In the rainy season, the vegetation
greenness is dominant in the Caatinga, while the absence of rain in the dry season
completely changes the landscape (Silva et al., 2011). This climate seasonality reflects
directly in the landscape dynamics and therefore, in many ecological factors, from those
at population level like migration events, up to ecosystem functioning.
Ours results showed that rainfall, as expected, presented a positive relation with
vegetation productivity (greenness), while temperature showed a negative relation. The
Caatinga biome presents high evaporation rates (Silva et al., 2009). This fact favors the
reduction of temperature in the plant, since the transpiration prevents the leaves from
overheating by solar radiation (Larcher, 2000). Evapotranspiration is a variable correlated
with rainfall, and areas with less rainfall have lower evapotranspiration rates. Associated
with higher temperature, this leads to lower photosynthetic efficiency. Consequently,
vegetation greenness is lower in areas with higher temperatures and lower rainfall.
However, the EVI values decrease can be also related to the amount of green leaves that
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are lost until the arrival of the dry season and not necessarily a decrease in photosynthetic
ability of the plants.
The main result in this study showed that Caatinga biome is the most threatened
under climate change with a decrease of 5.9% of the vegetation greenness until 2040,
14.2% until 2070 and 24.3% by the end of the century (Fig. 5). Other prevision in tropical
South America indicates a reduction in tropical forests area by 3% in the period 2020 –
2029, 9% in 2050 – 2059 and 18% in 2090 – 2099 (Salazar et al., 2007). In relation to the
scenario presented to South America, biome Caatinga appears more threatened by being
naturally a semi-arid region and the largest water deficit arising from climate change can
promote the transition from semi-arid to arid climate.
Note that the model for predicting climate change in the Caatinga biome takes into
account only the variable temperature and rainfall. However, other important factors are
responsible for the Caatinga vegetation dynamics, like land use, deforestation, soil
conditions, altitude, among others. Changing land use from natural vegetation to sugar
cane, in a climate change scenario, for example, would result in decreasing groundwater
recharge by almost 11%, and increasing stream flow by almost 5% in Caatinga
(Montenegro and Ragab, 2012). The combination of possible climate change and land use
impacts show how the system is complex and how climate change may have a negative
influence in different ways in the functioning of the Caatinga ecosystem.
Other future previsions were made with respect to water storage, river flow and
recharge in some catchments in the Caatinga. The estimates are consistent with our
results, since was forecasted a reduction by 35%, 68%, and 77%, in groundwater recharge
, and by 34%, 65%, and 72%, in streamflow, for the time spans 2010 – 2039, 2040 - 2069,
and 2070 –2099, respectively, in the Mimoso catchment, a semiarid region in
Pernambuco state. These reductions will certainly produce severe impacts on water
availability in the region, which will generate negative effects not only in the natural
biome (Caatinga forest), but also in social development (Montenegro and Ragab, 2010).
In the scenario of climate change presented by our study, some regions can present
higher climatic suitability for species (remnants). One previous study in the biome
showed that areas with important natural remnants of vegetation are among the areas
winning climatic suitability in the Caatinga biome, and can be climate refugia towards
the end of the century (Oliveira et al., 2012).
The Caatinga biome is an environment that has a high heterogeneity in the rainfall
regime (Fig. 04). Thus, the rain scarcity in part of the biome may provoke migration in
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fauna species to other nearby places with more favorable climates. In the critical scenario
predicted in this study, there will be less refuges in the future. And this will probably
negatively affect animal species diversity. Moreover, the decrease in vegetation greenness
will also decrease connectivity among fragments, further complicating the search for
refuges. This can be another unfavorable factor for maintaining biological diversity.
A recent study showed that 34% of mammals and 10% of birds that occur in the
Caatinga might go extinct under climate change and that mammals were more vulnerable
than birds, presenting larger geographic range contractions (Joner et al., submitted). In
other semi-arid areas of the world, there is evidence that species avoid environments with
extremes in climate (Ferguson and Mcloughlin, 2000; Requena-Mullor et al., 2014) .
Another interesting approach that can be obtained through this work concerns
identification of areas for conservation and restoration from the analysis satellite images
and our model. A satellite image is a picture reflecting interaction of many factors and
complexity that influence the biome vegetation greenness. The model that presents the
current potential vegetation greenness (Fig. 5A) shows areas with potential for the
biodiversity conservation and the restoration (those areas with the higher EVI values).
Therefore, when comparing a real situation through a satellite image with the model, it is
possible to identify existing potential areas and those areas that have been degraded, but
that can be restored (compare model in Fig. 5 with RGB image in supplementary material
SM17). Through the future scenarios analysis it is also possible to identify the existing
potential areas that will serve as a refuge for biodiversity by the end of the century.
Measures to conservation, as creation and expansion of existing protected areas
must be adopted urgently. The biome has high deforestation rates reaching up to 46% of
the biome, due mainly to illegal and unsustainable exploration of native wood,
overgrazing and conversion to pasture and agriculture (MMA, 2015a). Many populations
in northeastern Brazil (region where the Caatinga biome is located) are very poor and rely
heavily on the direct use of natural resources for their subsistence (Lucena et al., 2007).
However, few efforts are being made to conserve remaining vegetation. The
Caatinga is one of the least protected biomes in Brazil with about 7.5% of its land inserted
in conservation units (just over 1% of these units are strict protection), a number below
the national goal of 10% by the 2010, as Brazil commitment as a signatory to the
Convention on Biological Diversity (Data source: MMA).
The situation may be even more damaging than can be predicted in the projections.
Even though the model we constructed in this study is robust enough to incorporate the
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biome’s marked seasonality, climate change consequences are shown in a simplified
manner, since future projections visualization is based on average annual images. Thus,
in months with higher hydric deficit the situation may become even more critical,
reducing drastically the refuges for wildlife.
Areas with the greatest risk of being affected by climate change are those with the
lowest altitudes (compare Fig. 5 with Fig. 7). Therefore, remnants located in lowland are
not climatic suitable areas. These areas are located mainly inside biome (Fig 1). This
region comprises the northern part of Brazilian Northeastern "sertão" (the most arid
region of Brazil) and has the more prominent Caatinga biome characteristics with higher
seasonality in rainfall, as well as higher temperature homogeneity (Figs. 4E and H), these
characteristics ensure a marked difference between wet and dry seasons in vegetation
cover.
Most of protected areas in the Caatinga are found in low altitude areas, besides
being very small. Therefore, it is necessary to create new conservation units or expand
existing ones, so that the new protected areas present variation in the altitudes, which
encompassing both those lower as relief areas. Protected areas that encompass highlands
regions may allow, in climatic extreme moments, species seeking these areas with better
environmental conditions using them as a refuge, and, especially, can favor the gradual
displacement of these species to higher climate suitability areas under climate change,
without compromising their survival.
The expansion of protected areas in order to allow altitude heterogeneity is
possible because the Caatinga has some oasis (highlands) through its spam. A good
example is the National Park Ubajara to be an area that shows great heterogeneity in
altitude, although its shape favors edge effect. Another example is the Raso da Catarina
Ecological Station which also has a variation in altitude along its length. This protected
area is considered of extreme importance birds and flora conservation due to a high
number of endemic, rare and threatened species such as arara-azul-de-lear
(Anodorhynchus leari), a threatened and endemic species of Psittacidae in Brazil (Barros
et al., 2006).
It is very probable that other areas with topographic heterogeneity in the biome
may have high species richness with threatened and endemic species, such as Raso da
Catarina Ecological Station. This is because environments with variation in abiotic
conditions (in this case topography) can influence the diversity of niches (Palmer and
Dixon, 1990; Plotkin and Muller-Landau, 2002; Hofer et al., 2008). A recent study
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concluded that species richness in the Caatinga biome increase along an altitudinal
gradient (Silva, da et al., 2014).
New studies should be conducted in Caatinga to point potential areas to be
protected. Diversity studies must be done in these potential areas. As said before, the
biome suffers a strong and quick anthropic pressure, with a low amount of effective
protected areas and is also threatened under climate change.

(A)

(B)

FIGURE 6 - MODIS sensor EVI Images in the period (A) rainy (April) and (B) dry (September) in 2010 (Silva et al., 2011). The different
gray tones show the large spatial heterogeneity present in the Caatinga, with lighter shades indicating higher vegetation greenness.
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FIGURE 7: Altitude in Caatinga (Source: MIRANDA, 2005)

CONCLUSIONS

The Caatinga, the only genuinely Brazilian biome, is under major threat. Some
issues should be taken into consideration. Initially, there are two main points. First, the
devastation occurring in the biome with 46% of its land already cleared. Second, just over
1% of their lands are effectively preserved. Now, comes a third issue much discussed in
this work. The Caatinga biome may still suffer the consequences of climate change with
decreasing of 24.3% of its vegetation greenness by the end of the century, especially in
the lowland areas, which dominates the biome’s landscape. Thus, this work suggests that
new protected areas must be created, as well as the expansion of existing ones. Protected
areas must incorporate highland regions which will present greater climatic suitability in
the face of climate change scenarios. In addition, studies in species diversity in these areas
with preservation potential must be conducted.
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SUPPLEMENTARY MATERIAL

SM01: Regression linear model (Model0) versus fixed variance structure model in
relation to rainfall variable (Model1). The best model was the one without this structure.
Df

AIC

BIC

logLik

Model0

4

15070.40

15097.44

-7531.198

Model1

4

23918.81

23945.85

-11955.406

SM02: The regression linear model (Model0) versus different variance models per factors
nominal variables area and month (Model2), per factor month (Model2.1) and per factor
area (Model2.2). The best model was with different variance per factors area and month
(Model 2).
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model0

4

15070.40

15097.44

-7531.198

Model2

39

14954.41

15218.06

-7438.205

1 vs 2

185.98641

<.0001

Model2.1

15

14987.91

15089.31

-7478.953

2 vs 3

81.49586

<.0001

Model2.2

6

15052.92

15093.48

-7520.457

3 vs 4

83.00875

<.0001

SM03: Different variance model per factors area and month (Model2) versus power of
the variance covariate model per variable rainfall (Model3) and per variables rainfall and
month (Model4). The best model remained with different variance per factors area and
month (Model 2).
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model2

39

14954.41

15218.06

-7438.205

Model3

5

14991.95

15025.75

-7490.975

1 vs 2

105.53933

<.0001

Model4

16

14961.37

15069.54

-7464.686

2 vs 3

52.57815

<.0001

SM04: Different variance model per factors area and month (Model2) versus exponential
model of the variance covariate rainfall (Model5). The best model was the last one.

39

Df

AIC

BIC

logLik

Model2

39

14954.41

15218.06

-7438.205

Model5

5

14793.83

14827.64

-7391.917

Test

L.Ratio

p-value

1 vs 2

92.57571

<.0001

SM05: Exponential model of the variance covariate rainfall (Model5) versus constant
plus power model of the variance covariate rainfall (Model6) and variance covariate
rainfall per factor month (Model7). The best model the first cited (Model5).
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model5

5

14793.83

14827.64

-7391.917

Model6

6

14993.95

15034.51

-7490.975

1 vs 2

198.1150

<.0001

Model7

28

14803.64

14992.93

-7373.819

2 vs 3

234.3105

<.0001

SM06: Exponential model of the variance covariate rainfall (Model5) versus models with
a combination of variance structures, like different variances per factors nominal
variables area and month with exponential of the variance covariate rainfall (Model8),
different variances per factor month with exponential of the variance covariate rainfall
(Model8.1) and different variances per area with exponential of the variance covariate
rainfall (Model8.2). See results (Table 2).
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model5

5

14793.83

14827.64

-7391.917

Model8

40

14774.24

15044.65

-7347.120

1 vs 2

89.59424

<.0001

Model8.1

16

14781.14

14889.30

-7374.567

2 vs 3

54.89484

0.0003

Model8.2

7

14784.37

14831.69

-7385.186

3 vs 4

21.23721

0.0116

SM07: Exponential model of the variance covariate rainfall (Model5) versus same model
with compound symmetry correlation structure in relation the factor month per station
(Model5_t1), month per area (Model5_t1.1) and month per year (Model5_t1.2). The best
model incorporated structure correlation in relation month and station (Model5_t1).
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Df

AIC

BIC

logLik

Model5

5

14793.83

14827.64

-7391.917

Model5_t1

6

13692.96

13733.53

-6840.482

Model5_t1.1

6

14788.32

14828.88

-7388.159

Model5_t1.2

6

14660.25

14700.81

-7324.125

Test

L.Ratio

p-value

1 vs 2

1102.87

<.0001

SM08: Compound symmetry correlation structure model in relation the factor month per
station (Model5_t1) versus model with AR-1 auto-correlation in relation month
(Model5_t2). The best model is the last one.
Df

AIC

BIC

logLik

Model5_t1

6

13692.96

13733.53

-6840.482

Model5_t2

6

13348.13

13388.69

-6668.065

SM09: AR-1 auto-correlation model in relation month (Model5_t2) versus autoregressive moving average (ARMA) models with p=1; q=1 (Model5_t3), p=1; q=2
(Model5_t4), p=1; q=3 (Model5_t5). The best model remained with the first cited.
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model5_t2

6

13348.13

13388.69

-6668.065

Model5_t3

7

12559.05

12606.37

-6272.525

1 vs 2

791.0802

<.0001

Model5_t4

8

12559.46

12613.54

-6271.729

2 vs 3

1.5928

0.2069

Model5_t5

9

12575.31

12636.15

-6278.655

3 vs 4

13.8520

0.0002

SM10: AR-1 auto-correlation model in relation month (Model5_t2) versus autoregressive moving average (ARMA) models with p=0; q=1 (Model5_t6), p=0; q=2
(Model5_t7), p=0; q=3 (Model5_t8). The best model is the last one.

Model5_t2

Df

AIC

BIC

logLik

6

13348.13

13388.69

-6668.065

Test

L.Ratio

p-value
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Model5_t6

6

13981.58

14022.14

-6984.791

Model5_t7

7

13558.47

13605.80

-6772.236

2 vs 3

425.1095

<.0001

Model5_t8

8

13301.43

13355.51

-6642.713

3 vs 4

259.0468

<.0001

SM11: Auto-regressive moving average (ARMA) models with p=0; q=3 (Model5_t8)
versus ARMA models with p=2; q=0 (Model5_t9), p=2; q=1 (Model5_t10), p=2; q=2
(Model5_t11), p=2; q=3 (Model5_t12). The best model was ARMA model with p=2;
q=1.
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model5_t8

8

13301.43

13355.51

-6642.713

Model5_t9

7

12844.95

12892.27

-6415.474

1 vs 2

454.4786

<.0001

Model5_t10

8

12559.47

12613.55

-6271.736

2 vs 3

287.4751

<.0001

Model5_t11

9

12561.45

12622.29

-6271.723

3 vs 4

0.0258

0.8725

Model5_t12

10

12563.39

12630.99

-6271.695

4 vs 5

0.0558

0.8132

SM12: Auto-regressive moving average (ARMA) models with p=2; q=1 (Model5_t10)
versus ARMA models with p=3; q=0 (Model5_t13), p=3; q=1 (Model5_t14), p=3; q=2
(Model5_t15), p=3; q=3 (Model5_t16). See results (Table 3).
Df

AIC

BIC

logLik

Test

L.Ratio

p-value

Model5_t10

8

12559.47

12613.55

-6271.736

Model5_t13

8

12672.94

12727.03

-6328.472

Model5_t14

9

12561.42

12622.26

-6271.708

2 vs 3

113.52850

<.0001

Model5_t15

10

12563.35

12630.95

-6271.673

3 vs 4

0.06935

0.7923

Model5_t16

11

12558.81

12633.17

-6268.402

4 vs 5

6.54231

0.0105

SM13: Temporal autocorrelation model and those that have the spatial autocorrelation
structure. Auto-regressive moving average (ARMA) models with p=2; q=1 (Model5_t10)
versus models with spherical correlation (Model5_S1), linear correlation (Model5_S2),
Rational quadratic correlation (Model5_S3), Gaussian correlation (Model5_S4) and
Exponential correlation (Model5_S5). See results (Table 4).
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Df

AIC

BIC

logLik

Model5_t10

8

12559.47

12613.55

-6271.736

Model5_S1

7

12739.40

12786.73

-6362.701

Model5_S2

7

13983.58

14030.90

-6984.791

Model5_S3

7

12575.78

12623.10

-6280.888

Model5_S4

7

12650.54

12697.86

-6318.270

Model5_S5

7

12559.05

12606.37

-6272.525

Test

L.Ratio

p-value

1 vs 2

181.9304

<.0001

SM14: Final model coplot of standardized residuals versus rainfall conditional on month
per area. There is no evidence of heterogeneity.
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SM15: Boxplot of square-transformed EVI index per Station. Mean values differ
considerably per station. The data are standardized. The factor station wasn’t used in the
models with heterogeneity structure, but was used in the models with autocorrelation
structure.

SM16: Auto-correlation plot for the residuals obtained by selected best model with
heterogeneity structure. Note that there is a clear indication of violation of independence,
since a strong pattern is observed.
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SM17: Experimental variogram of the residuals obtained auto-regressive moving average
(ARMA) models with p=2; q=1 (M.gls5.t8). Note that there is evidence that the
independence assumption is violated.

(A)

(B)

SM18: MODIS images colors in RGB composite EVI-Red-Blue (false color) in the period
(A) rainy (April) and (B) dry (September), respectively, in 2010 (Silva et al., 2011). Red
areas indicate vegetation presence and intensity.
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SM19: Annual average and standard deviation (SD) in rainfall and temperature from
climate stations located in the Caatinga biome, used in this study. Values are average data
from 2000 to 2013.
Station

Lat

Long

ACARAU - CE
AGUA BRANCA - AL
APODI - RN
ARCOVERDE - PE
AREIA - PB
BARBALHA - CE
BOM JESUS DA LAPA BA
CABROBO
- PE
CAETITE - BA
CAMPINA GRANDE - PB
CAMPOS SALES - CE
CARACOL - PI
CEARA MIRIM - RN
CRATEUS - CE
CRUZETA - RN
ESPERANTINA - PI
FLORANIA - RN
FLORIANO - PI
GUARAMIRANGA - CE
IGUATU - CE
ITABAIANINHA - SE
ITABERABA - BA
ITUACU - BA
LENCOIS - BA
MONTE SANTO - BA
MONTEIRO - PB
MORADA NOVA - CE
MORRO DO CHAPEU - BA
PAO DE ACUCAR - AL
PATOS - PB
PAULISTANA - PI
PAULO AFONSO - BA
PICOS - PI
PIRIPIRI - PI
QUIXERAMOBIM - CE
SAO GONCALO - PB
SAO JOAO DO PIAUI - PI
SENHOR DO BONFIM - BA
SERIDO CAICO - RN
SOBRAL - CE
SURUBIM - PE
TAUA - CE

-2,91
-9,27
-5,63
-8,42
-6,97
-7,34
-13,26
-8,47
-14,06
-7,21
-6,99
-9,29
-5,65
-5,16
-6,43
-3,90
-6,11
-6,78
-4,28
-6,36
-11,11
-12,51
-13,81
-12,56
-10,40
-7,85
-5,11
-11,21
-9,76
-7,01
-8,13
-9,35
-7,04
-4,26
-5,13
-6,75
-8,36
-10,48
-6,45
-3,73
-7,83
-6,01

-40,14
-37,89
-37,81
-37,09
-35,68
-39,33
-43,40
-39,32
-42,46
-35,86
-40,38
-43,35
-35,65
-40,66
-36,58
-42,28
-36,80
-43,00
-39,00
-39,28
-37,81
-40,28
-41,28
-41,38
-39,27
-37,05
-38,35
-41,21
-37,40
-37,26
-41,10
-38,19
-41,46
-41,74
-39,25
-38,20
-42,29
-40,22
-37,04
-40,33
-35,71
-40,40

Rainfall (mm)
Mean
SD
103,88
142,67
86,08
80,94
69,41
89,92
59,16
58,75
120,26
100,88
92,81
117,68
65,52
81,64
48,30
72,91
64,21
80,83
76,51
72,91
50,57
71,30
58,33
73,81
113,28
115,64
58,79
97,34
55,19
74,66
119,82
135,65
58,03
79,56
84,53
103,36
145,29
137,67
84,67
102,93
98,54
78,29
50,09
64,30
48,94
64,19
90,52
87,41
49,87
50,41
59,09
68,48
65,68
83,87
51,15
62,61
48,60
51,97
65,78
99,35
48,91
71,20
41,03
46,67
58,97
78,51
118,52
144,93
64,08
75,77
91,66
119,71
53,30
71,58
64,64
50,83
56,75
80,07
76,39
97,43
52,03
48,95
50,03
65,91

Temperature (°C)
Mean
SD
27,43
0,70
22,98
1,79
27,52
1,04
23,16
1,85
22,47
1,21
25,99
1,35
26,22
1,44
27,05
1,67
22,18
1,54
23,53
1,28
25,15
1,54
25,22
1,42
26,05
0,92
27,47
1,65
27,40
1,19
27,20
1,06
26,65
1,07
28,28
1,63
20,91
0,59
27,42
1,48
24,58
1,53
24,89
1,70
24,32
1,76
24,07
1,74
24,43
2,00
24,40
1,51
27,45
0,83
20,68
1,73
27,69
2,00
27,65
1,26
27,41
1,55
26,15
1,94
28,32
1,77
27,44
1,30
27,13
1,28
26,52
1,12
27,95
1,52
24,08
1,97
28,28
1,28
27,22
1,15
24,09
1,46
27,12
1,44
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