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Abstract:

Ongoing increases in human and climate pressures associated with the lack of monitoring
initiatives make the Caatinga one of the most vulnerable biomes in the world. The Caatinga
is located in the semi-arid region of Brazil, and its vegetation phenology is highly dependent
on precipitation, which has a high spatial and temporal variability. Under these
circumstances, satellite image-based methods are valued due to their ability to uncover
human induced changes from climate effects on land cover. In this study, 670 continuous
Landsat images over a period of 31 years (1985-2015) were analysed to investigate spatial
and temporal patterns of land-cover change (LCC) due to vegetation clearing in an area of
the Caatinga biome. We compared the performance of surface albedo (SA), the Enhanced
Vegetation Index (EVI) and the Normalized Difference Vegetation Index (NDVI) to evaluate
their suitability for monitoring LCC driven by human actions in contrast to precipitation-
related variations. We applied a residual trend analysis, with detection of significant
breakpoints (TSS-RESTREND), to a monthly Landsat time series. Our results show that SA
was able to identify the year of land-cover clearing with a higher accuracy (83%) than that

of EVI (20%) and NDVI (34%). The overall outcome of the study shows the benefits of using
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different spectral bands instead of greenness indices of Landsat time series for the
monitoring of LCC, as a result of environmental land surface processes in seasonal dry
forests such as the Caatinga.

Keywords: Dryland degradation; vegetation index; land-cover clearing; seasonal dry forest;

semi-arid climate

1 Introduction

Distinguished land cover alteration, driven by natural climatic variability or by human
action, is one of the main challenges when studying seasonal dry forests (Yang et al., 2016;
Wessels et al.,, 2007). In these areas, greenness is strongly related to the annual
precipitation averages as well as the spatial variability and shifts of the rainy season period
within a year (Hein et al., 2011). Impacts caused by human actions in seasonal dry forests
are often masked by intra-annual climatic variability, especially after long drought periods
(Wessels et al., 2007; Zhang et al., 2014). The Caatinga is a biome that has both of these
characteristics. Located in northeastern Brazil, in a semi-arid region with high temporal and
spatial rainfall variability (Andrade-Silva et al., 2012), the Caatinga vegetation is a
heterogeneous (Rodal et al., 2008), seasonal semi-deciduous dry forest (Brito et al., 2012;
Albuquerque et al., 2012), with its phenology driven by short-term rainfall patterns (Erasmi
et al., 2014; Lima and Rodal, 2010). In addition to these biophysical characteristics, the land
cover change (LCC) in the Caatinga is strongly shaped by the human way of using and living
on the land (Andrade-Silva et al., 2012; Araujo et al., 2007, 2010; Santos and Tabarelli,
2002). Unlike most seasonal dry tropical forests that occur in isolated spots, the Caatinga
biome spreads over a vast contiguous area, occupying ca. 830,000 km? (CNUC, 2017;
Linares-Palomino et al., 2011). Although it is a unique ecosystem with a high degree of
biodiversity and number of endemic species (Sobrinho et al., 2016), only 7.7% of its area is

under environmental protection by the Brazilian National System of Units of Conservation
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(1.3% of restricted protection areas plus 6.4% of sustainable use areas) (CNUC, 2017). The
Caatinga is considered the most neglected and threatened Brazilian biome due to
inadequate and unsustainable use of its natural resources over the past decades (Moro et
al., 2016). Native vegetated areas of this biome have been gradually replaced by crops and
pastures for livestock or urban areas (Leal et al., 2005; Santos et al., 2012). According to
Sobrinho et al. (2016), slash-and-burn agriculture, cattle ranching, vegetation management
for fuelwood and short fallow periods are transforming Caatinga into a complex mosaic of
agricultural, pasture and small forest patches.

Orbital remote sensing data are a source of information for the monitoring of
vegetation dynamics (Schucknecht et al., 2013). Most vegetation studies that analyse long
(> 30-years) remote sensing time series use vegetation indices in low spatial resolution (i.e.,
1 to 8 km) (Leroux et al., 2017). However, in many cases, this resolution is not sufficient to
detect anthropogenic impacts on land cover. The local nature of human actions on the land
can only be seen in an analysis using refined spatial resolutions (Lambin et al., 2003;
Stroppiana et al., 2012). Landsat datasets are one of the most valuable sources of global
observation, owing to more than 30 years of multispectral data, i.e., visible, near, medium
and thermal infrared ranges, which constitute the longest continuous remotely sensed
record of the Earth’s surface (Loveland and Dwyer, 2012). Landsat imagery quality has been
improved in recent years. The new data structure provides information on radiometric,
geometric and cloud cover quality to support temporal analysis (Wulder et al., 2016). Such
improved higher-level products were recently made freely available by the USGS and allow
users to access surface reflectance data (Ju and Masek, 2016). Landsat data can provide
vegetation indices as well as other variables that use different ranges of the electromagnetic
spectrum, such as the broadband surface albedo (0.3-3 @m). Surface albedo (SA) can be
an accurate indicator of LCC because it is sensitive to seasonal phenological variations

(Wang et al., 2017) and changes in soil properties caused by human management practices

3
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(Cai et al., 2016; Shuai et al., 2011; Wang et al., 2016). Despite the recognized ability of the
SA to show LCC, it has not been used to distinguish between the effects of climate variability
and anthropogenic alteration in seasonal dry forests (Karlson and Ostwald, 2016; Leroux et
al., 2017).

Different approaches based on orbital data have been used to distinguish between
the effects of climatic and anthropogenic variability on land cover in seasonal dry forests
(Anyamba et al., 2014; DeVries et al., 2015; Evans and Geerken, 2004; Higginbottom and
Symeonakis, 2014; Ibrahim et al., 2015; Karlson and Ostwald, 2016; Leroux et al., 2017,
Verbesselt et al., 2016). In most of these studies, changes in the environment are identified
by time series trend techniques. In this sense, two methods are highlighted due to their
effectiveness in seasonal dry forests: the Break detection For Additive Season and Trend
(BFAST, DeVries et al., 2015; Dutrieux et al., 2015; Verbesselt et al., 2012) and the
RESidual TREND (RESTREND, Evans and Geerken, 2004; Li et al., 2016; Wessels et al.,
2012) methods. Dutrieux et al. (2015) showed a significant improvement in the identification
of LCC (breakpoints) in BFAST when they used external regressors, which removed
seasonal climatic effects. Indeed, breakpoints in a time series can be a result of climatic
effects on the analysed variable, such as the effects of rainfall on the Normalized Difference
Vegetation Index (NDVI) (Jong et al., 2012). Despite RESTREND being a well-known
method with a solid theoretical background, this method requires more sensitive analytical
procedures, capable of coping with inter-annual rainfall variability and trends for detection
of realistic levels of human-induced land degradation (Wessels et al., 2012).

The Time Series Segmentation and RESidual TREND method (TSS-RESTREND,
Burrell et al., 2017) was recently developed to overcome limitations identified in both BFAST
and RESTREND techniques and takes into account seasonal climate effects and
identification and removal of breakpoints due to rainfall variability. TSS-RESTREND uses

the procedure of breakpoint identification of the BFAST associated with the RESTREND
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seasonal climate effects filter and adds the Chow test (Chow, 1960), to consider the
breakpoint with the highest significance in the time series for each pixel. By incorporating
relevant mechanisms and reducing the limitations identified in the BFAST and RESTREND,
the TSS-RESTREND indicates a high potential to be applied in a land cover clearing
analysis in seasonal dry forests.

In this study, we applied the TSS-RESTREND technique to a 31-year Landsat time
series and compared its results with field observations from an area of the Caatinga. Our
hypothesis was that the SA is a better indicator for LCC detection in the Caatinga than are
other greenness indices such as EVI and NDVI. This paper has two objectives: 1) to use
long-term spectral Landsat data to validate the TSS-RESTREND method in identifying LCC
in a seasonal dry forest area; and 2) to assess the performance of SA in identifying LCC

compared to that of other proxies for vegetation condition, i.e., EVI and NDVI.

2 Study area and data

2.1 Study area

The study area is located in the Caatinga biome, northeastern Brazil (Fig. 1A).
Livestock is one of the main economic activities in this region (Belchior at al., 2017), leading
to substantial LCC (Fig. 1B and C). The climate is hot semi-arid (BSh, Képpen classification)
(Alvares et al., 2013), with only two distinct seasons: the very hot rainy season (from
February to May) and the hot dry season (from June to January). The average annual rainfall
in this region is approximately 550 mm, with high interannual variability (coefficient of
variation of approximately 30%) and an average annual temperature of 23°C. Figure 2
shows the Standard Precipitation-Evapotranspiration Index (SPEI) for 12 months (Vicente-
Serrano et al., 2010) and the precipitation for the studied period and area. As can be
observed, the region presents alternation between dry and wet periods of different

intensities.
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137  and CHIRPS Precipitation (Funk et al., 2015) at geographic coordinates x: -36.75, y: -7.75, WGS 84.
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2.2 Datasets

2.2.1 Landsat Surface Reflectance

In this study, we used the atmospherically corrected surface reflectance (SR), one of
the products processed from the raw data collected by the sensors on-board the Landsat
satellites and made freely available by the United States Geological Survey. Standard
processing of SR is performed by USGS, including the Level 1 Standard Terrain Correction,
resulting in ortho-rectified images of high geometric accuracy. SR data are generated by two
different algorithms, depending on the measuring sensor: Landsat 5 TM and 7 ETM+ SR
data are obtained by the LEDAPS software (Masek et al., 2006), whereas Landsat 8 OLI

data are processed by the LaSRC algorithm (Vermote et al., 2016).

We identified 670 available Landsat images that cover the study period (1985-2015)
(390 by TM sensor, 233 by ETM+ and 47 by OLI). We used the Landsat Surface Reflectance
Quality Assessment (pixel_ga) to guarantee the quality of the analysis. Only pixels classified
as “clear” (values 66 and 130 on Landsat 5 and 7 files or 322 and 386 on Landsat 8) were

considered as good quality observations and used in our analyses.

2.2.2 RapidEye

RapidEye images cover the Earth's surface since 2009 and are available in tiles of
25 x 25 km? with 5 m of spatial resolution and 5 spectral bands. In this work, we used two
tiles (2435424 and 2435524 ) from datasets of the period 2012 to 2015, which were made

freely available by the Brazilian Ministry of the Environment (MMA, 2018) for academic use.

2.2.3 Precipitation

The precipitation data used in this work were obtained from the Climate Hazards

group InfraRed Precipitation with Stations (CHIRPS) dataset (Funk et al., 2015; Katsanos
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et al., 2016). CHIRPS is a near-global, very high spatial resolution (0.05° grid) precipitation
product developed for monitoring environmental changes over land (Funk et al., 2015). We

used monthly precipitation data from October 1983 to December 2015.

3 Methods

3.1 Spectral variables

The identification of LCC was applied by using the NDVI (Tucker, 1979), the EVI
(Huete et al., 2002, 1997) and the surface albedo (SA) (Shuai et al., 2014; Wang et al.,

2016). For each Landsat image, NDVI, EVI and SA were calculated using Egs. (1) to (3).

NDVI = Z”’R% (1)
NIRTPred
EVI — 25 X PNIR Pred (2)

PNIRT6XPred—7.5XPpryet1

SA = bpiye X Poive T bgreen X Pgreen + brea X Prea + bnir X Pnir + Dswirt X Pswirt + bswirz X
Pswirz + bo (3)

where p and b are the surface bidirectional reflectance values and their corresponding
conversion coefficients for the six non-thermal Landsat bands, i.e., blue, green, red, near-
infrared (NIR) and the two shortwave infrared (SWIR1 and SWIR2) bands. Table 1 presents

the b values of several spectral bands of the three satellites used in this study.

Table 1 - Band conversion coefficients used to calculate shortwave albedo for the different Landsat data.

Sensor bpiye byreen breq bnir bswir1 bswir2 by

Landsat-5 TM 0.3206 0 0.1572 0.3666 0.1162 0.0457 - 0.0063

Landsat-7 ETM+  0.3141 0 0.1607 0.3694 0.1160 0.0456 - 0.0057

Landsat-8 OLI 0.2453 0.0508 0.1804 0.3081 0.1332 0.0521 0.0011
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The highest values of the vegetation indices are found in vegetated areas, while their
lowest values occur in areas of bare soil. As surface albedo has an inverse behaviour to
vegetation indices, we used the inverse surface albedo (ISA) in the simulations (ISA =1 -
SA).

For analysis that involves a single moment of observation, the presence of cloud and
cloud shadow in many pixels may make it partially or totally impossible to visualize the study
area. To overcome this problem, Holben (1986) presented a technique for the temporal
composition of information coming from orbital sensors. This method is usually called the
Maximum NDVI Composite, as the seasonal composite image is created using the highest
NDVI value for each pixel in each period (Flood, 2013). Although this technique was initially
used only for NDVI with imagery of the Advanced Very High Resolution Radiometer
(AVHRR) sensor, it has been successfully applied to other orbital sensors and indices (e.g.,
Huete et al., 2002). Flood (2013) has showed that the medoid (a multi-dimensional analogue
of the median) is a better measure to produce representative temporal image composites.
Based on these results, we reduced the initial time-series of the ISA, EVI and NDVI to
monthly composite images and calculated the median of each variable in each pixel. The
missing values on the monthly time-series of some pixels were gap-filled by linear
interpolation. A linear Savitzky—Golay filter was applied (Chen et al., 2004; Savitzky and
Golay, 1964), with a five-month half-width smoothing window, in order to reduce the noise
caused by cloud contamination and atmospheric variability. This filter was applied to each

index (ISA, EVI and NDVI) of monthly time-series in all pixels of the study area.

3.2 TSS-RESTREND

The Time Series Segmentation and RESidual TREND method (TSS-RESTREND),
proposed by Burrell et al. (2017), combines the RESidual TREND (RESTREND) technique

(Evans and Geerken, 2004) and the Breaks For Additive Seasonal and Trend (BFAST)
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methodology (Verbesselt et al., 2012, 2010), allowing a better and more accurate detection
of structural changes in the ecosystems. Trend analysis is a technique commonly applied in
different scientific areas to study the average range of change of some variable along time
or space (e.g., Alley, 1988; Lindquist, 2004). However, prior to the application of trend
analysis, it is frequently necessary to remove the influence of an exogenous variable, either
by parametric (e.g., regression) or nonparametric (e.g., LOWESS) methods, to reduce the
variability of the studied variable (Helsel and Hirsch, 2002; Schertz et al., 1991). In remote
sensing, a similar procedure has been applied for land-cover analyses. The RESTREND
method analyses the temporal trends in vegetation precipitation relationship (VPR) residuals
of a linear regression of the NDVI on the precipitation accumulated over some time period
(Evans and Geerken, 2004). In Burrell et al. (2017), VPR is obtained for two sets of
information: complete time series (CTS) and annual maximum NDVI. In both cases, linear
regression is performed with the Optimal Precipitation Accumulated (OPA), which is
calculated on a per-pixel basis by an exhaustive search algorithm that combines different
accumulation periods and lag times. The pair leading to the highest correlation coefficients
between CTS NDVI and annual maximum NDVI is used to establish the optimum VPR.

The TSS-RESTREND method uses annual VPR to exclude pixels that do not meet
established criteria to use the RESTREND method (Li et al., 2016; Wessels et al., 2012)
and applies BFAST to CTS VPR residuals for the remaining pixels. The application of the
BFAST method (Verbesselt et al., 2010) returns a list of potential breakpoints that will be
analysed later by the Chow test (Chow, 1960) to determine if there is a significant breakpoint.
After identifying a significant breakpoint, the TSS-RESTREND method calculates the
significance of each identified change. For more details on the TSS-RESTREND method,
see Burrell et al. (2017).

In our study, the TSS-RESTREND method was applied using the TSS.RESTREND

package for the R software environment (R Core Team, 2017). Some adjustments were

10
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required to process raster files and to run the program automatically. Although this method
is usually applied to NDVI data (Burrell et al., 2017), in the present work, it was also applied
to the other two spectral indices under study (ISA and EVI) through the composite monthly
time series (372 months). The OAP was calculated using the CHIRPS precipitation data for
accumulation periods of 1-12 months and lag times of 0-3 months, resulting in an increase
of 15 months at the beginning of the precipitation series. The decomposition of the time
series into seasons used by the BFAST method should not be applied to TSS-RESTREND
method because this procedure is previously performed in the RESTREND step.

It is common to limit/exclude pixels that do not follow a pattern from LCC analyses.
Forinstance, Dutrieux et al. (2015) used a mask to process only forested pixels, while Burrell
et al. (2017) excluded pixels classified as irrigated agricultural areas from their methodology.
These practices are justified either by the specific objectives of the studies or because the
techniques are not suitable for that type of land cover (Burrell et al., 2017; Dutrieux et al.,
2015). In the Caatinga region, the main economic activities are livestock and subsistence
farming. As irrigated crop techniques are not used as much in the study area, we decided

to process all of the pixels, regardless of its current land cover.

3.3 Validation Methodology

The performance of the TSS-RESTREND method was evaluated at both temporal
and spatial levels and applied to each of the 400 thousand pixels contained in the study
area. For each spectral variable (ISA, EVI and NDVI) and pixel, the year of the most
significant breakpoint was registered and used to evaluate the spectral variable ability to
detect the year (time/period) of the land cover change. The output of the method was
compared with the true year of LCC determined by combining the analysis of RapidEye
images with visual interpretation of a set of images from Google Earth

(http:earth.google.com/).
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The validation dataset used in this work was built using a two-step procedure. First,
a detailed visual survey of recent (2015) RapidEye images allowed the identification of
several target areas where the original land cover had changed by the complete removal of
the vegetation (land-cover clearing). In this fragile biome, the "clearing" occurs very often.
Most of the time, it is caused by ill-planned land use. Wood removal for firewood/charcoal
use is very common in a biome that is almost without conservation units and protected areas.
Natural recuperation is too slow. Reforestation initiatives are rare in Caatinga. Therefore,
after a "clearing", there is a great possibility for a long-term "land-cover change" to happen
(Araujo et al., 2007; Lima et al., 2016). Then, Google Earth imagery was examined to
determine the exact date of the land cover change. Additionally, several places that had no
visible human impact and that kept their original vegetation cover were also chosen as
validation pixels. To confirm the preservation/land-cover clearing state of all these places,
field observations were done in October 2017. Two different types of areas were included in
the validation dataset (Fig. 3): 1) 35 target areas of 120 m buffer each (ca. 81 pixels), 31
exhibit LCC in the period 1985-2015 and 4 show a preserved natural vegetation; and 2) a
small region of 7.5 km? (8,300 pixels) that has undergone a well-delimited time-space
vegetated/land-cover clearing process over the 2001-2012 period, hereafter referred to as

"the polygon".

The mean value of each spectral variable was calculated for each month/year
composite image for each one of the 35 selected target areas. The observed year
(time/period) of change was compared with the output of the method, and the results were
classified into three classes: “Detected true”, when the absolute difference between the year
of the detected breakpoint and the true year of change was less than or equal to two years;
“‘Detected false”, when this absolute difference was greater than two years; and
“‘Undetected”, when the TSS-RESTREND method did not detect any significant trend

change on the spectral variable time-series, but a LCC process actually occurred. For the

12
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four preserved target areas ("No Change"), the result was assigned “Detected true” if no
significant breakpoint was detected by the method and “Detected false” otherwise.
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Fig. 3 - Location of the validation dataset in the study area: 35 target areas (numbered) and the polygon that
shows a sequential land-cover change process during 2001-2012 (Xmin: -36.90; Xmax: -36.88; Ymin: -7.84;
Ymax: -7.80, WGS 84).

The polygon illustrates the process of fragmentation of land-cover clearing and the
ability of the proposed methodology to identify these sequential changes. Within this area,
pixels exhibiting land clearing in the same year were encompassed within the same patch.
To allow a better visual analysis of the detected breakpoint/observed year of changes, these
patches were superimposed on both rasters of the TSS-RESTREND output and visible
images. In addition, the median was calculated for the output of all pixels within each patch,
providing a quantitative comparison between the detected breakpoint and the observed year
of change. The median rather than the mean was used as a summary measure because it

is a robust statistic of central tendency, not influenced by extreme values (outliers).
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4 Results

Our analyses show that the two main differences between the inverse surface albedo
(ISA) and the EVI and NDVI are the (i) amplitude of the signal and (ii) the number of
breakpoints detected by the TSS-RESTREND method. Whereas values of EVI (NDVI) range
between 0.09 and 0.60 (0.1 and to 0.75), ISA values vary only between 0.75 and 0.90.
Moreover, the number of the breakpoints detected by using EVI and NDVI is also higher
than that with ISA (Fig. 4). Most of the breakpoints occur during a drought period (SPEI < -
1, cf. Fig. 2), especially for EVI and NDVI.

In general, despite the lower amplitude and the smaller number of breakpoints
detected when using ISA, the TSS-RESTREND method showed the best performance in a
land-cover (un)change detection (at a yearly scale) when applied to this spectral variable
(Fig. 5). Figure 5B summarizes the efficiency of each index. From the 31 target areas, 25
areas had their land cover cleared. The accuracy rate (81%) of the ISA contrasts with the
lower rates achieved with the EVI and NDVI (14% and 29%, respectively). Furthermore, only
ISA did not detect any change in the four target areas free from human impact (target areas
6, 8, 23 and 26) (Fig. 5B). Overall, the application of the TSS-RESTREND using the ISA
was able to detect drastic human action (clearing) on the Caatinga vegetation and the time
of its occurrence (within an interval of two years) in 83% (“Detected true”) of the target areas
monitored (Table 2), whereas the EVI and NDVI were not able to accurately detect the land

cover (un)change in more than 65% of the target areas.
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Fig. 4: TSS-RESTREND outputs for the pixel at geographic coordinates x: -37.00445, y: -7.79378; BFAST

breakpoint identification, VPR-residuals times series and spectral variables and precipitation times series in

(A) ISA, (B) EVI and (C) NDVI.
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The very low performance of the TSS-RESTREND method applied to the EVI data
was a consequence of the high number of target areas where no significant breakpoint was
identified. The land-cover clearing that occurred in 49% of the target areas was not detected
by this methodology (TSS-RESTREND and EVI). Although the results obtained with NDVI
were better than the ones obtained with EVI (the number of target areas classified as
“‘Detected True” were doubled in comparison), the TSS-RESTREND algorithm implemented
with NDVI data incorrectly detected the year of change in 40% of the cases (Table 2).
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Fig. 5 — Year of change in land cover detected by the TSS-RESTREND method for ISA, EVI and NDVI and
observed year of change for the 35 target areas: A) Description and B) Summary
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Table 2 — Number of validation target areas in the different classes (and percentage of the total)

according to the results of the TSS-RESTREND method applied with the three spectral variables (Fig. 5).

Index Detected True Detected False Undetected
ISA 29 (83%) 4 (11%) 2 (6%)
EVI 7 (20%) 11 (31%) 17 (49%)

NDVI 12 (34%) 14 (40%) 9 (26%)

Two target areas are used within the polygon to validate our results (Fig. 6A). These
target areas exhibited contrasting performances: the LCC in target area 31 was only
detected by the ISA, while the LCC for target area 32 was correctly detected for all three
indices. Within the polygon, the main changes in land cover occurred between 2003 and
2012 (Fig. 7A) and were merged into nine different patches (Figs. 6B and 7A). When EVI
and NDVI were used, there were a substantial number of pixels (sometimes > 40%) where
no significant breakpoint was found (Fig. 7B). This situation was particularly relevant in the
areas where the clearing took place in the years 2003, 2004, 2008 and 2010 (Fig. 6A and
7B). In contrast, the ISA showed that “Undetected” pixels were less than 10% for all the
patches (Fig. 7B) and demonstrated an overall better accuracy in identifying the observed
LCC with a R? of 0.91 (Fig. 7C). The best performance of the EVI and NDVI was observed
for the patches where the clearing of vegetation took place in the years 2011 and 2012 (Figs.
6 and 7). However, for the other years and for a large number of pixels, the detected year
of LCC was around the years of a severe drought (1993 and 2000, cf. Fig. 2). To have a
better insight of the output of TSS-RESTREND applied with the different indices in the
validation polygon, bar plots of the detected breakpoint year for the nine patches are shown
in Fig. 8. In these graphs, the inability of the method to detect the observed LCC is clear
when applied to the usual spectral vegetation indices, EVI and NDVI. The foremost detected

breakpoint years are the drought years of 1990 and 2000 and the period of approximately
17
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2010. Although the variability of the ISA results is much higher than that of EVI and NDVI,
the detected year of change is closer to the observed date in the former index. Furthermore,
while the validation polygon is hardly identified in the output raster of these two vegetation
indices, it is quite well-defined in the ISA raster (Fig. 6). This result is a consequence of the
TSS-RESTREND ability to distinguish between unchanged and changed pixels with different

indices.
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Fig. 6 — Raster-detected breakpoint year of land-cover change (LCC) from TSS-RESTREND for ISA, EVI and

NDVI (A) and Google Earth Images and polygon of observed change year of land cover (B).
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Fig. 7 - Observed change year of land-cover of the different patches compared with the results obtained with
the TSS-RESTREND method for the ISA, NDVI and EVI: A) Observed change year of land-cover for each
patch; B) percentage of the total number of pixels in each patch where breakpoint was not detected; C) median
of the detected breakpoint year for all the pixels where LCC was detected. The dotted line is the 1:1 line, and
solid lines are the linear regression for each dataset (with the corresponding coefficient of determination, R?,

shown between brackets).

Visual comparison of this raster with the Google Earth images sequence shows that
the TSS-RESTREND methodology applied to ISA has some difficulty in identifying the
correct year of clearing when it occurs during the initial and final years of the time series
(1985-1990 and 2010-2015, Fig. 9A). The region between target areas 2 and 4 (Fig. 9B)
was cleared before 1990, and TSS-RESTREND was not able to identify this change.
Likewise, the region immediately above target area 30 suffered a drastic clearing between
1985 and 1990, and, once again, this methodology could not detect it (Fig. 9C). On the other
hand, TSS-RESTREND and ISA did a good job spotting the small vegetation patches that
remain unchanged during the period of the study (e.g., the regions between target areas 8—

9 and 32-33).
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to pixels where no change was detected.
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5 Discussion

The use of RapidEye and Google Earth imagery in our analysis allowed us to observe
that reforestation or replanting did not occur after land-cover clearing. The areas that have
been deforested were mostly occupied by livestock and developed few underbrush or
grasses afterwards. Additionally, the low natural fertility condition of the shallow and
heterogeneous soils of Caatinga allows only a slow reestablishment of native vegetation
upon abandonment (Salcedo et al., 1997; Sobrinho et al, 2016). Therefore, historical LCC
in this region is defined by a single moment of clearing in the past decades. To that end, the
TSS-RESTREND method was appropriated because it only considers the most significant
breakpoint.

Our study suggests that in the Brazilian Caatinga, neither EVI nor NDVI are reliable
spectral vegetation indices for identifying land-cover clearing because signals of deciduous
vegetation in the leafless period and bare soil are similar to both indices. Despite the wide
acceptance of using NDVI (Leroux et al., 2017) and the robustness of EVI to atmospheric
aerosols (Huete et al., 2002), with regard to distinguishing the effects of climate variability
and anthropic impact on changes in land cover, TSS-RESTREND applied to these indices
presented a low performance in detection of the correct timing of the vegetation clearing.
Not only is there a very high rate of undetected LCC (cf. Table 2, Figs. 6A and 7B), but also
the observed and detected breakpoint years are far from an acceptable standard (cf. Figs.
7C and 8). Most of the detected breakpoints with these indices occurred in the dry years of
1990 and 2000. We ascribe the good performance of EVI and NDVI found in 2010-2012 to
a circumstantial combination of the climate conditions in this period. While 2011 was a wet
year (maximum SPEI > 2.4), 2012 was the beginning of an extremely dry period, with rainfall
amounts well below the total average and drought conditions (SPEI < - 0.5) remaining until

2014 (Fig. 2). When TSS-RESTREND is applied to the NDVI or EVI time series, the
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phenological changes in Caatinga vegetation due to these severe climate conditions are not
distinguished from the LCC driven by human actions.

NDVI was not able to distinguishing anthropic changes from those resulting from
climatic variability, even using methods such as TSS-RESTREND that aim to remove the
seasonal influence of precipitation. We ascribe the low performance of NDVI under these
circumstances to the fact that NDVI values for bare soil and dry grass are not very different
(Jones and Vaughan, 2010). As in non-photosynthetic materials (e.g., dry/dead vegetation
and bare soil) the reflectance difference between red and NIR is stable; most vegetation
indices, defined on these two bands, cannot detect differences in these land cover types (Xu
et al., 2014). In contrast, SA allows the monitoring of the target in other bands (visible, NIR
and SWIR) of the electromagnetic spectrum, which are not used in EVI and NDVI. This
feature gives SA a greater sensitivity to changes involving more characteristics than just the
greenness of leaves. When a soil-plant-atmosphere system is altered by an action of
deforestation, wood and other plant debris are removed in addition to the loss of leaves, and
soil is completely exposed to the effects of radiation, rain and wind that together will modify
the state of the soil. This set of modifications can be better detected by the surface albedo
than by NDVI and EVI.

Since soil moisture has a high influence on SA, the spectral signals of dry and wet
bare soil can be quite different (Fimbres, 2017), and the variation of SA values should be
interpreted with caution when addressing LCC analysis. The soils of our study area are
shallow and present a low water storage capacity. When the land cover is cleared, the root
zone storage is reduced, and as a result, SA increases. In soils with greater depth and water
retention capacities, SA may present lower performance as an indicator of alteration in the
land cover, which is not the case for most of the Caatinga. Spectral variables that use NIR
and SWIR bands also show a better ability to detect plant phenology than that of NDVI and

EVI (Jin et al., 2013) by being more sensitive to the water content of vegetation and soil.
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DeVries et al. (2015) identified that the indices using the short wave infrared (SWIR) spectral
bands are more sensitive to LCC, especially the Tasseled Cap Wetness (TCW) index. The
TCW index is defined on the same spectral bands used to calculate SA, which corroborates
our results. The spectral band SWIR provides a robust way to estimate the extent of bare
soil and vegetation cover in arid and semi-arid regions (Asner and Lobell, 2000). The soil
moisture factor may have been responsible for two of the errors detected when using ISA.
Target areas 3 and 28 are located near reservoirs and had their breakpoints detected in
years of severe drought when the reservoirs were completely dry.

When using the ISA, the TSS-RESTREND showed a high accuracy in the detection
of land-cover clearing (83%), but with a gap of + 2 years. This imprecision should be related
to the characteristics of ISA. On the one hand, after vegetation removal, the remaining plant
ecosystem (i.e., underground roots and soil) requires time to adapt to the new conditions,
which will cause loss of moisture and delay the SA signal response as well as the breakpoint.
On the other hand, there is some imprecision of the TSS-RESTREND when the vegetation
clearing occurs near very dry years (before or after), which traps the breakpoint into a
moment of this period. For example, most of the LCC observed in 2005 and 2006 (target
areas 15, 17 and 33) was detected in the year 2003, which was a very dry antecedent year.
In the target areas 11 and 29, this gap was greater than the typical 2-year gap, shifting the
detected breakpoint year due to drought closer to the land-cover clearing year.

When we used NDVI and EVI, it was not possible to observe a temporal pattern for
the low performance in the detection of land-cover clearing by the TSS-RESTREND. The
undetected LCC in two areas by the ISA represented areas that had their vegetation
removed in either the first or last five years of the time series. In these intervals (1985-1990
and 2010-2015), when using ISA, the TSS-RESTREND method shows limitations in
establishing a breakpoint. One possible explanation for the difficulty of TSS-RESTREND in

detecting a breakpoint in the first/last years of an ISA time series can be the problem of
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performing a statistical hypothesis test (the Chow test) with a small sample (say, the first/last
five data points) of a variable (ISA) that has a narrow range of values. When the information
(sample) is small, the null hypothesis of the test (corresponding to a non-significant
breakpoint) will hardly be rejected at the usual significance levels. Under these
circumstances, TSS-RESTREND will not detect any land cover change. This situation is
particularly evident in the initial years as shown in Fig. 9.

Our study supports further research towards a better understanding of Caatinga land-
cover dynamics. Based on this study, further analysis and developments should take place
as (i) a deep analysis of SA applications in LCC studies in seasonal tropical dry forests; (ii)
a cross-related analysis of SA and other variables, such as evapotranspiration and soill
moisture, provided by remote sensing data; and (iii) conservation studies focused on

protection and reforestation initiatives.

6 Conclusion

The spatial resolution and long-term series of the Landsat images allowed a high-
standard assessment of altered targets in the surface, arranged due to the fragmented
nature of the LCC in the studied area. By using this dataset, the application of the TSS-
RESTREND method was effective and showed that the ISA exhibited the best performance
in identifying the year of land-cover clearing.

TSS-RESTREND showed a satisfactory performance in using long-term satellite data
to identify breakpoints of LCC in the Caatinga. The concept of this method is compatible
with the reality of the LCC dynamics in this biome, since the selection of the more significant
breakpoint unveils the land cover clearing without subsequent vegetation reestablishment.
We found some imprecision in the method to identify LCC with a higher frequency of
undetected breakpoints in the extreme part of the series (i.e., 1985-1990 and 2010-2015),

which were not significant due to the long time series used in this study.
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For all situations, the surface albedo presented better performance than that of NDVI
and EVI. The ISA was able to distinguish LCC with high accuracy. The lower performance
in the application of the TSS-RESTREND method when using the EVI and NDVI indices in
the detection of LCC in the Caatinga biome is explained by its high sensitivity to leaf cover
variations as a result of seasonal or extreme dry conditions. Changes in land cover affect
the entire soil-plant-atmosphere system, such as removal of biomass and changes in soll
properties, as well as in the microclimate, due to direct exposure to radiation, precipitation
and wind. Based on those changes, studies should not only rely on greenness indices but
also look for spectral ranges that will better represent the peculiar characteristics of lesser-

known ecosystems.
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