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Abstract

Desertification is a current environmental problem that causes the degradation of natural
vegetation and soils, reducing the productive potential of agricultural lands. There are few methods
in the literature for mapping desertification risk, especially for Brazilian geographical conditions. This
study proposes a new geospatial model for mapping desertification risk (RIDES), tested in
municipalities of the state of Ceard in the Brazilian semi-arid region. The model uses true
desertification areas, mapped by 2020 Sentinel-2A/MSI orbital images visual interpretation, as a
dichotomous variable, and the following environmental variables associated to desertification
process: average annual precipitation (PRT) from 1990 to 2020; vegetation index (IVE) and land
surface temperature (TST), calculated from 2018 to 2020; hypsometric integral of the relief (IHl);
topographic position index (IPT); terrain roughness index (IRT); rural population density (DPR) in
2020; distance to river channels (DCF), distance from urban areas (DAU), and total area of agriculture
and pasture (AGP). The relationship between the dichotomous and explanatory variables was
analyzed using the logistic regression method, from which the probability of desertification
occurrence (p) was calculated and used as a risk measure. The results showed that the variables IVE,
TST, DPR, AGP, and PRT had the highest correlation with desertification and the most significant
weight in estimating desertification risk. The RIDES model had an accuracy of 91.9% in mapping
areas undergoing desertification processes and can be used to monitor desertification risk in the
Brazilian semi-arid region.
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Resumo

A desertificagcdo é um problema ambiental atual, que provoca a degradagao da vegetagao natural e
dos solos, diminuindo o potencial produtivo das terras agricolas. Na literatura existem poucos
métodos de mapeamento do risco a desertificacdo, sobretudo para as condi¢des geograficas
brasileiras. Este trabalho propde um novo modelo geoespacial para o mapeamento do risco de
desertificacdo (RIDES), que foi testado em municipios do estado do Ceara, semiarido brasileiro. A
construcao do modelo baseou-se nas dreas em processo de desertificacdo existentes (variavel
dicotémica) e na construcdo de mapas das varidveis exploratdrias relacionadas a desertificacdo. Para
isso, foram utilizadas bases de dados de fontes diversas, tais como imagens orbitais Sentinel-2A/MSI
de 2020 para identificar a varidvel dicotdmica. Para a elaboragdo dos mapas das varidveis
exploratdrias foi avaliada a série temporal de 1990 a 2020 da precipitacdo média anual (PRT). Para
o indice de vegetacado (IVE) e temperatura da superficie terrestre (TST) foi avaliado o periodo entre
2018 e 2020. Para a integral hipsométrica do relevo (IHI), o indice de posi¢ao topografica (IPT, o
indice de rugosidade do terreno (IRT) considerou-se o ano de 2020. Assim como para a densidade
da populacdo rural (DPR), distancia aos canais fluviais (DCF)distancia das dreas urbanas (DAU) e area
total de agricultura e pastagem (AGP). A relacdo entre as varidveis dicotdbmica e explanatérias foi
analisada pelo método de regressao logistica, a partir do qual foi calculada a probabilidade de
ocorréncia de desertificacdo (Z), utilizada como medida de risco. Os resultados mostraram que as
variaveis IVE, TST, DPR, AGP e PRT apresentaram maior correlacdo com a desertificacdo e o maior
peso na estimativa do risco de desertificacdo. O modelo RIDES apresentou acurdcia de 91.9% no
mapeamento de areas em processos de desertificacdo, e pode ser utilizado como ferramenta para
o monitoramento do risco de desertificacdo do semidrido brasileiro.

Palavras-chave:

Modelagem geografica, Sistema de informacdo geografica, Regressao logistica.

l. INTRODUCTION

Desertification is associated with climatic factors and is induced by human activities, such as land use
and cover. It is among the most serious and critical environmental problems influenced by climate change (Yue
et al., 2023) and affects arid, semiarid and subhumid regions, resulting in rapid changes in vegetation cover,
hydrological conditions and soil properties (Turan et al., 2019). Desertification differs from other natural
hazards, such as fires, landslides and floods, in that it occurs on multiple scales and in the long term (Briassoulis,
2019).

Approximately 10% to 20% of drylands are degraded worldwide, and the total desertification area varies
from 6 to 12 million km? (UNCCD, 2012). As a result of climate change, 12.6% of drylands have been degraded,
contributing to desertification and affecting 213 million people (Burrell et al., 2020). In addition, desertification
has caused the annual loss of 12 million hectares of arable land (Rivera-Marin; Dash; Ogutu, 2022). On the South

American continent, according to the United Nations Convention to Combat Desertification (UNCCD), one-fifth
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of productive land could be affected by desertification by 2025, and the areas most susceptible to desertification
are located in Argentina, Bolivia, Chile, Mexico, Peru, and Brazil (Vieira et al., 2015).

In Brazil, desertification has occurred and is occurring in the country’s semiarid region. The semiarid
region of Brazil is among the most populated semiarid regions in the world and has become increasingly dry
(Barbosa, 2024). Vieira et al. (2015) reported that 94% of the semiarid region of Brazil is moderately to highly
susceptible to desertification and that these areas increased by approximately 4.6% between 2000 and 2010. A
study carried out by De Moraes et al. (2022) simulated the effects of variations in precipitation and temperature
between 2021 and 2100 in areas susceptible to desertification in Brazil. Their results revealed that an increase
in average temperature between 3 °C and 6 °C and a decrease in precipitation between 6% and 10% could
significantly increase the area of desertification in the semiarid region of Brazil. Silva et al. (2024) reported that
severe drought episodes in the semiarid region of Brazil are associated with greater intensity of the El Nifo
climate phenomenon, which is responsible for the decrease in precipitation and desertification expansion in the
semiarid region of Brazil.

Desertification assessment and monitoring, which are fundamental strategies for controlling and
mitigating this phenomenon, must be based on the variables most associated with dryland degradation
processes. The development of methods for assessing and monitoring desertification is encouraged by the
UNCCD through national action plans (Martinez-Valderrama et al., 2016). More efficient methodologies must
be based on a smaller number of variables and adapted to different scales (Neto et al., 2021). In addition, it is
important to use desertification variables that represent the complexity of environmental, economic and social
factors and improve methodology applications (Santos et al., 2020). One of the appropriate approaches for
assessing the efficiency of desertification indicators is logistic regression, which is widely accepted and used in
several areas. This method allows estimation of the probability of the occurrence of a dichotomous event
associated with a set of explanatory variables and characterization of the complex relationships of natural
phenomena (Dubovyk et al., 2013).

Desertification risk mapping based on a regional-scale geospatial model is a useful tool that contributes
to the mitigation and monitoring of desertified areas, activity planning and preventive measures (Djeddaoui et
al., 2017). This paper aims to present a methodology based on geospatial analysis and logistic regression
methods that is applied to desertification risk mapping (RIDES). This methodology was tested to estimate the

desertification risk in municipalities located in the semiarid region of the state of Cear3d, Brazil.
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Il. METHODOLOGY AND MATERIALS
Study area

The semiarid region of Brazil occupies 12% of the national territory, and it has a population of 31 million
people, 38% of whom live in rural areas (Bernardo et al., 2023; IBGE, 2022). The climate is characterized by well-
defined seasonal and interannual variability in precipitation, with extremely dry years interspersed with rainy
years. The main factors that determine this variability are the geographic position, relief, surface characteristics
and weather systems that occur in the region (Marengo et al., 2011). The rainy season occurs between January
and April because of the action of the Intertropical Convergence Zone (ITCZ), which is modulated by sea surface
temperature in the Equatorial Atlantic (Paredes; Barbosa; Guevara, 2015).

The study area is composed of 49 municipalities in Ceara state, located in the northern section of the
semiarid region, where the predominant climate is hot tropical semiarid, with temperatures ranging from 26 °C
to 28 °C, a dry period of nine months (FUNCEME, 2017) and an average annual precipitation of 809.1 mm in
2020. The predominant soil types in the study area are Litholic Neosols, Fluvic Cambisols, Luvisols, Nitossolos,
Planossolos, and Red-Yellow Latosols (Santos et al., 2018), which are characteristic of semiarid regions. The
predominant phytoecological units are open shrubby caatinga, dense shrubby caatinga and arboreal caatinga
(FIGUEIREDO, 1997), which are part of the crystalline basement caatinga and occupy the largest proportion of
the Ceara state area (Moro et al., 2015).

The most important economic activity in the study area is agriculture, which accounts for 95% of the
value of livestock production and 83.65% of the value of agricultural production. The most important are the
cultivation of beans, corn, cassava, cashew nuts and bananas and the raising of poultry, cattle and sheep herds

(IPECE, 2017).
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Figure 1 — Location of the study area in Northeast Brazil. Source: IBGE (2019).

Dichotomous variables

The logistic regression method was used to estimate desertification risk, considering the relationship
between the occurrence of the dependent dichotomous variable for desertification (DES) and a set of independ-
ent environmental explanatory variables. If DES=1, then there is desertification in the area; if DES=0, then there
is no desertification in the area.

A decrease in vegetation cover was used as a criterion to identify and map the dichotomous variable,
DES (areas undergoing desertification) (Kundu et al., 2017). A color composite 4R/3G/2B of the Sentinel-2A/MSI
sensor system spectral bands and areas susceptible to desertification mapped by the Ceara Foundation for Me-
teorology and Water Resources (FUNCEME, 2016) were used to identify and map the DES dichotomous variable.
We considered an area as undergoing desertification if a degraded area occupied more than 25% of the 1 km
cell area of the IBGE Brazilian census statistical grid.

The cells with DES values were exported from polygon to point shapefile formats, resulting in 2,977 sam-

ples for desertification area occurrence (DES = 1). A random sample of 2,977 points was drawn in the
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nondesertification occurrence areas (DES = 0), excluding water bodies. We kept 30% of these sample points to
be used in the model testing phase.

Exploratory variables

The mean annual precipitation (PRT) data from 1990 to 2020 generated by ERA5 Land were acquired
from the Climate Data Store platform through the ncdf4 library in RStudio (Pierce, 2024). The precipitation values
were converted from meters to millimeters, and the median from 1990 to 2020 was calculated using the raster
option in RStudio (Mufioz-Sabater et al., 2021). Then, the data were converted from NetCDF format to vectors
in QGIS 3.22, and a precipitation trend surface was calculated using the inverse distance weighted algorithm
(IDW) interpolation method (Kalipeni; Zulu, 2008).

Vegetation index (IVE) data were obtained from Sentinel-3B/SLSTR normalized difference vegetation in-
dex (NDVI) data (Rouse et al., 1973) from June to December in 2018, 2019, and 2020. The median NDVI time
series from 2018 to 2020 was calculated using the zonal statistics plugin in QGIS 3.22. The NDVI has been applied
in many desertification monitoring studies, which have confirmed that this index is a good vegetation density

indicator (Tomasella et al., 2018). The NDVI was calculated using Equation (1).
NDVI = (NIR — RED)/(NIR + RED) (1)

where NIR and RED are the reflectance values in the near-infrared and red spectral bands, respectively. NDVI
values < 0.0 may indicate the presence of clouds or water bodies; NDVI values > 0.7 are associated with dense
vegetation cover (Higginbottom; Symeonakis, 2014).

Land surface temperature (LST), one of the main physical parameters related to land surface processes,
has been used as a variable associated with desertification (Joseph; Gbenga; Langyit, 2018; Jiang; Lin, 2018). LST
data were estimated using 237 SLSTR-LST images from 2018 to 2020, which were collected daily from June to
December. The annual median was subsequently calculated, and the total median was obtained with the zonal
statistics plugin. Finally, the pixel values were converted from Kelvin to Celsius. The land surface temperature
(TST) was estimated via Equation (2) (Yang et al., 2020), which was applied to process data from the SLSTR-LST

sensor of the Sentinel-3A satellite.

1

A
TsT = agpw + br i (T11 — T12)™” () + (bs; + c7i)Tha (2)
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where T;T is the land surface temperature; a, b, and c are coefficients; T:; and T2 are the luminosity tempera-
tures of the thermal region spectral bands S8 (10.8 um) and S9 (12 um), respectively; fis the vegetation fraction;
i is equivalent to the vegetation type; pw is the water vapor column; & is the satellite's zenith viewing angle; and
m is the variable dependent on &.

The topographic position index (TPI) is an algorithm that calculates the difference in elevation between
a central pixel and the average of its surrounding cells within a predefined radius (Weiss, 2001; Trentin; Robaina,
2018). TPI values were calculated using the SRTM digital elevation model, a 1 km radius and the topographic
position index tool available in the GDAL library in QGIS 3.22. The terrain roughness index (TRI) is commonly
used in soil erosion analysis via spectral data from the SRTM digital elevation model (Myina; Gisilanbe; Philip,
2018; Rofita et al., 2021). Thus, the TRI calculated with the terrain roughness index tool from the GDAL library
was used in the desertification geospatial model.

Another exploratory variable, the hypsometric integral (IHI), has been used to evaluate the erosive ca-
pacity of a river basin (Sivakumar et al., 2011). This variable is inversely correlated with the amount of surface
material removed by erosion (Rosenau, 2004). In our study, the IHI was calculated using the SRTM data and
Equation (3) (Andreanl et al., 2014).

HI — hmédia—Nmin (3)

hmax—hmin

where hmean hmin and hmax are the mean, minimum and maximum elevation values, respectively.

The total agriculture and pasture area (AGP) was estimated using the Map Biomas Project — Collection 6
(https://plataforma.brasil.mapbiomas.org/cobertura). This project produces land use and cover via maps using
the Landsat spectral system image series. Map Biomas raster data from the 2020 agriculture and pasture classes
of the Caatinga biome were obtained using the Google Earth Engine (GEE) toolkit. This toolkit also permits the
export of the map and the statistical area parameters for the geometries and periods of interest (Souza et al.,
2020).

The population density (DPR) variable was estimated in the cells of the IBGE statistical grid cells using the
total rural population residing in the cell and the cell area (1 km?). Afterward, the cell centroids were drawn, and
the DPR values were associated with the centroids. The DPR was interpolated with the inverse weighted distance

(IDW) algorithm, and the DPR final map was classified by the quartile method.
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The distance to the river channel (DCF) variable was calculated using the isodistance algorithm to the
river channel thalweg. A map of 500 m buffers was then drawn around the desertified area centroids. Afterward,
the average value of the isodistances to the nearest river channel was extracted within the buffer area of each
centroid separately, applying zonal statistical operations. Finally, the isodistance average was interpolated using
the IDW algorithm. The distance of desertification to urban areas (DAU) variable was calculated using the urban
area centroids as a reference. The urban area centroid vector files were exported in raster format, and the iso-

distances to the nearest degraded area were mapped using the r.grow.distance algorithm in QGIS 3.22.

Table 1 — Material used in the variable processing.

Materials Type Spatial resolution Year Source
Statistical grid Vetor 1km 2016 IBGE

200 m (urban zones)
Drainage Network Vetor 1:100.000 - ANA
Agriculture and Pasture Raster 30m 2020 Mapbiomas
Degraded Areas Vetor - 2016 FUNCEME
ERAS — Land Model Raster 9km—-1km 1990 a 2020 ECMWEF
Sentinel — 2/MSI Data Raster 10 m 2020 ESA
Sentinel — 3/SLSTR Data Raster 1km 2018 a 2020 ESA
SRTM Raster 90 m 2020 USGS

Source: Elaborated by authors (2024).

The exploratory variables and dichotomous variable maps, carried out from different scales and spatial
resolutions, were aggregated into a raster matrix structure by spatial resampling in the IBGE statistical grid cells
with a 1,000 meter spatial resolution. The logistic regression analysis was carried out using the variable values
calculated within the statistical grid cells, and the desertification risk map, produced by the geospatial model,
was also mapped in the same raster matrix structure.

The logistic regression statistical method used in the desertification risk geospatial model is justified be-
cause desertification can be modeled as a dichotomous phenomenon and can be better described by multivari-
ate statistical models (Dubovyk et al., 2013; Mihi et al., 2022). Logistic regression allows the estimation of the
relationship between a binary dependent variable (occurrence of an event = 1; nonoccurrence of an event = 0)
and a set of independent variables associated with the occurrence of the event. Equations (4) and (5) represent
the relationship between the occurrence of an event and the independent variables used in the model. Equation
(4) is used to calculate the probability of desertification occurrence, where the Z value is the desertification risk.
Equation (5) expresses the relationship between the Z probability and the explanatory (independent) variables

associated with desertification.
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where Z is the desertification probability, which varies from 0.0 to 1.0, and a and B are the model parameters.
The desertification risk calculation (Equation 6) was carried out by means of the QGIS 3.22 raster calculator
module and RStudio, which use the explanatory variables in the raster format file as independent variables.

The geospatial desertification risk model validation was carried out using the receiver operating charac-
teristic (ROC) curve and bootstrap cross-validation (Kim, 2009). Field validation was subsequently carried out by
means of a 50-point systematic sample draw; 29 points were located in areas mapped as high-risk areas (Z=0.75—
1), 14 points were located in intermediate-risk areas (Z=0.50), and 7 points were located in low-risk areas (Z=0.0—
0.25).

Z = 0.335 + (8.993. AGP) + (—1.692.DAU) + (=0.797.DCF) + (—12.274.DPR) + (—1.231.1HI) + (0.499.IPT) +
(—0.857.IRT) + (—15.936.IVE) + (—4.751. PRT) + (14.486.TST) (6)

I11. RESULTS AND DISCUSSION

The results showed that the independent variables analyzed by the RIDES model can be divided into two
groups of five variables, according to the coefficients in Table 2. The first group refers to the IVE, TST, DPR, AGP
and PRT variables, which presented high significance in desertification risk predictability. The second group is
formed by the DAU, DCF, IHI, IRT and IPT variables, which presented low levels of significance. This is because
the coefficients of the first group resulted in values far from 1.0 and p<0.0001. The further the coefficient is
from 1.0, whether positive or negative, the greater the influence of an independent variable on the chance of a

phenomenon occurring (Fernandes et al., 2021).

Table 2 — Values of the B and p coefficients of the variables.

Variables ﬁ p
IVE -15.936 <0.0001
TST 14.486 <0.0001
DPR -12.274 <0.0001
AGP 8.993 <0.0001
PRT -4.751 <0.0001
DAU -1.692 0.0907"
IHI -1.231 0.2183")
IRT -0.857 0.39120

DCF -0.797 0.4257%
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IPT 0.499 0.6174%

Source: Elaborated by authors (2024).
(*) Non-significant variables.

The precipitation values (PRTs) varied from 480.53 mm to 1,326.51 mm. The lowest values occurred in
the middle Jaguaribe River Basin and in the western part of the upper Jaguaribe River Basin. The highest rainfall
volumes were recorded in Chapada do Araripe and Pereiro Massif. The precipitation distribution was approxi-
mately normal, with an average of 772.57 mm and a standard deviation of 97.59 mm (Figure 2A). In addition, an
inverse relationship was observed between PRT and desertification risk: the lower the rainfall volume, the
greater the susceptibility to desertification (Figure 3A).

The TST values ranged from 21.84 °C to 41.46 °C. The highest TST values were more frequent in the
middle Jaguaribe River Basin, whereas the lowest values occurred in Chapada do Araripe. The frequency distri-
bution had a slight asymmetry to the right, with an average of 33.02 °C and a standard deviation of 3.24 °C
(Figure 2B). The TST variable was highly significant in the RIDES model and was directly associated with deserti-
fication risk (Figure 3B).

The EVI values ranged from -0.02 to 0.63, with the highest predominance of the lowest indices in the
middle Jaguaribe River Basin and the highest in the south-central part of the upper and lower Jaguaribe River
Basin, where vegetation is better preserved. The frequency distribution had a slight asymmetry to the right
(mean of 0.29; standard deviation of 0.06) (Figure 2C). The EVI had the greatest importance in the statistical
model, with a strong and inverse relationship with desertification risk; that is, areas with lower photosynthetic
activity are more vulnerable to desertification (Figure 3C).

The terrain roughness index (TRI) ranged from 0.0 to 317.90, with the lowest roughness predominating
in most of the area. The highest values appeared in the upper and middle Jaguaribe River Basin, mainly around
the Pereiro Massif. However, the TRl was not statistically significant for desertification risk (Figure 2D), suggesting
that other forms of erosion, in addition to water, may act in the region (Figure 3D).

The hypsometric integral (IHI) presented values ranging from 0.0 to 0.53. The areas with lower values
(approximately 0.18), which indicate more convex relief and older landscapes, were concentrated in the lower
and middle Jaguaribe River Basin. This variable did not have statistical significance (Figure 2E), but the inverse
relationship with desertification risk indicates that lands with a long denudation history tend to be more suscep-
tible to desertification (Figure 3E). The topographic position index (TPI) ranged from -52.09 to 33.10. Negative

values indicate valleys, and positive values indicate hill tops. The greatest altimetric contrasts were identified in
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the middle and upper Jaguaribe River Basin, whereas the lower Jaguaribe Basin has a larger plain. The TPl was
not significant for desertification (Figure 2F), although it was associated with erosion (Figure 3F).

The agriculture and pasture area (AGP) totals 12,806,660 m? and is distributed predominantly in the
middle Jaguaribe River Basin. In the upper Jaguaribe River Basin, these activities occur mainly in the northeast-
ern and northwestern regions. The AGP showed a direct and significant association with desertification risk,
indicating that intensive land use contributes to environmental degradation (Figure 3G). The distance to urban
areas (DAU) varied between 512.51 m and 19,573.35 m. In the middle Jaguaribe River Basin, the closest areas
were in the east—south region, and the farthest areas were in the center—north region. The variable did not show
statistical significance (Figure 2G), although the lowest values were associated with the presence of infrastruc-
ture and with less isolated areas (Figure 3H).

The distance to river channels (DCF) varied between 610.53 m and 55,280.66 m. The greatest distances
were found in the western part of the middle Jaguaribe River Basin and in the southwestern part of the upper
Jaguaribe River Basin. However, the variable did not present statistical significance (Figure H) in the desertifica-
tion risk model (Figure 3I). Population density (DPR) varied from 0.0 to 398.2 inhabitants/km?. In the upper
Jaguaribe River Basin, areas with densities of 132.7 inhabitants/km? were situated in the southeast and north-
east. In the middle Jaguaribe River Basin, the lowest rural densities prevailed; in the lower Jaguaribe Basin, con-
centrations occurred along the Jaguaribe River channel. The DPR presented an inverse and significant relation-
ship with desertification risk (Figure 21); the lower the density, the greater the environmental vulnerability. (Fig-

ure 3J).
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Figure 2 — Distribution histograms of exploratory variables. Source: Prepared by the authors (2024).
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Figure 3 — Thematic maps of the independent variables. Source: Prepared by the authors (2024).

IVE presented a high level of significance (p<0.05; B = -15.396; p<0.0001), indicating that a low level of
photosynthetic activity (or low NDVI values) has a greater influence on desertification risk. This finding was also
obtained by Djeddaoui et al. (2017) and Mihi et al. (2022) in studies carried out in northern Algeria, indicating

that the vegetation index based on the NDVI is a good desertification indicator, although its performance
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depends on the region and biome where the study occurred. The TST variable (B = 14.486; p<0.0001) also
showed a significant association with desertification risk in the RIDES model, although Djeddaoui et al. (2017)
noted that the TST was not a significant variable for desertification. On the other hand, Deng et al. (2018), Qiao
et al. (2021) and Kumar et al. (2022) highlighted the relevance of surface temperature for assessing desertifica-
tion.

The DPR (B =-12.274; p<0.0001) was highly statistically significant but had an inverse relationship, since
low population densities were found in high-desertification-risk areas. The AGP variable (B =8.993; p<0.0001)
also showed high statistical significance and was directly related to desertification. Djeddaoui et al. (2017) re-
ported that high concentrations of pasture areas are the most common causes of desertification in northern
Algeria. These authors reported that pastures in Africa are 2.22 times more susceptible to desertification. PRT
(B =-4.751; p<0.0001) was significantly inversely related to desertification. In low-rainfall areas, the probability
of desertification was high. This condition is associated with extreme drought events and the aridity index, which
are determining factors of desertification for assessment (Vieira, 2015; Mihi, 2022).

The DAU (B =-1.692; p =0.0907) and IHI (B =-1.231; p =0.2183) variables were not statistically significant
in relation to desertification risk. However, there was an inverse relationship between the IHI and desertification,
and low IHI values indicate advanced and long denudation processes or ancient landscapes (Santos et al., 2019).
This indicates that the desertification risk may be high in ancient landscape areas. The IPT (B =0.499; p =0.6174),
IRT (B =-0.857; p=0.3912) and DCF (B =-0.797; p = 0.4257) variables were also not significant. Although the TPI
and IRT indices are related to water erosion, the results may suggest that there are other forms of erosion that
have not been taken into account by these two indices.

The municipality desertification risk map of the Jaguaribe River Basin, with values ranging from 0.0 (min-
imum risk) to 1.0 (maximum risk), is shown in Figure 4. The areas with the highest desertification density are
located predominantly in the middle part of the Jaguaribe River Basin. This result is consistent, in part, with the

degraded areas mapped by FUNCEME (2016).
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Figure 4 — Desertification risk map generated by the geospatial desertification risk model (RIDES). Source: Prepared by the authors (2024).

The RIDES map covers a 47,663 km? area. The region with the highest desertification risk values occupies
an area of 3,381 km?, which is equivalent to approximately 7% of the total area mapped by the model. On the
other hand, the regions with low desertification risk correspond to approximately 74% of the total area, or
35,444 km?. Compared with the results of the FUNCEME (2016) desertification map data, which identified de-
graded regions that were not associated with risk values, the FUNCEME (2016) desertification area was 5,066
km? in the same study area. Within these limits, the area classified by this model as having high desertification
risk was 2,006 km?, equivalent to 39.6% of the area, while the low-risk areas totaled 19.3%, totaling 976 km?2.

Comparing the high-risk areas classified by our model (3,381 km?2) with the FUNCEME (2016) mapped
degraded areas (2,006 km?), we noted an increase of 69% in the capacity to detect critical areas by our model.
This result suggests that the RIDES model identified areas that were already mapped as degraded areas and
potentially vulnerable areas (Table 3). Furthermore, our study contributes to the FUNCEME (2016) database by
assigning risk probability values and providing a more detailed and quantitative assessment of desertification

risk in the same area.
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Table 3 — RIDES model risk class values and the degraded areas mapped by FUNCEME (2016) in the study area.

Risk class Model area (km?) Model total area(%) Region of FU(EniE)ME mapping FU[\TEE\;?(%)
Very low 35.444,18 74,4% 976,59 19,3%
Low 3.825,58 8,0% 628,64 12,4%
Moderate 2.564,62 5,4% 639,78 12,6%
High 2.447,64 5,1% 815,02 16,1%
Very high 3.381,54 7,1% 2.006,60 39,6%
Total 47.663,56 100% 5.066,63 100%

Source: Elaborated by authors (2024).

The desertification risk map generated by the RIDES model presented greater detail on the
desertification risk areas and represented them on a spatially continuous surface, without abrupt breaks
between low- and high-risk values, by including the transitional intermediate classes. The RIDES model map
shows the presence of high-risk areas (0.75—1.0) located in the extreme western part of the Alto Jaguaribe River
Basin and a small area close to the mouth of the Jaguaribe River, where there is possibly the presence of mobile
dunes, which are classified as having a high desertification risk (0.75-1.0).

An unexpected finding was a small area situated between high (0.75—-1.0) and intermediate (0.50) risk,
located in the Campos Sales and Salitre municipalities (indicated by an arrow on the map in Figure 4) in the
southwestern part of the study area in the Alto Jaguaribe River Basin. The RIDES model map represents high-
risk areas outlined by intermediate and transitional risk levels on a continuous surface. This transition is a buffer
zone located between extreme levels; that is, high (0.75-1.0) and low risk (0.0-0.25). Another important factor
relates to the largest portion of high desertification risk, located in the Jaguaribe and Jaguaribara municipalities
on the leeward side of the Pereiro Massif in the middle Jaguaribe River Basin.

The Pereiro and Ereré municipalities (middle Jaguaribe River Basin), located on the windward side of the
Pereiro Massif, had a low (0.0—0.25) to intermediate (0.50) risk of desertification. This finding may be associated
with the low precipitation volume in the areas located on the leeward side. On the other hand, the Iracema,
Potiretama, Alto Santo and Tabuleiro do Norte municipalities (middle Jaguaribe River Basin) had high-risk central
nuclei (0.75-1.0) and were not influenced by a specific geomorphological barrier.

The RIDES model risk map was evaluated in the field by stratifying areas classified as low, intermediate

and high desertification risk. The low-risk area class had dense vegetation cover, formed by arboreal and shrubby
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caatinga phytophysiognomies, distributed in areas with mountainous relief (Figure 5A). In the intermediate-risk
area class, the presence of bare soil and lower vegetation cover density were observed (Figure 5B), whereas in
the high-risk area class, we noted large surfaces with bare soil and erosion marks (Figure 5C). The low vegetation
cover density was associated with the desertification risk class. The high probability of desertification areas was
characterized by flat relief with low roughness, which is suitable for agriculture and pasture. These areas have

low rainfall, low photosynthetic productivity, low rural population density and high surface temperature.

Figure 5 — Areas at risk of desertification: low risk (A); intermediate risk (B); and high risk (C). Source: Prepared by the authors (2024).

The area under the ROC curve was 0.919, equivalent to a 91.9% precision level on a 0.0 to 100% scale,
indicating that the model performed well in desertification area prediction. Model estimation was performed
with 1000 bootstrap-generated models, which resulted in a confidence interval between 92.9% and 93.2% of

the area under the ROC curve, confirming model stability (Figure 6).
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Figure 6 — Area under the receiver operating characteristic (ROC) curve. Source: Prepared by the authors (2024).

IV. CONCLUSIONS

The desertification risk geospatial model, RIDES, is an efficient tool for desertification risk mapping on
the basis of the probability calculated from a logistic regression model. The consistency of the model was
statistically validated with field data, and the results showed good accuracy and stability for use in the
northeastern semiarid region of Brazil. We suggest that the RIDES model also be tested in other tropical and
subtropical areas suitable for desertification.

The independent explanatory variable coefficients were valuable data for assessing their contributions
to desertification occurrence. The surface temperature (TST), vegetation index (IVE), rural population density
(DPR), agriculture and pasture (AGP) total area and annual average precipitation (PRT) were the explanatory
variables significantly associated with desertification. The desertification areas mapped by the RIDES model
presented high surface temperatures, low vegetation indices, low rural population densities, agricultural and
pasture areas and low average annual precipitation values. The geomorphological variables were not statistically
significant, but the hypsometric integral variable (IHI) was important in high-risk desertification areas, indicating

that these areas correspond to ancient and dissected landscapes.

The RIDES model is an important tool for decision-making in territorial management and a method for

zoning and monitoring desertification areas in semiarid regions.
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