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ABSTRACT 31 

Desertification is a land degradation phenomenon with dire and irreversible consequences, 32 

affecting different regions of the world. Assessment of spatial susceptibility to 33 

desertification requires long-term series of precipitation (P) and evapotranspiration (PET). 34 

An approach to desertification analysis is the use of spatially gridded time series of air 35 

temperature and precipitation, derived from spatial interpolation of in situ measurements 36 

and available globally. The aim of this article was to estimate the susceptibility to 37 

desertification over Southeast Brazil using monthly gridded data from the Global 38 

Precipitation Climatology Centre (GPCC), and from the Global Historical Climatology 39 

Network (GHCN). Two indices were used to estimate desertification susceptibility: the 40 

aridity index Ia (P/PET) and D (PET/P). Validation of these datasets was performed using 41 

in situ observations (1961—2010) from the National Institute of Meteorology (INMET) – 42 

(68 weather stations). Determination coefficient (r²) and the Willmott’s coefficient of 43 

agreement (d) between gridded and observed data revealed satisfactory accuracy and 44 

precision for grids of precipitation (r2 > 0.93, d > 0.90), air temperature (r2 > 0.94, d > 0.53) 45 

and PET (r2 > 0.93, d > 0.63). Areas susceptible to desertification were identified by the 46 

index Ia over the Northern regions of Minas Gerais and Rio de Janeiro states. No areas 47 

susceptible to desertification were identified using the index D. However, both indices 48 

indicated large areas of dry sub-humid climate, which can be strongly affected by drought 49 

conditions. Overall, climate gridded variables presented good precision and accuracy when 50 

used to identify areas susceptible to desertification.  51 

Keywords: Desertification; Gridded datasets; Geoprocessing; Aridity Index; Climate.  52 

 53 
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 96 

1. Introduction 97 

Desertification is regarded as the most acute land degradation process. The 98 

phenomenon is defined as a reduction of biological or economical productivity, 99 

reduction of complexity in the natural landscape, soil degradation (erosion) and loss 100 

of vegetation cover (Sivakumar 2007). Desertification is especially critical over 101 

regions with dry climate, where water resources recharge during the raining season 102 

is lower than the water lost due to evapotranspiration. The phenomenon is 103 

considered irreversible when present in large scale, affecting directly and indirectly 104 

natural resources and livelihoods of local populations (Hare 1983; Sivakumar 2007; 105 

Almeida et al. 2014). 106 

Desertification is a complex and dynamical process affecting arid, semi-arid and sub-107 

humid regions, and influenced by several factors such as climate variability,  relief, 108 

soil, biophysical phenomena, and anthropic activities (Vieira et al. 2015, 2020; 109 

Tomasella et al. 2018). The process is triggered by an accelerated degradation of 110 

natural vegetation and soil, beyond the natural regenerative capacity of the 111 

landscape. Land degradation can be associated with agriculture over inappropriate 112 

areas, deforestation of native vegetation, forest fires, poor use of irrigation, mining 113 

activities, and climate. When considering the climate, the main factors affecting 114 

desertification are high temperature, low precipitation, which leads to poor 115 

formation of organic matter and fast oxygenation in soils, increasing erosion 116 

damages (Sivakumar 2007). 117 

The consequences of desertification extrapolate geographical limits by impacting 118 

the food production and migrations to less vulnerable areas. Currently, it is 119 

estimated that one billion people in 100 countries are affected by desertification, 120 

with 250 million in developing nations (Reynolds et al. 2007). In Brazil, most of the 121 

studies on desertification focus on the Northeast region due to its semi-arid climate 122 

and high number of municipalities with high vulnerability to drought (Marengo et 123 

al. 2017; Ferreira et al. 2017; Tomasella et al. 2018; Alves et al. 2020; Vieira et al. 124 

2020). However, other regions of the country have similar climate and issues of 125 

environmental degradation, increasing the risk of desertification. In addition, 126 

climate change projections on spatial and temporal patterns of precipitation and air 127 
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temperature increase the threat of desertification over areas not currently under 128 

risk (Sivakumar et al. 2007). 129 

The United Nations Environment Program (UNEP) adopted in 1991 the aridity index 130 

(Ia) as a measure of susceptibility to desertification (Mirzabaev et al. 2019). This 131 

index is calculated by dividing annual precipitation (P) by total evapotranspiration 132 

(PET) in the same period. Higher probability of desertification is expected when this 133 

ratio is below 0.65. A second formulation for the aridity index (D) considers the ETP 134 

divided by R. In this case, areas susceptible to desertification have D in the range of 135 

2 to 7, related to the dry conditions of wet climate zones to the sub-humid climate 136 

of deserts (Hare 1983; Bohn 2014). 137 

Patterns of precipitation over Southeast Brazil (SEB) are associated with the 138 

passage of frontal systems and, during the summer, the South Atlantic Convergence 139 

Zone (SACZ), a band of clouds oriented NW-SE (Satyamurty et al. 1998; Brito et al. 140 

2017; Andrade and Cavalcanti 2018; Lyra et al. 2018). Frontal systems (FS) are more 141 

common in spring and winter, but total precipitation is highest for events during the 142 

months of spring and summer (Andrade and Cavalcanti 2018). The SACZ accounts 143 

for 25% of precipitation between October and April, on average, with peaks of 41% 144 

in January and 56% in March (Nielsen et al. 2019). SEB has fourteen climate sub-145 

types and topographical features that enhance precipitation variability such as low 146 

and high altitude regions, and the proximity to the coast (Sant’Anna Neto 2005; 147 

Cataldi et al. 2010; Nobre et al. 2013 ;Vieira et al. 2015; Rao et al. 2016).  148 

Studies of desertification require long-term time series of precipitation and air 149 

temperature. Over SEB, data coverage is irregular in space and time, with long gaps 150 

in data records and regions with poor spatial coverage (Santos et al. 2018; Oliveira 151 

Júnior et al. 2012; Lyra et al. 2018). An alternative is the use of global gridded climate 152 

data, which are generated from the spatial interpolation of in situ observations 153 

(Peterson and Vose 1997; Willmott et al. 2001; Jones and Moberg 2003; Tostes et al. 154 

2017) simulated by numerical climate models (Kalnay et al. 1996; Kanamitsu et al. 155 

2002) or obtained from remote sensing (e.g. Tropical Precipitation Measuring 156 

Mission, TRMM) (Kawanishi et al. 1993, 2000). Other useful databases are the Global 157 

Historical Climatology Network (GHCN) - (Jones and Moberg 2003) and the Global 158 
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Precipitation Climatology Center (GPCC) - (Schneider et al. 2014), provided by the 159 

National Oceanic and Atmospheric Administration (NOAA) - (NOAA 2020). These 160 

datasets have good spatial resolution (0.5 x 0.5o) over a regular grid, and time series 161 

longer than 50 years with no gaps, originated from more than 20 sources around the 162 

world. 163 

The objective of this study was to investigate the susceptibility to desertification 164 

over SEB using gridded climate data. The study is timely considering the lack of 165 

studies of desertification over an area with vulnerabilities in the social (de Loyola 166 

Hummell et al. 2016) and environmental domains (Almeida et al. 2014), where an 167 

estimated population of 80,364,410 inhabits and, recently, there was a water crisis 168 

that affected water supply, industry and energy generation. A secondary objective 169 

of this study was to assesses the performance of global gridded datasets when used 170 

to estimate PET and the aridity indices. 171 

 172 

2. Material and Methods 173 

The Brazilian Southeast is located within coordinates 15˚ and 25˚ S, and longitudes 174 39˚ and 53˚ W, with longitudinal range extending from the coast to the Atlantic 175 

Ocean up to 1000 km within the continent. The region includes four states: Espírito 176 

Santo, Rio de Janeiro, Minas Gerais and São Paulo (Figure 1). SEB is characterized by 177 

a complex topography, with extensive valleys, such as Paraíba do Sul, Jequitinhonha 178 

and São Francisco do Sul, and highlands such as Serra do Mar, Mantiqueira, among 179 

others (Sant’Anna Neto 2005). Altitude in the region varies between mean sea level 180 

up to 2891 m, at Pico da Bandeira (Nimer 1972). 181 

Figure 1 182 

2.1 Time series of meteorological data 183 

The gridded data of air temperature and precipitation were obtained from two 184 

sources: the GHCN and GPCC, both described in the Introduction. Records are 185 

available in NetCDF formats with spatial resolution of 0.5 x 0.5o. Evaluation of this 186 

dataset was performed using records from conventional weather stations across 187 
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SEB. Time series of air temperature (T, ˚C) and precipitation (P, mm) were obtained 188 

for the period of 1961 to 2010, from a set of 68 stations located within SEB (Table 189 

1). Records are maintained by the National Institute of Meteorology (INMET). 190 

Quality control was carried out using homogeneity tests, physical consistency and 191 

analysis of gaps. Details of the quality control can be found previously published 192 

works (Brito et al. 2017; Lyra et al. 2018). 193 

Table 1 194 

2.2 Desertification indices 195 

Monthly data of precipitation and air temperature were used as inputs in the 196 

calculation of the Climatological Water Balance (CWB) - (Thornthwaite and Mather 197 

1955), resulting in the annual evapotranspiration and precipitation. Those 198 

estimates are essential in the calculation of aridity indices. Dynamical tables were 199 

created in Microsoft Excel to calculate monthly means for the period 1961-2010 for 200 

each station selected. Next, a new Excel file was created with annual values of PET 201 

and precipitation where the indices were calculated. 202 

The method of Thornthwaite is based on the following equations: 203 

PET =  ETpp 𝑁12ND30  
(1) 

where PET (mm) is the potential evapotranspiration, N (hours) is the maximum 204 

number of daytime hours, PETpp is the potential evapotranspiration for a 30 days 205 

month with 12 hours of daylight, and ND is the number of days of the current month. 206 

PETpp is calculated as: 207 

PETpp = 16(10Tm,iI )a Tm,i > 0°C 
(2) 

where the subscript i represents the ith month. The parameter I and a are the 208 

regional heat indices obtained from monthly means of air temperature. 209 

Having calculated PET and P for each grid point, the aridity index Ia developed by 210 

(Thornthwaite 1948) and adjusted by (Penman 1953) was calculated as: 211 
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𝐼𝑎  =  𝑃PET (3) 

The Ia index can be interpreted by Table 2. 212 

Table 2 213 

The aridity index D (Hare 1983) was determined following this expression: 214 

𝐷 = 1(0,01𝐼𝑚 + 1) 
(4) 

𝐼𝑚 = 100 [( 𝑃𝑃𝐸𝑇) − 1] (5) 

replacing 5 in 4 and organizing your terms: 215 

𝐷 = (𝑃𝐸𝑇𝑃 ) 
(6) 

 216 

2.3 Statistical Analyses 217 

The gridded climate data were evaluated against observations from in-situ stations. 218 

Records of total monthly precipitation and mean air temperature were extracted 219 

from grid points closer to the station’s coordinates. Linear regression was used to 220 

compare both datasets. The same approach was applied to time series of PET and 221 

the aridity indices. This evaluation enables the identification of metrics of precision 222 

and accuracy between gridded and observed data (Oliveira Júnior et al. 2012; Brito 223 

et al. 2017; Tostes et al. 2017; Santos et al. 2018; Lyra et al. 2018). 224 

The coefficient of determination (r2) (Equation 5) was used to evaluate the precision 225 

of gridded data against observed records. The value of r2 ranges from 0 to 1, where 226 

proximity to 1 indicates higher precision and less dispersion of gridded data in 227 

relation to observations, i.e., linearity between the two datasets (Wilks 1995). 228 
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𝑟2  =  [  
 ∑ (𝑂𝑖 - 𝑂) ⋅ (𝐸𝑖  - 𝐸)𝑛𝑖=1√∑ (𝑂𝑖 - 𝑂)2 ⋅ ∑ (𝐸𝑖  - 𝐸)2𝑛𝑖=1𝑛𝑖=1 ]  

 2
 

(7) 

In Equation 5 O  represents the mean of observations, E  is the mean of estimated 229 

values, and n is the number of records. 230 

In addition, the index of agreement (d) was calculated as (Willmott 1981): 231 

d = 1 − [ ∑ (𝑂𝑖  - E𝑖)2𝑛𝑖=1∑ (|𝐸𝑖 - 𝑂| + |𝑂𝑖  - 𝑂|)2𝑛𝑖=1 ] (8) 

In Equation 6, Oi and Ei represent the ith observation and estimated value, 232 

respectively. The index of agreement measures the accuracy of gridded data in 233 

relation to observed data. The index has a range of 0 to 1, with 1 indicating higher 234 

accuracy. 235 

The error is the analyses was evaluated using three metrics: RMSE – Root Mean 236 

Square Error, MAE – Mean Absolute Error, and MBE – Mean Bias Error, all expressed 237 

in Eq. 9, 10 and 11: 238 

RMSE = √∑(𝐸𝑖 − 𝑂𝑖)2𝑛𝑛
𝑖=1  

(9) 

MAE = 1𝑛 ∑|𝑂𝑖 − 𝐸𝑖|𝑛
𝑖=1  

(10) 

MBE = 1𝑛∑(𝑂𝑖 − 𝐸𝑖)𝑛
𝑖=1  

(11) 

The RMSE is a measure of error between sampled and estimated values. The MAE 239 

measures the magnitude of errors not considering bias in observations or 240 

estimations. Finally, the MBE measures the error between observations and 241 

estimated values, having a positive sign if the latter are underestimated in relation 242 
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to the former. The opposite, negative values of MBE, indicate that estimations 243 

extrapolate the observed values (Wilks 1995). 244 

The RMSE can be expressed as the sum of its systematic error (RMSEs) and 245 

unsystematic error (RMSEu) (Willmott 1981): 246 

RSME𝑠 =  √[∑  Ni=1  (𝐸î − 𝑂i)2 N ] 
 

(12) 

RSME𝑢 = √[∑  Ni=1  (𝐸î − 𝐸i)2 N ] (13) 

where, 𝐸î = 𝛽𝑜 + 𝛽1 𝑂𝑖 . 247 

 248 

2.4 Multivariate Analysis 249 

Multivariate analysis was used to group the data of air temperature, precipitation 250 

and PET into spatial homogeneous patterns. Ward’s hierarchical clustering method 251 

was used with Euclidean squared distance (de) as a measure of dissimilarity (Ward 252 

1963; Murtagh 1985). The distance de was calculates as: 253 

𝑑𝑒  = √∑(𝑃p,i − 𝑃k,i)2𝑛
𝑖=1  

(14) 

where Pp,i and Pk,i are variables representing elements p and k, respectively. 254 

Calculations were performed using the library hclust from the software R (version 255 

3.5.1) - (R Development Core Team 2011). 256 

 257 

3. Results and Discussion 258 

3.1 Evaluation of gridded climate data 259 

The coefficient r2 between observed and gridded precipitation data varied between 260 

0.93 (stations São Mateus and Formoso) to 0.99 (Patos de Minas, Florestal, Conceição 261 
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do Mato Dentro, Divinópolis and Arinos) (supplementary material S1). The range of 262 

r2 indicates a low dispersion of the gridded data in relation to the observations. 263 

Regarding index of agreement d, only Rio de Janeiro city (ID 56) presented a value 264 

below 0.9 (d = 0.79, supplementary material S2). The values of r2 and d obtained in 265 

this study are higher than values reported in other studies for this region (Santos et 266 

al. 2018; Lyra et al. 2018), indicating a good precision and accuracy of the gridded 267 

data when representing the seasonal trends of precipitation over SEB. 268 

Precipitation RMSE varied between 6.1 (station Florestal, ID 33) to 48.6 mm (Rio de 269 

Janeiro, supplementary material S3). The highest values of RMSE were observed in 270 

the border regions of SEB, especially the coastal regions and Minas Gerais Northeast; 271 

the lowest values of RMSE were observed at the center and Southwest of Minas 272 

Gerais, Rio de Janeiro state Northwest, and North of São Paulo state. The relation 273 

between RMSE and average precipitation was approximately 14%. 274 

The high values of RMSE over the coastal areas are likely associated with the 275 

climatological and physical systems affecting the region in association with the 276 

complex topography (Brito et al. 2017; Lyra et al. 2018). The distribution of ocean 277 

currents might be an important influence given that the SEB region is close to the 278 

confluence of two currents: the Brazilian and the Malvinas currents (Cataldi et al. 279 

2010). Finally, the absence of stations over the ocean might influence the RMSE due 280 

to interpolation and border effects. 281 

The coefficient r2 between gridded (GHCN) and observed air temperature data 282 

indicated good precision, with lowest value observed for Espinosa station (ID 7, r2 = 283 

0.94, supplementary material S4). Data over Northern Minas Gerais state presented 284 

the lowest r2, similar to the pattern observed for the gridded data of precipitation; 285 

lowest values of the index of agreement d were also observed for this region 286 

(supplementary material S5). The lowest accuracy was observed for the Minas 287 

Gerais stations of Arinos (d = 0.53), Campos do Jordão (ID 62, d = 0.56) and Frutal 288 

(ID 30, d = 0.6). It should be noted that all those stations are located over 500 m a.s.l. 289 

The results here indicate that gridded data of air temperature have high precision 290 

and low accuracy, particularly over high altitude. The values of RMSE for air 291 

temperature were in the range of 0.16 (São Mateus) and 5.04˚C (Campos do Jordão, 292 
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supplementary material S6). The lowest values of RMSE were observed over central 293 

SEB, in addition to Northern São Paulo and Rio de Janeiro states, and over Northeast 294 

Minas Gerais. 295 

The discrepancy between accuracy and precision of gridded air temperature might 296 

be attributed to the complex topography and to the distance of grid points to the 297 

nearest meteorological station (Santos et al. 2018). Nevertheless, the errors are 298 

acceptable to be used in climate studies, given the poor distribution and availability 299 

of historical data over Brazil (Donat et al. 2014; Tostes et al. 2017; Macharia et al. 300 

2020). 301 

The analysis of r2 between gridded and observed PET data indicated a good 302 

precision. PET data presented high values of r2, with the lowest r2 over Florestal 303 

station (0.93), followed by Espinosa (0.95), while 51 stations presented values 304 

higher than 0.99 (supplementary material S7). The coefficient of agreement d 305 

indicated high variability of accuracy, especially over Northern Minas Gerais, where 306 

the lowest values were observed (0.63 for Arinos and 0.72 for Frutal, supplementary 307 

material S8). Similar to air temperature, gridded ETP data was more precise than 308 

accurate. This was expected since ETP is derived from air temperature via the 309 

method of Thornthwaite. The values of RMSE obtained ranged from 1.5 (Juiz de Fora, 310 

ID 49) and 42.4 mm (Arinos, ID 1), where the relative departure from the mean was 311 

of 1%, and 11.6 mm in absolute terms (supplementary material S9). In spite of the 312 

RMSE values, the gridded PET data were found to be suitable for this study, 313 

especially when compared to errors estimates found in other studies (Monteiro et 314 

al. 2016; Mourtzinis et al. 2017; Santos et al. 2018). 315 

Results from the statistical analyses indicated that annual means presented higher 316 

accuracy (d) than precision (r2, Figure 2, Table 3). High dispersion was observed in 317 

regression results (r2 = 0.51), but values were distributed near the 1:1 line, resulting 318 

in satisfactory values of d. Values of r2 for annual air temperature, precipitation and 319 

PET were lower than monthly estimates. Overall monthly data presented higher 320 

precision (r2) and accuracy (d) than annual data, which could be attributed to 321 

several factors such as: fewer data, low homogeneity in original data, and non-322 

stationarity in historical records. Here stationarity is assumed as low variability of 323 
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statistical moments in a time series (Wilks 1995). These results indicate that time 324 

series are more precise and accurate when used to represent the seasonal patterns 325 

of climate, in comparison to the spatial characterization (Lyra et al. 2018). 326 

Figure 2 327 

Table 3  328 

Precipitation data from five stations (Avelar – ID 51, Rio de Janeiro, Cordeiro – ID 54, 329 

Resende – ID 55, and Santana – ID 66) was characterized by high systematic error (> 330 

90 %) and influenced the statistical analysis. Those stations are located over high 331 

altitude and complex topography and were not excluded from the study. However, 332 

testing of calculations without those stations resulted in r2 of 0.91 and d of 0.91, not 333 

significantly different. Regarding air temperature, the only station with high 334 

residuals was Campos do Jordão, located over high altitude (1686 m); when removed 335 

from the analysis, annual values of r2 and d were of 0.54 and 0.81, respectively, while 336 

the systematic error decreased by 48.8%. Precipitation presents high spatial 337 

variability due to its strong dependence on local topographic effects and 338 

meteorological systems; this dependence is less strong in other variables, such as 339 

air temperature (Vicente-Serrano et al. 2003; Silva et al. 2011). Thus, the high 340 

residuals found for those five stations are likely related to the interaction of 341 

meteorological systems and the complex topography, which greatly influence 342 

precipitation variability over the area (Brito et al. 2017; Sobral et al. 2018; Lyra et 343 

al. 2018; Gois et al. 2020). 344 

The relative RMSE values were lower than 10% for annual precipitation, and lower 345 

than 13.8% for annual PET. According to values of RMSEu and RMSEs (Table 3), 346 

most of the errors for air temperature and PET were systematic. The high value of 347 

systematic error for PET (65.6%) is most likely caused by its calculation procedure 348 

using Thornthwaite’s method. This method is dependent on air temperature, thus 349 

errors in the gridded air temperature (RMSE = 1,57˚C) data are propagated to PET. 350 

The value of MBE was negative for precipitation (-64.5 mm), indicating that the 351 

gridded data were, on average, overestimated in relation to observations. 352 

Underestimation was observed for air temperature (0.7˚C) and PET (84.3 mm). 353 

Values of MAE were lower than RMSE for air temperature (Table 3). These two 354 
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error estimates do not indicate the sign of departures (overestimation or 355 

underestimation); instead, the lower their magnitude the better are the results. 356 

Accuracy and precision for the aridity indices (Ia and D) were good (d > 0.88, r2 > 357 

0.7), indicating the suitability of gridded data to detect the spatial patterns of both 358 

indices. The index Ia presented higher dispersion between observed and gridded 359 

data in relation to index D; both indices presented similar accuracy and relative 360 

RMSE. 361 

The index D underestimated observed values higher than 1, which could lead to 362 

classification errors of areas susceptible to desertification or sub-humid. This error 363 

was caused by the underestimation of air temperature by the gridded data, leading 364 

to underestimation of PET and D, since D = PET/P. The opposite was observed for 365 

index Ia = P/PET, with overestimation for values higher than 2, due to errors in 366 

precipitation. However, in relative terms, the overestimation of Ia was lower than 367 

that of D. Higher discrepancy was observed for index Ia over the station of Campos 368 

do Jordão. When removed from the analysis, values of r2 increased from 0.74 to 0.76. 369 

Due to the insignificant change, this station was not removed from the analysis. 370 

 371 

3.2 Spatial and seasonal climate patterns 372 

3.2.1 Seasonal patterns 373 

Five groups of homogeneous precipitation, air temperature and PET were identified 374 

by clustering analysis (Figure 3). Group 1 (G1) consisted of six stations over the 375 

central and Northern parts of the SEB (states of Rio de Janeiro and Espírito Santo) 376 

and 1 station in Presidente Prudente (ID 63), West of São Paulo state (Figure 4). All 377 

stations of G1 are located within the biome Mata Atlântica (Atlantic Forest), which 378 

is characterized by wet tropical climate with dry winters, according to the Köppen-379 

Geiger classification (Alvares et al. 2013). Stations in G1 presented average annual 380 

air temperature of 24.8˚C (± 0.6), annual precipitation of 1108.4 mm (± 148.4) and 381 

annual PET of 1388.7 mm (± 91.3). 382 

Figure 3 383 
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Figure 4 384 

Group 2 (G2) consisted of 14 stations located over Eastern and Southeastern São 385 

Paulo state, and over Southern and Southeastern Minas Gerais. This region is 386 

characterized by Atlantic Forest vegetation, temperate oceanic climate, and dry-387 

winter subtropical highland climate (Alvares et al. 2013). Topographic features of 388 

this region include mountain ranges Serra do Mar (coastal highlands), Serra da 389 

Mantiqueira, and Serra do Caparão. Among all groups, stations in G2 presented the 390 

lowest average annual air temperature (19.9 ± 1.67˚C) and PET (934.7 ± 82.7 mm), 391 

and the highest annual totals of precipitation (1480.6 ± 130.3 mm). Altitude of 392 

stations ranged from 645 m a. s. l. (Sorocaba) to 1642 m a. s. l. (Campos dos Jordão). 393 

Group 3 (G3) stations are located over Northern and Northeastern Minas Gerais. 394 

Predominant biomes are Caatinga and Cerrado, and climate ranges from dry sub-395 

humid to semi-arid, with dry season in summer (Alvares et al. 2013). Those regions 396 

presented, among all groups, the lowest annual totals of precipitation (813.7 ± 62.7 397 

mm) and the highest mean annual air temperature (25.0 ± 0.5˚C) and PET (1404.5 ± 398 

71.3 mm). 399 

Stations of Group 4 (G4) were concentrated over Western and Northwestern Minas 400 

Gerais and Northern São Paulo state. The 16 stations of G4 presented climatological 401 

characteristics of savannah (Köppen-Geiger), with dry season during winter. Mean 402 

annual precipitation was of 1196.9 mm (± 166.9), mean annual air temperature was 403 24˚C (± 0.7) and average PET was 1284.5 mm (± 103.3). 404 

Group 5 (G5) was the largest with 24 stations located over the highlands of Rio de 405 

Janeiro and São Paulo states, and central South of Minas Gerais (below 18˚ S, 406 between 41.5 and 49.5˚ W). Average annual air temperature was of 21.8˚C (± 0.6), 407 

mean annual precipitation was 1390.9 mm (± 171.3), and average PET was 1057.3 408 

mm (± 52.3). This region is characterized by the intersection of biomes Mata 409 

Atlântica and Cerrado, and its climate is classified as wet subtropical of altitude with 410 

warm summer (Alvares et al. 2013). Weather in this region is highly influenced by 411 

the monsoons and the SACZ (Ambrizzi and Ferraz 2015; Coelho et al. 2016; Kelly 412 

and Mapes 2016; Rodrigues et al. 2019; Nielsen et al. 2019). 413 
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Overall, the lowest annual precipitation totals and highest air temperature and PET 414 

were found for stations of groups G1 and G3 (first and second in rank). Conversely, 415 

the two groups with highest annual precipitation and lowest air temperature and 416 

PET were groups G2 followed by G5. Stations of group G4 presented characteristics 417 

of precipitation, air temperature and PET between these two patterns. Patterns 418 

observed for groups G1 and G3 are related to the heterogeneous nature of 419 

precipitation over the coastal SEB (Sant’Anna Neto 2005). Groups G5 and G2 are 420 

influenced by the interaction of southern and southeastern moisture enriched winds 421 

from the Atlantic Ocean with the topography of Serra do Mar mountain range, in 422 

addition to low level convergence of hot and humid air, increasing precipitation over 423 

the ocean facing side of the mountain range, while decreasing precipitation towards 424 

the interior of the continent (Sant’Anna Neto 2005; Seluchi et al. 2011; Brito et al. 425 

2017; Gois et al. 2020). 426 

The monthly variability was evaluated using boxplots for each group and variable 427 

(Figure 5). Precipitation presented a well-defined seasonal pattern, with reductions 428 

from summer (DJF) to winter (JJA), as previously reported for this region (Rao et al. 429 

2016). Precipitation variability is related to the seasonal patterns of frontal systems, 430 

more frequent during summer and spring (Andrade and Cavalcanti 2018), followed 431 

by the occurrence of mesoscale convective systems, during the warm period of 432 

October to May (Satyamurty et al. 1998; Brasiliense et al. 2018;). The exception was 433 

February for groups G1 and G3, with lower totals in comparison with March. This 434 

result is associated with the occurrence of dry spells in the region (Brito et al. 2017; 435 

Cunningham 2020). Groups G1 and G3 presented the highest totals (> 145 mm) 436 

during the month range of NDJ; this range was NDJFM for groups G2, G4 and G5. The 437 

lowest totals were observed for JJA for all groups. 438 

The highest values of PET were observed for G1 during summer (DJF) and transition 439 

to autumn (MA), while G3 presented the highest values in the remaining months. 440 

Lowest values of PET were registered for G2 for all months. PET’s seasonality is 441 

similar to the one observed for air temperature, since this variable is used in its 442 

calculation. However, differences are expected since PET is cumulative and air 443 

temperature is calculated as a mean. 444 
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Figure 5 445 

Overall, all groups presented the highest air temperature values in February 446 

(between 22.6 ± 1.6˚C, for G2, and 27.5˚C ± 0.6, for G1). Conversely, the lowest values 447 

were observed for July, with a range between 16.2˚C (± 1.8), for G2, and 21.9˚C (± 448 

0.8), for G1. During the summer months (DJF) and transition to autumn the highest 449 

temperatures were observed for G1, while G3 presented the highest temperatures 450 

during the remaining months. The lowest air temperatures were observed for G2 451 

during all year, followed by G5. Group G3 was the one with more outliers, while none 452 

was present for G5. Finally, the highest and lowest annual amplitudes were 453 

registered for G2 and G3, respectively. 454 

Analysis of water deficit and surplus (not shown) revealed that groups G1 and G3 455 

presented the longest periods when P-PET < 0 (10 and nine months, respectively). 456 

For G1, P-PET was positive only for November and December, and for G3 this 457 

pattern was observed for NDJ. Those months are classified as the wet season for this 458 

region, with the remaining months regarded as the dry season (Frere and Popov 459 

1979). For group G2, the dry season was the shortest among groups, concentrated 460 

mostly during autumn (AM) and winter (JJA). For G5, wet season was five-months 461 

long (NDJFM), while the dry season occurred from April to October. The raining 462 

season tends to be longer and start early (mid-September) in most of the São Paulo 463 

state coastal area, while over the Northern Minas Gerais the raining season starts at 464 

the end of October (Minuzzi et al. 2007). 465 

 466 

3.2.2 Spatial patterns 467 

The smallest annual precipitation totals (< 1000 mm) occurred over NE and N of 468 

Minas Gerais state, and NW and N of Rio de Janeiro state (Figure 6). The highest 469 

values were observed in NW-SE oriented band over the states of Minas Gerais 470 

(center and south), São Paulo (N and NE), and Rio de Janeiro (center and south). This 471 

area coincides with the climatological position of the SACZ (Carvalho et al. 2004; 472 

Nielsen et al. 2019). Coastal areas of São Paulo and Rio de Janeiro states presented 473 

also precipitation totals higher than 1400 mm, most likely associated with FS, and 474 
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convective and orographic precipitation (Andrade and Cavalcanti 2018; Brito et al. 475 

2017; Seluchi et al. 2011). Precipitation totals over 2000 mm were also observed in 476 

the coastal areas of SEB, likely associated with the combination of synoptic systems 477 

(FS and SACZ) with mesoscale systems, in addition to the influence of topography, 478 

sea and land breezes and mountain/valley circulations (Brito et al. 2017; Lyra et al. 479 

2018). 480 

Figure 6 481 

Altitude, latitude and distance to the coast were determinant in the spatial 482 

distribution of mean annual air temperature over SEB (Lima et al. 2010; Sant’Anna 483 

Neto 2005). Areas with lowest annual air temperature (< 21˚C) were located over 484 

complex topography over South Minas Gerais, South and East São Paulo, and 485 

Northwest Rio de Janeiro states (Figure 7). This region is approximately parallel to 486 

the coast line of states of São Paulo, Rio de Janeiro and Espírito Santo, in addition to 487 

coincide with the location of the mountain ranges of Serra da Mantiqueira, Serra do 488 

Mar and Caparão. The highest air temperatures (> 25˚C) were registered over North 489 

Minas Gerais, coastal areas of Espírito Santo, and center and North Rio de Janeiro 490 

(coastal plains with altitudes < 50 m). Those regions are also characterized by the 491 

lowest totals of annual precipitation (< 1000 mm). 492 

Figure 7 493 

Spatial patterns of PET (Figure 8) were similar to the ones observed for air 494 

temperature, with lowest values (< 1200 mm) in regions with the highest 495 

precipitation and lowest temperature (mountain ranges of Serra da Mantiqueira, 496 

Serra do Mar, and border of states of São Paulo, Minas Gerais and Rio de Janeiro). 497 

Highest values (> 1500 mm) were observed for coastal areas of Rio de Janeiro and 498 

Espírito Santo states, North of Minas Gerais and West of São Paulo state (> 1400 499 

mm). Those areas are characterized by highlands and lowlands with altitudes lower 500 

than 500 m. PET presented a positive gradient towards the coast and negative 501 

towards areas of complex topography. 502 

Figure 8 503 

 504 
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3.2.3 Susceptibility to desertification 505 

No areas susceptible to desertification over SEB were identified when using index 506 

D, either using observations or gridded data (Figure 9). However, values of D > 1 507 

were found for some areas, characterizing sub-humid climate. For observations, all 508 

stations of group G3, 85% in group G1 and 69% in group G4 were also classified as 509 

sub-humid climate. Those stations were located mostly over Northeast and North 510 

Minas Gerais, and over coastal plains of states of Rio de Janeiro and Espírito Santo. 511 

For group G1, only station Presidente Prudente (ID 63, D = 0.99), São Paulo state, was 512 

not classified as sub-humid. Stations of groups G2 and G5 were classified as humid, 513 

with the exception of station Carbonita (ID 21), in Minas Gerais. Stations in group 514 

G2 presented valued of D < 0.70 for most of its stations (79% of total). 515 

Figure 9 516 

Values for index D based on gridded data indicated similar regions of sub-humid 517 

climate found using observed data. This result was likely influenced by the low 518 

precipitation totals, high air temperature and high PET over those regions. Those 519 

regions are likely to be susceptible to desertification under climate change scenarios 520 

for SEB, especially considering increasing air temperature and reduction of 521 

precipitation (da Rocha et al. 2014; Marengo et al. 2012; Quintão et al. 2017; Sobral 522 

et al. 2020). 523 

Based on observed data, areas of dry sub-humid climate, thus susceptible to 524 

desertification, were found for stations of group G3 (except Januária, ID 8) and 525 

station Campos dos Goytacazes (G1, ID 53). Those stations were located over North 526 

Rio de Janeiro and North Minas Gerais, in areas previously identified as susceptible 527 

to desertification (Almeida et al. 2014). Stations already identified as sub-humid by 528 

index D were similarly classified by index Ia. 529 

Areas susceptible to desertification calculated using gridded data were also found 530 

over North Minas Gerais and North Rio de Janeiro. However, the area over North 531 

Minas Gerais was smaller than the coverage of group G3. This result was likely 532 

associated with the underestimation of gridded precipitation, especially for low 533 

values, causing overestimation of Ia. Areas identified by Ia (gridded) were also 534 
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identified by index D (gridded). Regions identified as susceptible to desertification 535 

over states of Rio de Janeiro and Minas Gerais coincide with areas already identified 536 

in those states in previous studies (Almeida et al. 2014; Bohn 2014; Marques et al. 537 

2017). 538 

Figure 10 539 

 540 

3.3 Policy responses 541 

In 2015, Brazil instituted the National Policy to Combat Desertification and Mitigate 542 

the Effects of Drought (Law number 13153/2015). The objective of this policy is to 543 

promote actions for the use of natural resources and sustainable productive 544 

initiatives in areas susceptible to desertification (arid, semi-arid and dry sub-humid 545 – defined by an Atlas), as well as the use of protection mechanisms, preservation, 546 

conservation and recovery of natural resources. 547 

This study identifies areas susceptible to desertification over the Northern regions 548 

of Minas Gerais and Rio de Janeiro states. However, according to the Atlas of Areas 549 

Susceptible to Desertification in Brazil (MMA 2007), while Minas Gerais and Espírito 550 

Santo are included in the Atlas, Rio de Janeiro is not. Such absence may hamper the 551 

implementation of federal measures and actions to combat desertification in this 552 

region. 553 

A recent study identified areas highly Susceptible to desertification in the state of 554 

Rio de Janeiro (Bohn 2014) and emphasized the need for specific public policies for 555 

the region. However, Brazilian government responses have usually been reactive 556 

other than proactive, that is, measures are only decided once a new drought begins 557 

(Magalhaes 2017). Additionally, Thomas (1997) has long highlighted the 558 

importance of scientific research (through innovative tools and processes) in 559 

identifying the extent and severity of desertification, as well as suggesting the best 560 

possible options to cope with the problem. For that reason, the application of the 561 

indices Ia and D is a particularly useful tool to support updating the Brazilian Atlas 562 
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and to contribute to strengthen the capacity of the stakeholders and local 563 

governments to detect and reduce their vulnerability. 564 

 565 

4. Conclusions 566 

Time series of precipitation, air temperature and evapotranspiration, as well as 567 

aridity indices calculated from GPCC and GHCN gridded data, represent 568 

satisfactorily the seasonal and spatial patterns of climate over SEB. Thus, the 569 

methodology applied in the current study can be adapted to other regions with 570 

similar characteristics, as an instrument of public policies via monitoring of 571 

desertification with accessible and reliable data. 572 

The results revealed a horizontal gradient from Central SEB (wet and low 573 

temperatures), with humid to sub-humid climate, to its borders, characterized by 574 

sub-humid to dry sub-humid climate. An exception to this pattern was South São 575 

Paulo state, where climate factors (topography, distance to the coast) and synoptic 576 

and mesoscale systems influence the wet climate over the region. 577 

According to index Ia, Regions North Minas Gerais and North Rio de Janeiro are 578 

susceptible to desertification and thus required urgent action of public policies to 579 

revert the current status and mitigate future impacts. Index D was not sensitive to 580 

classify areas susceptible to desertification based on observed and gridded data. 581 

Similarly, as index Ia, index D enabled the characterization of several areas with sub-582 

humid climate, namely: North and Northeast Minas Gerais state, Espírito Santo 583 

(except its Southern part), North Rio de Janeiro and West São Paulo. Based on 584 

scenarios of climate change, those regions might be susceptible to desertification in 585 

the future, requiring actions in all levels of government to mitigate the factors 586 

responsible to this dire phenomenon. 587 

  588 
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Figure captions 604 

Figure 1 – Map of study area with locations of weather stations, grid points and 605 

altitude (m above sea level). 606 

Figure 2 – Simple linear regression between observed and gridded precipitation (a), 607 

air temperature (b), annual evapotranspiration (c), and aridity indices Ia (d) and D 608 

(e). 609 

Figure 3 – Dendrogram of observed data. 610 

Figure 4 – Spatial distribution of five homogeneous groups of climate over Southeast 611 

Brazil. 612 

Figure 5 – Boxplots of precipitation (top, mm), evapotranspiration (middle, mm) 613 

and monthly air temperature (bottom, ˚C) for groups 1-5. Median indicated by 614 

horizontal lines inside boxes and outliers denotes by the black circles. 615 

Figure 6 – Spatial distribution of annual accumulated precipitation (mm) over 616 

Southeast Brazil. 617 

Figure 7 – Spatial distribution of mean annual air temperature (˚C) over Southeast 618 

Brazil. 619 

Figure 8 – Spatial distribution of annual evapotranspiration (mm) over Southeast 620 

Brazil. 621 

Figure 9 – Spatial distribution of aridity index D over Southeast Brazil. 622 

Figure 10 – Spatial distribution of aridity index Ia over Southeast Brazil. 623 

Figure S1 – Coefficient of determination (r2) for precipitation. 624 

Figure S2 – Willmott’s index of agreement (d) for precipitation. 625 

Figure S3 – Root Mean Squared Error (RMSE, %) of gridded precipitation from the 626 

Global Precipitation Climatology Center (GPCC) in relation to observed data. 627 

Figure S4 – Coefficient of determination (r2) for air temperature. 628 

Figure S5 – Willmott’s index of agreement (d) for air temperature. 629 
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Figure S6 – Root Mean Squared Error (RMSE, %) of gridded air temperature from 630 

the Global Historical Climatology (GHCN) in relation to observations. 631 

Figure S7 – Coefficient of determination (r2) for evapotranspiration. 632 

Figure S8 – Willmott’s index of agreement of evapotranspiration. 633 

Figure S9 - Root Mean Squared Error (RMSE, %) of evapotranspiration from gridded 634 

data (GPCC and GHCN) in relation to observations. 635 

  636 



 26 

Table captions 637 

Table 1 – Identification (ID), location (coordinates, altitude) and homogeneous 638 

groups of weather stations. 639 

Table 2 – Classification drought according to aridity index Ia. 640 

Table 3 – Statistical analyses of observed data in relation to gridded data. 641 

  642 
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Figures

Figure 1

Map of study area with locations of weather stations, grid points and altitude (m above sea level). Note:
The designations employed and the presentation of the material on this map do not imply the expression
of any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 2

Simple linear regression between observed and gridded precipitation (a), air temperature (b), annual
evapotranspiration (c), and aridity indices Ia (d) and D (e).



Figure 3

Dendrogram of observed data.



Figure 4

Spatial distribution of �ve homogeneous groups of climate over Southeast Brazil. Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 5

Boxplots of precipitation (top, mm), evapotranspiration (middle, mm) and monthly air temperature
(bottom, ˚C) for groups 1-5. Median indicated by horizontal lines inside boxes and outliers denotes by the
black circles.



Figure 6

Spatial distribution of annual accumulated precipitation (mm) over Southeast Brazil. Note: The
designations employed and the presentation of the material on this map do not imply the expression of
any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 7

Spatial distribution of mean annual air temperature (˚C) over Southeast Brazil. Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 8

Spatial distribution of annual evapotranspiration (mm) over Southeast Brazil. Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 9

Spatial distribution of aridity index D over Southeast Brazil. Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 10

Spatial distribution of aridity index Ia over Southeast Brazil. Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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