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ABSTRACT 13 
 14 

The terrestrial surface is the basis for defining the species dispersion paths and overcoming 15 
the matrix resistance. In this approach, connecting paths with high levels of integrity must avoid 16 
barriers and anthropized areas. In this context, the main objective of this study was to develop the 17 
Landscape Resistance Index based on environment integrity. It was developed through Structural 18 
Equation Modeling (SEM), supported by the criteria of Land Surface Temperature, Nighttime 19 
Reflectance, and Inverted NDVI, which are called observed variables. The landscape studied in the 20 
Green Belt Biosphere Reserve of São Paulo has suffered from urban sprawl. However, it has 21 
significant remnants of the Atlantic Forest, which is a biodiversity hotspot. Our results indicated 22 
criteria variability in the landscape, however, modeled through the SEM, obtaining a significant 23 
adjustment of the Landscape Resistance Index, with CFI of 1.00 and RMSEA of 0.00. The index 24 
reflects the resistance levels of the land-use/land-cover, expressed by the class interval, ranging from 25 
0% (1.73) to 100% (493.88), with the highest values associated with the anthropized uses and forest 26 
isolation. This way, the index based on environmental attributes reflects the structure of functional 27 
forest connectivity, supporting the planning design of forest corridors across landscapes. 28 
 29 
Keywords: Structural Equation Model, Landscape Structure Analysis, Land Use and Land Cover, 30 
and Environmental Criteria.             31 

1. INTRODUCTION  32 
  33 
 The land-use/land-cover change due to urban expansion has influenced the 34 
biodiversity, ecosystem function, and regional climate (Choudhury; Das and Das, 2018). Also, they 35 
have directly affected the surface temperature, modifying the landscape radiative, physiological, and 36 
aerodynamic properties that control the surface water and energy balances (Rigden and Li, 2017). 37 
 These environmental changes influence the occurrence, behavior, and species 38 
dispersion. Therefore, the knowledge of land-use/land-cover (LULC) influence on species dispersion 39 
is an important key for conserving the tropical forest. 40 
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 In this context, Mörtberg et al. (2013) cited that the terrestrial surface is the basis to 41 
design the species dispersal path, especially when we would like to overcome the matrix resistance. 42 
Still, that the species consider the landscape as a competitive space control of the coverage. And 43 
Spear and Storfer (2010) defined the resistance of a landscape as its degree of ease or resistance 44 
to the movement of a specific species. 45 
 The resistance surfaces are developed from empirical data on gene flow, genetic 46 
distances, habitat use, movement paths (Rudnick et al., 2012) or based on expert opinion concerning 47 
focal species ability to cross landscapes (Cushman; Landguth and Flather, 2013), which has been 48 
the most used method.  49 
 This way, the researchers usually assign values to LULC, considering their resistance 50 
levels to the matter flow and energy (Feng et al., 2011), remembering that the species focal 51 
movement is random (Liu et al., 2018). However, the strong subjectivity of this method and the lack 52 
in the referential theoretical related to the human activity disturbance on the landscape (i.e., on the 53 
LULC) have been criticized (Zhang et al., 2017).  54 
 Concerning the resistance surface, Belote et al. (2016) mentioned the approach based 55 
on the connection paths with a high level of integrity, avoiding barriers and natural vegetation highly 56 
modified. The paths are the least human-modified LULC, which can linkage natural areas as 57 
protected areas and forest patches (Theobald et al., 2012). 58 

 According to Deng et al. (2018), an important factor for assessing the environment is 59 
the exchange between heat and water, which can be represented by the land surface temperature. 60 
This, considering the significant correlation between impermeable surface and temperature rise as 61 
mentioned by Silva; Silva e Santos, 2018; Rousta, et al., 2018; Niu et al., 2018; Lin et al., 2018; Du 62 
et al., 2016. 63 

 Brose et al. (2012) observed a positive correlation between the surface temperature 64 
increase and the prey-predator interaction force, as the consequence of theirs increased speeds, 65 
especially in heterothermic individuals. Also, they mentioned negative effects for species persistence 66 
in complex food webs (Brose et al., 2012), especially when there are asymmetric responses to a 67 
temperature between predators and prey (Dell; Pawar and Sawage et al., 2013). 68 

 This way, the temperature has an important role in establishing the biological 69 
organization levels standard (Gilbert et al., 2016).  The metabolic ecology theory (MTE) and empirical 70 
data showed that the movement of an animal exhibits a multiple dependence between the 71 
temperature, with consequences for population dynamics and stability (Brown et al., 2004). 72 
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 Therefore, it is important to know the environmental pattern where the wildlife moves 73 
because several factors contribute to surface temperature variation, especially in urban sprawl areas.  74 
Among them, there are the morphological characteristics, the heat absorption, storage, the increased 75 
heat convection (Gaur; Eichenbaun and Simonovic, 2018), the road orientation, the anthropogenic 76 
activities (Santos et al., 2017), the winds obstruction by high buildings (Zhou and Chen, 2018), the 77 
energy balance, and the hydrological cycle (Silva; Silva and Santos, 2018). 78 

 Nascimento-Júnior (2017) complemented that urban sprawl can be characterized by a 79 
socio-spatially unequal development and different degrees of environmental degradation, which can 80 
be revealed by nighttime reflectance intensity, obtained from the Linescan Operating System (LOS) 81 
of the North American Defense Meteorological Satellite Program (DMSP) (Huang et al., 2014; Chen 82 
et al., 2016; Zhang et al., 2017). 83 

However, the dichotomous classification between urban and rural space disregards the 84 
flow of people and scenarios that connect these environments. Scenarios as the urban-rural transition 85 
composed of scattered settlements and sparsely populated areas. Others, formed by the areas that 86 
have been gradually replaced by the natural condition, having less human influence and, 87 
consequently, denser natural vegetation (Benza et al., 2016).  88 

Throughout these scenarios, from the areas under urban sprawl to others cover by native 89 
vegetation, the LOS has registered variation on the surface temperature, following the order high-90 
density urban area, low-density urban area, and lawn the forest. Otherwise, the traditional Normalized 91 
Difference Vegetation Index (NDVI) showed an increase in scenario values, respectively (Guha et 92 
al., 2018).  93 

Shen et al. (2016) cited that moisture and evaporation soil reduction are the factors that 94 
decrease in temperature in agricultural areas and pasture. In forest areas, the bottom reflectance of 95 
the soil lessens the effects of the high absorption rates from short waves of the sun in the canopy, 96 
reducing the temperature (Wei et al., 2018). 97 
 In other ways, the soil reflectance in forest areas has shown fewer absorption rates than 98 
their canopy and, consequently, fewer temperature values than the agriculture and pastures (Wei et 99 
al., 2018). In forest areas, the bottom reflectance of the soil lessens the effects of the high absorption 100 
rates from short waves of the sun in the canopy, reducing the temperature (Wei et al., 2018). This 101 
way, when the focus is the forested areas, the NDVI is commonly used to identify them, as well as 102 
their biomass and potential as a habitat for communities/species as the bees (Hoagland; Beier and 103 
Lee, 2018), grasshoppers (Shi et al., 2018), birds (Bonthoux et al., 2018), and large mammals 104 
(Johnson et al., 2018; Ito et al., 2018). These studies are supported by the robust correlation between 105 
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plant biomass and active photosynthetic radiation absorption (Grossman, et al., 2018; Nandy, et al., 106 
2017). 107 
 However, Pettorelli et al. (2016) highlighted the biodiversity monitoring of the whole 108 
landscape patches and not only their forested area, considering that LULC influence in vegetation 109 
corridors network regional, allowing the evaluation of the pasture use intensity (Gomez-Gimenez, et 110 
al., 2017), the quantification of farmland abandonment (Estel et al., 2015), and the monitoring of 111 
potential protected rural areas (Weber; Schaepman-Strub and Ecker, 2018).  112 

 Thus, we can say that some criteria represent the landscape attributes, supporting their 113 
resistance surfaces analysis for functional forest connectivity. In this context, the main objective of 114 
this study was to develop the Landscape Resistance Index based on environment integrity. 115 

 116 
2. MATERIAL AND METHODS 117 

2.1 Study Area 118 
 119 

 The landscape studied (Fig. 1) is in the Green Belt Biosphere Reserve (GBBR) of São 120 
Paulo (SP), which is one of the largest cities in South America (IBGE, 2021). The city has suffered 121 
from the urban sprawl, resulting in pressure in its surrounding area, regarding conversion to urban 122 
use to agriculture.  123 
  According to the United Nations United Nations Educational, Scientific, and Cultural 124 
Organization (UNESCO, 2019), the Biosphere Reserve is a learning site for purposes of 125 
environmental protection, logistical provision for scientific research, and educational/sustainable use 126 
of natural resources. Considering the Biosphere Reserve as a place of excellence, it should support 127 
ways to solve human and environmental conflicts through the local and scientific communities 128 
(UNESCO, 2019). 129 
  The GBBR was considered of extreme importance for biodiversity conservation and to 130 
design ecological corridor (MMA, 2021), considering that Atlantic Forest remnants cover 34.9% of its 131 
area (165099.25 ha) belongs to Ombrophilous Dense Forestry (IBGE, 2012). Some remnants belong 132 
to Protected Area as the Cabreúva Environmental Protection Area (EPA) in the North, Morro Grande 133 
Forest Reserve (FR) in the South, and Itupararanga EPA in the Southwest (Fig. 1).   134 

They are the most significant patches of the study area, having more than 300 ha, and 135 
representing half our forest area (Table 1).  136 

 137 
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 138 
 139 
 140 

Table 1.  Main characteristics of the forest patches of the studied landscape in the Green Belt 141 
Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 142 
 Other remnants are scattered through the matrix composed predominantly of vegetation 143 
in regeneration and unmanaged pastures (i.e., anthropic fields) and urban areas, which occupy 144 
36.3% and 22.4% of the total study. Furthermore, in the area, there is 3.4% of planted forests 145 
(Eucalyptus sp), 1.4% of farmlands, 1.0% water, and 0.6% of roads (highways and rural roads), as 146 
illustrated by the LULC map (Fig.1). 147 
 We generated this map (having 90%-accuracy) through supervised classification 148 
method (Maximum Likelihood algorithm) and digitalization of anthropized areas on the screen, basing 149 
on the CBERS 4-orbital images (MUX multispectral sensor, 20 m-spatial resolution). 150 
 The anthropized areas include the low-density urban areas as well as the high-density. 151 
The first group is formed by small urban agglomerations or farms characterized by horizontal, 152 
dispersed, and polycentric growth. Thus, they were included in the analysis. 153 
 Conversely, the second group is formed by the great urban areas. They were classified 154 
as a constraint, considering their low quality for support the functional connectivity, having a compact, 155 
vertical, and monocentric shape (Ojima, 2007).   156 
Fig. 1 - Land Use/Land Cover (LULC) and location of the study Landscape in the Green Belt 157 
Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 158 

 159 
2.2 Conceptual Model  160 

 The Landscape Resistance Index was developed through Structural Equation Modeling, 161 
basing on the maps of Land Surface Temperature (LST), Nighttime Reflectance (Night), and Inverted 162 
NDVI (NDVIinv). These criteria represented, respectively, the physical (water and energy balance), 163 
anthropic (barriers effects), and biotics (vegetable biomass quality) attributes of the studied 164 
landscape. 165 

The LST map was produced from a thermal infrared band of the Landsat-8, having 166 
the LULC of the studied area referential. The Night is a product of the Night and Day Bands (BND) 167 
of the Visible Infrared Imaging Radiometer Suite (VIIRS) and, the NDVIinv came from the near and 168 
infrared band of the CBERS-4. 169 
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Using a Geographic Information System, the criteria maps were sampled (7620 points 170 
randomly distributed) to support statistical analysis through the Structural Equation Modeling (SEM), 171 
where they were our observed variables. 172 
  This way, modeling these variables, we obtained the Landscape Resistance Index, 173 
which was our latent variable in the SEM context (Fig. 2). 174 
 175 

2.3 Structural Equation Modeling (SEM) 176 
The Structural Equation Modeling (SEM) is a multivariate technique used to analyze 177 

a group of observed variables, following a holistic hypothesis previously established and having the 178 
ability to represents non-measurable variables, named latent variables or constructs (Grace et al., 179 
2010). 180 

 As we mentioned, the observed variables were the maps of LST, Night, and NDVIinv 181 
to indicate the way related with the least resistance in the landscape, basing on the ecology integrity 182 
concept. 183 

 This way, the Landscape Resistance Index (LRI) constitutes the latent variable 184 
(dependent variable), which is a theorized and unobserved concept measured indirectly by the 185 
consistency analysis among multiple observed variables (independent variable). These indicators 186 
represent the theoretical concept response, and they include measurement error explanation (Hair 187 
et al. 2009). 188 

     Remembering that SEM is based on Leopold's model (1949). So, it refers to 189 
ecosystem integrity that has not undergone an anthropic change. Nowadays, it is understood as a 190 
holistic and structural concept, focusing on natural variations to promote conservation of native 191 
biodiversity (Keenleyside, 2012). Thus, the ecological systems that retain their native species and 192 
natural processes are, hypothetically, the most resistant and resilient to anthropogenic and natural 193 
stress (Woodley, 2010). 194 

 According to Grace et al. (2010), the SEM also involves multiple regression problems 195 
using a path diagram. The unidirectional arrow indicates the cause-effect relationship between the 196 
variables, and the double arrows indicate the covariances relationship. 197 

  In general, the steps for building the model were the theoretical basis, model 198 
elaboration, collection and preparation of variables, estimation, adjustment assessment, and 199 
discussion (Kaplan, 2000). 200 
 201 
Fig.2 - Conceptual model used to obtain the Landscape Resistance Index for the Green Belt 202 
Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 203 
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2.4 Observed Variables 204 
 205 
The criteria definition to support our index development considered that the animal 206 

movement across the landscape is a complex process involving the local environment's 207 
characteristics (Hooten et al., 2010). Furthermore, the indication of Hanks, Hooten, and Alldredge 208 
(2015) and Wilson, Hanks, and Johnson (2019) that the barriers to animal movement and their 209 
preferred habitat as environmental covariables assess animal behaviors. 210 

 This way, Table 2 shows the main reason for modeling the LST, Night, and NDVIinv to 211 
obtain the Landscape Resistance Index.  212 
 213 
Table 2. LST, NDVIinv, and Night: brief justifies to modeling the landscape resistance, aiming at 214 
functional forest connectivity in the landscapes under urban sprawl. 215 

The satellite images supported the observed variables production. LST used the 216 
thermal infrared, band 10 of the Landsat-8 (TIRS sensor), to determine our LULC terrestrial surface 217 
temperature. However, its original 100 m-spatial resolution was resampled to 20m, which is the same 218 
as the LULC map. 219 

 The band atmospheric correction followed the available parameters on the United 220 
States Geological Survey website (USGS, 2019). This way, the later radiance value was converted 221 
to Kelvin temperature and after to degrees Celsius (ºC), subtracting 273,15 K (Barsi; Barker and 222 
Schott, 2003). In this sense, the LST map represents the areas where the energy and water balance 223 
were the most intense of the landscape, therefore, the most unfavorable to the gene flow.  224 

 The Night map constituted in the Night and Day Band (BND) of the Visible Infrared 225 
Imaging Radiometer Suite (VIIRS), which was provided by the Earth Observation Group (EOG) of 226 
the National Center for Environmental Information (NCEI). In the literature, the Night is considered 227 
effective in determining urban areas (Su, et al., 2015; Zhou et al., 2014), in this study, to identify 228 
anthropic barriers to gene flow. In the same way, its 450 m-spatial resolution was standardized to 229 
20m.  However, the available images were firstly filtered to exclude data affected by diffuse light, 230 
lightning, lunar illumination, and cloud cover addition, and border bands were excluded, the called 231 
aggregation zones.  232 

 The NDVI was generated from CBERS-4 satellite images (MUX sensor, 20m- spatial 233 
resolution). The index is traditionally used to analyze vegetation vigor, considering that energy 234 
reflected in the red and near-infrared regions is inversely related. The result is directly proportional 235 
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to the green biomass, represented by values closer to +1, indicating vegetation denser, moist, and 236 
well-developed (Gitelson; Peng and Huemmrich, 2014).  237 

 In this context, we multiplied NDVI by -1m, using a raster calculator, to obtain NDVIinv, 238 
considering that values near -1 represent LULC with the most resistance to flow gene since they 239 
have less vegetable biomass. 240 

 The LST, NDVIinv, and Night maps were normalized to a common scale, ranging from 241 
0 to 255, using linear function. After, they were sampled considering 7620 points randomly distributed 242 
through the study area, having a minimum distance among them of 100m.  This sample size 243 
corresponds to 20 times the statistical sampling required for a 95% confidence interval and 5% error. 244 

 245 
2.5 Landscape Resistance Index  246 

 247 
 The Structural Equation Model used to obtain the LRI is described in eq. 1, which was 248 

normalized for 0 to 100% as indicated eq.2. 249 
Eq. 1. Structural Equation Model used to obtain the Landscape Resistance Index (LRI) for the study 250 
landscape in the Green Belt Biosphere Reserve of São Paulo City (GBBR-SP), Brazil.  251 

 252 
 𝐋𝐑𝐈 = (((𝐅𝐚𝐜𝐭𝐨𝐫 𝐋𝐒𝐓 ∗ 𝐋𝐒𝐓) + 𝐄𝐫𝐫𝐨𝐫 𝐋𝐒𝐓) +  (𝐅𝐚𝐜𝐭𝐨𝐫 𝐍𝐃𝐕𝐈𝐢𝐧𝐯 ∗ 𝐍𝐃𝐕𝐈𝐢𝐧𝐯) +253 𝐄𝐫𝐫𝐨𝐫 𝐍𝐃𝐕𝐈𝐢𝐧𝐯)) +  ((𝐅𝐚𝐜𝐭𝐨𝐫 𝐍𝐢𝐠𝐡𝐭 ∗ 𝐍𝐈𝐠𝐡𝐭) + 𝐄𝐫𝐫𝐨𝐫 𝐍𝐢𝐠𝐡𝐭))). 254 

 255 
Eq. 2. Landscape Resistance Index (LRI) normalized for percentage for the study landscape in the 256 
Green Belt Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 257 𝐋𝐑𝐈% = ( 𝟏𝟎𝟎𝐌𝐚𝐱 𝐋𝐑𝐈 − 𝐌𝐢𝐧 𝐋𝐑𝐈 ∗ (𝐋𝐑𝐈 − 𝐌𝐚𝐱 𝐋𝐑𝐈)) + 𝟏𝟎𝟎 258 

 Where: Factor and error are indicators obtained in the Structural Equation Model for 259 
each environmental attributes; Max = Value Maximum; Min = Value Minimum.  260 

 Using the Semplot package (R program), we estimated the factors and errors 261 
considering data previously tested to correlation and normal distribution. 262 

 The Comparative Fit Index was used to fit test, in the context of the model complexity 263 
analysis (Byrne, 2009), and the Root Mean Square Error of Approximation (RMSEA) to assess how 264 
well the model fits a population and not just a sample estimated (Hair et al., 2009), as discussed in 265 
the specialized literature (Ullman, 2006).  266 
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 For model adjustment, values greater than 0.90 for CFI and less than 0.10 for RMSEA 267 
were adopted as parameters proposed by Gama-Rodrigues (2014). In addition, the factor parameter 268 
must be statistically significant. According to Hair et al. (2009), an appropriate value must be greater 269 
than 0.50, being ideals greater than 0.70. Also, according to the authors, a Construct Reliability (CR) 270 
is a good convergent validity indicator. Values between 0.6 and 0.7 may be acceptable if other 271 
indicators are good. But, for all measures to represent the construct, CR must be greater than 0.70.   272 

 273 
2.6 Index spatialization  274 

 275 
 The LRI% spatialized in the GIS supported different analyses. Firstly, on a continuous 276 
scale (%), we evaluated three scenarios, that were its distribution (i) through our studied area, (ii) 277 
without the forest patches, and (iii) only inside these forest patches. 278 
 After, the studied area was classified in the level of resistance very low, low, medium, 279 
high, and very high, though the Jenk Natural Break method, an algorithm that maximizes similarity 280 
within classes and the distance between groups (Smith; Goodchild and Longley, 2018). And we 281 
analyzed the overlap between resistance and LULC classes.  282 
 Finally, we analyzed the relation between resistance and functional forest connectivity, 283 
considering the forest patches as the reference.  284 
 So, we generated the Euclidean distance from the forest patches centroids, which was 285 
evaluated together with the resistance classes map, using a sample of 7620 points.  286 
 In the statistic program, the distance data were log (x+1) transformed and applied the 287 
Generalized Linear Model of binomial regression for each resistance class. For this, it was considered 288 
the presence (1) or absence (0) of the resistance class (dependent variable) depending on Euclidean 289 
distance from forest fragments centroids (independent variable). 290 
 291 

2 RESULTS 292 
 The environmental attributes (in 255 bytes) that supported the LRI modeling for the 293 

Green Belt Biosphere Reserve (SP, Brazil) are in Fig. 3.  294 
 The predominant values of NDVI and Night were represented by at most 50 bytes, which 295 

occupied 73% of our studied area on the first map and 93% on the second. The medium value on 296 
the NDVI map was 34.8 bytes (DV: ± 52.8), whereas the Night map was 12.1 bytes (± 39.8). 297 

 The LST was the variable with the greatest variability in the landscape, having 92.1% 298 
of our total area associated with values lower than 150 bytes (medium value: 68.8 e ± 63.7). 299 



10   

 These attributes, i.e., observed variables in the model context, contributed to a 300 
significant adjustment of the Landscape Resistance Index (IRP), with CFI of 1.00 and RMSEA of 0.00 301 
(Fig. 4A). 302 

 This way, the factor loading obtained for the LST, Night and NDVIinv was respectively 303 
of 0.56 (error = 0.68), 0.57 (error = 0.68), and 0.80 (error = 0.37). Highlighting the significant 304 
adjustment that we obtained on the standardized assessment among these factor loads (calculated 305 
by the model) and on the sum of the points representing them. 306 

 The Construct Reliability (CR) of the model was 0.68, that is, considered adequate, 307 
even presenting a great data variation in the intermediate values (between 400 and 800 points) 308 
Fig. 3. Environmental attributes (in 255 bytes) for the study area in the GBBR-SP, Brazil: (A) Inverted 309 
NDVI, (B) Land Surface Temperature, and (C) Nighttime Reflectance. 310 
 311 
Fig.4 – Landscape Resistance Index for the study area in the GBBR-SP, Brazil: (A) parameters and 312 
factor loadings modeled, and (B) model CR, based on the sum of the points representing the OV and 313 
their factor loadings. 314 
 315 
 In this context, the SEM used to obtain the LRI is presented in eq.3: 316 
 317 
 Eq. 3. Landscape Resistance Index (LRI) for the study landscape in the Green Belt 318 
Biosphere Reserve of São Paulo City (GBBR-SP), Brazil.  319 
 320 𝐋𝐑𝐈 = (((𝟎. 𝟖𝟎 ∗ 𝐍𝐃𝐕𝐈𝐢𝐧𝐯) + 𝟎. 𝟑𝟕) + (𝟎. 𝟓𝟕 ∗ 𝐍𝐈𝐆𝐇𝐓) + 𝟎. 𝟔𝟖) +  ((𝟎. 𝟓𝟔 ∗ 𝐋𝐒𝐓) + 𝟎. 𝟔𝟖))) 321 

 Where: Inverted NDVI (NDVIinv), Nighttime Reflectance (Night), Land Surface 322 
Temperature (LST), and Landscape Resistance Index (LRI).  323 

 The model (eq. 3) resulted in an LRI ranging from 1.73 to 493.88 for our study area, 324 
justly reflecting the internal disparities of the matrix components in terms of resistance to genetic 325 
flow. These LRI threshold values are in the eq.4 to normalize LRI from 0-100% (Fig. 5). 326 
Eq. 4. Landscape Resistance Index (LRI) normalized for percentage for the study landscape in the 327 
Green Belt Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 328 𝐋𝐑𝐈% = ( 𝟏𝟎𝟎𝟒𝟗𝟐. 𝟏𝟓 ∗ (𝐋𝐑𝐈 − 𝟒𝟗𝟑. 𝟖𝟖)) + 𝟏𝟎𝟎 329 

 Where: Landscape Resistance Index (LRI) and, and Landscape Resistance Index 330 
normalized for percentage (LRI%). 331 
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Fig. 5 - LRI% spatialized through the studied area (Fig. 5A), without the forest patches (Fig. 5B), and 332 
only inside these patches (Fig. 5C).  333 

 This way, the resistance inside the forest patches is small than the matrix, although with 334 
different levels, as we also observed for the matrix components (urban areas, planted forest, 335 
farmlands, water, road, and anthropized fields). 336 

 Remembering that the urban areas refers to small urban agglomerations (low-density 337 
urban area) and great urban areas (high-density urban area), while anthropized fields are 338 
predominantly composed by vegetation in regeneration and unmanaged pastures.  339 

 Evaluating our study area in classes of resistance (Table 3), we obtained 36.3% of its 340 
total area classified as very low, 31.5% as low, 20.4% as a medium, 8.2% as high, and 3.6% as very 341 
high. Still, a special association of them with the native forest, high density urban area, and 342 
anthropized field. 343 

 The native forest occupied 76% of the very low class, 23% of the low, and less than 2% 344 
of other classes. Otherwise, anthropized fields predominated in the low and medium classes, 345 
representing 55% and 62% of them.  It also was the second use, with 36%, in the high class. 346 

 The most resistant land use of our landscape, represented by the high-density urban 347 
area, prevailed in the very high and high classes, occupying 92% and 51% of their respective total 348 
areas.  349 

 Table 3 also indicated the presence of planted forest in 7% of the very low class, in 3% 350 
of the low class, but it is associated with or close to native forest or abandoned anthropized fields.    351 
    352 
Table 3 – The LULC and resistance classes of the study area, located in GBBR-SP, Brazil. 353 

 Relating the analysis of resistance and functional forest connectivity, our results 354 
indicated coherence between the occurrence of resistance classes and the forest patches distance 355 
from their respective centroid (Fig.6).  356 
Fig.6 - Binomial regression Generalized Linear Model (GLM) for LRI resistance classes, depending 357 
on forest patches distance from their centroids of the studied landscape, in the GBBR-SP, Brazil. 358 

 The frequency of high and very high resistance classes increased with the distancing 359 
from the patches centroids (Fig. 6D/E). While, the very low and medium class frequencies decreased 360 
(Fig. 6 B/C). Unlinked, very low resistance increased with the distancing from the patches centroids, 361 
reflecting the presence of the large forest patches in the studied area (Fig. 6A). Especially, those 362 
having more than 300 ha (Table 1), where there is a great distance between their centroid and edge, 363 
traversing great distances within the forest fragments. 364 
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3  DISCUSSION  365 
The landscape studied in the Green Belt Biosphere Reserve of São Paulo supported the 366 

modeling of the Landscape Resistance Index (Fig. 4A, CFI of 1.00 and RMSEA of 0.00).  367 
In turn, the index reflects the resistance levels of the land-use/land-cover, expressed by the 368 

class interval, ranging from 0% (1.73) to 100% (493.88), with the highest values associated with the 369 
anthropized uses and forest isolation (Table 3. Fig. 6). This way, LRI supports the design of forest 370 
corridors through environmental with the lowest resistance. 371 

The criteria (i.e., observed variables) supported the LRI modeling, considering their variability 372 
and importance to functional forest connectivity.  373 

NDVIinv showed 73% (± 52.8) of the landscape below 50 bytes, representing the highest forest 374 
density environments. Consistently, in that same byte portion, Night presented 93% (± 39.8) of the 375 
landscape, that is, environments with less influence from urbanized areas. And, LST 92.1% (± 63.7) 376 
of occurrences below 150 bytes and, therefore, greater distribution and variation in the landscape 377 
(Fig. 3). 378 

This way, our criteria represented the landscape attributes as the LULC, topography, and 379 
indicators of anthropogenic disturbance (Wasserman, et al., 2010, Neumann et al., 2015, Mateo-380 
sánchez et al., 2015, Krishnamurthy et al., 2016, Milanesi et al., 2017). This representativeness is 381 
important since they influence the resistance, which in turn is related to habitat adequation. Still, 382 
when we remember that while the landscape resistance is related to a point surface value, the 383 
connectivity is cumulative to movement across the dispersal surface (Cushman, Lewis, and 384 
Landguth, 2014, Krishnamurthy et al., 2016). Thus, spatial correlations are fundamental to infer the 385 
dispersion capacity of species in the environment (Bajaru et al., 2020). 386 

According to our results, the NDVIlin represents the association between animal behavior 387 
and landscape structure described for different animal species (Fig. 3A).  Some studies have shown 388 
that animals moving in the landscape respond to environmental changes, especially influenced by 389 
vegetation (Remegaldo, Safi, Wegmann, 2019, Da Silveira, 2016, Brown, et al., 2017), which can 390 
identify through the vegetation indexes (Pettorelli et al., 2011). 391 

In the same way, our criteria LST represents the temperature effects on the ecological 392 
processes (Fig. 3B). According to Delong (2012), temperature influences the animal movement 393 
across the landscape, and its variation influences the quality of the movement (Pawar et al., 2016, 394 
Gilbert et al., 2016). 395 

Robinson et al. (2013) remembered that the species persistence depends on the ability of 396 
the specimens to tolerate thermal changes in the landscape and on the thermal suitability of the 397 
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habitat, which varies spatially according to the soil cover and surrounding vegetation (Robinson et 398 
al., 2013). Consequently, gradients thermal effects affect habitat selection (Nowakowski et al., 2016). 399 

Our last criterion was the Night, representing the artificial light irradiated by the anthropized 400 
environment, i.e., our artificial barriers to gene flow and light disturbances (Fig. 3C).  Resulting from 401 
urban sprawl, this light pollution gradually invades natural environments and generates greater 402 
resistance to photosensitive species in habitats close to impact sources (Guetté, et al., 2018, Davies 403 
e Smyths, 2018, Gaston e Holt, 2018). 404 

Considering their high variability, the criteria influenced differently on LRI with NDVIinv 405 
showing the highest factor loading (n) and lowest error (error) among the three. Their values were 406 
0.80 and 0.37, whereas LST and Night showed n of 0.56 and an error of 0.68 (Fig. 4A). 407 
 Therefore, the model assumes that the greatest resistance is correlated with the sum 408 
of the criteria factor loads (Eq. 3 e 4). Consequently, with the regions with the highest plant biomass, 409 
the lowest temperature on the Earth surface, and the lowest presence of anthropized areas.  410 
 However, there was a greater dispersion of results in environments of moderate 411 
resistance, that is, those in transition between forests and urban areas (Fig. 4B).  412 
 As a positive point of the index is it reflects the resistance levels of the land-use/land-413 
cover, expressed by the class interval, ranging from 0% (1.73) to 100% (493.88), with the highest 414 
values associated with the anthropized uses and forest isolation (Eq. 3 e 4).  415 
 The model predictability for our landscape is 88%, having the most variability in the 416 
matrix (Fig. 5), which is formed by environments with high values of resistance (88%) as well as low 417 
(0%). Thus, even in anthropized areas, the index supports the identification of micro-habitats, 418 
identified by where the animals move and by behavioral pattern (Peterman et al., 2014, Reding et 419 
al., 2013, Zeller et al., 2012). 420 

 The predictability for forest fragments, which was 53%, shows this characteristic of 421 
reflecting heterogeneity inserted in the model through the criteria (Fig. 5C and Table 3). So, using 422 
the index, we can identify places where species can occupy or move in these environments, 423 
conferring characteristics of resilience or ecological resistance to the spatialization of landscape 424 
resistance (Nimmo et al., 2015, Robinson et al., 2013). 425 

In the same way, when we classified the landscape in classes of the index, we obtained 426 
the very low resistance environments associated with forest fragments (75.9%) while very high 427 
resistance regions with urban areas (91.9%). In the intermediate environments, there was a transition 428 
process from the natural to the urbanized LULC due to the increase in resistance, especially for 429 
anthropized fields, planted forests, and agriculture (Table 3). 430 
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In this sense, the reports that the landscape structure is only one component of the 431 
many affecting functional connectivities and that individuals can traverse inadequate habitats during 432 
dispersal corroborate the stratified analysis of the IRP (Baguette et al., 2013, Froidevaux et al., 2016, 433 
Melin et al., 2016). Thus, the resistance of the landscape can vary according to the dispersion 434 
capacity of the species (Liu et al., 2018) and the sensitivity to barriers (Breckheimer et al., 2014). 435 

This coexistence structure between animals and anthropized environments is reported 436 
in the literature with carnivores, small mammals, and multi-species (König et al., 2020, Chapron et 437 
al., 2014, Ceia-Hasse et al., 2017, Loveridge et al. 2017, Ducci et al., 2015, Bajaru et al. 2020). In 438 
this perspective of heterogeneity of resistance in the landscape, the analysis of the IRP performance 439 
showed coherence and the increase of forest isolation (Fig. 6).  440 

In this context, as the consequence of the great forest patches (area) in the landscape 441 
(Table 1), we obtained the increase in very low resistance environments due to the greater distance 442 
from the centroid of forest fragments (Fig. 6A).  Although the resistance to movement in these great 443 
patches is meager, so we cannot affirm that the functional connectivity promotes the structuring of 444 
the local community in these regions (Poniatowski et al., 2016, Lindenmayer et al., 2020). 445 

 Otherwise, our findings indicate that the increase in the distance from the forest 446 
patches is proportional to the occurrence of regions with very high and high resistance (Fig. 6D/E), 447 
as urban areas and highways in these environments, the low capacity for connectivity performs a 448 
species filtering, mediated by habitat characteristics, which will result in an unequal probability of 449 
species occurrence (Salgueiro et al., 2021, Kurz et al., 2014). Associating with the low and medium 450 
resistance environments, we observe the predominance of anthropized fields in different stages of 451 
regeneration and planted forests and agriculture. Remarking that they are near forest fragments was 452 
one of the decisive factors for defining their resistance and occurrence. Chazdon and Uriarte (2016) 453 
also observed places close to forest fragments, reporting rapid natural regeneration. 454 

According to Dallabrida et al. (2019), the dynamics of the bush-tree component is not 455 
a spatially homogeneous process, having factors ecological, biotic, and abiotic influencing the 456 
demographic rates of the regenerative component and which will affect biodiversity conservation 457 
(Salami et al., 2014, Arroyo-Rodriguez et al., 2017). 458 

In this approach, in intermediate resistance environments, sensory perception plays an 459 
important role for the animal during movement across the landscape (Clarke, et al. 2013). 460 
Remembering that the animals need the acquisition, interpretation, selection, and organization of 461 
sensory impressions to assign meaning to the surrounding environment, based on their respective 462 
life history and, for some animals depending on their memory (Almeida et al., 2010). 463 
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 464 
4 CONCLUSION 465 

 The study was developed for landscapes, as our studied area, that has suffered from 466 
urban sprawl, although that have significant remnants of the Atlantic Forest, which is a biodiversity 467 
hotspot. Remnants that support ecological processes and species dispersion across the 468 
environment. 469 
 In this scenario, our challenge was identifying the paths basing on the LULC resistance, 470 
aiming at the forest functional connectivity. Even more, considering landscape attributes instead of a 471 
species dispersion pattern. Attributes that could be modeled to obtain the Landscape Resistance 472 
Index. In this study, they were modeled through the Structural Equation Model, naming observed 473 
variables. 474 
 Thus, our observed variables are NDVIinv, Night, and LST, which are robust to 475 
determine the landscape resistance, aiming at functional forest connectivity. They have different 476 
influences on the landscape and, consequently, on the index, resulting in spatial heterogeneity 477 
associated with the movement across the landscape.  478 
 This way, LRI supports the definition of limits minimum (1.73 = 0%) and maximum 479 
(493.88 = 100%), reflecting LULC with different resistance. Its spatialization indicates regions of very 480 
low resistance associated with forest fragments, of very high with urban areas, and regions with 481 
intermediate levels having a transition process from the natural to the urbanized LULC due to the 482 
increase in resistance, especially for anthropized fields, planted forests, and agriculture. 483 
  Finally, we conclude that the index based on environmental attributes reflects the 484 
structure of functional forest connectivity, supporting the planning design of forest corridors across 485 
landscapes. 486 
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Figures

Figure 1

Land Use/Land Cover (LULC) and location of the study Landscape in the Green Belt Biosphere Reserve of
São Paulo City (GBBR-SP), 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 o bbnhjr of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 2

Conceptual model used to obtain the Landscape Resistance Index for the Green Belt Biosphere Reserve of
São Paulo City (GBBR-SP), Brazil.



Figure 3

Environmental attributes (in 255 bytes) for the study area in the GBBR-SP, Brazil: (A) Inverted NDVI, (B)
Land Surface Temperature, and (C) Nighttime Re�ectance. 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 o bbnhjr of its



authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.

Figure 4

Landscape Resistance Index for the study area in the GBBR-SP, Brazil: (A) parameters and factor loadings
modeled, and (B) model CR, based on the sum of the points representing the OV and their factor loadings.



Figure 5

LRI% spatialized through the studied area (Fig. 5A), without the forest patches (Fig. 5B), and only inside
these patches (Fig. 5C). 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 o bbnhjr of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 6

Binomial regression Generalized Linear Model (GLM) for LRI resistance classes, depending on forest
patches distance from their centroids of the studied landscape, in the GBBR-SP, Brazil.
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