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LANDSCAPE RESISTANCE INDEX AIMING AT FUNCTIONAL FOREST 
CONNECTIVITY 

TABLES 

 

Table 1.  Main characteristics of the forest patches of the studied landscape in the Green Belt 

Biosphere Reserve of São Paulo City (GBBR-SP), Brazil. 

Class NP Area Main characteristic 
(ha) (%) (%) AREA (ha) NEAR (m) SHAPE 
< 5 92.5 5.9 0.36* (± 0.79**) 17.80 (±42.46) 1.15 (± 0.24) 

5 - 30 5.2 11.5 12.32 (±6.37) 107.67  (± 162.66) 2.05 (±0.60) 
30 - 75 1.3 11.0 47.00 (±13.57) 57.57 (± 98.93) 2.85 (±0.65) 

75 - 170 0.6 11.2 105.98 (± 24.89 38.88 (±77.14) 3.38 (± 0.82) 
170 - 300 0.3 10.4 244.71 (± 28.74) 21.56 (± 35.60) 4.40 (±0.95) 

> 300 0.2 50.0 1436.24 (± 2689.73) 0.00 (± 0.00) 6.50 (± 2.23) 
Where: NP= number of forest patches; AREA - habitat size; PERIM - perimeter; SHAPE - shape index; NEAR - distance of the nearest 
neighbor edge; * mean value; and **SD: standard deviation value. 
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Table 2. LST, NDVIinv, and Night: brief justifies to modeling the landscape resistance, aiming at 

functional forest connectivity in the landscapes under urban sprawl. 

Observed 
variable 

Justify 

LST 

Changes in the environment temperature influenced the dynamics and function of 
the natural systems, affecting their ecological communities (Osmond et al., 2017). 
Thus, resulting in animal acclimatization or plasticity (Luhring and DeLong, 2017), 
leading to the persistence or stability of the environmental system (Salt et al., 2017) 
and inducing animals to operate in ranges thermal tolerance limits (Sunday et al., 
2014). The main result is the restrictions on movement (Broders et al., 2012), 
inducing animal movement near the forest remnants or through shaded 
environments (Alston et al., 2020, McCann et al., 2016) to produce less metabolic 
heat. Therefore, LST supported identifying the environments with a temperature 
similar to the forest fragment, assuming that these regions show the least 
resistance to functional forest connectivity. 

NDVIinv 

According to de Castro et al. (2018) and Dong et al. (2018), traditionally, NDVI has 
differentiated LULC as agriculture (Remelgado et al., 2018), pasture (Rickbeil et 
al., 2018), and forest (Mills et al., 2018). On the other hand, the rest and foraging 
animal behavior require specific environments (Abrahms et al., 2017) associated 
with LULC (Brown et al., 2017, Rickbeil et al., 2017, Remelgado, Safi and 
Wegmann, 2020). Thus, navigation efficiency seems greater when the 
environment's high spatial correlation directs the animal movement (Bailey, Wallis 
and Codling, 2018). This way, we considered NDVI values similar to forest 
fragments representing regions with less resistance to functional forest 
connectivity, what we call NDVIinv. 

Night 

The main principle to define this variable was that the environment drives the 
species distribution (Alagador et al., 2012). And that similar species dispersed in 
similar environments, having similar integrity too (Sawyer, Epps, and Brashares, 
2011). However, the species movement is sensitive to the change in the 
landscapes (Krosby et al., 2015), causing resistance to the energy flow through 
the matrix (Marulli and Mallarach, 2005) or barriers that affect intra behavior-
species-specific (Berger-Tal and Saltz, 2019). In this context, the night light 
reflectance supports the identification of modified environments (Levin and Zhang, 
2017) since there is a positive relationship among the anthropized and reflectance 
levels with resistance to functional forest connectivity. 
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Table 3 – The LULC and resistance classes of the study area, located in GBBR-SP, Brazil. 

LULC Class 

Resistance class (%) 

Very 
Low Medium High 

Very 

Low  High 

Anthropized Field 13.8 55.2 61.7 35.7 4.8 
Native Forest 75.9 22.6 1.7 1.3 0.0 
High Density Urban Area 1.6 11.7 26.5 50.7 91.9 
Planted Forest 6.9 2.6 0.6 0.0 0.0 
Farmlands 0.5 2.2 1.9 0.8 0.0 
Others  2.2 5.7 7.6 11.5 3.4 

TOTAL 100 100 100 100 100 
 


