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1. Landsat image mosaics 

The pasture mapping was produced with Landsat data, Collection 1 Tier 1,            
acquired between 1985 and 2017 (MARKHAM & HELDER, 2012). Landsat 5 images            
were used in the first half of the time series (e.g. 1985 to 1999). The images                
acquired by Landsat 7 were considered only for 2000, 2001, 2002 and 2012, due to               
the failure of the Scan Line Corrector mechanism (MARKHAM et al., 2004). For the              
time periods from 2003 until 2011 and 2013 until 2017 we used, respectively,             
Landsat 5 and Landsat 8 images. These time series were normalized to            
Top-of-Atmosphere (TOA) reflectances and screened with the Landsat Quality         
Assessment Band (QA = 2720 for Landsat 8 and QA = 672 for Landsat 5/7) in order                 
to remove pixels contaminated with clouds and cloud shadows (ROY et al., 2014).  

1.1. Definition of the temporal period 

Our mapping approach considered as a classification unit the useful limits of            
the Landsat scenes (i.e. WRS-2 Path/Row without the overlapping zones) and a            
24-month time window, for the entire country, ensuring the prevalence of           
observations of a specific year (e.g. the feature space of 2015 considered images of              
the second semester of 2014 and the first semester of 2016) (Figure 1). This time               
window provided denser time series for the generation of the feature space, which             
was capable to capture, in a better way, the vegetative vigor variations of pastures,              
since these areas are very susceptible to climatic variations (FERREIRA et al.,            
2013). 

 

 
Figure 1. Number of clean observations (without clouds and cloud shadows)           
available for Landsat scene 223/071, considering 12 months (i.e. without year           
overlap) and 24 months (e.g. the 1994 image considered observations of the second             
half of 1993 and the first half of 1995). 



1.2. Image selection 

The images were selected only for the wet season and the operationalization            
of this approach, a challenge for a country with continental dimensions as Brazil,             
occurred automatically, on a pixel basis, and through a percentile analysis of all             
NDVI values for the assumed time window. Only observations with values greater            
than the NDVI 25th percentile were considered to compose the wet season, in a              
24-month window. 

2. Classification 

The classification approach analysed a set of metrics that considered the           
spectral variations, along a time window, to capture the seasonal characteristics of            
one or more land-use and land-cover (LULC) classes (WANG et al., 2015;            
PASQUARELLA et al., 2018). These metrics were used to create a feature space,             
which was classified via Random Forest (BRIEMAN, 2001), using 31,449 training           
points, visually inspected and randomly distributed throughout the Brazilian territory.          
This section presents the progress regarding our pasture mapping approach, which,           
in past works, considered Landsat 8 (PARENTE et al., 2017) and MODIS time series              
(PARENTE & FERREIRA, 2018): 

2.1. Classification scheme 

The classification scheme considered a geographical and temporal        
stratification, that trained and classified, individually, all the 380 Landsat scenes           
necessary to encompass the entire Brazilian territory, during 33 years. Considering           
that pastures areas are very susceptible to climatic inter-annual variations          
(FERREIRA et al., 2013) and present different biophysical and management          
characteristics throughout Brazil (AGUIAR et al., 2017; FERREIRA et al., 2013b),           
this approach allowed the classification models a better identification of this LULC            
class. However, to minimize the impact of geographical stratification, part of the            
training samples was shared across different classification models. In practice, 900           
points were used to train a specific model of one scene, with a total of 800 points                 
recovered from the immediately adjacent scenes. 

2.2. Feature space 

On the Landsat images, filtered with Quality Assessment Band (BQA) and           
selected according to the established time window (section 1.1. Definition of the            
temporal period), five operations were applied (i.e. mean, standard deviation,          
minimum, maximum, and amplitude) over six spectral bands (i.e. green, red,           
near-infrared, shortwave infrared 1 and shortwave infrared 2) and three spectral           
indices (i.e. Normalized Difference Vegetation Index - NDVI, Normalized Difference          



Water Index - NDWI; Gao, 1996, and the Cellulose Absorption Index - CAI; Nagler et               
al., 2003). The Landsat temperature band was disregarded because we detected           
saturated pixels over several dates and regions of the country. In total, our pasture              
mapping used 40 spectral-temporal bands (Table 1). 

 
 
 
 

Table 1. The feature space used in the pasture classification, with a total of 40               
spectral-temporal metrics. 
 

# Bands/Indices Operation Period 
1 Green Mean WET 

2 Green Standard 
Deviation WET 

3 Green Minimum WET 
4 Green Maximum WET 
5 Green Amplitude WET 
6 Red Mean WET 

7 Red Standard 
Deviation WET 

8 Red Minimum WET 
9 Red Maximum WET 

10 Red Amplitude WET 
11 NIR Mean WET 

12 NIR Standard 
Deviation WET 

13 NIR Minimum WET 
14 NIR Maximum WET 
15 NIR Amplitude WET 
16 SWIR1 Mean WET 

17 SWIR1 Standard 
Deviation WET 

18 SWIR1 Minimum WET 
19 SWIR1 Maximum WET 
20 SWIR1 Amplitude WET 
21 SWIR2 Mean WET 

22 SWIR2 Standard 
Deviation WET 

23 SWIR2 Minimum WET 
24 SWIR2 Maximum WET 
25 SWIR2 Amplitude WET 
26 NDVI Mean WET 
27 NDVI Standard WET 



Deviation 
28 NDVI Minimum WET 
29 NDVI Maximum WET 
30 NDVI Amplitude WET 
31 NDWI (Gao, 1996) Mean WET 

32 NDWI (Gao, 1996) Standard 
Deviation WET 

33 NDWI (Gao, 1996) Minimum WET 
34 NDWI (Gao, 1996) Maximum WET 
35 NDWI (Gao, 1996) Amplitude WET 
36 CAI (Nagler et al., 2003 Mean WET 

37 CAI (Nagler et al., 2003 Standard 
Deviation WET 

38 CAI (Nagler et al., 2003 Minimum WET 
39 CAI (Nagler et al., 2003 Maximum WET 
40 CAI (Nagler et al., 2003 Amplitude WET 

 
 
 

2.3. Classification algorithm, training samples and parameters 
 
The classification approach used the Random Forest algorithm (BRIEMAN,         

2001), which demands training samples. Considering the absence of reference data,           
spatially explicit, for the entire mapping period, we decided to produce a training             
dataset with 31,449 points, randomly distributed over Brazil (Figure 2), ensuring 100            
points for each landsat scene. Nevertheless, in the border scenes, with ocean and             
neighboring countries, this amount was weighted by the respective Brazilian territory           
area of the scene. The sampling design used the pasture map of 2015 (PARENTE et               
al., 2017) to reflect the actual pasture area proportion, scene by scene, in the              
training dataset. However, for scenes with a proportion of less than 10%, a minimum              
amount of 10 points was randomly selected over the pasture areas. The training             
samples were visually inspected by three trained interpreters, who analyzed, for           
each point, two Landsat images per year, regarding the dry and wet periods,             
classifying, for 33 years, each transition according to 10 LULC classes (i.e. pasture,             
crop agriculture, planted forest, native vegetation, mixed use, water bodies, urban           
area, mining, and others). This assessment was conducted in the Temporal Visual            
Inspection Tool (NOGUEIRA et al., 2017), which also considers the respective           
MOD13Q1 NDVI time series and high-resolution Google Earth images (Figure 3).           
The Random Forest used 500 statistical decision trees to associate a per pixel             
pasture probability, so, for example, a pixel with a pasture probability of 60%, had              
300 trees indicating the pasture class and 200 trees the non-pasture class. 

 



 
Figure 2. Training samples with the consolidated classes, assigned by the visual            
inspection, in the years between 1985 and 2017. Each one of the 31,449 points was               
inspected by three interpreters. 

 




