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ABSTRACT: Brazil is one of the largest exporters of cattle meat production. Most of this production is under pasture areas, with 

different levels of livestock and field management. Remotely sensed images could be interesting tools to detect distinct temporal and 

spatial patterns of these systems. In this context, classification algorithms have been proposed to use information from satellite 

images to map different land covers. The Time-Weighted Dynamic Time Warping (TWDTW) is an algorithm that has the advantage 

of working well with datasets with enough amounts of temporal information and seasonality patterns. In the present work, the 

TWDTW was performed to classify pasture managements in farms located in Western region of São Paulo State in Brazil for the 

years 2017 and 2018, as a primary study. It was used Normalized Difference Vegetation Index (NDVI) time series images from 

Moderate Resolution Imaging Spectroradiometer – MODIS sensor (products MOD13Q1 and MYD13Q) with 250 meters of spatial 

resolution. In classifications for the years 2017 and 2018, it was observed a predominance of traditional pasture.  Total areas of 

degraded and traditional pasture were very similar between 2017 and 2018. The year of 2017 showed higher spatial distribution of 

intensified pastures than year 2018. The classification achieved satisfying results with complete accuracy in validation. The 

information collected from field visits were important to analyse general aspects of the results. Therefore, in this pilot study 

TWDTW algorithm demonstrated to have potential in differentiating classes of pasture management. Next steps will be to explore 

the possibilities to classify pasture systems in large areas. 

1* Corresponding author 

1. INTRODUCTION

Latin America and the Caribbean contribute more than a quarter 

of all the world production of beef and poultry (FAO, 2018). In 
the region, the sector has grown at an annual rate of 3.7%, a 

figure much higher than the average global growth rate (2.1%). 

In this context, Brazil is the largest exporter of cattle meat 

production, producing about 9.9 millions of tonnes in 2018 
(USDA, 2019), and most of these livestock production in Brazil 

are under pasture area. 

An important premise for the increase in livestock productivity 
is the improvement of pastures in terms of quality and reverting 

degradation process, which is the main cause of quality loss in 

tropical countries (Aguiar et al., 2017). Monitoring pasture 

areas and management over time and space, such as 
intensification and degradation processes are essential to 

analyse and address livestock productivity and potential. 

In context of monitoring pasturelands, remote sensing provides 
temporal and spatial patterns of ecosystem change and has been 

used to estimate biophysical characteristics of managed areas 

(Numata et al., 2007). A variety of classification methods have 

been proposed and used to map land cover using remotely 
sensed data (Rodriguez-Galiano et al., 2012), and each of those 

methods work better with certain characteristics of the remotely 

sensed dataset. 

The Time-Weighted Dynamic Time Warping (TWDTW) is a 

classification method proposed by Maus et al. (2016). This 

algorithm takes in count the vegetation index time series from 
each pixel, where the temporal information is the key for 

differentiating one location from another and then classifying 

the pixels, since they can have different dynamics over time. 

The TWDTW algorithm works with the principle of comparison 
and alignment of a pre-established pattern and a pixel of the 

image time series; and calculate the distance between them 

(dissimilarity) to classify that pixel based on the lowest 

dissimilarity. This algorithm is derived from Dynamic Time 
Warping (DTW) algorithm (Giorgino, 2009), differentiating 

itself by using a penalizing function for the distance in days 

from the original period that the patterns were set, i.e., the 

TWDTW takes in count the specific dates when the patterns 
occur for the dissimilarity measure. Maus et al. (2016) describes 

that this function is useful for time series derived from 

agriculture and crops temporal patterns, because each crop has 

distinct phenological cycle and, therefore, the weighting 
function is useful to distinguish between these cycles. Since the 

TWDTW algorithm works mainly with temporal information, it 

has been proved to be useful in datasets with enough amount of 

temporal data, and scarce spatial information (e.g., Belgiu, 
Csillik, 2018). 

The objective of the present work was to apply the TWDTW 

algorithm to classify Normalized Difference Vegetation Index 
(NDVI) from Moderate Resolution Imaging Spectroradiometer 

– MODIS images time series of pasture land cover areas under

different levels of livestock and field management.
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2. MATERIAL AND METHODS 

2.1 Study Area 

The study area comprehends four farms of cattle production 
located on Western Region of São Paulo State (Figure 1). 

 

 
Figure 1. Location of study area with the farms visited 

 

The four farms were visited in the period of August 2017 to 

November 2018 to collect information about the fields and 

paddocks managements that had been made in each location. In 

those visits, it was collected information about productivity, 

animal rotation dynamics in paddocks, and also the period of 

the year that it was used some intensification system. Farm 1 

has fields with traditional management and intermediate 

productivity, being two of them with animal rotation, and three 
fields with intensification system (soybean and pasture) that was 

implemented in November 2016. Farm 2 has fields with 

degraded pasture, which have low productivity and exposed 

soil, and also fields with traditional management. Farm 3 has 
fields with traditional management, that have low to 

intermediate productivity, and also fields with degraded pasture. 

Farm 4 has fields with traditional management, using animal 

rotation in some of the fields, and also intensification system in 
one field. 

 

With information about the four farms, the managements were 

defined in three main classes, “Degraded”, “Traditional”, and 
“Intensified”, due to the different types of pasture biomass 

dynamics each of those classes present over time. The three 

classes and their respective definition are described in table 1. 

 
From the study area, it was selected locations that represented 

the three different types of pasture and cattle management, and 

those locations were used as reference for performing the 
classification. It was selected two locations of degraded pasture 

in farm 3, two locations of intensified pasture in farm 1, and 

thirteen locations with traditional pasture management in farms 

1 and 2. 

 

 

 

 

 

 

 

 

 

 

Pasture 
class 

Definition of the class 
Number of areas 

and points 

visited 

Degraded Pasture with low 

productivity, with signs of 

degradation 

 

2 

Traditional Low to intermediate 

productivity and animal 

rotation 

 

13 

Intensified Intermediate to high 

productivity, using 

integration system with 

soybean and pasture  

2 

Table 1. Field areas and points visited in each pasture class  

 

2.2 Satellite data 

Satellite imaging products were used in order to describe 

spatial-temporal behaviour of the three types of pasture 
management. The locations selected correspond to pixels of 

Normalized Difference Vegetation Index (NDVI) from 

Moderate Resolution Imaging Spectroradiometer – MODIS 

sensor (products MOD13Q1 and MYD13Q1 from Terra and 
Aqua platforms, collection 6). These products have 250 meters 

of spatial resolution and 16 days of temporal resolution, with a 

lag of 8 days between the two platforms. The period acquired 

was September 2016 to January 2019, and for the study area it 
was built a time series of 111 images of NDVI. 

 

The NDVI is a vegetation index based on the normalized ratio 

between the near infrared (NIR, 700 to 1300 nm) and red (650 
nm) bands. These two bands have different reflectance behavior 

in vegetation, where the absorption in red band is associated to 

the amount of chlorophyll, and the high reflectance in NIR band 

is associated with leaves structure. The  NDVI is associated 
with the absolute amount of biomass and a vegetation measure 

that is sufficiently stable to permit comparisons of seasonal and 

inter-annual changes in vegetation growth and activity  (Huete 

et al., 2002). Therefore, since different pasture management 
have distinct levels of biomass over time, the available NDVI 

products from MODIS sensor could represent a reliable 

indicator of the pasture systems. 

 
The NDVI products from MODIS sensor have quality indexes 

associated to each pixel, indicating pixels poorly produced due 

to cloud presence. As a pre-processing, it was performed a pre-

filtering step, where the quality images were used to remove the 

pixels flagged as cloudy from each of the time series images. 

The indexes used for pre-filtering were “Pixel Reliability” and 

“Vegetation Index Quality”. The pixels which values were 

removed were interpolated linearly with the previous and next 
images pixels values to obtain a complete pre-filtered time 

series. After the pre-filtering process, the time series were then 

filtered with the Savitzky-Golay (SG) smoothing filter. The 

filter used polynomial interpolation of third degree and 
interpolation window of 7 points. Figure 2 shows an example of 

an original and pre-filtered + smoothed NDVI time series of one 

field with pasture intensification (pasture + crop) in Farm 1. 
 

In order to obtain a more accurate decision from the classifier, 

after the pre-filtering and filtering of the time series images it 

was applied a mask corresponding to pasture and annual crop 
maps from the MapBiomas Project (Projeto MapBiomas, 2017) 

for the year 2017. 
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Figure 2. Example of original (black line) and smoothed NDVI 

time series using Savitzky-Golay filter (red line) of one field 
with pasture intensification. 

 

2.3 Classification 

The TWDTW algorithm used for land cover classification was 
performed in R programming language, with the package 

“dtwSat” (Maus et al., 2019). The algorithm uses three main 

entries: it should be provided the coordinates of a certain pixel 

(latitude and longitude), its respective label, and the time series 
period where a certain curve pattern occurs. As entries in the 

algorithm for the present work, 17 pasture locations were 

provided, containing the three labels of management. 

 
With the temporal information provided about each label, the 

algorithm uses the subset of training locations for building 

temporal patterns for each label. In the present work, it was 

used 50% of the points from each label for training set, and the 

spline function for smoothing the pattern curves for each label, 

with number of knots equal to 20 (k = 20). The curves patterns 

created are presented in Figure 3. 

 

 
Figure 3. Temporal NDVI patterns of the three pasture 

managements described in Table 1 and used to classify the 

pasture areas of the study region 

 

The TWDTW algorithm computes the dissimilarity between 
two time series, i.e., the dissimilarity between the pixels time 

series from the study area and each of the constructed patterns. 

The time-weighted dissimilarity uses a function for penalizing 

this measure that occurs in certain distance from the original 
patterns dates.  In this work, it was used a logistic function with 

coefficients α = -0.1 and β = 100. After computing the 

dissimilarity values, the pixel is classified with the label from 

which pattern had the lower dissimilarity value. 
 

Since the algorithm splits and then classifies the time series 

yearly, the complete time series was classified in two periods, 
where the first correspond to the period of 2017 (from 

September of 2016 to September 2017) and the second to the 

period of 2018 (from September 2017 to September 2018). 

 

2.4 Validation 

The complete dataset of locations was divided in 50% to 

training set and 50% to validation set. The algorithm divides the 

training and validation set per class, so that it could be assured 
that all classes have a validation set of locations. The number of 

locations used for training the algorithm and construct the time 

patterns, and for the validation are in Table 2. 

 
 

Class Train Validation 

Degraded 1 1 

Intensified 1 1 
Traditional 7 6 

Table 2. Number of location assigned for train and validation 

 
The algorithm evaluates the locations designated for validation 

according to the classification year when the pattern from that 

pixel was first assigned. For example, if a pixel was first labeled 

as “Traditional” and the pattern was set from July 2018 to 
November 2018, and used in the validation set, then that 

location is validated only in the classification of 2018, even 

when there are more years classified by the algorithm. 

Therefore, the validation is performed in all the periods (years) 
classified, and the evaluation of the pixel is made in its 

designated classification year. 

 

The total area inside the farms was account based on the total 
pixels from each class and each period of classification.  

 

3. RESULTS AND DISCUSSION 

One example of the distance matrix used to generate the pasture 
maps is shown in Figure 4. This distance matrix was used to 

classify the pasture areas for the class “Traditional” in the 

period of year 2017. We can observe that the levels of similarity 

between pixels occurred from pixels with lower distance values 
- more similar with class “Traditional” - to pixels with higher 

distance values - more dissimilar with class “Traditional”. The 

land cover maps of pasture areas were generated based on the 

results of the distance matrix in each class and period of 
analysis. 

 

Figure 5 shows the spatial distribution of the pasture 

managements over the region of the four farms visited for the 
periods of year 2017 and 2018. We can observe a predominance 

of traditional pasture in the study area, mainly over the region of 

Farms 1 and 2 (Fig. 5 - upper part). The region over Farm 4 

(Fig. 5 - middle part) shows the higher presence of intensified 
pastures. In contrast, the region of Farm 3 has a majority of 

degraded pasture (Fig. 5 - bottom part).  

 

In general, considering the period of analysis, the year 2017 
showed higher spatial distribution of intensified pastures than 

year 2018. These land cover changes were mainly from 

intensified to traditional pastures areas. Some examples can be 

observed in some fields of Farms 1, 2 and 4. In year 2018, 
traditional pastures also appear to replace some degraded 

pasture areas that occurred in year 2017. However, considering 

the fields limits in each farm, it can be observed an increase in 

areas with degraded pasture. 
 

The confusion matrix resulted from the classification process 

did not show error during the validation, which means that all 
the samples used to validate the pasture classes were classified 

correctly in the respective classes. 

 

The total areas of the pasture classes in each year and farm is 
presented in Table 3. Farm 4 showed the highest area with 

intensified pasture, much higher than other farms; about 9 times 

the farm with the second higher area in year 2017 (Farm 1) and 

4 times higher in year 2018. It highlights the decrease of 
intensified pasture areas from year 2017 to 2018. In year 2018, 
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only Farms 1 and 4 presented intensified pasture areas. Farm 3 

did not show this pasture class in any period of analysis. In 

contrast, Farm 3 presented the highest degraded pasture area 
during all period, with a short increase between years (about 

37.5 ha). 

 

Considering the total area for each class in the two years, the 
classification for degraded and traditional pasture was more 

equal in terms of total area between 2017 and 2018, while the 

total area of intensified pasture had a decrease of almost 4 times 

from 2017 to 2018. The stability in degraded and traditional 
pasture areas was observed in all farms. The decrease of 

intensified areas occurred mainly in Farm 4 which was the farm 

with largest intensified area. 

 
 

 
Figure 4. Example of distance matrix for year 2017, over the 

region of the four farms visited - upper: Farms 1 and 2; middle: 

Farm 4; and bottom: Farm 3 

 

 
Figure 5. Land cover maps generated using the TWDTW 

classification method for the period of year 2017 (left) and 2018 

(right) over the region of the four farms visited - upper: Farms 1 

and 2; middle: Farm 4; and bottom: Farm 3. Unclassified 

regions represent the areas outside pasture and annual crops 
mask from the MapBiomas mapping Project for year 2017 

 

 

  Area (ha)  

Farm Intensified Degraded Traditional 

2017 2018 2017 2018 2017 2018 

1 87.5 37.5 25.0 62.5 1362.5 1375.0 

2 18.7 0.0 0.0 0.0 181.2 200.0 
3 0.0 0.0 543.7 581.2 306.2 268.7 

4 775.0 150.0 306.2 437.5 1181.2 1675.0 

Total 881.2 187.5 874.9 912.4 3031.1 3518.7 

Table 3. Total pasture areas of each class in the four farms in 

2017 and 2018 periods 

 

3.1 Discussion 

The distance matrix contains important information about the 

performance of the classification, as shown in Figure 4.  If the 

absolute values of distance are very high, we could expect that 

the patterns set for calculating the dissimilarities for the classes 
are not in fact representing the behaviors presented in the area. 

For example, the low distance for traditional pasture in Farms 1 

and 2, that in fact have fields with traditional pasture, reinforce 

the representative behavior of this pattern for the study area. 
 

From the distance matrix, it could be provided also information 

about the variability of behavior present in the area, where two 

areas with the same category of management could have a 
slightly different temporal behavior of biomass in time or 

different spectral response, due to variations in the management. 
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Bégué et al. (2018) reported different spectral responses 

between “continuous grazing” and “rotational grazing”, where 

here we consider as the same class “Traditional”. In studies with 
pasture areas using time series of satellite images, these 

different spectral responses could be analyzed using the 

absolute value of dissimilarity. Then, the classification could be 

improved by setting boundaries of distance values that could be 
used for labeling the pixels in the area, having a method that 

includes all variability inside the same class and allows to 

define subclasses.  

 
One example of possible subclass derived from a pasture class 

is the traditional pasture that could be differentiated from 

traditional pasture that also has animal rotation between fields 

and paddocks over time.  This class could be distinguished 
using the distance matrix to filter the traditional areas and then 

perform a second classification only in these pixels. Manabe et 

al. (2018) performed a two stage classification with TWDTW 

algorithm in crop-livestock systems and achieved interesting 
results for intensified pastures. 

 

The pasture maps of the farms presented in Figure 5 showed a 

general tendency of more traditional and degraded pasture in 
over the years 2017 and 2018. The Western Region is 

historically an important livestock producer of the São Paulo 

State. In this region, traditional extensive management over the 

years contributed to degradation. According to Dias-Filho 
(2014), it is estimated that 50% to 70% of pastures areas in 

Brazil are under some level of degradation. The farm with the 

highest area of intensified pasture - a management that applies 

technology and increases the use of land - is considered a 
“model” in the region, for applying technified crop-livestock 

systems. However, it is not a reality in the region. The visible 

difference on amount of area implemented with the intensified 

system was evidenced in Table 3. 
 

Farm 1 had most of its fields with traditional management. 

However, this farm started to implant intensified system in two 

fields since 2017, as it is shown in the map (Figure 5). In 
contrast, most of the areas in Farm 3 were classified as degraded 

pasture - about 50% of total area in both years (Table 3). It was 

known from field visits that Farm 3 is a family farming that has 

less resources and infrastructure. The limited resources to 
manage the forage contributed to the less capacity of the pasture 

to supporting animals, causing lower productivity. It could be 

also observed in Figure 5 that Farm 3 was surrounded by 

degraded pasture areas. 
 

The total areas accounted for each class in the classification had 

different behaviors between 2017 and 2018. In Table 3, it could 

be seen the increase of degraded areas over the years and 
decrease of intensified pasture areas. The increase of degraded 

areas could be explained by different factors, such as increase of 

animal grazing in some areas, or the deficiency of water in 

periods of the year when the pasture was recovering. However, 
among many reasons that led to increase the areas classified as 

degraded, that change of class not necessarily mean that some 

areas continues permanently with low biomass. An example is 
Farm 4, where some areas in the northern fields classified in 

2017 as traditional pastures and in 2018 as degraded could be 

influenced by some factor in a specific period, like high animal 

density, that led to low forage biomass. It highlights the 
importance of field campaigns to understand and discriminate 

the several land uses under pasture systems. 

 

The decrease of intensified pasture areas from 2017 to 2018 
could be also explained by the large amount of areas with crops 

planted as part of integration system. Areas where the pasture 

was restored by the end of 2017 and the crop implanted together 

with the restoration (e.g., grass + millet) could also be 
accounted as intensified system. From the field visits, it was 

known that in Farm 1 the field started an intensification with 

soybean in October 2017. In the same period, another field in 

Farm 4 was planted with an integrated system of pasture and 
millet. This field in Farm 1 classified as pasture intensification 

in 2017, was then classified as traditional in 2018, due to the 

fact it was remained pasture for two years and integrated with 

soybean again by the end of 2018. 
 

The achieved classification performance was satisfying, where 

the different pasture managements could be identified by the 

algorithm. The information previously collected from visits at 
the study areas were also important to analyse the general 

aspects and affirm that the classification was consistent with the 

areas were we had management information. The validation 

showed that the classification was completely accurate, which 
demonstrates the potential of TWDTW method for mapping 

pasture areas under different types of management. 

Nevertheless, this classification was performed in farm areas 

where the method could be test as pilot study. More sample 
points should be used and refinements are necessary to better 

define the managements and discriminate the patterns. 

Meanwhile, this methodology demonstrated potential to be 

extrapolated to larger areas. 
 

4. CONCLUSIONS 

The TWDTW algorithm demonstrated to be effective in 

identifying different pasture management, based on the behavior 
of those areas over time. The proportion of areas in each class 

and their changes between 2017 and 2018 showed consistency 

with the actual proportion of each management in pasture areas 

in Western region of São Paulo state. The validation showed 
that the algorithm could correctly classify different 

managements. This study pilot needs more refinement in some 

aspects, but demonstrated potential to be performed in larger 

areas. 
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