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ABSTRACT

The Brazilian Savannah, also known as Cerrado Biome, is a
hotspot for the Brazilian biodiversity and is also important for
this country water supply. One of the most active Brazilian
agricultural frontiers, the region has a history of primary veg-
etation suppression. Accurately map this phenomenon is an
important step to inform and enable government conservation
programs. In this work, we used a Long Short-Term Memory
network to generate a deforestation map for the Cerrado. The
PRODES deforestation inventory was used as ground truth
during training and evaluation. We used as inputs a dense
Landsat 8 time series composed by 6 spectral bands and 3
vegetation indices, as well as the SRTM terrain slope. The
methodology was tested on an area comprising about 31,450
km2, achieving approximately 98.5% global accuracy.

Index Terms— Brazilian Savannah, Cerrado Biome, De-
forestation, Deep Learning, LSTM.

1. INTRODUCTION

The Brazilian Savannah, also known as Cerrado Biome, is the
second largest biome in Brazil, comprising approximately 2
million km2, which corresponds to 23.9% of the country ter-
ritory [1]. Although the major agricultural expansion in this
area started late, in the 1960s, the quick expansion has made
the biome the largest cultivated area in Brazil, responsible for
over half of the agricultural land in the country [2, 3]. The re-
cent accelerated exploration has been pointed out as the main
reason for the brazilian ascendancy in the agricultural global
market [4, 5].

The extensive expansion of the agriculture in the Cerrado
was made through the suppression of native vegetation. De-
spite the increase in the agricultural production, this expan-
sion has led the biodivesity of the region to the risk of collapse
[6]. [7] has estimated that about 46% of native vegetation
areas is already suppressed, what might affect not only the
biodiversity, but also water supply, since some of the biggest
watersheds of South America have spans in the biome [8].

In order to map and monitor deforestation in the Cerrado
Biome, a collaboration between the Brazilian government
and the World Bank was created to develop the DETER

and PRODES systems. The methodologies of these sys-
tems were initially developed for the Brazilian Amazon, and
successfully used to inform public policies in that biome
in the last decades, being considered the main reference
on large-scale accurate mapping of vegetal suppression [9].
While the DETER focuses on delivering deforestation alerts,
PRODES aims to calculate the annual rate of primary vegeta-
tion losses, creating a vegetation suppression inventory [10].
The PRODES system maps the suppression of the Cerrado
Biome primary vegetation by visual interpretation. There-
fore, using state-of-the art methods may help the project
reduce costs and time in their methodology.

Deep Learning approaches have been tested as alterna-
tives in attempt to automate the detection of suppression of
primary vegetation in the Cerrado Biome [11, 12]. A method
based on optical imagery time series and a combination of
two Deep Learning architectures resulted in an accuracy of
approximately 90% for the deforestation class [12], however
the type of time series used (high spatial resolution images)
may not be feasible to be applied to the entire extension of the
biome, due to the high computational and financial costs to
create a dense time series for such a big extension. In attempt
to overcome this drawback and reduce the costs, medium-
resolution imagery (10-30m) represent a feasible alternative,
due to the wide availability of free-distributed imagery from
different sensors, like Landsat, CBERS and the Sentinel con-
stellations. One particular class of Deep Learning algorithms
has demonstrated strong potential to the analysis of time
series of imagery, the Long Short-Term Memory Networks
(LSTM), which is a particular class of Recurrent Neural
Networks (RNN) [13].

In order to achieve good quality in the primary vegetation
suppression detection maps, different aspects of the suppres-
sion patterns should be considered. The practice of agricul-
ture in the Cerrado Biome has the extensive use of mecha-
nization as a characteristic [2], what makes those areas with
low terrain slope to be avoided, and consequently reduces the
suppression on these areas. Considering this, topography as-
pects might be helpful to primary vegetation suppression de-
tection algorithms. Vegetation indices are usually effective to
highlight characteristics and the vigor of the vegetation, be-
ing then helpful to evidence some changes in the time series



that are not easily noticeable by the detection algorithms. In
this work, primary vegetation suppression is also named as
deforestation.

The main goal of this work is to investigate the effective-
ness of the LSTM to map deforestation in the Cerrado Biome.
The methodology was tested for a region comprising approx-
imately 31,450 km2, and a primary vegetation suppression
(deforestation) map was generated achieving approximately
98.5% overall accuracy.

2. METHODOLOGY

The study area chosen was one Landsat scene, WRS-2 path
222 row 70 (approx. 31,450 km2), and for this area were
created the time series. The interval between the fist and last
image for the time series is equivalent of 2 years, between Jan-
uary 2015 and December 2016. An interval with this length
was chosen in order to have a dense time series, to be used in
the LSTM’s application. The start and end dates were settled,
so that PRODES reference data were available. In total, there
were 43 surface reflectance scenes, from which the bands 2,
3, 4, 5, 6, and 7 were used to create the time series.

From the selected bands, VI time series were created, be-
ing the EVI, NDVI, and NDWI the selected ones. It was ex-
pected that EVI and NDVI would contribute, by improving
the identification of vegetation suppression areas, while the
NDWI would help to separate water in the classes.

SRTM slope data were created and resampled to fit the
Landsat bands pixels. It was expected the topography to affect
the deforestation occurrence in the Cerrado Biome, as above
mentioned. The slope value was repeated 43 times for each
pixel, so it could be equivalent to the time series. Using this
strategy may affect negatively the results, but tests were made
using different data combinations, as it is discussed ahead. All
data (surface reflectance, VI, and slope) were linearly normal-
ized between -1 and 1.

The PRODES data were used as reference for the study
area. PRODES considers only the increment of the suppres-
sion for the primary vegetation, once an area is deforested, it
can not be classified again as primary vegetation suppression.
This fact allowed us to exclude some areas in the process, in
which the deforestation have already been identified prior to
the time interval chosen for the analysis. Only locations clas-
sified as primary vegetation in January 2015 were analyzed in
this methodology.

2.1. LSTM Implementation and Optimization Details

In [12] a combination of two Deep Learning architectures
were used: LSTM [13] and U-Net [14]. We used only the
LSTM according to the parameters defined by the author to
create a deforestation probability map, with some changes to
adjust it to this work data, as follows:

• One LSTM cell with 256 hidden units;

• Softmax output activation function;

• Categorical Cross-Entropy loss function;

• Adam optimizer;

• Batch size of 256;

• 200 epochs.

To train the model created with these parameters, training
samples had to be collected from the study area. Using the
PRODES data as ground-truth, 200,000 random samples were
collected, each with 43 entries for 9 different time series and
1 topographic slope. These samples had either 100% or 0%
chance of vegetation deforestation occurrence during the time
series. Half of the samples had their ’ground-truth’ classified
as deforestation, due to the change detected by PRODES be-
tween 2015-2016, while the other half remained classified as
primary vegetation for the whole time interval.

The trained model was then used to predict the probabil-
ity of deforestation occurrence for the remaining study area,
creating the probability map for deforestation occurrence be-
tween 2015-2016. In this method, only the time series infor-
mation for each pixel location was considered, excluding the
pixel surroundings.

2.2. Classification, Quality Assessment and Analysis

To test the effects of VI and the topography slope in the LSTM
results, 3 different types of time series combinations were cre-
ated:

1. Surface Reflectance (bands 2-7), VI (EVI, NDVI and
NDWI), and Terrain Slope;

2. Surface Reflectance (bands 2-7) and VI (EVI, NDVI
and NDWI); and

3. Surface Reflectance (bands 2-7).

A different model was created and trained for each of
these time series combinations, and then used to create three
different probability maps. The training samples coordinates
and order used to train the 3 different models were the same,
with changes only on the amount of time series types for the
samples during training and prediction phases.

A classification was made over the probability maps,
then quality statistics were acquired. For this purpose, the
PRODES data was used as reference. The classification was
made by first applying a threshold to the probability map, then
eliminating deforestation areas smaller than a fixed number
of pixels, followed by applying the morphological operation
of closing over the deforestation class. The PRODES data
is created respecting a minimum area value for each defor-
estation polygon, what explains the fact that small areas were
eliminated/not considered in this approach. Finally, in order



to compare the maps, the best F1 score possible to the defor-
estation class was used to optimize the probability threshold
up to the 4th decimal place and the area threshold until the
pixel unit. The Fig. 1 shows the workflow applied to each
time series combination.
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Fig. 1. Diagram of the methodology applied in this work,
used for each different combination of time series type.

3. RESULTS AND DISCUSSION

The primary results of this work are 3 deforestation maps for
the study area, each one based on the different combinations
of time series types. The first map in Fig. 2a is the probability
map made by the set of time series number 1, that included
the Landsat 8 bands 2-7, alongside with the EVI, NDVI and
NDWI, and the Slope data. As it can be compared to the
PRODES reference, the areas where the deforestation hap-
pened de facto showed high values, while the remaining areas
had only noise pixels with lower probabilities.

The classification was conducted, as stated, with the ob-
jective to evaluate the deforestation probability maps. This
classification results were used to calculate the Overall Ac-
curacy, Precision, Recall, and F1 score for the deforestation
class. This values, found for each map, can be seen in Table
1.

It can be noticed that the scores did not vary considerably
from each other, being the values for the second time series
combination (Surface Reflectance and VI) the maximum re-
sults found for almost all parameters, except the Recall. This
may indicate that the time series combination 2 is responsi-
ble for more accurate results, which means that the algorithm
might improve, when using surface reflectance data and VI
together rather than only the surface reflectance. When eval-
uating the results for the time series combination comparison
(Table 1), the terrain slope addition worsened the result for
the study area, however, the difference between the values is
not expressive, for example, the difference between the max-
imum F1 score to the minimum is 0.00786.

Table 1. Comparison parameters for each classification made
using each one of the time series types arrangements (highest
values in bold).

Time Series Arrangement
1 2 3

Overall Accuracy 0.98500 0.98533 0.98467
Precision 0.66474 0.67433 0.65728

Recall 0.76612 0.76094 0.76525
Deforestation

F1 score 0.71184 0.71502 0.70717

The main goal of the classification was to compare the
time series arrangements. The probability surface created
could be used in combination with other methodologies,
based or not on Deep Learning. In the work of [12], the next
step after building the probability map was to apply a second
Deep Learning method (U-Net) [14] for the classification. In
this following step, the spatial relations would also be con-
sidered in the classification, since the probability map in this
work do not consider the pixel location surroundings.

As described before, only primary vegetation changes
were classified, which allowed us to discard all the time
series considered deforestation in the past. After that sim-
plification, using 200,000 samples to train the model, around
4.5 million samples could have its deforestation probability
calculated and then classified. When visually comparing the
maps in Fig. 2b and Fig. 2c, it is noticeable that the result for
the classification is close to the ground truth.

4. CONCLUSION

The LSTM architecture demonstrated to be effective to create
a deforestation occurrence map for 2015-2016, using Land-
sat 8 data. The experiments demonstrated that the results are
consistent to the reference data. The map created during ex-
ecution of the methodology might also be used combined to
other approaches, in an attempt to improve the results. The
classification method applied was effective to create a con-
sistent deforestation map, achieving an overall accuracy of
approximately 98.5%.

Three different time series combinations were tested to
map deforestation in the period 2015-2016. The best results
were accomplished using Surface Reflectance and VI time se-
ries. Therefore, future works need to be conducted in order to
confirm the results regarding the time series combinations.
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(a) Probability Map (b) Classification (c) PRODES Reference

Fig. 2. (a) Deforestation occurrence between 2015-2016 probability map for a portion of the study area, where dark red is not
likely to be deforestation and white is very likely to be deforestation; (b) Result for the classification applied for the same area
over the probability map; (c) PRODES reference data (ground truth) to the same area.
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