
Pattern Recognition Letters 148 (2021) 54–60 

Contents lists available at ScienceDirect 

Pattern Recognition Letters 

journal homepage: www.elsevier.com/locate/patrec 

Pattern Recognition and Remote Sensing techniques applied to Land 

Use and Land Cover mapping in the Brazilian Savannah 

Leila M.G. Fonseca 

a , ∗, Thales S. Körting 

a , Hugo do N. Bendini a , Cesare D. Girolamo-Neto 

a , 
Alana K. Neves a , Anderson R. Soares a , Evandro C. Taquary 

a , Raian V. Maretto 

b 

a Earth Observation and Geoinformatics Division - National Institute for Space Research (INPE), Avenida dos Astronautas, 1758, São Jos dos Campos, 

12227-010, Brazil 
b Faculty of Geo-Information Science and Earth Observation (ITC), University of Twente, Hengelosestraat 99 7514AE, Enschede, The Netherlands 

a r t i c l e i n f o 

Article history: 

Received 5 March 2020 

Revised 29 March 2021 

Accepted 22 April 2021 

Available online 8 May 2021 

Keywords: 

Earth Observation 

Agriculture mapping 

Cerrado 

Time series 

Deep Learning 

Pastureland 

Deforestation 

Remote sensing 

a b s t r a c t 

The Brazilian Savannah, or Cerrado, has gained vital importance in the discussions about sustainable land 

development after the conversion of half of its natural vegetation. For the last two decades, most of the 

agricultural expansion in Brazil has occurred in this biome. This is related to technological improvements 

in agriculture as well as to environmental compliance policies that have effectively reduced soybean ex- 

pansion in the Brazilian Amazon biome. Therefore, remotely sensed imagery, pattern recognition and im- 

age processing techniques have been employed to analyze and monitor the land dynamics over Cerrado. 

In this work, we present a brief review on Land Use and Land Cover mapping (LULC) in the Cerrado 

biome from an application perspective: natural vegetation, pastureland, agriculture, and deforestation. In 

this review we selected some studies whose results could contribute to the development of more detailed 

and accurate LULC maps for the Cerrado biome. 

© 2021 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

The Brazilian Savannah, known as Cerrado, is the second largest 

razilian biome and encompasses an area of approximately 2 mil- 

ion km 

2 in the Brazilian territory ( Fig. 1 ). The Cerrado is a relevant

rea for the biodiversity conservation and sustainable development 

n Brazil. Taking into account its full extent, the Cerrado biome is 

esponsible for storing around 5.9 billion tons of carbon in the veg- 

tation and 23.8 billion tons in the soil [72] . 

In just about 20 years, due to the expansion of the agricultural 

rontier in this region, Brazil has become one of the largest agri- 

ultural producers and exporters. The challenges to preserve the 

errado biome and promote sustainable development are innumer- 

ble and involve actions such as land use planning, expansion of 

gricultural production through the increase of productivity and 

he integration of sustainable systems, and mainly the reduction 

f pressure due to the expansion of the border by the conversion 

f new natural areas. 

Nevertheless, Cerrado lost over 50% of its natural vegetation 

ainly due to agricultural expansion [32] . Moreover, there is a pro- 

ection that 31-34% of the remaining biome is likely to be cleared 
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y 2050 [69] . Therefore, the Land Use an Land Cover (LULC) map- 

ing and the monitoring of vegetation remnants are important to 

nderstand the process of land occupation and thus elaborate and 

mplement public policies for Cerrado preservation and sustainable 

evelopment. 

In this context, remote sensing technologies have been crucial 

o ensure the effectiveness of environmental monitoring and now, 

ew challenges have risen which consider new patterns of land 

onversion. TerraClass, project developed by the National Institute 

or Space Research (INPE), identifies the land use for those re- 

ions in which the natural vegetation was suppressed. Initially, it 

ocused on the Legal Amazon deforestation [2] and later on Cer- 

ado [31] . MapBiomas project [67] has carried out the annual fully 

utomatic mapping for all Brazilian biomes using Landsat imagery. 

oth projects have been contributing to public policies in Brazil, 

owever they still do not deal with more detailed LULC patterns. 

This scenario underlines the need for new methods based on 

attern recognition techniques in order to accurately map the land 

se and natural vegetation cover to ensure the Cerrado sustain- 

ble development and preservation. Due to the complexity of the 

errado biome, increasingly advanced methods have been applied 

o study and monitor the changes in its vegetation. They evolved 

ogether with remote sensing (RS) and geoinformatics technolo- 

ies and include traditional supervised and non-supervised classi- 
nder the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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Fig. 1. Cerrado biome in Brazil. 
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cation methods, such as pixel-based classification algorithms, like 

aximum Likelihood Classification (MLC) and Spectral Angle Map- 

er (SAM), applied to one single scene [66] , object-based methods 

9] , and moreover, integrating multi-temporal classification based 

n Satellite Image Time Series (SITS) [52] . We have also observed 

 rapid advance in open RS technologies such as the launch of Sen- 

inel [71] , CBERS (Chinese Brazilian Earth Resources Satellite) [22] , 

nd Amazonia-1 satellite 1 , the increase of CubeSat compliant nano- 

atellites constellations, developments of the infrastructure for re- 

otely sensed data storage and dissemination, such as the Analysis 

eady Data (ARD) [54] , and also the evolution of machine learning 

echniques based on satellite imagery [36] . 

In this context, it is important to continuously review and re- 

ect upon recent developments on LULC mapping based on RS, 

nd also look ahead to new advances and opportunities to im- 

rove the LULC maps. Therefore, we present a brief review on Land 

se and Land Cover mapping (LULC) in the Cerrado biome from 

he application perspective: natural vegetation, pastureland, agri- 

ulture, and deforestation. In this review, we selected some stud- 

es whose results could contribute to the development of more de- 

ailed and accurate LULC maps for the Cerrado biome. This survey 

ocus on methods based on optical data although we understand 

hat radar systems can contribute to this matter. This review is or- 

anized as follows. In Sections 2 –5 , we briefly review some studies 

or mapping natural vegetation cover, pastureland, agriculture, and 

eforestation, respectively. In Section 6 , we discuss the main key 

oints that we would consider to develop new methods capable of 

roducing high accuracy and detailed LULC maps for the Cerrado 

iome and also present a comparative summary of some studies 

e have analyzed in this review. 

. Natural vegetation 

Large-scale mapping of the Cerrado vegetation using RS tech- 

ologies is still a challenge due to the high spatial variability 

nd spectral similarity among its vegetation types (phytophysiog- 

omies). [55] proposed a classification legend for Cerrado vegeta- 

ion with 25 phytophysiognomies classified according to horizontal 

nd vertical vegetation patterns observed in situ ( Fig. 2 ). The three 
1 http://www.inpe.br/amazonia1 

o

a

55 
ajor classes are grassland, savannah and forest. However, this sys- 

em follows a hierarchical structure, e.g., Grassland is divided into 

pen grasslands, shrub grasslands or rupestrian grasslands. 

Several authors have integrated RS technologies and machine 

earning in order to map Cerrado vegetation. The use of spectral 

eflectance information alone was not suitable to improve discrim- 

nation among various types of vegetation in the Cerrado and so 

ther methods have been adopted [20,24] . Ferreira et al. [20] eval- 

ated how the linear spectral un-mixing method contributed to 

he classification of 5 phytophysiognomies using a Landsat-7 im- 

ge. The authors performed an automatic classification using the 

ahalanobis distance. The misclassification errors and the recall 

alue of 75% for shrub grasslands and open savannah were highly 

ssociated with transition areas between these two classes and the 

lternation between shrubs and small trees. 

In order to tackle this problem, [26] proposed a method based 

n texture features derived from the Gray Level Co-occurrence Ma- 

rix (GLCM). Texture features like Entropy and Contrast were able 

o capture the smooth increase on arboreal elements percentage 

rom classes of shrub grasslands, shrub savannah, typical savan- 

ah and wooded savannah. The classification accuracy of eleven 

hytophysiognomies, using WorldView-2 images, spectral unmix- 

ng components, and the Random Forest (RF) algorithm [12] was 

f 67%. When the authors added texture features, the accuracy in- 

reased to 75% and the misclassification for all classes decreased. 

Schwieder et al. [63] used Tasseled Cap components of green- 

ess, brightness and wetness [34] derived from Landsat-5 and 

andsat-7 time series. Seven phytophysiognomies were classified 

sing the Support Vector Machines (SVM) algorithm [50] and the 

verall accuracy was of 63%. Transition areas between two vegeta- 

ion types were still a source of misclassification similar to what 

20] achieved. 

In addition to the hierarchy, another important aspect in the 

errado vegetation classification is the context in which each phys- 

ognomy occurs, since the [55] legend is based on in situ observa- 

ions. For example, the existence of some phytophysiognomy pat- 

ern relies on the proximity of water bodies and the presence of 

ertain vegetation species or rocky outcrops. Thus, a per pixel clas- 

ification is not able to correctly identify the context patterns. In 

rder to compare the hierarchical and non-hierarchical approaches 

nd consider the context in the classification, [44] employed a RF 

http://www.inpe.br/amazonia1
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Fig. 2. Physiognomies according to the Ribeiro and Walter classification system, represented in a biomass gradient (growing from right to left). 
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lgorithm and GEOBIA (Geographic Object-based Image Analysis) 

echniques to classify 7 phytophysiognomies. A Super pixel seg- 

entation method, called SLIC (Simple Linear Iterative Clustering) 

1] , was used in order to isolate spectrally homogeneous regions, 

nd thus create meaningful objects of similar sizes. The hierar- 

hical and non-hierarchical approaches overall accuracies were of 

8.95% and 66.40%, respectively. When analyzing the phytophys- 

ognomies individually, six of seven classes showed higher accura- 

ies in the hierarchical approach. 

Although these approaches have shown useful in the individ- 

al case studies, they were usually restricted to comparably small 

xtents and did not account for variations in environmental char- 

cteristics that exist across the entire Cerrado extent. The develop- 

ent of robust mapping approaches that account for these lim- 

tations is part of a project supported by the Forest Investment 

rogram (FIP) aiming to promote sustainable land use and forest 

anagement. Bendini et al. [8] analyzed the potential of Landsat 

nalysis-ready-data (ARD) in combination with different environ- 

ental data (terrain data, soil data and vertical distance to the 

earest drainage) to classify Forest, Savannah and Grassland with 

n overall accuracy of 86.04%. On the other hand, the classification 

f 12 vegetation types achieved an overall accuracy of 76.63%. 

In recent years, Deep Learning (DL) methods have thrived in the 

S field [36] . For mapping Cerrado vegetation, [48] used DL-based 

ethod to discriminate the three major types of vegetation (Forest, 

avannah and Grassland). The authors classified patches of Landsat 

mages that were entirely designated as one of the three classes. 

emantic segmentation, i.e., the assignment of a separate class per 

ixel, was not performed and a considerable mixture of classes in 

 single patch could be observed. 

The semantic segmentation was performed by Neves et al. 

45] to identify Forest, Savannah and Grassland in a Cerrado 

onservation unit. They used an adapted U-net architecture and 

chieved an overall accuracy of 87% [56] . Neves [47] adapted the 

-net architecture to hierarchically classify the vegetation phys- 

ognomies. Superpixel centroids were randomly selected and used 

s sample patches center to generate the training dataset. RGB 

ands combined with 2-band Enhanced Vegetation Index (EVI2) 

ere used as input data. For the first and second hierarchical levels 

he overall accuracy were 92.8% and 86%, respectively. 

. Pastureland 

In recent years, over 50 0,0 0 0 km2 of the Cerrado natural vege-

ation have been converted into cultivated pastures [51] . Sano et al. 

59] and Scaramuzza et al. [61] carried out pasture mapping in Cer- 

ado. Almeida et al. [2] mapped four different pasture cover types 

n the Amazon region: herbaceous pasture, shrubby pasture, pas- 

ure with bare soil and regeneration with pasture. They applied 

ethodologies based on image segmentation and visual interpre- 

ation, which not only takes a considerable amount of time but 

lso relies on the interpreters experience. 

In order to improve the mapping quality as well as to re- 

uce the time spent on visual interpretation, time series tech- 

iques have been employed to map pastures in Brazil. Müller et al. 
56 
42] used time series of Landsat-5 and Landsat-7 images in or- 

er to map pastures, agriculture, savannah, forest, water, and non- 

egetated lands in the state of Mato Grosso, Brazil. A Normalized 

ifference Vegetation Index (NDVI) time series and the Random 

orest (RF) algorithm were applied to perform a pixel wise classi- 

cation. Using several statistical metrics from time series, the au- 

hors obtained an overall accuracy of approximately 93%. Parente 

t al. [51] adopted a similar methodology based on a pixel-wise 

lassification to map pasture areas in the whole Brazilian territory. 

hey used NDVI time series and also RF algorithm in a cloud com- 

uting platform (Google Earth Engine) to annually map Brazilian 

astures, from 1985 to 2017, with a classification accuracy of about 

7%. 

Neves et al. [43] applied GEOBIA to classify pasture, forest and 

griculture in the state of Mato Grosso. Using time series of En- 

anced Vegetation Index 2 (EVI2) from MODIS images, polar time 

eries metrics [35] , and RF classifier, the authors compared a pixel- 

ise classification with GEOBIA approach. Considering the pasture- 

ands, GEOBIA techniques outperformed the pixel wise classifica- 

ion with an accuracy of 92% and 75%, respectively. Costa et al. 

15] also used several time series metrics obtained from MODIS 

mages to classify vegetation, pastures and other land uses in the 

tate of Minas Gerais, and the overall accuracy was 85%. 

Despite all effort s, automatic methods f or discriminating differ- 

nt types of pasture still pose a challenge. To classify pasture lands, 

46] used GEOBIA and Landsat 8 surface reflectance image time se- 

ies of three path/rows from 2013 to 2015. The methodology was 

ierarchically performed in two steps: in the first step, all pasture 

ands were detected and differentiated from other targets; in the 

econd step, pasture was differentiated between Herbaceous Pas- 

ure and Shrubby Pasture. The following features were used in the 

lassification: vegetation indices, fractions of the Linear Spectral 

ixture Model, components of the Tasseled Cap Transformation, 

ther spectral attributes and texture features. In the first step, the 

verall accuracy was up to 87.76%, while, in the second step, it was 

p to 73.15%. 

Girolamo-Neto et al. [25] verified that image texture when 

sed with other features extracted from Landsat-8 and Sentinel- 

 can improve the discrimination between herbaceous pasture and 

hrubby pasture in the Brazilian Amazon and Cerrado biomes, re- 

pectively. Besides, the use of texture information allowed identi- 

ying the first signs of pasture degradation, such as the presence 

f trees and bare soil patches on shrubby pastures. On the other 

and, [17] evaluated spectral unmixing components [64] to iden- 

ify degraded pastures. High values of soil and vegetation compo- 

ents were obtained for degraded pasture and cultivated pastures, 

espectively, demonstrating their importance to differentiate both 

ypes of pasture. Rufin et al. [58] evaluated the Tasseled Cap trans- 

ormation [34] to discriminate herbaceous pasture from shrubby 

asture in the Amazon, which was able to identify the transition 

etween both pastures. Even though various automatic method- 

logies have been proposed to identify different types of pasture, 

one of the previous studies have shown better results than those 

btained by Almeida et al. [2] . 
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. Agriculture 

The paradox between environmental conservation and eco- 

omic development is a challenge in Brazil, where there is a 

omplex and dynamic agricultural scenario. This reinforces the 

eed for effective methods for detailed agricultural mapping [7] . 

S data is an important solution for agricultural mapping, once 

t captures the seasonal vegetation behavior. Lower spatial res- 

lution sensors (250m - 1 km) with up to daily revisit times 

ave been widely used for agricultural mapping in the Cerrado 

iome [4,10,13,19,53,57] . Although low spatial resolution images 

ave been sufficient for mapping large-scale agricultural practices, 

uch as double and single cropping systems, they do not allow the 

etection of small fields due to the spectral mixture of different 

argets, which includes crops with significant importance for fam- 

ly farming. 

Most LULC mapping initiatives [2,67] , particularly agriculture, 

ave been applied at low level of thematic detail as a broad class 

or annual agriculture, which does not take into account cropping 

ractices and rotation systems patterns. Advances in computational 

rocessing performance and development of consistent methods to 

ntegrate data of different sensors have improved the LULC map- 

ing approaches [5,6,42,58,63] . However, high temporal resolution 

s necessary due to the high cloud cover as well as the variabil- 

ty in the agricultural calendar that produces different crop sea- 

ons within the same year and different cultivation practices (e.g., 

o tillage, center pivot irrigation, crop-livestock integration and the 

se of early varieties). In this case, the integration of Sentinel, 

andsat, CBERS imagery is a potential solution to increment the 

evisit frequency. However, great processing efforts to be made to 

erform spectral, geometric and radiometric imagery normaliza- 

ion, and also to correct the Landsat-7 scan Line Corrector (SLC)-off

ata [6,40] . 

Besides that, phenological metrics (phenometrics) extracted 

rom image time series [33] are valuable features to improve agri- 

ultural mapping methods. Phenometrics have been explored for 

his purpose, using MODIS time series [10] and recently also with 

andsat-like images [5,6,42] . 

In this context, [7] employed for the first time land surface phe- 

ological metrics derived from dense satellite image time series to 

lassify agricultural land in the Cerrado biome. They used all avail- 

ble Landsat images between April 2013 and April 2017, applying a 

eighted ensemble of Radial Basis Function (RBF) convolution fil- 

ers as a kernel smoother to fill data gaps such as cloud cover and

can Line Corrector (SLC)-off data. Through this approach, they cre- 

ted a dense Enhanced Vegetation Index (EVI) data cube with an 

-day temporal resolution and derived phenometrics for a RF clas- 

ification using different thematic levels in a hierarchical approach. 

his work showed that phenometrics derived from dense Landsat 

mage time series were able to describe complex agricultural phe- 

ological patterns in the Brazilian Cerrado, and to map the distri- 

ution of crops over this area with an accuracy greater than 90%. 

ith these results, the authors opened a perspective of integrating 

eatures from multiple crop seasons showing that phenometrics 

ombined with hierarchical classification approaches allows map- 

ing agriculture with a higher thematic detail. Furthermore, in the 

gricultural domain, hierarchical approach enables the evaluation 

f cropping practices and crop types regardless of the use of a pri- 

ri cropland mask. This methodology was already used for subsid- 

ng a public policy concerning to water use assessment in the Cer- 

ado biome by the Brazilian Water Agency [3] . 

. Deforestation 

Producing accurate deforestation maps is a crucial step for pro- 

iding information to enable public policies for preventing and 
57 
onitoring deforestation. INPE has been estimating deforestation 

ates in the Brazilian Amazon biome since 1988, through the 

RODES project, on an annual basis [29] . PRODES have been used 

ogether with the Near Real-time Deforestation Detection System 

DETER), which has played an important role in the reduction 

f deforestation rates in the Brazilan Amazon biome in the early 

0 0 0s [11] . Considered as the main references on large-scale accu- 

ate mapping of deforestation in tropical forests [14] , PRODES and 

ETER methodologies have been adapted to be applied to the Cer- 

ado biome, generating a very consistent temporal series of natural 

egetation suppression also for this biome, since 2018 [30] . 

Deforestation data provided by PRODES and DETER constitute 

 powerful information to support the development of automatic 

ethods to map deforested areas. Several initiatives have been 

aunched to automate this process, such as the Global Land Analy- 

is and Discovery (GLAD), developed by Global Forest Watch [28] , 

he Deforestation Alert System (SAD), developed by Imazon [68] , 

nd the SIAD, developed by LAPIG [27] . To assess state-of-art pat- 

ern recognition methods, [49] evaluated three deep learning tech- 

iques for automatic deforestation detection in the Brazilian Ama- 

on and Cerrado biomes. The authors used two Landsat 8 images 

cquired at different dates. The strategies based on Deep Learning 

chieved the best performance in comparison with other methods 

nd achieved an overall accuracy up to 95% for Cerrado. Following 

 similar change detection approach, [38] proposed two variations 

f the U-Net to map deforestation in the Brazilian Amazon biome, 

sing PRODES maps as training data and Landsat 8 imagery. Their 

ethodology was applied to an area in the Southestern of the state 

f Pará, achieving approximately 95% of overall accuracy. [37] ex- 

ended this method for large-scale areas, applying it for the en- 

ire state of Pará, which comprises approximately 1.25 km 

2 , with 

n overall accuracy of approximately 94%. Furthermore, the author 

dapted the method for applying to a region comprising approxi- 

ately 130 0 0 0 km 

2 in the east of the Cerrado biome, in the bor-

ers among the states of Bahia, Minas Gerais, Goiás and Tocantins, 

here an overall accuracy of approximately 92% was achieved. 

On the other hand, [70] developed a new method based on DL 

trategy using high spatiotemporal resolution imagery, provided by 

he PlanetScope constellation of CubeSat compliant nanosatellites. 

he author implemented a hybrid approach combining two types 

f artificial neural networks: a Recurrent Neural Network (LSTM) 

nd a Convolutional Neural Network (U-Net). The author produced 

 deforestation map for an area of 180 0 0 km 

2 of the Cerrado and a

eriod span from August 2017 to August 2018. The results achieved 

n overall accuracy of 99.92%. 

However, despite the promising results, these methods need 

urther improvements to compose a trustworthy fully automated 

pproach. Methods that consider short-term temporal contexts, 

uch as the ones proposed by [38] are still susceptible to errors 

ue to the occurrence of clouds in one of the considered times- 

amps, as well as to false positives because of the vegetation sea- 

onal behavior in the Cerrado biome. Likewise, making use of 

ense time-series along with spatial convolutions constitutes a big 

hallenge when it comes to mapping wider areas as it demands a 

reat effort to gather training samples for both spatial and tem- 

oral models. Therefore, the main challenge is to come up with a 

easible way to get the most of both spatial and temporal informa- 

ion. 

. Final remarks and future opportunities 

Performing LULC mapping in the Cerrado biome is a challenge 

ue to its complex vegetation cover, differently from the Amazon 

iome. Different strategies for LULC mapping in the Cerrado have 

een proposed and three relevant contributions can be pointed 

ut: 1) Time series analysis and phenological metrics arise as valu- 
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Table 1 

Summary of contributions and limitations of selected studies. 

Author Input Data Techniques Contributions Limitations 

Natural 

Vegetation 

[47] WorldView-2 (2 m) Deep Learning and GEOBIA Hierarchical semantic 

segmentation; 

Differentiate 9 vegetation 

types 

Small study area due to 

lack of reference data 

[20] Landsat (30 m) Mahalanobis distance Differentiate 5 vegetation 

types 

Confusion between Shrub 

Cerrado and Wooded 

Cerrado 

[8] Landsat (30 m) 

and Environmen- 

tal data 

Random Forest Differentiation of 12 

vegetation types and 

combination of 

environmental data in the 

data cube 

Limitations on mapping 

classes related to savanna 

gradients and also classes 

driven by spatial context 

[26] Landsat-8 (30 m) 

and WorldView-2 

(2 m) 

Random Forest, GEOBIA 

and Texture Analysis 

Use of GLCM entropy; 

Differentiate 10 vegetation 

types 

Require the use of squared 

segments which mix many 

classes into a single object 

Pastureland [51] Landsat (30 m) 

time series 

Random Forest Large-scale mapping for 

pastureland 

Low level of semantic 

detail; Salt-pepper noise 

due to cloud cover; 

Artifacts in the scene 

transitions 

[46] Landsat-8 (30 m) 

time series 

Random Forest and 

GEOBIA 

Hierarchical approach; 

Time series and GEOBIA 

improved discrimination 

between Shrubby Pasture 

and Herbaceous Pasture 

Segmentation considered 

only dry season which 

may not represent the 

entire time series 

[25] Sentinel-2 (20 m) 

time series 

Random Forest, GEOBIA 

and Texture Analysis 

Entropy and Contrast 

(GLCM) captured the 

difference between shrub 

and herbaceous pastures 

Concentration of 

shrub-arboreal elements 

on small portions of 

herbaceous pasture caused 

classification errors 

Agriculture [7] Landsat (30 m) 

dense time series 

Random Forest Use of phenometrics 

extracted from dense time 

series of medium spatial 

resolution satellites ; 

Hierarchical strategy; 

Higher level of detail 

Time series still present 

noise after filtering, in 

areas with a higher 

incidence of clouds; 

Limitations on the second 

season detection 

[4] MODIS (250 m) 

time series 

Maximum Likelihood Use of time series metrics; 

High accuracies for crop 

masking 

Low accuracy for mapping 

crop types (confusion with 

non- commercial crops); 

Low spatial resolution 

images 

[35] MODIS (250 m) 

time series 

Decision Trees Use of polar metrics from 

time series 

Low spatial resolution; 

Lack of semantic detail 

Deforestation [40] Landsat-8 OLI (30 

m) 

Multitemporal U-Net 

variation (Deep Learning) 

Use of semantic 

segmentation adapted to 

multitemporal images 

Cloud cover is a critical 

issue 

[70] PlanetScope (3 m) Hybrid Archi- tecture 

(Deep Learning) 

Combine spatial context 

and time series analysis 

Require big amount of 

training data 

[49] Landsat-8 OLI(30 

m) 

Deep Learning and SVM Compared two Deep 

Learning strategies to SVM 

Require big amount of 

training data; small study 

area 

[28] Landsat-8 OLI 

(30m) 

Decision trees over time 

series and spectral 

features 

Fully operational Limitations for mapping 

vegetation of low and 

medium height 
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ble assets to perform LULC mapping, particularly for agriculture; 

) Hierarchical classification approaches are an efficient strategy to 

eal with classification problems when involving a high number of 

lasses, making it possible to achieve higher accuracies in compari- 

on with those of the classical approach; 3) Contextual information 

s a key factor to accurately classify the natural vegetation and de- 

orestation patterns in the Cerrado biome. Table 1 shows a compar- 

tive summary of some studies discussed in our review, pointing 

ut their main contributions and limitations. 

Dense image data cubes composed of long-term SITS can im- 

rove extraction of LULC data and provide a better understand- 

ng of landscape dynamics [73] . In this context, numerous projects 

ave been developed to produce Earth Observation Data Cubes 

uch as the Australian Geoscience Data Cube (AGDC) [18] and 

he Framework for Operational Radiometric Correction for Environ- 

ental monitoring (FORCE) [23] . INPE researchers are currently de- 
58 
eloping the Brazilian Data Cube (BDC) from medium spatial reso- 

ution images, including Landsat, CBERS and Sentinel satellites im- 

gery [21] . 

Schultz et al. [62] demonstrated that it is possible to improve 

he performance of LULC mapping through the combination of 

patial and temporal heterogeneity and correlation. Thus, it is a 

uitable solution to incorporate contextual information and dense 

atellite image time series to perform LULC mapping. For such a 

ask, we believe that methods that incorporate spatial context such 

s multi-temporal segmentation, GEOBIA and semantic segmenta- 

ion must be explored. Recently, [16] proposed a multi-temporal 

mage segmentation method, combining the well-known region 

rowing approach and the Dynamic Time Warping to produce ho- 

ogeneous regions in space and time. Since the context obtained 

y spatiotemporal segmentation includes more than a single time 

eries, we can avoid the strong influence of noise by suppressing 
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ommon artifacts in SITS classification. Recently, [65] developed 

he Stmetrics package Python3 2 , which provides an environment 

o extract state-of-the-art time-series features. 

As presented in our previous discussion, new perspectives came 

p with the development of DL approaches. To make these meth- 

ds more accessible for RS users, [39] developed the DeepGeo 3 

ramework which is distributed as a free and open source pack- 

ge. The system consists on a package for Python programming 

anguage, which provides a high level and user friendly API (Appli- 

ation Programming Interface). Besides, it provides tools to easily 

cale up analysis to process large amount of data while remaining 

exible and easily extensible. 

Several research groups have been implemented their own sys- 

ems for analyzing RS data using friendly development frame- 

orks. In this sense, [35] developed the Geographic Data Mining 

nalyst (GeoDMA) 4 , a framework that integrates image segmen- 

ation, feature extraction and selection, landscape and multitem- 

oral features and data mining, allowing pattern recognition tasks 

nd multi-temporal analysis. But the RS community still demands 

or frameworks to easily perform LULC analysis, considering that 

ost of remote sensing specialists do not have skills on comput- 

ng. Therefore, most of them have utilized different tools to run all 

rocesses necessary for mapping LULC. The integration of all these 

ools in a framework in order to provide a friendly environment 

or processing and analyzing a large amount of data has been de- 

eloped by INPE researchers [21] . 

Finally, it is important to mention that Synthetic Aperture Radar 

SAR) images can be used together with optical images to improve 

he Cerrado vegetation mapping [41,60] . Cerrado vegetation ex- 

ibits a clear biomass gradient throughout different phytophysiog- 

omies and SAR systems are able to detect different degrees of sur- 

ace roughness. Therefore, we are also investigating SAR and LIDAR 

EDI data (Global Ecosystem Dynamics Investigation) as biomass 

roxies for Cerrado. 
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