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Abstract

There is a wide availability of methods and techniques for
classification of data from remote sensing images. However, one
of the biggest challenges is to identify whether the applied
method is really effective for the thematic mapping the terrain
features. Thus, the aim of this work was to provide a comparative
analysis involving data classification methods for mapping forest
cover using orbital images from the Landsat 8 satellite. The
applied method consisted of pre-processing the images,
calculating the NDVI image, performing the infrared image
composition and principal component analysis (PCA). The
maximum likelihood classification method (MAXVER) was used
to delimit the vegetation cover applied to the three types of
databases. To validate the classification results, field data,
Kappa analysis and pixel-by-pixel analysis were applied. The
results pointed out that the NDVI method showed the least
general similarity regarding to the reference data used for
validation from the MAPBIOMAS project. It was possible to
identify similar results in relation to the delimitation of forest
cover. The results allowed identifying that the several
methodologies available for classification of vegetation are of
great value for the thematic mapping of forest resources. In
addition, we conclude that the PCA showed the best capacity for
delimiting the vegetation cover in the study region, closely
followed by infrared composition, and the NDVI was the least
accurate.

can also provide important information to several
socioeconomic applications, such as feeding

Studies of changes in land use and land cover are
of essential importance, especially those
associated with the loss of vegetation cover.
These changes can be associated with several
anthropic and natural factors such as
deforestation, floods, and climatic phenomena.
Studies on the delimitation of vegetation cover

subsidies or the creation of databases for
environmental monitoring. These studies are
mainly from image data and remote sensing
techniques (BAN; GONG; GIRI, 2015; XUE; SU,
2017).

Through the reflectance and emission
properties of earth's surface objects present

1 Universidade Federal de Minas Gerais — Instituto de Geociéncias — Belo Horizonte, MG, Brazil deborajoanall@ufmg.br
2 Universidade Federal de Minas Gerais — Instituto de Geociéncias — Belo Horizonte, MG, Brazil. mtimbo@ufmg.br
3 Universidade Federal de Minas Gerais — Instituto de Geociéncias — Belo Horizonte, MG, Brazil. alexandrinogarcia@gmail.com

Soc. Nat. | Uberlandia, MG | v.32 | p.699-710 | 2020 | ISSN 1982-4513 699


https://orcid.org/0000-0003-3748-5622
https://orcid.org/0000-0001-7680-3131
https://orcid.org/0000-0001-7144-9866
mailto:deborajoana11@ufmg.br
https://orcid.org/0000-0003-3748-5622
https://orcid.org/0000-0001-7680-3131
https://orcid.org/0000-0001-7144-9866

DUTRA; ELMIRO; GARCIA

Comparative analysis of methods applied in vegetation cover delimitation

throughout the different spectral bands, remote
sensors are able to collect different responses of
the solar radiation reflected or emitted in a given
scene. The collected signal is important to image
classification, i.e. a pattern recognition process
(HAYES; SADER, 2001; MISRA et al, 2012).

According to Hayes and Sader (2001) and
Misra et al (2012), the image classification aims
at recognizing homogeneous patterns and
objects, identifying similarities in the data to
map a specific region of the earth's surface. In
addition, Novo (2010) explains that this process
uses technologies to numerically analyze digital
image information. According to the author, the
image classification can be defined as the value
assigned to each pixel of the image according to
the numerical property of the technique used.,
Hayes and Sader (2001) and Misra et al (2012)
demonstrate that through the spectral signature
of the different targets present on the earth's
surface, it is possible to identify vegetation
patterns, using different techniques based on
vegetation indexes, such as NDVI and RGB
composite band analysis

According to Foody (2004), Lyons et al (2018)
and Wei et al (2019) the advancements embodied
to the image data capturing process by sensors on
board satellite platforms has led to the
development of several classification
methodologies for mapping features on the
earth's surface. The classification procedure can
generate useful confidence intervals providing
easy and straightforward interpretation of
different objects present on the earth's surface.
However, every result of a mapping from remote
sensing data must be statistically evaluated in
order to analyze the accuracy and fidelity of the
classification.

The application of techniques that allow the
reduction of information from remote sensing
analysis without compromising the quality of the
mapping to be performed is one of the current
challenges for delimiting forest areas. This
defiance 1s associated to the high correlation that
the information of satellite bands presents
among themselves over the different spectral
bands (FORMAGGIO; SANCHES, 2017).

An effective way to minimize this high
similarity of the spectral bands, removing
redundancies and reducing the dimensionality of
the data without losing essential information, is
through statistical techniques applications such
as principal component analysis (PCA). PCA is a
method of linear transformation applied to a
database that aims to get a response variable
that can best represent a certain region. For this
goal, information from the wvariance of the

analyzed data set is used. In vegetation studies,
this technique can be applied to extract specific
spectral responses using data and remote sensing
methods. The technique is limited by the spatial
resolution of the study data that can interfere in
the effective identification of areas with
occurrence of forest cover (CHANDER; COAN;
SCARAMUZZA, 2008; CHIANG, 2014; CROSTA
et al, 2003; MISRA et al, 2012; TSAI; LIN;
YOSHINO, 2007). In the Iliterature, the
application of PCA in products of the Landsat
time series can be seen in works of mapping land
use and geological use (VURAL;
CORUMLUOGLU; ASRI, 2016), environmental
changes in watersheds (BRAGA et al, 2019),
delimitation of fire scars in vegetable lands
(SILVA; COSTA; MATRICARDI, 2017) and
landscape analysis with emphasis on vegetation
(CRUZ et al, 2018).

Thus, the objective of this work was to
provide a comparative analysis considering
classification methods of land surface data for
mapping forest cover using images from the
Landsat 8 satellite. The used approach involves
a comparative analysis encompassing the use of
vegetation index, composite bands and principal
component analysis.

METHODS

Case study: Analysis of the Serra Azul
stream sub-basin vegetation area

The research data used in this work correspond
to the territorial area of the Serra Azul stream
sub-basin, Minas Gerais — Brazil, geographically
located between the parallels of 20° 15' and 20°
00' south latitude and the meridians 44° 15' and
44° 35' west longitude (Figure 1). The region has
a reservoir, Serra Azul, which is responsible for
the water supply of part of the metropolitan
region of Belo Horizonte. The region is also
subjected to an extensive agricultural activity
spread throughout the territorial area. For the
classification process, an image from the Landsat
8 satellite platform, referring to 19/09/2019 date,
and samples of forest cover areas collected during
field visits were used. The image was acquired
through the Earth Explore project, from the
United States Geological Survey - USGS, the
coordinate system was converted to UTM
projection, Zone 23 South and SIRGAS2000
datum (Geocentric Reference System for the
Americas, held in 2000).

Soc. Nat. | Uberlandia, MG | v.32 | p.699-710 | 2020 | ISSN 1982-4513 700



DUTRA; ELMIRO; GARCIA

Comparative analysis of methods applied in vegetation cover delimitation

Figure 1 - Location of the study area, Serra Azul stream sub-basin.
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Source: Authors.

Remote sensing data pre-processing

The pre-processing of the satellite image, related
to the atmospheric correction of the spectral
bands, was carried out in the software QGIS 3.4.6
(QGIS, 2019), using the resources made available
in the Semi-Automatic Classification Plugin
(SCP). According to Congedo (2016) and Leroux
et al (2018), this plugin tool can automatically
perform top of the atmosphere corrections in
satellite images through a correction process
called Dark Object Subtraction (DOS). This
process, for its simplicity, is widely used in
orbital images such as those of Landsat 8,
Sentinel 2 and MODIS. According to Congedo
(2016) and Leroux et al (2018), the method
considers that there are always pixels in the
image bands located in regions of radiometric
shadows in which the corresponding radiation
received in the sensor on board satellite is not the
product of the target's reflection, but of
atmospheric dispersion. Thus, it is necessary to
convert the digital numbers of the image to the
original radiance, calculate the reflectance at the
top of the atmosphere and finally obtain the
reflectance at the earth's surface level.

Normalized Difference Vegetation Index
(NDVI)

Generation of the Normalized Difference
Vegetation Index (NDVI) was achieved with the
support of the Spring 5.2.7 software (CAMARA et
al, 1996), using the “Arithmetic Operations” tool
available in the “Image” menu. NDVI is widely
used in researching works for delimiting
vegetation cover, being characterized as an
enhancement processing between the bands of
the red spectrum and the near infrared spectrum
of on board satellite remote sensors through
mathematical operations. ROUSE et al (1973,
1974) proposed the relationships presented in
Equation 1, for the calculation of NDVI, which
ranges from 1 to -1.

NDVI = QR-R) 1)
(NIR+R)

Where NIR is the reflectance in the near
infrared spectrum and R is the reflectance in the
red spectrum.

In the results of the NDVI calculations the
pixel values closer to 1, correspond to a greater
vegetation development and density. This is
explained by a more intense response of the
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vegetation in the near infrared spectrum and
very low in the red spectrum. The zero values are
mainly because the reflectance of the clouds
occurs similarly in the red and near infrared
bands. Water is characterized by values close to -
1, as it has a greater reflectance in the red band
than in the near infrared band (MELO; SALES;
OLIVEIRA, 2011).

Infrared image composition

The infrared image composition in order to
enhance the region's vegetation cover was
achieved with the 5, 4 and 3 bands of the Landsat
8 satellite. This technique has been used in the
analysis of forest fragments (BARBOSA et al,
2018), analysis of vegetation composition and
diversity (SHARMA; CHAUDHRY, 2018).

According to Ponzoni, Shimabukuro and
Kuplich (2015), in the red spectrum of the visible
region the vegetation i1s presented in a dark
shade in the image due the absorption of red
radiation by chlorophyll. In the near infrared
spectrum region, the vegetation cover has a
lighter gray level due to the spread of this kind of
radiation throughout the vegetation cell
structure, so being returned to the environment
and increasing the response of vegetation in this
spectrum.

Principal Component Analysis (PCA)

In the remote sensing literature, PCA is defined
as a method to improve data interpretation,
being widely used for the detection of vegetation
as well as for changes in land use. In comparison
with the original data, the results provided by
application of PCA technique allow a better
reading of the image features. Objects present on
a land surface are better identified by applying

the PCA if compared to the original spectral
bands of the image. In Landsat images, about
97% of the information conveyed in the spectral
bands is usually present in the first three
principal components (PC), called PC1, PC2 and
PC3 (ABDU, 2019; SABINS JR, 1987).

This multivariate tool was used in the
present work for the classification of Landsat 8
satellite images. The transformation was
performed using data from the six Landsat 8
bands, namely: 2 (blue - 0.45 to 0.51 pm), 3 (green
- 0.53 to 0.59 nm), 4 (red - 0.64 to 0.67 pm), 5
(near infrared - 0.85 to 0.88 pum), 6 (short wave
infrared 1 -1.57 to 1.65 pm) and 7 (short wave
infrared 2 -2.11 to 2.29 pm). According to Noble
and Daniel (1986) and dJolliffe (2011), this PCA
technique comprises changing the multivariate
data related to the mean histogram of the data in
matrix X, to satisfy the equality represented by
Equation 2. The analysis of the histograms
allows finding a vector ¥ , called an eigenvector,
and a scalar T, called an eigenvalue.

cov(X).¥ = 1.V 2)

The cov(X) represents the data covariance
system, where the space is transformed into a
smaller subspace, ¥ represents the eigenvector
and t represents the eigenvalue.

After evaluating the variance and
eigenvalues, the main components with the
highest variance were selected for the
classifications. From this analysis, only the first
three factors (PC1l, PC2 and PC3), which
presented 99.9% of the data variability, were
used in the classifications through band
composition in the Spring 5.2.7 software platform
(CAMARA et al, 1996) (Figure 2).
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Image data classification

After the processing inherent to each specific
data set, the classification was performed using
the MAXVER algorithm available in the Spring
5.2.7 system. According to Camara et al (1996),
the MAXVER classification uses the weighting
analysis of the probability of occurrence between
the average distances of the gray levels of the
classes through sample training. This
classification considers that the user has a good
knowledge of the study area.

The classification was accomplished for the
three types of data: NDVI image, infrared image
composition and principal components PC1, PC2
and PC3. The images were classified considering
two thematic classes - “forest cover” and “non-
forest”. Statistical analysis of a 99.9% range
histogram was used, with an overall performance
acceptance threshold of 99% and producer and
user accuracy of 95% for the classification error
matrix for map generation.

Data validation

Field data (Figure 3), pixel-by-pixel comparison
through multiple windows and the Kappa
analysis by means of KHAT statistic (a Kappa
estimator) were used to validate the
classification and to compare the study
databases. According to White and Engelen

Figure 2 - Classification by PCA method.

PCA Composition

— Exclusion

Source: Authors.

(2000) and Hagen (2003), the pixel-by-pixel
comparison procedure is widely used to validate
the quality of a mapping resulting from remote
sensing techniques. This process is intended to
recognize local similarities by scrolling an image
through a pre-established window. Thus, the
method proposes to compare the pairs of
categories of two maps, checking whether they
are identical or differ from each other. For the
case study, a window variation of 1 to 15 pixels
was used.

According to Congalton and Green (1999),
Kappa analysis is a discrete multivariate
technique used in the evaluation of precision to
determine statistically whether an error matrix
is significantly different from the other. The
result of carrying out a Kappa analysis is the K
(KHAT) statistic, a Kappa estimate that
measures how well the classification was
performed according to reference data, Equation
3.

K = nZE ) ni- B nigny 3)

2,k . :
n2x Nl g Nig Ny

Where k refers to the number of rows in the
error matrix, n is the total number of
observations (samples), n; is the number of
observations in row i and column n;, is the total
of row 1 and n,; is the total of column i.
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Figure 3 - Field points data for classification validation.

For this analysis, the map from
MAPBIOMAS project was used as a reference
1mage to make a comparison among the proposed
classification methods. MAPBIOMAS is a project
managed by the National Institute for Space
Research that presents the classification of land
use of all Biomes in the country through the use
of data from the Landsat series, with spatial
resolution of 30m. Since the focus of the work is
on forest modifications, the classes of
MAPBIOMAS data classes were reclassified so
that two classes are considered, forest and non-
forest. The forest class comprised all classes of
native vegetation presented by the project, while
the non-forest class comprised anthropogenic

Font: Adapted from MAPBIOMAS (2019).

-

influences, such as agriculture, mining, urban
areas and water.

RESULTS AND DISCUSSION

As shown in Table 1 and Figure 4, the methods
delimited different extensions of coverage areas
for the forest and non-forest classes in the study
region. Regarding the MAPBIOMAS reference
map, the results of the image classifications
overestimate the forest area, by 39.20% (NDVI),
29.64% (infrared image) and 29.19% (PCA).

Table 1. Coverage, in hectares, of the analyzed land use classes for each database.

Class MABIOMAS NDVI Infrared image PCA
Forest cover 12622.23 20760.75 17939.70 17827.92
Non-forest 32162.85 24024.33 26845.38 26957.16
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Figure 4 — Result of image classification carried out by different techniques, namely NDVI, infrared
bands (543) and PCA.

Class

- Forest

Non-forest
|:| Basin

Source: Authors.

The three methods should produce little
different results, mainly related to
overestimation of forest cover. The method
allowed verifying differences concerning the
classification techniques. Figure 5 shows the
variations in results of the classifications along
the special protection area present in the study

region, which has forest areas along the entire
special protection area. This i1s a region
comprising a water supply reservoir for different
municipalities provision, showing dense forest
and plenty of water. Thus, four areas were chosen
to exemplify these minor differences in results.

Figure 5 — Examples of variation in results of the classification of land use by different methods in some
regions of the special protection area in the Serra Azul stream sub-basin, MG.

Source: Authors.

In regions that have suffered anthropogenic

influences associated with urbanization, as
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shown in Figure 6, it is possible to identify the
variation of the method in the identification of
forest areas. In area 2, with a predominance of
forest, it was possible to identify that NDVI was
the method that least identified these areas. In

this respect, the infrared composition and PCA
bands identified similar results. Regarding
anthropized areas, corresponding to areas 1,3
and 4, it was found that PCA best identified non-
forest areas.

Figure 6 — Details of variation in results of the classification of land use by different methods in some
m sub-basin, MG

. or-

Source: Authors.

Through the four regions analyzed, it was
possible to verify the variation in results of each
classification method. Among them, the NDVI
presented the greatest delimitation of non-forest
areas amid the forest cover, showing itself as the
one that had the greatest noise in the
delimitation of vegetation. The PCA and the
infrared image combination delimited a greater
amount of vegetation cover, presenting a
classification of non-forest in different regions.

In the validation step of the classifications
performed with the field data, all methods
indicated the same classification assigned to the
field samples. It was not possible to verify
differences between the classifications with the
collection points.

The validation by Kappa analysis (Figure 7)
identified that the infrared image and PCA
presented similar results, with values between
0.60 and 0.62, which are considered strong

according to the Spring software platform. NDVI
had the lowest KHAT index, 0.47, of moderate
classification. Regarding the percentage of
correct answers, it was identified that the
infrared image composition and PCA also
presented similar results, between 0.81 and 0.82.
The NDVI vegetation index had the lowest
percentage of correct answers at 0.74.

This proximity may indicate that these
selected original bands have a greater influence
on PCA factors. The proximity of the resulting
values can also be explained by the fact that
bands 4 and 5 interact vigorously with the
vegetation layer. According to Ponzoni and
Shimabukuro (2010), vegetation interacts better
in the bands of the visible spectrum, mainly red
radiation, and the near infrared spectrum. This
process is due to biological issues of vegetation
associated with the production of chlorophyll and
growth of the trunks.
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Figure 7 - Result of validation by Kappa analysis for each database, namely NDVI, infrared composition

and PCA.
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Kappa Index: 0.4740 (Moderate)

Hits: 0.8189
Kappa Index: 0.6030 (Strong)

Hits: 0.8248
Kappa Index: 0.6152 (Strong)

Source: Authors.

The validation by multiple windows allowed
to verify the minimum and maximum similarity
between the MAPBIOMAS reference data and
the classifications performed (Figure8). It was
possible to identify an increase in similarity
values as the window size increased. The
classifications of PCA components and infrared
image composition showed similar results,
ranging from 0.50 to 0.54 for minimum similarity
and 0.82 to 0.90 for maximum similarity. NDVI
data showed that the minimum similarity varied
from 0.46 to 0.52 while the maximum similarity
varied from 0.74 to 0.83.

The classification using NDVI showed the
lowest general similarity (Figure 8). The low
value demonstrates that the technique may have
some limitations that may refer to noise in the
image causing confusion in the image
classification process. It was possible to identify
areas of confusion, especially in regions of sparse
vegetation, such as the areas in Cerrado biome.
Ferreira Junior (2015) indicates that for smaller
regions, NDVI presents a better response in

comparison with the other techniques analyzed,
such as infrared image composition and PCA, for
the identification of forest cover areas.

According to Herculano (2016), in the
vegetation mapping applications, the noise
present in the images can compromise the image
classification process. Thus, the field wvisit is
important to check the classification results. The
same study indicates that in smaller areas,
without major anthropic interference, NDVI and
PCA may present similar results for mapping
vegetation.

The literature demonstrates that the image
classification can be affected by several noises
that cause the object's poor classification.
Ponzoni, Shimabukuro and Kuplich (2015)
explain that the presence of shadows next to
objects in the different bands of the spectrum,
especially in non-forest regions, inducing a
mapping error. Thus, it is always advisable to
visit the study area to make adjustments in the
object's identification.
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Figure 8 - Result of validation by multiple windows for each database. (a) minimum validation window
and (b) maximum validation window.
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Digital image processing technology has been
experiencing many advances over the past
decades, which has allowed the improvement of
classification techniques, as well as the
comparison among methods. Chutia et al (2016),
recommends that it is necessary to develop
algorithms capable of extracting the best features
from the land surface, especially when the
technique used is not accessible for comprising
training data. For example, Matasci et al (2015)
suggest the use of non-linear methods such as
Kernel Principal Component Analysis (KPCA)
and Transfer Component Analysis (TCA). Using
these techniques demands, however, robust data
processing capabilities requiring some
investments in computational resources.

The image's classification algorithms provide
effective identification of patterns in images
demonstrating that remote sensing is an effective
tool for applications in the mapping of forms of
land use and occupation, mainly associated with
forest areas. However, is important to validate
the data to guarantee the quality of the final
work completed (FERREIRA JUNIOR, 2015).

Soc. Nat. | Uberlandia, MG | v.32 | p.699-710 | 2020 | ISSN 1982-4513

FINAL CONSIDERATIONS

The principal component analysis had results
similar to the infrared 1image composition
method, which allowed inferring that the three
selected bands for infrared composition may have
more influence than the others on the formation
of the major variance factors of the principal
components.  Therefore, the PCA  best
characterized the vegetation cover in the region,
being closely followed by infrared image
composition, when validated with the land use
data of the MAPBIOMAS project.

The anthropic areas, in the NDVI
classification, show the least similarity degree.
The several methods for classifying land use and
cover based in remote sensing resources and
image data have proven to be effective tools of
useful interest for mapping different areas,
especially those related to forested regions. In
projects for mapping vegetation cover, special
attention should be paid to the location of
vegetation areas, as the effects of shadows and
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cloud interferences can introduce noise in the
mapping results. Thus, it is strongly necessary to
use field reference data to validate the
classification results.

ACKNOWLEGMENTS

This study was financed by the Coordenacio de
Aperfeicoamento de Pessoal de Nivel Superior
(CAPES), a Brazilian government agency for the
improvement of higher education human
resources — Finance Code 001.

REFERENCES

ABDU, H. A. Classification accuracy and trend
assessments of land cover- land use changes
from principal components of land satellite
images. International Journal of Remote
Sensing, v. 40, n. 4, p. 1275-1300, 2019.
https://doi.org/10.1080/01431161.2018.152458
7

BAN, Y.; GONG, P.; GIRI, C. Global land cover
mapping using Earth observation satellite
data: Recent progresses and challenges.
ISPRS Journal of Photogrammetry and
Remote Sensing, v. 103, p. 1-6, 2015.
https://doi.org/10.1016/;.isprsjprs.2015.01.001

BARBOSA, S. G. et al. Geotechnology in the
analysis of forest fragments in northern Mato
Grosso, Brazil. Scientific Reports, v. 8, n. 1,
p. 1-7, 2018. https://doi.org/10.1038/s41598-
018-22311-y

BRAGA, T. G. M. et al. A dindmica de alteracgoes
ambientais com base nas transicgoes,
permanéncias e vulnerabilidades: o caso da
bacia hidrografica do rio Moju, Amazodnia.
Interciencia, v. 44, n. 3, p. 178-186, 2019.

CAMARA, G. et al. Spring: Integrating Remote
Sensing and Gis By Data Modelling. Science,
v. 20, n. 3, p. 395-403, 1996.
https://doi.org/10.1016/0097-8493(96)00008-8.

CHANDER, G.; COAN, M. J.; SCARAMUZZA, P.
L. Evaluation and comparison of the IRS-P6
and the landsat sensors. IEEE Transactions
on Geoscience and Remote Sensing, v. 46,
n. 1, p. 209-221, 2008.
https://doi.org/10.1109/TGRS.2007.907426

CHIANG, J. L. Knowledge-based principal
component analysis for image fusion. Applied
Mathematics and Information Sciences, v.
8, n. 1 L, p. 223-230, 2014.
http://dx.doi.org/10.12785/amis/081L28

CHUTIA, D. et al. Hyperspectral Remote Sensing
Classifications: A Perspective  Survey.
Transactions in GIS, v. 20, n. 4, p. 463—490,
2016. https://doi.org/10.1111/tgis. 12164

CONGALTON, R. G.; GREEN, K. Assessing the
Accuracy of remote sensed data: principle
and pratices. New York: Lewis Publishers,
1999.

CONGEDO, L. Semi-Automatic
Classification Plugin Documentation
Release 4.8.0.1. QGIS, 2016. v. 1.

CROSTA, A. P. et al. Targeting key alteration
minerals in epithermal deposits in Patagonia,
Argentina, using ASTER imagery and
principal component analysis. International
Journal of Remote Sensing, v. 24, n. 21, p.
4233—-4240, 2003.
https://doi.org/10.1080/0143116031000152291

CRUZ, A. P. et al. Inter-relacéo entre paisagem,
organizacdo floristico-estrutural edemografia.
Ciéncia Florestal, v. 28, n. 1, p. 67-79, 2018.

FERREIRA JUNIOR, J. I. Analise comparativa
dos métodos de classificacio da vegetacio
NDVI e analise por componentes principais em
uma imagem rapideye. Cadernos do leste, v.
15, n. 15, p. 66-85, 2015.

FOODY, G. M. Thematic map comparison:
Evaluating the statistical significance of
differences in  classification accuracy.
Photogrammetric Engineering and
Remote Sensing, v. 70, n. 5, p. 627-633, 2004.
https://doi.org/10.14358/PERS.70.5.627

FORMAGGIO, A. R., SANCHES, 1. D.
Sensoriamento remoto em agricultura. 1°
ed. Sdo José dos Campos: Oficina de Textos,
2017.

HAGEN, A. Fuzzy set approach to assessing
similarity of categorical maps. International
Journal of Geographical Information. n.
June, p- 3741, 2003.
http://dx.doi.org/10.1080/13658810210157822

HAYES, D. J.; SADER, S. A. Comparison of
change-detection techniques for monitoring
tropical forest clearing and vegetation
regrowth in a time series. Photogrammetric
Engineering and Remote Sensing, v. 67, n.
9, p. 1067-1075, 2001.

HERCULANO, R. N. Aplicacdo dos métodos de
classificacdo de imagem ndvi e acp para o
mapeamento de floresta nativa da apa do
benfica no municipio de Itatna/MG: uma
analise comparativa. Cadernos do leste, v.
16, n. 16, p. 98-113, 2016.

JOLLIFFE, I. Principal component analysis.
Berlin. Springer Berlin Heidelberg, 2011.

MAPBIOMAS. Colecao MAPBIOMAS.
Available n:

Soc. Nat. | Uberlandia, MG | v.32 | p.699-710 | 2020 | ISSN 1982-4513 709


https://doi.org/10.1080/01431161.2018.1524587
https://doi.org/10.1080/01431161.2018.1524587
https://doi.org/10.1016/j.isprsjprs.2015.01.001
https://doi.org/10.1038/s41598-018-22311-y
https://doi.org/10.1038/s41598-018-22311-y
https://doi.org/10.1016/0097-8493(96)00008-8
https://doi.org/10.1109/TGRS.2007.907426
http://dx.doi.org/10.12785/amis/081L28
https://doi.org/10.1111/tgis.12164
https://doi.org/10.1080/0143116031000152291
https://doi.org/10.14358/PERS.70.5.627
http://dx.doi.org/10.1080/13658810210157822

DUTRA; ELMIRO; GARCIA

Comparative analysis of methods applied in vegetation cover delimitation

<https://mapbiomas.org/download>. Acessed:
June 15, 2019.

LEROUX, L. et al. Land cover mapping using
sentinel-2 images and the semi-automatic
classification plugin: a northern burkina faso
case study. QGIS and Applications in
Agriculture and Forest, v. 2, p. 119-151,
2018.
https://doi.org/10.1002/9781119457107.ch4

LYONS, M. B. et al. A comparison of resampling
methods for remote sensing classification and
accuracy assessment. Remote Sensing of
Environment, v. 208, n. September 2017, p.
145-153, 2018.
https://doi.org/10.1016/j.rse.2018.02.026

QGIS. QGIS Development. QGIS Geographic
Information System. Open Source Geoespatial
Fundation Project, 2019

MATASCI, G. et al. Semisupervised transfer
component analysis for domain adaptation in
remote sensing image classification. IEEE
Transactions on Geoscience and Remote
Sensing, v. 53, n. 7, p. 3550-3564, 2015.
https://doi.org/10.1109/TGRS.2014.2377785

MELO, E. T.; SALES, M. C. L.; OLIVEIRA, J. G.
B. Aplicagdo do indice de vegetacdo por
diferenca normalizada (NDVI) para anéalise da
degradacéo ambiental da microbacia
hidrografica do Riacho dosCavalos, Crateus-
CE. Ra’E Ga, v. 23, p. 520-533, 2011.

MISRA, G. et al. Mapping specific crop: A multi
sensor temporal approach. International
Geoscience and Remote Sensing
Symposium (IGARSS), n. July, p. 3034—
3037, 2012.
https://doi.org/10.1109/IGARSS.2012.6350786

NOBLE, B.; DANIEL, J. W. Algebra linear
aplicada. Rio de Janeiro: Prentice-Hall do
Brasil, 1986.

NOVO, E. M. L. M. Sensoriamento remoto:
Principios e aplicacoes. 4. ed. Sao Paulo:
Blucher, 2010.

PONZONI, F. J.; SHIMABUKURO, Y. E,;
KUPLICH, T. M. Sensoriamento remoto da
vegetacao. Sdo José dos Campos: Oficina de
Textos, 2015.

PONZONI, F. J.; SHIMABUKURO, Y. E.
Sensoriamento Remoto no Estudo da
Vegetagao. Sio dJosé dos Campos: Ed.
Paréntese, 2010.

ROUSE, J. W. et al. Monitoring vegetation

systems in the great plains with ERTS. Third
Earth Resources Technology Satellite
(ERTS) symposium, v. 1, p. 309-317, 1973.

ROUSE, J. W. et al. Monitoring the vernal
advancement and retrogradation (green wave
effect) of natural vegetation. Type II Report
for the period (Sptember 1973 - March
1973). College Station, Texas: 1974.

SABINS JR, F. F. Remote sensing--principles
and interpretation. 1987.

SHARMA, V., CHAUDHRY, S. Vegetation
composition and plant diversity in mining
disturbed tropical thorn forest of Asola-Bhatti
wildlife sanctuary, northern India. Taiwania,
v. 63, n. 3, p.  267-280, 2018.
https://doi.org/10.6165/tai.2018.63.267

SILVA, C.V.J.; COSTA, O. B.; MATRICARDI, E.
A. T. Deteccao de cicatrizes de fogo na
vegetacdo cerrado do Distrito Federal entre
1999 a 2011. Revista Brasileira de
Cartografia, v. 69/4, p. 687-699, 2017.

TSAI, F.; LIN, E. K.; YOSHINO, K. Spectrally
segmented principal component analysis of
hyperspectral imagery for mapping invasive
plant species. International Journal of
Remote Sensing, v. 28, n. 5, p. 1023-1039,
2007.
https://doi.org/10.1080/01431160600887706

VURAL, A.; CORUMLUOGLU, O.; ASRI, I
Exploring goérdes zeolite sites by feature
oriented principle component analysis of
Landsat 1images. Caspian dJournal of
Environmental Sciences, v. 14, n. 4, p. 285—
298, 2016.

WEI, W. et al. Study on remote sensing image
vegetation classification method based on
decision tree classifier. Proceedings of the
2018 IEEE Symposium Series on
Computational Intelligence, SSCI 2018, p.
2292-2297, 2019.
https://doi.org/10.1109/SSCI1.2018.8628721

WHITE, R; ENGELEN, G. High-resolution
integrated modelling of the spatial dynamics of
urban and regional system. Computers,
environment and urban system, v. 24, p.
383—-400, 2000.

XUE, J.; SU, B. Significant remote sensing
vegetation indices: A review of developments
and applications. Journal of Sensors, v.
2017, 2017.
https://doi.org/10.1155/2017/1353691

@ This is an Open Access article distributed under the terms of the Creative Commons Attribution
et License, which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.

Soc. Nat. | Uberlandia, MG | v.32 | p.699-710 | 2020 | ISSN 1982-4513 710


https://mapbiomas.org/download
https://doi.org/10.1002/9781119457107.ch4
https://doi.org/10.1016/j.rse.2018.02.026
https://doi.org/10.1109/TGRS.2014.2377785
https://doi.org/10.1109/IGARSS.2012.6350786
https://doi.org/10.6165/tai.2018.63.267
https://doi.org/10.1080/01431160600887706
https://doi.org/10.1109/SSCI.2018.8628721
https://doi.org/10.1155/2017/1353691

