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ABSTRACT

The classification of tree species can significantly benefit from high spatial and spectral information
acquired by unmanned aerial vehicles (UAVs) associated with advanced classification methods. This
study investigated the following topics concerning the classification of 16 tree species in two
subtropical forest fragments of Southern Brazil: i) the potential integration of UAV-borne hyperspec-
tral images with 3D information derived from their photogrammetric point cloud (PPC); ii) the
performance of two machine learning methods (support vector machine – SVM and random forest –
RF) when employing different datasets at a pixel and individual tree crown (ITC) levels; iii) the
potential of two methods for dealing with the imbalanced sample set problem: a new weighted
SVM (wSVM) approach, which attributes different weights to each sample and class, and a deep
learning classifier (convolutional neural network – CNN), associated with a previous step to balance
the sample set; and finally, iv) the potential of this last classifier for tree species classification as
compared to the above mentioned machine learning methods. Results showed that the inclusion of
the PPC features to the hyperspectral data provided a great accuracy increase in tree species
classification results when conventional machine learning methods were applied, between 13 and
17% depending on the classifier and the study area characteristics. When using the PPC features and
the canopy height model (CHM), associated with the majority vote (MV) rule, the SVM, wSVM and RF
classifiers reached accuracies similar to the CNN, which outperformed these classifiers for both areas
when considering the pixel-based classifications (overall accuracy of 84.4% in Area 1, and 74.95% in
Area 2). The CNN was between 22% and 26% more accurate than the SVM and RF when only the
hyperspectral bands were employed. The wSVM provided a slight increase in accuracy not only for
some lesser represented classes, but also some major classes in Area 2. While conventional machine
learning methods are faster, they demonstrated to be less stable to changes in datasets, depending
on prior segmentation and hand-engineered features to reach similar accuracies to those attained by
the CNN. To date, CNNs have been barely explored for the classification of tree species, and CNN-
based classifications in the literature have not dealt with hyperspectral data specifically focusing on
tropical environments. This paper thus presents innovative strategies for classifying tree species in
subtropical forest areas at a refined legend level, integrating UAV-borne 2D hyperspectral and 3D
photogrammetric data and relying on both deep and conventional machine learning approaches.
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Introduction

Among Brazilian biomes, the Atlantic Rain Forest, locally

known as Mata Atlântica, is a global priority for biodi-

versity conservation due to its abundance in flora and

fauna species (Myers et al. 2000; Laurance 2009;

Colombo and Joly 2010). Due to anthropogenic distur-

bances, such as industrial activities, urbanization, and

agricultural expansion, its current vegetation cover was

estimated at 16% in 2009 (Ribeiro et al. 2009) and 28% in

2018 (Rezende et al. 2018). The Mixed Ombrophylous

Forest (MOF), a phytophysiognomy of the Atlantic Rain

Forest and one of the main formations in the southern

region of Brazil, is considered one of the most threa-

tened phytophysiognomies and has lost 75.6% of its

original coverage (Vibrans et al. 2013). It is characterized

by a heterogeneous formation of vegetation with primi-

tive genera, such as Drimys, Araucaria (Australasian) and

Podocarpus (Afro-Asian) (Higuchi et al. 2013). Even

though legally protected and its harvesting for timber
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prohibited by law in Brazil, the Araucaria angustifolia
species is critically endangered according to the “List of

Threatened Species” of the International Union for

Conservation of Nature (IUCN 2017).

Currently, one of the main challenges for conserva-

tion is to obtain sound and trustworthy information at

a large scale to monitor biodiversity, resources, ecosys-

tem services and the anthropogenic impact on natural

environments (Wagner et al. 2019). Remote sensing is

considered an effective means for this effort, not only

because of the increased spatial and temporal resolu-

tions of the datasets, which enable identifying elements

of biodiversity, such as tree species, but also because of

the increase in available data and in the associated

computational capacity to process such data (Ghosh

et al. 2014; He et al. 2015; Kwok 2018).

Small-format hyperspectral cameras on-board

unmanned aerial vehicles (UAVs) provide high spectral

and very high spatial resolution data, substantially

increasing the scope of remote sensing applications.

UAV-borne sensors enable to collect data even under

cloud cover conditions. Moreover, they are flexible

regarding spatial and temporal resolution, what makes

them a cost-effective and operational solution for many

applications (Honkavaara et al. 2013), such as tree spe-

cies classification (Nevalainen et al. 2017; Tuominen et al.

2018; Sothe et al. 2019a).

Besides the high spatial and spectral resolution data,

UAV-borne sensors operating in frame format record

spectral data in two spatial dimensions at each exposure,

allowing for the extraction of 3D information via imaging

spectroscopy (Aasen et al. 2018). This information can

capture differences in vertical structure among tree spe-

cies (i.e. tree height, tree patterns and leaf distributions)

(Näsi et al. 2015; Tuominen et al. 2018) that can be valu-

able for tree species classification. Over the last years,

many studies have shown some improvement in accuracy

when integrating multispectral or hyperspectral data with

3D information (e.g., derived from Light Detection and

Ranging-LiDAR data or PPC) for tree species classification

(Dalponte, Bruzzone, and Gianelle 2012; Ghosh et al. 2014;

Baldeck et al. 2015; Piiroinen et al. 2017; Tuominen et al.

2018; Sothe et al. 2019a). This combination allows to

obtain a richer description of the analyzed vegetation, as

these sources of information are complementary to each

other (Ghosh et al. 2014), but until now they have been

poorly explored in tropical forests.

The classification of tree species with high spatial reso-

lution hyperspectral images is performed mainly at an

individual tree crown (ITC) or at a pixel scale (Shen and

Cao 2017). At a pixel scale, species identification is con-

ducted using classification approaches based on the spec-

tral information of each pixel. However, the presence of

noise, differences in lighting conditions and spectral varia-

bility within the crowns, such as branches, presence of

lianas, background, shadow, may negatively affect the

classification results. At an ITC scale, object-based

approaches use tree crowns as classification units, redu-

cing the effects of spectral variability of pixels (Heinzel and

Koch 2012). In this sense, many studies showed that the

classification of tree species at an ITC level using object-

based image analysis (OBIA) or themajority vote rule (MV)

approaches has proved to be more accurate than that

executed at a pixel scale (Clark, Roberts, and Clark 2005;

Clark and Roberts 2012; Dalponte et al. 2013; Féret and

Asner 2013). Furthermore, a classification map at an ITC

level may be more easily related to the biophysical and

biochemical properties of the species and has practical

applications in studies of individual trees (Dalponte et al.

2014; Shen and Cao 2017).

Besides the data and the classification approach, the

classification method is also decisive for a precise land

use and cover mapping (Lu and Weng 2007). In this

respect, machine learning algorithms, such as support

vector machine (SVM) and random forest (RF), have been

on the spotlight for tree species classification over the

last years (Dalponte, Bruzzone, and Gianelle 2012; Ghosh

et al. 2014; Baldeck et al. 2015; Ballanti et al. 2016;

Ferreira et al. 2016; Piiroinen et al. 2017; Franklin and

Ahmed 2017; Maschler, Atzberger, and Immitzer 2018;

Ferreira et al. 2019). These methods are considered

robust and work well in the presence of a wide range

of class distributions (Andrade, Francisco, and Almeida

2014) and with high dimensionality and multisource

data (Ghosh et al. 2014).

Nevertheless, even with the availability of high spec-

tral and spatial resolution data and robust classifiers, it is

observed that studies involving tropical forests have

been limited to the classification of three to eight domi-

nant canopy species (e.g., Clark, Roberts, and Clark 2005;

Clark and Roberts 2012; Baldeck et al. 2015; Ferreira et al.

2016; Shen and Cao 2017). Among the issues that ham-

per the classification of a high number of tree species in

such environments, the presence of dominant and min-

ority classes is to be mentioned, resulting in an imbal-

anced sample set, with a small number of samples

available for the less often found tree species (Mellor

et al. 2015). In this case, sampling the natural abundance

of species would lead to highly skewed sample sizes

across classes, while increasing the sample sizes of rare

species would be time-consuming and costly (Graves

et al. 2016). Concerning this, some approaches relying

on machine learning have been adapted to deal with

small or imbalanced sample sets (Dalponte et al. 2015;

Graves et al. 2016; Nguyen, Demir, and Dalponte 2019).

Dalponte et al. (2015) proposed a semi-supervised SVM
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to combine the information from both labeled and unla-

beled sets as a way to increase the number of samples.

Graves et al. (2016) investigated the imbalanced classes

problem with two strategies: i) creating a dataset where

every class has the same amount of training samples,

equal to the number of samples of the smallest class;

and ii) allowing different cost parameters for each class

while using the SVM classifier. Nguyen, Demir, and

Dalponte (2019) proposed a weighted SVM (wSVM)

method specifically developed to solve the problems of

unbalancing, unreliability, and size of the training sets

for tree species classification at an ITC level.

Although conventional machine learning methods

such as RF and SVM are very well established in litera-

ture, these methods are based on hand-engineered fea-

tures, and are thus highly dependent on domain

knowledge (Li, Zhang, and Shen 2017). Recently, deep

learning has been introduced into hyperspectral images

classification and is able to extract deep spatial and

spectral features from hyperspectral data (Signoroni

et al. 2019). Much of the pioneering work on deep

learning applied to hyperspectral data classification has

given evidence that the identification of deep features

leads to higher classification accuracies for hyperspectral

data (Chen et al. 2014; Li et al. 2017; Wagner et al. 2019).

Among these methods, the convolutional neural net-

work (CNN) algorithm is a supervised deep learning

model that has produced promising results in the classi-

fication of remotely sensed images (Yue et al. 2015; Li,

Zhang, and Shen 2017; Wang et al. 2017; Gao, Lim, and

Jia 2018), including tree species classification purposes

in particular (Pölönen et al. 2018; Fricker et al. 2019;

Hartling et al. 2019). Despite its great potential, to the

best of our knowledge, there are no studies involving

CNN for tree species classification in tropical or subtro-

pical forests.

Considering what was above exposed, two MOF frag-

ments belonging to the Atlantic Rain Forest biome were

analyzed in this study. These areas comprise many tree

species with both coniferous and broadleaves mixed

together, frequently resulting in imbalanced sample sets.

Therefore, this study was committed to evaluate the pure

and combined use of high spectral and spatial resolution

data acquired by a UAV and their PPC, associated with

machine and deep learning methods for the classification

of a large number of tree species (refined legend level).

Concerning the imbalanced sample sets, this paper inves-

tigated a new weighted SVM classifier specifically devel-

oped to solve the problems of unbalancing, unreliability,

and size of the training sets for tree species classification

(Nguyen, Demir, and Dalponte 2019), and a CNN architec-

ture associated with a previous step to balance the num-

ber of samples per class. The following hypotheses were

tested: i) the inclusion of 3D features derived from the PPC

to the 2D hyperspectral data improves the tree species

classification; ii) the use of ITC as a classification unit (i.e.

object-based approach or by means of the MV rule at an

object level) increases the tree species classification

accuracies of machine learning methods in relation to

the pixel-based classification; iii) classifiers dealing with

the imbalanced samples can increase the accuracy of less

represented classes; iv) the CNN algorithm can effectively

classify tree species using fewer features than conven-

tional machine learning methods with comparable accu-

racy indices. Hereafter we use the term machine learning

to refer to conventional machine learning approaches

that do not rely on deep learning.

Material

Study areas

The study areas are located in the southern region of

Brazil, in the municipality of Curitibanos, Santa Catarina

state (Figure 1). The areas cover an extension of approxi-

mately 30 ha (Area 1) and 19 ha (Area 2). They belong to

the Atlantic Rain Forest biome and the MOF phytophy-

siognomy. According to the Köppen–Geiger classifica-

tion, the climate is Cfb, moist mesothermal with no

clearly defined dry season, with a mean annual tempera-

ture of 15°C and a yearly rainfall of 1,616 mm (Peel,

Finlayson, and Mcmahon 2007). The MOF formation of

the study areas is classified as Montane, located approxi-

mately at 750 m above sea level (IBGE, 2012).

Input data

The hyperspectral data were acquired in a flight exe-

cuted in December 2017 (spring season), using

a quadcopter UAV (UX4 model) and a frame format

hyperspectral camera (Senop Ltd. 2018) based on

a Fabry–Perot interferometer (FPI), model 2015 (DT-

0011). The camera contains one irradiance sensor and

one global navigation satellite system (GNSS) receiver.

The hyperspectral imager FPI technology operates on

the time-sequential principle (Honkavaara et al. 2017). The

camera has two CMOSIS CMV400 sensors that by means

of an adjustable air gap are flexible in selecting up to 25

spectral bands ranging from 500 to 900 nm with the

minimum bandwidth of 10 nm at the full width at half

maximum (FWHM) (Miyoshi et al. 2018). However, by

increasing the number of acquired bands, the acquisition

time also increases, resulting in spatial offsets among

them that need to be corrected in the processing phase

(c.f. Section “Data preprocessing”) (Honkavaara et al. 2013,

2017; Aasen et al. 2018). The final settings concerning the
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hyperspectral camera consider 25 bands ranging from

506 to 819 nm and FWHM between 12.84 and 21.89 nm.

The aerial surveys were carried out in two consecutive

days between 12:55 and 13:16 (UTC-3) in Area 1, and

between 10:59 and 11:06 (UTC-3) in Area 2. The flights

were conducted keeping a great overlap between the

stripes, which enabled the creation of high spatial resolu-

tion photogrammetric point clouds (PPCs). On both occa-

sions the illumination conditions were stable, and the

weather was sunny. Table 1 shows the characteristics of

the camera, of the flight and of the data acquired in the

study areas.

Field data and samples collection

Two fieldworks were carried out over both areas. In the

first one, a survey was conducted regarding the tree

species diversity and structure and the successional

stages of the forest fragments. For this, six rectangular

plots with 400 m2 were delimited in Area 1 and four in

Area 2. Inside each plot, all the trees with DBH (diameter

at breast height) greater than 5 cm were measured and

identified.

The second fieldwork was carried out in October 2018,

after the acquisition of the UAV data. Different from what

is observed for land-use/land-cover assessment in field

inspections, the species identification of an individual

tree must be checked and determined by a trained bota-

nist in situ (Graves et al. 2016). Therefore, it was not

possible to adopt a randomization scheme for collecting

field samples, and only the tree species which had clearly

visible crowns in the imageswere inspected and identified

in the field. Trees with ambiguous appearance were

discarded.

Only ITCs visited and identified in the fieldwork were

used as samples for the tree species classification. Eighty

ITCs representing 14 tree species and identified in Area 1,

and 41 ITCs representing 11 tree species in Area 2 were

selected (Table 2). Based on the first fieldwork, it was esti-

mated that these species represent nearly 55% and 48% of

all the trees species (including suppressed and co-

dominant trees) of Areas 1 and 2, respectively.

Considering only the dominant trees, they represent

approximately 80% of the tree species in both areas. The

Ocotea sp. class consists of both Ocotea puberula and

Ocotea pulchella species, inasmuch as the former one pre-

sents a lownumber of samples. Before the classification, the

ITCs were randomly split in training and test sets, and the

latter one was used only for accuracy assessment (c.f.

Section “Accuracy assessment and species maps”).

Methods

Data preprocessing

Initially, the images digital numbers (DN) were trans-

formed into radiance values with units of photon

pixel−1 s−1. After that, black images collected prior to the

data captured with covered lens were used for the dark

signal correction.

Figure 1. Study areas and samples location. (a) Santa Catarina state; (b) Curitibanos municipality; (c) Zoom showing the areas location
(Google Earth); (d) Area 1; (e) Area 2.

Table 1. Characteristics of the camera, flight and
data acquired in the study areas.

Characteristic Description

Focal length 8.6 mm
Field of view 37°
Spatial resolution 11 cm (Area 1)

12 cm (Area 2)
Image dimensions 1,023 × 648 pixels
Flight height/speed 150 m/4m.s
Number of strips 8 (Area 1)

6 (Area 2)
Forward and side overlap 70 and 60% (Area 1)

60 and 50% (Area 2)
PPC density 35 points.m−2 (Area 1)

25 points.m−2 (Area 2)
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In the geometric processing stage, it was necessary to

reconstruct the camera geometry and the orientation of

each band. The interior orientation parameters (IOPs)

and the exterior orientation parameters (EOPs) were

estimated using the so-called on-the-job calibration,

after a refinement of the initial values. Such initial values

for the camera positions were assessed by the GNSS

receiver and involved latitude, longitude, and altitude

(flight height plus the average terrain elevation) data

(Sothe et al. 2019a). In the sequence, the coordinates

of six ground control points (GCPs) for Area 1 and 3 GCPs

for Area 2 were added to the project and measured in

the corresponding reference images. These points were

previously located and surveyed in the field (signalized

with lime mortar) on the same day of the flight and had

their coordinates acquired by a GNSS RTK Leica GS15.

After the bundle adjustment, the final errors of Area 1 in

the GCPs (reprojection errors) were 0.03 pixels in the

image and 0.003 m in the GCPs. In Area 2, the errors

were 0.08 pixels in the image and 0.004 m in the GCPs.

Next, the orthorectification was performed starting

with the generation of a dense point cloud. The Digital

Surface Models (DSMs) with a ground sample distance

(GSD) of 11 cm for Area 1 and 12 cm for Area 2 were

generated using the dense matching method. At the last

stage, the orthomosaics of all the bands were generated

from the orthoimages of each hypercube band. This

entire procedure was replicated for each of the 25 spec-

tral bands of each area in order to coregister them

regarding the slight positioning difference among

bands of the same image caused by the time sequential

operating principle of the camera (Honkavaara et al.

2013; Miyoshi et al. 2018). After that, the final discrepan-

cies among the orthorectified image bands were mea-

sured using the GCPs and four independent points

chosen in the images for Area 1, and the GCPs plus

two independent points for Area 2. It was verified an

error in x and y of about 0.03 ± 0.06 m among the bands

of Area 1, and about 0.07 ± 0.08 m in Area 2, which was

judged acceptable for the classification purpose.

The orthomosaics of all the bands were stacked to

compose the VNIR dataset. The PPC of the bands cen-

tered at the 565 nm wavelength and their DSM were

exported to be used for the generation of the PPC

features and of the canopy height model (CHM).

Datasets composition

This step consisted in the extraction and selection of

features from the hyperspectral data to be used in the

classification process. The six sets of features described

in Table 3 were explored.

Three sets of features were extracted from the hyper-

spectral bands: theminimumnoise fraction (MNF), texture

features extracted from the gray-level co-occurrence

matrix (GLCM) and vegetation indices (VIs). Based on the

eigenvalue stats of the output uncorrelated bands, the

first eight MNF components were selected. The texture

features were calculated based on three bands corre-

sponding to the green, red and NIR regions of the hyper-

spectral data (respectively centered at the 565, 679, and

780 nmwavelengths) using the GLCMwith a window size

of 5 × 5. Besides the NDVI, hyperspectral sensors make it

possible to compute other indices at specific wave-

lengths, such as the photochemical reflectance index

(PRI), the plant senescence reflectance index (PSRI), and

the pigment specific simple ratio (PSSR), calculated

according to Table 3.

The last set of features comprised the CHM and six

elevation metrics extracted from the UAV-PPC. The CHM

was obtained subtracting the DSM (generated with the

PPC data) from the Digital Terrain Model (DTM), this last

Table 2. Tree species and their respective successional groups and number of ITCs and pixels for each tree species used in the
classification process according to the study area (A1 = Area 1 and A2 = Area 2).

ITCs Pixel samples

ID Species Family Successional group A1 A2 A1 A2

a Luehea divaricata Malvaceae initial or late secondary, climatic 5 4 23,624 15,259
b Araucaria angustifolia Araucariacea pioneer or secondary 8 6 27,191 32,925
c Mimosa scabrella Fabaceae pioneer 7 - 25,449 -
d Lithraea brasiliensis Anacardiaceae pioneer, initial secondary or climatic 5 8 17,458 13,553
e Campomanesia xanthocarpa Myrtaceae initial or late secondary 5 3 18,837 7,565
f Cedrela fissilis Meliaceae initial or late secondary, climatic 5 2 24,368 12,910
g Cinnamodendron dinisii Canellaceae late secondary 5 - 6,927 -
h Cupania vernalis Sapindaceae initial or late secondary 5 - 12,475 -
i Matayba elaeagnoides Sapindaceae late secondary 8 - 48,231 -
j Nectandra megapotamica Lauraceae initial or late secondary 8 4 11,247 4,862
k Ocotea sp. Lauraceae initial secondary 9 3 101,884 12,991
l Podocarpus lambertii Podocarpaceae late secondary or climatic 6 4 12,387 21,391
m Schinus terebethifolius (sp1) Anacardiaceae pioneer, initial or late secondary 2 2 4,491 2,646
n Schinus lentiscifolius (sp2) Anacardiaceae initial or late secondary 2 - 6,083 -
o Erythrina falcata Fabaceae initial secondary or climatic - 2 - 3,663
p Sebastiania commersoniana Euphorbiaceae initial secondary - 3 - 3,396
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one created using the LAStools software (Isenburg 2018)

based on airborne LiDAR data acquired by a company

using the Optech Model 3033 laser scanning sensor, with

a density of 1 point.m−2. The PPC features were computed

using an area-based approach with 0.5 m of spatial reso-

lution in the lidR package (Roussel et al. 2018) based on

R programming (R Development Core Team 2018).

In order to check the importance of each feature in

the classification, we adopted the JM distance, since

it is widely used in studies concerning tree species

classifications (Dalponte, Bruzzone, and Gianelle 2012;

Dalponte et al. 2013, 2015; Ferreira et al. 2019; Sothe

et al. 2019a). The JM distance varies between 0 and

√2, with higher values indicating higher separability

of the class pairs in the bands under consideration

(Richards and Jia 2006).

Besides the feature importance, the JM distance was

also used as a separability criterion of a search strategy

for the feature selection process. In this situation,

a wrapper method, the sequential forward floating

selection (SFFS) algorithm (Pudil, Novovicová, and

Kittler 1994) was adopted for being considered a fast

suboptimal search strategy (Dalponte et al. 2013). It is

characterized by the presence of both forward and

backward selection steps at each iteration. This “float-

ing” behavior allows one to reconsider the selected

features at each step, reducing the possibility to stop

in a local maximum of the separability measure

(Dalponte, Bruzzone, and Gianelle 2012; Dalponte

et al. 2013). When associated with a search strategy,

the JM distance tends to saturate when the optimal

number of features is reached. After extracting the

features, different datasets were composed to perform

the tree species classifications (Table 4).

Table 3. Description of features used in this study.

Group Feature name Description Equation Reference

Spectral bands VNIR Wavelengths (ρ) 506 to 819 nm
MNF MNF Minimum noise fraction Green et al. (1988)
VIs NDVI Normalized Difference Vegetation Index NDVI =

ρ750!ρ650

ρ750þρ650
Rouse et al. (1973)

PRI Photochemical reflectance index PRI =
ρ535!ρ565

ρ535þρ565
Gamon, Peñuelas, and Field (1992)

PSRI Plant senescence reflectance index PSRI =
ρ679!ρ506

ρ750
Merzlyak et al. (1999)

PSSR Pigment specific simple ratio PSSR =
ρ819

ρ679
Blackburn (1998)

GLCM SM Angular second moment SM =
PN!1

i;j¼0 p i; jð Þ2
n o

Haralick, Shanmugam, and Dinstein (1973)

con Contrast Con =
PN!1

i; j!0 pi; j i ! jð Þ2

var Variance Var =
PN!1

i; j¼0 i ! μð Þ2p i; jð Þ

hom Homogeneity Hom =
PN

i; j¼0
pi;j

1þ 1!jð Þ2

cor Correlation Cor =
PN

i; j¼0 pi:j
i!μið Þ j!μjð Þ½ '
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

σ2 ið Þ σ2 jð Þ
p

ent Entropy Ent =
dis Dissimilarity Dis =

PN!1
i; j!0 pi; j 1! jj j

mean Textural mean Mean =

PN

i¼1
pxi

N

CHM CHM Canopy height model CHM = DSM! DTMLiDAR

PPC zmax maximum height of all the points within each pixel
zmean mean of all the height points within each pixel
zq90 90th percentile of height distribution within each pixel
zq70 70th percentile of height distribution within each pixel
zq5 5th percentile of height distribution within each pixel
zentropy entropy of height distribution within each pixel

Table 4. Description of the datasets according to the features
used in the classification process.

Dataset Name VNIR CHM PPC MNF GLCM VI
Total

features

VNIR 25 - - - - - 25
VNIR_CHM 25 1 - - - - 26
VNIR_PPCa 25 - 6 - - - 31
VNIR_PPC_CHM 25 1 6 - - - 32
VNIR_PPC_CHM_MNFa 25 1 6 8 - - 40
VNIR_PPC_CHM_GLCMa 25 1 6 - 24 - 56
VNIR_PPC_CHM_VIa 25 1 6 - - 4 36
VNIR_PPC_CHM_MNF_VIa 25 1 6 8 - 4 44
VNIR_MNF_GLCM_VIa 25 - - 8 24 4 61
MNF_PPC_CHMa - 1 6 8 - - 15
MNF_PPC_CHM_VIa - 1 6 8 - 4 19
FSJM-A1a 18 1 6 7 10 4 46
FSJM-A2a 21 1 6 4 14 3 49
fulla 25 1 6 8 24 4 68

aDatasets not tested in the wSVM and CNN algorithms.

374 C. SOTHE ET AL.



Tree species classification

Three machine learning and one deep learning method

were tested: SVM, wSVM, RF and CNN. For the wSVM and

CNN algorithms, only the pixel-based classification was

conducted, while for the SVM and RF, three approaches

were compared: a) a pixel-based classification, b) a pixel-

based classification associated with the application of the

MV rule at an object level, and c) an object-based classi-

fication, termed object-based image analysis (OBIA). Brief

descriptions of each method followed by details on the

experiments and adopted parameters are given below.

SVM and wSVM

The SVM classifier (Vapnik 1995) is a supervised, non-

parametric statistical learning technique, which aims at

finding an optimal hyperplane for solving the class

separation problem. The optimal hyperplane is the one

that maximizes the distance between closest training

samples and the separating hyperplane (Melgani and

Bruzzone 2004). Since the feature space is partitioned

among the classes by a hyperplane, low accuracies are

obtained for solving non-linear class boundary problems.

Hence, SVMs uses the “kernel-trick” to map the data into

a higher dimensional feature space (Fassnacht et al. 2014),

allowing for non-linear class boundaries.

The standard SVM algorithmmay perform poorly if the

set of training samples is highly unbalanced among the

classes or contains wrongly labeled samples. This effect

stems from the fact that the cost function that guides the

training of a standard SVM is equally penalized by mis-

classified samples. Nguyen, Demir, and Dalponte (2019)

proposed the wSVM algorithm to mitigate this problem,

giving different weights to different samples and to dif-

ferent classes based on three strategies, two of them

explored here: i) using the class abundances to differently

weight the samples of the different classes and; ii) using

the training samples and their distribution in the feature

space to differently weight each training sample.

For both SVM and wSVM, the one-against-one multi-

class strategy and the radial basis function (RBF) were

adopted. This function has two user-defined parameters:

cost (C) and gamma (γ). A high value of Cmay overfit the

model to data, while the γ parameter impacts the shape

of the separating hyperplane (Li and Du 2015). A 5-fold

cross validation was carried out on the training samples

set to tune the C parameter, while the γ value was set

during the classification process with the function sigest
of the kernlab package (Karatzoglou et al. 2004). The

value of 100 for parameter C was found to be suitable

for all datasets (e.g., Figure 2) and the γ value, defined by

sigest, varied between 0.0058 and 0.0283 according to

the dataset and study area.

The same process was adopted for the wSVM classifica-

tion; however, in this case, different weights were applied

to each class and each training sample. The algorithms for

the computation of the class and sample weights were

implemented in R programming based on the k-means

clustering (Nguyen, Demir, and Dalponte 2019).

RF

The RF is an algorithm designed by Breiman (2001) aim-

ing to improve the accuracy of classification or regres-

sion by combining a large number of trees trained upon

random subsets of the available labeled samples and

features. In the first case, each tree contributes only

one class vote to each instance, and the final classifica-

tion is determined by the majority votes of all the forest

trees (Hastie, Tibshirani, and Friedman 2009). In its sim-

plest form, this algorithm requires the definition of a few

parameters: the number of trees to form the “forest”

Figure 2. Average accuracy of the 5-fold cross validation procedure to find the best SVM parameters for each dataset. Note: This figure
shows the best (right) and worst (left) dataset result for Area 1.
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(ntree) and the number of features/predictors consid-

ered for each node in the trees (mtry). The method

provides a way to evaluate statistical quality by means

of an internal sampling procedure called OOB (out-of-

bag), which can be used to estimate classification errors

and the importance of each feature in the classification

process.

Based on a 5-fold cross validation, the RF classifier was

preliminarily tested with 100, 500 and 1,000 trees. As also

observed by Rodriguez-Galiano et al. (2012), it was found

that increasing the number of trees from 100 to 500 led to

a small improvement in the classification result, while

changing from 500 to 1,000 trees increased the proces-

sing time with no corresponding increase in accuracy. In

face of this, we opted for using 500 trees in all experi-

ments. It was kept the default value for mtry parameter,

which corresponds to the square root of the total number

of features used in each experiment (Breiman et al. 2001).

The classification was conducted using the randomForest

package (Liaw and Wiener 2002) in R programming.

CNN

The first deep learning technique called CNN was intro-

duced by Fukushima (1980), inspired by the animal

visual cortex operation, in which each neuron/kernel is

focused on processing information associated with

a restricted location of the visual field, known as the

“receptive field.” The entire visual field is covered by an

arrangement of receptive fields of different neurons that

partially overlap. CNNs are composed by neurons with

learnable weights and biases. Each neuron receives sev-

eral inputs, extracts a weighted sum over them, passes it

through an activation function and responds with an

output (Hartling et al. 2019). The four key components

of CNN are: a) convolutional layer; b) activation function

or non-linearity; c) pooling layer and; d) fully-connected

layer (Zhang, Zhang, and Du 2016).

In this study, a CNN architecture was adopted and

executed in a Python environment using Keras with

TensorFlow backend (Abadi et al. 2015). The CNN archi-

tecture consisted of five convolutional layers, three pool-

ing layers, a fully-connected layer and a classification

layer (Figure 3). The numbers of kernels for the

successive convolutional layers were 32, 32, 48, 48, 64,

and 128 for the fully-connected layer, with a learning

rate of 10e-4. After every convolution operation and the

fully-connected layer, a batch normalization, followed by

a leaky rectified linear unit (Leaky ReLU) activation func-

tion, was applied. In terms of training time with gradient

descent, the non-saturating activation function Leaky

ReLU tends to be faster than other saturating activation

functions (Li. et al. 2017). The Adam optimizer (Kingma

and Ba 2015) parameters were set to default values. To

deal with overfitting, the network was trained using

early stopping and dropout regularization of 0.35 after

the fully-connected layer and before the top layer. The

last layer of the network (classification layer) is com-

posed by the softmax activation function that performs

a pixel-wise classification upon the learned representa-

tive features.

Considering the requirement of CNNs regarding the

high-dimensional number of training samples (Pasupa

and Sunhem 2016) and aiming to balance the sample

set, a data augmentation process using flip and rotation

operations was applied to increase the number of training

samples for the less representative classes. According to

Yu et al. (2017), these operations preserve the scene

topologies in remote sensing data, which is especially

important for consistent classifications, but enhance the

intra-class data diversity. The samples were replicated as

the feature space was rotated and flipped in different

directions until an amount of 15,000 pixels per class was

reached. Classes with training samples exceeding 15,000

pixels, however, were downsampled.

In the inference step, the trained network was applied

over the image to generate the classifications. The CNN

classifier was applied to overlapping image patches to

predict the class of their central pixel using a sliding win-

dow technique with a stride set to 1. Next, each query was

spatially concatenated to obtain a classification at the same

resolution of the input image. The evaluated network was

designed to receive a patch of 33 × 33 pixels (which was

defined after testing different patch sizes) and to output

a probabilistic vector of size equal to the number of classes,

where the index location of the highest value indicates the

most probable class.

Figure 3. CNN architecture for Area 1 with 25 bands and 15 classes (14 tree species plus “background” class).
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Since CNN computes its features employing the user-

defined window size, it was necessary to include

a “background” class. This procedure avoids classifica-

tion errors caused by the influence of pixels related to

disregarded classes, such as ground and black areas

corresponding to the borders of the images. However,

it is important to note that pixels classified as “back-

ground” were not considered in the confusion matrices.

OBIA and MV approaches

For the OBIA and MV approaches, a segmentation was

initially accomplished using the multiresolution region

growing (MRG) algorithm (Baatz and Schäpe 2000) con-

sidering three hyperspectral bands and the CHM.

Oversegmented results were preferred so as to avoid

the inclusion of two or more ITCs within one segment.

More details on segmentation experiments can be found

in Sothe (2019).

For the MV rule approach, the class of each segment

was assigned based on the majority class of its classified

pixels. This process was conducted in the TerraView soft-

ware (INPE-DPI 2018), using the resulting segments

described in Section 3.5 associated with the best pixel-

based classification results for each area.

Due to the limited number of ITCs in Area 2, the OBIA

approach was executed only in Area 1. From the image

corresponding to the full dataset, spectral means of the

segments belonging to the training ITCs were extracted

to be used as training data. This database was converted

to the Attribute-Relation File Format (ARFF) format and

the classifications were performed in the software WEKA

(Hall et al. 2009) using the libSVM library for the SVM, and

the RandomForest library for the RF algorithm. Different

feature combinations were tested (Table 4), but only the

best dataset result according to a 5-fold cross validation

was used for the final accuracy assessment.

Accuracy assessment and species maps

To evaluate the classification results, the confusion

matrices were generated based on a cross-check

between the classified results and test samples. It is

worth mentioning that the test samples corresponded

to 50% of ITCs not used in the training or validation

steps. In this way, the ITC identity was kept, the classifier

had no contact with the test samples during the training

step and the evaluation was able to provide an unbiased

sense of model effectiveness (Russel and Norvig 2009).

With the confusion matrices, different agreement indices

were calculated: (a) overall accuracy (OA); (b) precision

(i.e. producer’s accuracy), (c) recall (i.e. user’s accuracies);

(d) F-measure and; (e) Kappa index.

OA was calculated as the total number of correctly

classified samples divided by the total number of

samples. The Kappa index provides the agreement of

prediction with the true class, considering the random

chance of correct classification (Cohen 1960). Precision is

the proportion of the samples that truly belong to

a specific class among all those classified as that specific

class, while recall is the proportion of samples which

were classified as a specific class among all the samples

that truly belong to that class (Nevalainen et al. 2017).

The F-measure is a harmonic mean of precision and

recall and was calculated to measure the performance

at a species level. It increases with greater precision and

recall and/or greater similarity between precision and

recall (Equation 1):

F ¼ 2* precision * recallð Þ
precisionþ recallð Þ : (1)

The z test (Skidmore, 1999) was applied to the Kappa

indices for testing statistical significance at a significance

level of 5%. If z > 1.96, the test is significant, leading us to

conclude that the obtained results differ from each

other.

Classifying an entire image of highly diverse environ-

ments with a model in which not all the species were

represented could result in maps with many uncertain-

ties (Féret and Asner 2013; Ferreira et al. 2016). For this

reason, the mapping of tree species was restricted to the

ITC samples locations. For the visualization of correctly

classified ITCs, the raster calculator of QGIS was used.

When the raster with the sample ITCs was equal to the

classified image, the sample locations were classified

accordingly. Otherwise, a zero value was assigned. This

procedure aimed to evaluate the potential of each

method to correctly label the pixels within the ITCs

when considering all the samples (training and test sets).

Results

Feature selection and variable importance

According to the JM distance, the elevation metrics

extracted from the PPC and the CHM were the most

important features to discriminate the tree species

classes in both study areas (Figure 4). Other important

features for Area 1 were two VIs (PSSR and NDVI), the

GLCM texture mean of the band centered at 679 nm, and

the second and the third MNF output bands. In this area,

all the VNIR spectral bands showed similar JM values,

except for a slight increase in the red region.

For Area 2, besides the CHM and PPC features, the

first and second MNF bands together with the GLCM

texture mean of the bands centered at 679 and

780 nm were regarded as the most important ones.

The bands located in the NIR region were slightly more
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important than the visible bands for this area, while the

VIs were less important as compared with Area 1. For

Area 2, all the features presented a lower JM value than

Area 1, and this may have impacted the classification

accuracies (c.f. Section “Classification results”).

Figure 5 depicts the spectral profile (and standard

deviation) with the radiance values of the tree species

in the hyperspectral bands. In the bands comprised

within the visible region (506–690 nm), there is only

a small difference in radiance values of the concerned

tree species. Araucaria angustifolia had the lowest radi-

ance values in the entire spectrum for both areas. The

discrimination among tree species is more easily

achieved in the NIR range (700–819 nm). Nevertheless,

even in this region, some groups of species are barely

discernible, mainly for Area 1, such as: Araucaria angu-
stifolia, Campomanesia xanthocarpa and Schinus sp1;
Podocarpus lambertii, Mimosa scabrella and Ocotea sp.;

and Cinnamodendron dinisii and Schinus sp2. For Area 2,

three species are clearly distinguishable in this region:

Araucaria angustifolia, Sebastiania commersoniana and

Schinus sp1, and this explains the higher JM values in

the NIR region for this area (Figure 4).

Figure 6 shows the distribution of two PPC features

(zmax and zq5) and the CHM values extracted from the

samples of each class. It can be noticed that the CHM

clearly separates some tree species classes.

Campomanesia xanthocarpa presented a lower height in

both study areas. In Area 1, besides this species, Mimosa
scabrella, Luehea divaricata and Lithraea brasiliensis can be

Figure 4. Variable importance according to the JM distance for each study area. The features are described in .Table 3

Figure 5. Mean radiance (with standard deviation) of the tree species classified in Area 1 (a) and Area 2 (b).
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discriminated from other species due to their lower

heights. In Area 2, even more species can be differentiated

with the CHM, and this justifies the higher importance

value assigned to this feature in this area.

In the feature selection using the SFFS method asso-

ciated with the JM distance, 46 features were selected

for Area 1, containing all the groups of generated fea-

tures: 18 of the 25 VNIR bands corresponding to different

regions of the spectrum, all the PPC features, the CHM, 7

MNFs, 10 textural features and all the VIs. For Area 2, 49

features were selected: 21 VNIR bands, all the PPC fea-

tures, the CHM, 4 MNFs, 3 VIs and 14 textural features.

Classification results

The classification results employing different datasets,

classifiers and approaches are presented in Table 5. For

Area 1, the best general result was achieved by the CNN

classifier associated with the VNIR dataset (OA of 84.37%

and Kappa of 0.82). The second best result for this area

was reached when the MV rule approach was applied to

the SVM classification associated with the

VNIR_CHM_PPC_VI dataset (OA of 82.52% and Kappa

of 0.80). For Area 2, the opposite occurred: the best

general result was achieved after the MV approach was

applied to the SVM classification using the VNIR_CHM

dataset (OA of 75.47% and Kappa of 0.72), while

the second best result was reached by the CNN algo-

rithm associated with the VNIR dataset (OA of 74.95%

and Kappa of 0.71).

When the pixel-based approaches were compared,

the CNN classifier reached the best results for both

areas. The SVM classifier had a significant superior per-

formance than the RF in Area 1. On the other hand, it

was slightly inferior to the RF in Area 2. The OBIA

approach (only applied to Area 1) using the SVM algo-

rithm presented an inferior accuracy as compared with

the SVM adopting a pixel-based classification. In its turn,

the RF classifier had a slight increase in OA with OBIA

when compared with the per-pixel RF classification. The

wSVM had a superior performance than the conven-

tional SVM only in Area 2.

Figure 7 illustrates the increase (or decrease) in OA

when different features were added, and different

approaches were employed for the SVM and RF methods

in relation to the classifications using the VNIR dataset

with the per-pixel approach. It is possible to notice that

the performance of the classifiers varied according to the

Figure 6. Boxplots showing the distribution of the PPC (zmax and zq5) and CHM values of the tree species samples in Area 1 (a and b)
and Area 2 (c and d). The central lines within each box are the medians. The boxes edges represent the upper and lower quartiles.
Outliers are plotted individually.
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dataset and study area. Except for the RF applied to Area

1, the inclusion of the CHM and PPC features led to an

increase between 13% and 17% in relation to the VNIR

dataset. For Area 1, the SVM associated with the

VNIR_CHM_PPC_VI dataset reached the best result,

with an increase of 15% in relation to the VNIR dataset.

The same increase (15%) was observed for the SVM in

Area 2 in relation to the VNIR dataset when the

VNIR_CHM and VNIR_CHM_PPC datasets were

employed.

For the RF classifier in Area 1, the best result was

achieved using the VNIR_CHM, with an increase of 7%

in OA in relation to the VNIR dataset. When the OBIA

approach was employed, the increase in relation to the

pixel-based classification using the VNIR dataset was

about 9%, 2% more than the per-pixel approach. In

Area 2, the full dataset brought an increase of 19% in

relation to the VNIR dataset. The inclusion of other

hyperspectral features (i.e. VI, MNF and GLCM) to the

VNIR dataset did not significantly change the results in

both areas for neither the RF nor SVM classifiers.

When the best per-pixel classification result of the

SVM algorithm was aggregated into segments using

the MV rule, it was observed a marked increase of 20%

and 27% in relation to the VNIR dataset results for Areas

1 and 2, respectively. Comparing the MV and the pixel-

based classifications using the same datasets

(VNIR_CHM_PPC_VI for Area 1, and VNIR_CHM for

Area 2), the increase was nearly 5% and up to 11%,

respectively. Contrary to machine learning classifiers,

the addition of the CHM and PPC features to the VNIR

dataset led to a decrease of approximately 7% and 4.5%

in OA of both areas when the CNN classifier was

employed.

Figure 8 shows the average F-measure of each tree

species and classifier in Area 1. The black bars indicate

the minimum and maximum F-values, which varied

according to the dataset used by each classifier. As

expected, the tree species were not equally classified,

and some of them presented more variability in the

F-measure values when different datasets/classifiers

were employed. Regarding the classifiers, it can be

Table 5. Classification results according to the area/classifier/dataset/approach. The best result for each classifier/
approach is highlighted.

Area 1 Area 2

Classifier Dataset OA (%) Kappa OA (%) Kappa

SVM VNIR 62.67 0.57 48.91 0.41
VNIR_CHM 67.90 0.63 63.93 0.58

VNIR_PPC 68.61 0.64 51.50 0.44
VNIR_CHM_PPC 76.04 0.73 63.10 0.57
VNIR_CHM_PPC_MNF 76.55 0.73 62.35 0.57
VNIR_CHM_PPC_GLCM 74.56 0.71 61.98 0.56
VNIR_CHM_PPC_VI 77.66 0.74 62.94 0.57
VNIR_CHM_PPC_MNF_VI 77.10 0.74 62.25 0.56
VNIR_MNF_GLCM_VI 61.91 0.56 47.34 0.39
MNF_CHM_PPC 68.97 0.64 56.47 0.50
MNF_CHM_PPC_VI 73.60 0.70 59.06 0.53
FSJM 74.68 0.71 57.66 0.52
full 72.59 0.68 61.90 0.56
MV best SVM result for each area* 82.52 0.80

1
75.47 0.72

1

OBIA (VNIR_CHM_PPC_VI) 73.52 0.69 - -
RF VNIR 59.24 0.52 48.60 0.40

VNIR_CHM 66.06 0.60 66.02 0.61
VNIR_PPC 51.46 0.44 63.43 0.58
VNIR_CHM_PPC 55.91 0.50 65.45 0.60
VNIR_CHM_PPC_MNF 57.54 0.52 65.94 0.60
VNIR_CHM_PPC_GLCM 56.60 0.50 66.51 0.61
VNIR_CHM_PPC_VI 55.59 0.49 65.61 0.60
VNIR_CHM_PPC_MNF_VI 56.71 0.51 66.21 0.61
VNIR_MNF_GLCM_VI 59.17 0.52 48.97 0.40
MNF_CHM_PPC 52.72 0.46 61.72 0.56
MNF_CHM_PPC_VI 53.82 0.47 63.28 0.57
FSJM 56.32 0.50 52.08 0.46
full 57.74 0.52 67.37 0.62

OBIA(VNIR_CHM_PPC_VI_MNF) 68.00 0.63 - -
wSVM VNIR 56.42 0.51 48.98 0.42

VNIR_CHM_PPC 74.37 0.71 65.15 0.60
best SVM result for each area* 75.03 0.72 65.60 0.60

CNN VNIR 84.37 0.82
1

74.95 0.71
1

VNIR_CHM_PPC 77.17 0.74 70.36 0.65
VNIR_CHM 79.19 0.76 73.12 0.691

*Majority vote (MV) procedure and the wSVM classifier applied to the VNIR_CHM_PPC_VI dataset in Area 1 and the VNIR_CHM dataset
in Area 2. 1Best results that do not significantly differ among themselves according to the z test.
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observed that the RF presented higher variability in the

F-measure results for most species as compared with

other classifiers. Generally, classes with fewer samples

presented more variability in accuracy, as

Cinnamodendron dinisii and both Schinus classes. In the

case of the CNN, however, species as Cinnamodendron
dinisii, Araucaria angustifolia, Campomanesia xantho-
carpa, Cedrela fissilis, Mimosa scabrella, Ocotea sp. and

Podocarpus lambertii presented very low variability in

the F-measure values, even when the dataset was

altered. The CNN presented the best result for nine of

fourteen tree species, with the F-measure varying

between 0.8 and 1 for most of them. For Lithraea brasi-
liensis, Nectandra megapotamica, Podocarpus lambertii
and Schinus sp2, the SVM and wSVM were the best

classifiers, reaching similar results. The RF classifier

achieved the highest accuracy for Mimosa scabrella.
This classifier had the lowest performance for this area,

with some species presenting F-measures below 0.5

even for the best dataset, as Podocarpus lambertii and
Schinus sp2.

The confusion matrices of Area 1 (Figure 10) show

that the inclusion of the PPC features helped to differ-

entiate some particular classes when the SVM was

employed. In the datasets without the PPC features

and the CHM, the main confusion among the species

occurred with Schinus sp2, which was wrongly assigned

to other classes, such as Podocarpus lambertii, Cupania
vernalis and Cedrela fissilis, and had other classes incor-

rectly assigned to it: Cinnamodendron dinisii, Matayba
elaeagnoides and Nectandra megapotamica. In these

datasets, it also can be noticed that Nectandra megapo-
tamica and Matayba elaeagnoides were incorrectly clas-

sified as Ocotea sp., and Nectandra megapotamica and

Matayba elaeagnoides were confused with each other.

These confusions were generally reduced when the PPC

features and the CHM were included to the datasets, but

Schinus sp1 was incorrectly classified as Mimosa scab-
rella, what explains the decrease in the F-measure of

that species in comparison with the use of the

VNIR_CHM dataset. The wSVM had a similar behavior

to the SVM, with the difference that Schinus sp1 pre-

sented an increase in the F-measure with the

VNIR_CHM_PPC_VI dataset.

Figure 9 shows the average, minimum and maxi-

mum F-measures for each tree species in Area 2 accord-

ing to the classifier. It was observed that most tree

species classes had a lower accuracy as compared

with Area 1, many of them with F-measures lower

than 0.6. For Area 2, the RF classifier reached

Figure 7. Differences in overall accuracy with the inclusion of features and approaches in relation to the VNIR dataset, using the SVM
and RF classifiers.
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a general better performance than the SVM, mainly for

some tree species, such as Campomanesia xanthocarpa,
Nectandra megapotamica and Podocarpus lambertii. In
this area, the wSVM classifier had a better performance

than the conventional SVM, which was more evident for

some classes, like Campomanesia xanthocarpa, Cedrela
fissilis and Erythrina falcata. The CNN classifier outper-

formed other classifiers, presenting F-measures over 0.8

for many classes and less variability in F-measures

accuracies. However, it totally misclassified the species

Campomanesia xathocarpa. Again, the RF presented

more variability in the F-measure values.

Similarly to Area 1, almost all the tree species pre-

sented an increase in F-measures when the CHM and

PPC features were added to the VNIR dataset with the

SVM, wSVM and RF classifiers. In the confusion matrices

of the VNIR dataset (Figure 9), it can be noticed that

Podocarpus lambertii was wrongly assigned to a lot of

different species, such as Ocotea sp., Cedrela fissilis,
Campomanesia xanthocarpa and Araucaria angustifolia,
while Luehea divaricata was wrongly assigned to

Podocarpus lambertii. Campomanesia xanthocarpa was

wrongly classified as Lithraea brasiliensis and Luehea
divaricata when only the VNIR bands were used. The

incorporation of the CHM and PPC features markedly

reduced the confusion among these classes in machine

learning classifiers. Again, except for Cedrela fissilis and
Araucaria angustifolia, all the tree species presented

a decrease between 0.01 and 0.13 in F-measures when

the PPC or the CHM were included in the CNN classifier.

In Area 2, both methods dealing with imbalanced

sample sets (CNN and wSVM) were more accurate for

some tree species. The CNN achieved the best result for

seven of the eleven tree species, particularly for six

classes, namely Cedrela fissilis, Erythrina falcata,
Nectandra megapotamica, Ocotea sp., Schinus there-
binthifolius and Sebastiania commersoniana. The wSVM

had an equal or better performance than the conven-

tional SVM in all the classes. Classes with fewer samples,

such as Campomanesia xanthocarpa and Erythrina fal-
cata, had a more pronounced accuracy increase when

the wSVM was employed. For the former one, the

F-measure increased from 0.35 to 0.40, while for

Erythrina falcata it rose up from 0.44 to 0.49. In this

Figure 8. F-measures of each tree species class for Area 1 according to the classifier. Black bars indicate the minimum and maximum
values varying according to the employed dataset.
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area, the wSVM reached a better performance even for

classes with more samples, as Podocarpus lambertii and
Araucaria angustifolia. The wSVM not only gives different

weights to each class, but also to each sample. In this

case, if one sample is not regarded as robust, i.e. is not

close to the class cluster, it will receive a smaller weight.

Thus, this algorithm can improve the accuracy of major-

ity classes as well.

Species maps

Figure 11 shows the classification images considering

each ITC sample of Area 1 (training and test sets). The

classified images were produced in order to see the

proportion of pixels correctly labeled within each ITC,

and if the species were detected by the classification

method. The proposed approach produced reliable

results considering only the ITCs checked in the field.

In general, the methods detected the species and

assigned the correct class to the ITCs. However, in

some cases, only few pixels inside the ITCs were correctly

classified, meaning that the method detected the

species, but did not classify all the ITC accordingly. In

other minor cases, all the ITC was misclassified, which

was mainly observed for the small-sized ones.

Discussion

Considerations about variable importance and tree

species classification using machine learning

methods

This study showed that the incorporation of the CHM

and PPC features with the VNIR bands significantly

increased the classification accuracies when machine

learning methods were applied (RF, SVM and wSVM).

One of the pioneer studies exploring the use of UAV-

based photogrammetric and hyperspectral imagery for

tree species classification was made by Nevalainen et al.

(2017), in which they reached 95% of OA. One year later,

Tuominen et al. (2018) reported an increase of 0.07 in the

Kappa index (Kappa of 0.77) when 3D features were

incorporated into UAV-borne hyperspectral data to clas-

sify 26 tree species in an arboretum located in Finland.

Despite their optimistic results, none of the

Figure 9. F-measures of each tree species class for Area 2 according to the classifier. Black bars indicate the minimum and maximum
values varying according to the dataset.
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aforementioned studies involved tropical environments.

While Nevalainen et al. (2017) only classified four tree

species in a boreal forest, the study of Tuominen et al.

(2018) was carried out in an arboretum area with tree

species distributed in homogeneous stands, what eases

their recognition both at a stand and individual tree

level.

So far, very few studies explored the combination of

3D information with hyperspectral data for tree species

classification in (sub)tropical forests, although the bene-

fits of this integration have long been emphasized

(Fassnacht et al. 2016). Shen and Cao (2017) reached

an improvement of 5.6% (OA of 89.3%) when using

both hyperspectral and airborne LiDAR features to clas-

sify five tree species in a subtropical forest using the RF

algorithm. Sothe et al. (2019a) reported that the inclu-

sion of PPC features to the hyperspectral bands

increased the OA by 11% (OA of 72.4%) when classifying

12 tree species in a subtropical forest area. In another

highly diverse environment, Piiroinen et al. (2017) found

an increase of 6% (OA of 57%) when LiDAR features were

added to the hyperspectral bands for classifying 31 tree

species in a diverse African agroforestry using the SVM

method.

Similarly to the abovementioned studies, the incor-

poration of 3D information derived from PPC data was

also more evident for some species, such as Schinus sp2,
Ocotea sp., Nectandra megapotamica and Matayba
eleaeagnoides in Area 1. Ocotea sp. class comprises two

species of Ocotea genus (O. pulchella and O. puberula),
leading to a higher variance in their spectral response.

Moreover, Ocotea sp. and Nectandra megapotamica
belong to the same family (Lauraceae), which grants

them similar spectral characteristics. In this case, the

inclusion of the PPC features can tackle the spectral

similarity among these tree species. The PPC features

may also capture differences in the crown structure of

Matayba elaeagnoides and Ocotea sp., since the former

one has a wider top with irregular branching, while the

latter one has a smaller and rounded top (Lorenzi 1992).

For Area 2, where the VNIR dataset was used with

machine learning methods, most of the confusion was

associated with Podocarpus lambertii. This species is

a conifer and presents irregular or cuneiform crowns.

These structure differences were able to help in discri-

minating it from other broadleaves species when the

PPC features were incorporated into the models.

The inclusion of the height information (CHM)

improved the accuracies from 5% to 7% for Area 1, and

from 15 to 17% for Area 2. Indeed, the CHM was more

important than the PPC features for Area 2, which may

be due to the lower PPC density of this area, besides

particularities of it and its individual trees. These findings

comply with the studies of Cho et al. (2012), Naidoo et al.

(2012) and Asner et al. (2008), who also pointed out the

tree height as an important variable for tree species

classification. In tropical forests, this variable can be

useful to discriminate species belonging to different

Figure 10. Some of the confusion matrices of Area 1 (top) and Area 2 (bottom). Note: Classes identified according to the species ID
presented in .Table 2
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successional groups, such as pioneer, secondary and

climatic, since they may have different heights according

to their capacity to adjust to differentiated lighting levels

(Boardman 1977). In Area 1, there was a great confusion

between Schinus sp1 andMimosa scabrella, and between

the latter one and Podocarpus lambertii in the datasets

without the CHM information. These three species

belong to different successional groups: Schinus sp1
and Mimosa scabrella are considered pioneer species,

while Podocarpus lambertii is a late secondary or climatic

shade-tolerant species (Lorenzi 1992). As a shade-

tolerant species, Podocarpus lambertii can live under

the shadow of other trees, and hence, might present

a smaller height. Despite the fact that both are pioneer

species, Mimosa scabrella and Schinus sp1 have different

heights (Figure 6), which can be due to particularities of

the area. For instance, it was verified that Mimosa

scabrella samples were located near the road or clearing

areas. The lack of competition for light could have

caused their limited growth in height. On the other

hand, Schinus sp1 samples were found in the middle of

the forest, which could have led to their high growth

rate, as this species searches for light. For this reason,

when the height information was incorporated, there

was an increase in classification accuracies of these

species.

Araucaria angustifolia, the most frequent species in

both study areas, maintained stable accuracies even

with the inclusion of PPC features. It can be observed

in Figure 5 that this species presents the lowest radiance

values in the VNIR bands, being more easily discrimi-

nated from other species. In this case, the higher absorp-

tion of the needle structure of Araucaria angustifolia
reduces its spectral response in the NIR range when

Figure 11. Examples of classification images for Area 1. a) Reference samples; b) the SVM classifier (VNIR_CHM_PPC dataset) after the
MV rule – the red circle shows missing ITCs of Podocarpus; c) OBIA associated with the RF classifier and the VNIR_CHM_PPC_VI_MNF
dataset – the red circle shows two missing ITCs of Nectandra and one of Podocarpus; d) the CNN classifier with the VNIR dataset – the
red circle shows one missing ITC of Nectandra.
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compared to broadleaves species (Roberts et al. 2004).

Conversely, Podocarpus lambertii, another conifer found
in the study areas, tended to present more confusion

with some broadleaves species, especially when the

VNIR dataset was used. This may have occurred because

of its particular branch structure that led to confusion

with broadleaves species with small leaves, such as

Mimosa scabrella in Area 1, even with the inclusion of

the PPC features.

For both areas, the use of the MV rule significantly

increased the accuracy of the pixel-based classification

(between 5% and 11%), while the OBIA approach (only

applied to Area 1) did not produce significant difference.

These findings corroborate other studies that compared

tree species classification using pixel-based and MV

approaches (Clark, Roberts, and Clark 2005; Dalponte et al.

2013, 2014; Ferreira et al. 2016), and also further studies

comparing these two approaches with OBIA (Clark and

Roberts 2012; Féret and Asner 2013). Clark and Roberts

(2012) compared the OBIA approach, composed by the

mean spectra of each ITC, to per-pixel and MV approaches.

The pixel-based classification had roughly the same perfor-

mance (nearly 70% of OA) to the one achieved when using

the average spectra from ITCs in OBIA, however, when

applying the MV, the accuracy surprisingly rose to 87%.

Féret and Asner (2013) reached better results when using

the MV approach (83.6% of OA), followed by the OBIA

approach (79.6% of OA) and lastly the per-pixel classifica-

tion (74.9% of OA), when classifying tree species in

a tropical forest. However, when employing the MV and

OBIA classifications, there was a reduction in the classes

number from 17 to 10, due to the small number of pixels

and ITCs labeled to train the classifiers. Furthermore, like-

wise our study, the authors pointed out that the segmenta-

tion did not delineate ITCs correctly, but each crown was

instead composed by several segments.

According to Clark and Roberts (2012), by applying

the MV rule to pixels within ITCs, the error from misclas-

sified pixels within a crown is minimized, what leads to

higher accuracies. However, in this approach, the ITCs

may have high internal spectral variability, since they

can receive the correct species label with only a fourth

of the correctly classified pixels. Thus, OBIA can be

a better alternative to deal with the spectral variability

within the classes, which is common when high spectral

resolution data are used, but in this case more ITC sam-

ples are needed. Furthermore, shadow, underlying

objects, and other materials within an ITC may decrease

the purity of its extracted spectra and further reduce

classification accuracy (Liu and Wu 2018). Concerning

this, Liu and Wu (2018) proposed a pixel weighting

approach in which they extract the illuminated-leaf frac-

tion at each pixel using a spectral mixture analysis (SMA)

model and then calculate the ITC spectra using the

illuminated-leaf fractions as weights.

For Area 1, all the VNIR bands showed similar impor-

tance according to the JM distance. Only slightly higher

importance values can be noticed for the first two bands

(506 to 519 nm), and four bands between 659 and

690 nm. These regions included the green peak and

the chlorophyll absorption features and contain useful

information for the discrimination of tree species with

hyperspectral data (Naidoo et al. 2012; Fassnacht et al.

2014; Ferreira et al. 2016). The NIR bands, regarded as an

important region for the purpose of tree species classi-

fication (Clark and Roberts 2012; Dalponte, Bruzzone,

and Gianelle 2012; Piiroinen et al. 2017), were not rele-

vant for Area 1, while for Area 2 these bands had the

highest JM values. This region is mostly influenced by

the structure of the tree (Ponzoni, Shimabukuro, and

Kuplich 2012), therefore, the changes in the viewing

angle may mask the relative spectral differences

among the species (Nevalainen et al. 2017).

Unfortunately, the limited spectral range of the FPI cam-

era (500–900 nm) did not allow for evaluating the dis-

crimination among the tree species in the SWIR region.

Ferreira et al. (2016) reported a significant increase in

accuracy (14%) when including SWIR bands for tree

species classification. Tuominen et al. (2018) reached

the best result when combining VNIR and SWIR bands

with 3D features extracted from the PPC. Nevertheless,

their second-best result was achieved using only VNIR

bands and 3D features, suggesting that these features

can somehow compensate for the lack of SWIR data.

In fact, the CHM and PPC features were markedly

more important than the hyperspectral features (i.e. VI,

MNF and GLCM features). The use of all the VNIR bands,

hyperspectral features, the CHM and PPC features in the

full dataset did not improve the accuracy when com-

pared with the use of the VNIR_CHM_PPC dataset

(except for the RF in Area 2). The replacement of the

VNIR bands by the MNF features (MNF_CHM_PPC data-

set) led to a decrease from 2.34% to 7% in OA when

considering both areas and the SVM and RF classifiers.

Some studies reported an improvement when MNF

components were used instead of spectral bands, but

it is worth stressing that they dealt with more than 100

spectral bands (e.g, Ghosh et al. 2014; Piiroinen et al.

2017). In this situation, the MNF transformation was

a reliable approach to reduce the dimensionality and

redundancy inherent to high spectral resolution data,

reaching better accuracies (Ghosh et al. 2014). The

same consideration can be made regarding the FS pro-

cess, in which 46 of the original 68 features were

selected for Area 1, and 49 for Area 2, resulting in a non-

significant difference in accuracy when compared with
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the full dataset for both areas. Piiroinen et al. (2017)

reported that the FS process had only a small impact

on tree species classification accuracies, but they high-

lighted its importance in achieving the same level of

accuracy with a smaller number of input features.

Regarding the classifiers, the SVM clearly outper-

formed the RF for Area 1, but it was worse than the RF

in Area 2. Studies comparing both methods for tree

species classification indicated that the SVM had

a similar (Ghosh et al. 2014; Ballanti et al. 2016) or super-

ior performance than the RF (Dalponte, Bruzzone, and

Gianelle 2012; Deng et al. 2016; Ferreira et al. 2016;

Piiroinen et al. 2017; Raczko and Zagajewski 2017).

Some studies reported that the SVM performs better

than the RF in the presence of small or imbalanced

sample sets because the latter classifier focuses on the

prediction accuracy of the majority classes (Chen et al.

2004; Dalponte, Bruzzone, and Gianelle 2012). However,

this was not verified in this study, since Area 2 also

presents a small and imbalanced sample set, and the

RF was superior to the SVM in that case. Piiroinen et al.

(2017) observed that the fusion of LiDAR features with

MNF components significantly improved the accuracy

for the SVM algorithm, while for the RF classifier there

was not statistically significant improvement between

these datasets. Similar behavior was reported by Deng

et al. (2016), when comparing the SVM and RF algo-

rithms for tree species classification. They observed

more accuracy gain when features were added to the

SVM classifier instead of the RF. In this study, the RF

performance decreased with the addition of other fea-

tures, including the PPC features, for the VNIR_CHM

dataset in Area 1, but it remained relatively stable in

Area 2. In such situations, the impact of data fusion

depends on the classifier (Piiroinen et al. 2017) and, in

our case, also on the study area peculiarities. In fact, it is

difficult to keep the generalization of the classification

process when changing the datasets and study areas,

and this is one of the reasons underlying the findings of

Fassnacht et al. (2016), who reported the importance of

integrating more than a single test site in any compara-

tive study on tree species classification.

The wSVM outperformed the SVM only in Area 2.

Since the wSVM assigns different weights to different

classes (or samples), it forces the new separating hyper-

plane to pay more attention to the minority classes

samples (Nguyen, Demir, and Dalponte 2019), which

are more remarkable in this area. Another fact to con-

sider is that besides the class, this algorithm also assigns

different weights to each sample. Area 2 presents larger

coregistration errors among the bands than Area 1, thus

non reliable pixel samples, e.g., those situated on the

border of ITCs where these errors can be more

noticeable, and hence may receive a lower weight in

the classification process. In fact, it was verified that for

Area 2, even classes with more samples had an increase

in accuracy when the wSVM was applied.

Another fact to consider is about the classifier para-

meters. Although all the machine learning classifiers have

parameters to be optimized, the parameter values used in

this work provided an output similar or even more accu-

rate when compared with other studies (e.g., Dalponte,

Bruzzone, and Gianelle 2012; Immitzer, Vuolo, and

Clement Atzberger 2016; Raczko and Zagajewski 2017).

In this sense, studies investigating the parameterization

for SVMs showed contradictory results. Melgani and

Bruzzone (2004) and Maxwell, Warner, and Fang (2018)

both found SVMs to be robust to parameter settings.

Conversely, Foody and Mathur (2004) and Trisasongko

et al. (2017) found larger impact on classification accura-

cies, with differences up to 20% when varying the SVM

parameters. On the other hand, RF has generally been

found to be robust to parameter settings (Rodriguez-

Galiano et al. 2012; Trisasongko et al. 2017; Trisasongko

and Paull 2019; Maxwell, Warner, and Fang 2018).

Maxwell, Warner, and Fang (2018) reported that if optimi-

zation cannot be performed, using the default value for

the parameter “number of variables” and selecting a large

number of trees (e.g., 500) appears to produce

a classification accuracy close to what can be achieved

by means of optimization. Finally, these authors suggest

that machine learning may still outperform parametric

classifiers, such as maximum likelihood, even with little

effort to tune the classification parameters.

Considerations about tree species classification

using the CNN

The CNN classifier outperformed machine learning clas-

sifiers for both areas, reaching the best performance

when the VNIR dataset was used. Conversely, machine

learning methods had a poorer performance when only

the VNIR bands were employed. As stated by Li, Zhang,

and Shen (2017) and Gao, Lim, and Jia (2018), the main

advantage of deep learning methods, as CNN, is that

they can extract spatial and spectral features automati-

cally from the original images, learning features during

training, with minimal prior knowledge about the task.

When machine learning classifiers were associated

with the MV approach, they reached a performance

similar to the CNN in both areas. The MV rule includes

spatial context when aggregates the pixels into seg-

ments, leading to higher accuracies and reducing the

“salt and pepper” effect in classifications. In the case of

the CNN, it can be observed that the classification

images, even without the further use of segments (MV),
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were more homogeneous and tended to correct a larger

proportion of pixels inside the ITCs than the pixel-based

classifications using machine learning methods. This can

be associated with the contextual window (patch sizes)

used for the features reckoning, which considers the

information on the pixel neighborhood. In the case of

trees, the spatial structure of canopies is related to the

tree size: if a pixel falls in a specific tree, its neighbors are

also likely to be in the same tree and have similar infor-

mation. Information in neighboring pixels is related to

the information in a focal pixel and these relationships

decay with distance. CNN classifiers operate according

to such principle of detecting patterns in groups of

nearby pixels and relating them to “background” infor-

mation (Li, Zhang, and Shen 2017; Fricker et al. 2019).

Another fact to consider is that besides the need of ITC

segments in an MV rule approach, more features were

necessary in machine learning methods to reach similar

accuracies to those attained by the CNN. Indeed, contrary

to machine learning methods, the CNN presented

a decrease in accuracy for most classes when the PPC,

the CHM or both were included in the dataset. This can be

ascribed to the fact that these features were manually

extracted before their inclusion in the algorithm. As

a CNN automatically extracts its own features, the inclu-

sion of the raw PPC instead of rasterized features could

enable the extraction of more useful features by this

algorithm. A similar behavior was observed by Sothe

et al. (2019b) when comparing CNN and ensemble meth-

ods using WV-2 data, LiDAR features, and their integra-

tion. Despite the difference was very small, the CNN had

the best performance when the WV-2 data were

employed using only the spectral bands; and the worst

accuracy when only LiDAR features were used. However,

in that case, even for the CNN, an increase in accuracy was

observed when LiDAR features were integrated into the

WV-2 data, which can be due to the presence of intensity

features of LiDAR, and not the elevation ones. Hartling

et al. (2019) also reached the best OA for a dense CNN

when multispectral bands of WV-3 were employed

together with LiDAR data, but they used only the intensity

image instead of elevation features.

According to He et al. (2018), most of the existing

methods do not extract informative features from

LiDAR-derived rasterized data in a deep manner.

Hamraz et al. (2018) pointed out that LiDAR point clouds

are not easily processed by the human visual system,

and hence the expert-designed features may as well be

suboptimal and likely miss useful information. Qi et al.

(2016), (2017)) mentioned that 3D data have attracted

less attention in view of their more costly acquisition/

processing and their less intuitive and less conventional

representation formats, which demand non-trivial pre-

processing techniques to discretize the data and make

them usable for deep learning methods. In this respect,

some approaches can be explored in future works, such

as voxel spaces to create representations that can drive

and be processed by a 3D CNN (Maturana and Scherer

2015; Wu et al. 2015; Guan et al. 2019) or even the use of

morphological and multiattribute profiles to extract

information from LiDAR data (He et al. 2018).

Until the present moment, there are few studies

exploring CNN for tree species classification purposes

(Pölönen et al. 2018; Fricker et al. 2019; Guan et al.

2019; Hartling et al. 2019). Pölönen et al. (2018) reached

96.2% of OA when classifying three tree species of

a boreal forest using a 3D CNN and hyperspectral data,

while Guan et al. (2019) reached 96.4% of OA when

classifying 10 tree species using mobile LiDAR data and

a 3D CNN in an urban environment. Such high OA values

are usually associated with validation samples internally

generated by the CNN during training. Hartling et al.

(2019) compared a dense CNN architecture to the RF

and SVM methods to classify eight tree species in an

urban area using WV-2, WV-3 and LiDAR data. In their

study, the CNN classifier reached 82.6% of OA in com-

parison to 60% achieved by machine learning methods.

Fricker et al. (2019) reached an F-score of 0.87 when

classifying seven tree species in a mixed-conifer forest

in USA. Our results are comparable to those of the above

reported works, given that Pölönen et al. (2018) and

Fricker et al. (2019) handled a limited number of species

in boreal or temperate regions and both Guan et al.

(2019) and Hartling et al. (2019) dealt with urban areas,

which represent a more controlled environment.

Likewise our study, Hartling et al. (2019) emphasized

the ability of the CNN in extracting information from

the input dataset and pointed out that the addition of

features, such as VIs and texture, tended to decrease the

OA of the CNN.

Although outperforming other methods for the

majority of the analyzed tree species in both areas, the

CNN totally misclassified Campomanesia xanthocarpa in

Area 2. Even so, their training samples were correctly

classified, which can be a specific case of overfitting,

since different ITCs were used as test samples to evalu-

ate the methods.

The non-dependence of former steps of feature

extraction and segmentation before the classification

makes CNN an attractive solution for tree species classi-

fication in highly diverse environments, even in the pre-

sence of small sample sets, if a data augmentation

process is applied. On the other hand, the processing

time and computer power requirements are the biggest

disadvantages of such method. Huang et al. (2002)

noted that the higher accuracy of artificial neural
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networks (ANNs) algorithms compared to decision trees

was offset by the larger computational cost. However,

when considering the VNIR dataset and the pixel-based

approach, this study showed that the CNN reached

accuracies between 22% and 26% higher than the RF

and SVM for both areas, which can counterbalance the

price of its high computational cost.

Conclusion

This study explored the ability of UAV-based PPC and

UAV-hyperspectral data for tree species classification

using machine learning methods and a deep learning

algorithm in two subtropical forest fragments. The inclu-

sion of the PPC features and the CHM enabled a great

increase in accuracy in tree species classification results

when machine learning methods were applied (SVM,

wSVM and RF), between 13 and 17% depending on the

classifier and the study area. However, a decrease was

observed when these features were included in the

classification with a deep learning method (CNN).

The OBIA approach (only applied to Area 1) did not

increase the OA for the SVM, while a slight increase was

observed for the RF algorithm in comparison with the

other pixel-based classifications. When the per-pixel

classifications were aggregated into segments through

an MV rule, it was observed a marked increase in accu-

racy for both study areas (5% for Area 1 and 11% for

Area 2), considering the same datasets individually. This

can be explained by the fact that this procedure reduced

the classification errors associated with the spectral

variability of high spatial resolution data.

The wSVM, a new SVM approach to deal with imbal-

anced sample sets and unreliable samples, improved the

accuracy not only for some lesser represented classes,

but for some major classes in Area 2 as well. The use of

a CNN architecture associated with a previous step aim-

ing to balance the sample sets was also successful to

classify tree species in both areas, since the method

outperformed all the other algorithms in comparison

with pixel-based approaches.

In fact, the CNN outperformed machine learning meth-

ods without the need of relying on segmentation or mak-

ing use of hand-engineered features. The method reached

an OA of 84.4% in Area 1 and 74.95% in Area 2, when using

the VNIR bands alone, and it is nearly 22% to 26% more

accurate than the SVM and RF classifiers when considering

the VNIR dataset. In both areas, when the best dataset

result of the SVM classifier was incorporated into segments

by means of the MV rule, it reached a comparable perfor-

mance to that of the CNN. However, not only the segments

but also the use of the PPC features and the CHM were of

great relevance to increase the accuracy.

This work indicated that the adopted approaches for

the semiautomatic classification of 16 tree species in two

fragments of a subtropical portion of the Atlantic Rain

Forest may be promising. The methodology can be use-

ful to assist the conservation of this severely threatened

biome, optimizing the monitoring of its forest biodiver-

sity. Furthermore, the methodology can be used to clas-

sify specific tree species, such as the endangered ones,

like Araucaria angustifolia and Cedrela fissilis. In further

studies, a feasible approach for improving the classifica-

tion performance is envisaged to explore ITC delineation

methods for tropical forest environments, combining

PPC and hyperspectral data. This proper delineation

can be associated with an OBIA classification at an ITC

level. Moreover, increasing the number of ITC samples in

a way to enable a more robust model and consistent

classification is also a goal to be pursued. The general-

ization of the classification is another point to consider,

since the use of two study areas, instead of one, showed

that the particularities of each area should be duly taken

into account when choosing the most reliable features

and algorithms for the purpose of classifying tree spe-

cies. Therefore, it is recommended that other areas be

tested for more conclusive results.

Finally, it is also necessary to explore methods involving

the extraction of deep features directly from the PPC using

the CNN classifier. This algorithm showed a great potential

for classifying tree species employing the VNIR bands

alone, but it did not benefit from the PPC features manu-

ally extracted before the classification. It is believed that

this algorithm can perform even better in case a more

robust way to extract 3D features be implemented.
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RESUMO 

A disseminação de espécies exóticas invasoras tem criado desafios complexos, pois ameaçam tanto as 

riquezas biológicas naturais do planeta, quanto o bem-estar de seus cidadãos. Nesse contexto, ações 

efetivas, principalmente quando se trata de espécies exóticas invasoras estão relacionadas ao 

conhecimento e compreensão a respeito do status da invasão e sua abrangência espacial. O objetivo 

deste artigo é contribuir para a expansão da informação a respeito da ocorrência da espécie arbórea 

exótica invasora Hovenia dulcis no Estado de Santa Catarina, por meio de uma compilação e análise de 

dados e publicações científicas. Das 84 espécies de plantas consideradas exóticas invasoras em Santa 

Catarina, Hovenia dulcis é uma das espécies mais relevantes, apresentando 72 registros de ocorrência na 

Base de Dados Nacional de Espécies Exóticas Invasoras, 107 registros no Inventário Florístico Florestal 

de Santa Catarina e ainda 13 registros oriundos de publicações em periódicos científicos. Compilando e 

espacializando todas as informações constantes nas bases de dados, a espécie tem ocorrência registrada 

em 124 municípios catarinenses, além de ocorrer em algumas unidades de conservação no estado. O 

fato da Hovenia dulcis ocorrer em quase metade dos municípios Catarinenses aponta para a necessidade 

de medidas de prevenção controle e erradicação da espécie. 

Palavras-chaves: Hovenia dulcis; Espécie exótica invasora; Santa Catarina 

ABSTRACT 

The spread of invasive alien species has created complex challenges, as they threaten both the planet's 

natural biological wealth and the well-being of its citizens. In this context, effective actions, especially 

https://creativecommons.org/licenses/by-nc-sa/4.0/
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when it comes to invasive alien species, are related to knowledge and understanding regarding the status 

of the invasion and its spatial scope. The aim of this article is to contribute to the expansion of 

information regarding the occurrence of the invasive exotic tree species Hovenia dulcis in the State of 

Santa Catarina, through the compilation and analysis of data and scientific publications. Of the 84 species 

of plants considered to be invasive exotic species in Santa Catarina, Hovenia dulcis is one of the most 

relevant species, with 72 occurrence records in the National Invasive Alien Species Database, 107 records 

in the Forest and Floristic Inventory of Santa Catarina and 13 records from publications in scientific 

journals. Compiling and spatializing all the information contained in the databases, the species Hovenia 

dulcis has registered in 124 municipalities in Santa Catarina, also occurring in some conservation units in 

the state. The fact that Hovenia dulcis occurs in almost half of the municipalities in Santa Catarina points 

to the need for measures to prevent, control and eradicate the species. 

Keywords: Hovenia dulcis; Invasive alien species; Santa Catarina 

1 INTRODUÇÃO 

A acelerada globalização, com forte desenvolvimento do turismo 

internacional e do livre comércio entre países, associada a facilitação do 

deslocamento e ampliação das vias de transporte, em especial no século XX, 

promoveu grandes aberturas nas barreiras naturais, como oceanos, rios, 

montanhas e desertos, o que, por consequência, favoreceu a introdução e 

dispersão de espécies em ecossistemas distintos de seu hábitat natural. Aliado às 

mudanças no uso da terra e às mudanças climáticas, esse deslocamento de 

espécies de um local para outro, muitas vezes, causa consequências inesperadas 

e em alguns casos problemáticas. 

A preocupação com as invasões biológicas se consolidou com a Convenção 

Internacional sobre Diversidade Biológica (CDB), no ano de 1992, no Rio de Janeiro. 

O Artigo 8h da CDB diz que os governos signatários devem "impedir que se 

introduzam, controlar ou erradicar espécies exóticas que ameacem os 

ecossistemas, habitats ou espécies" (ICMBio, 2018). A partir de então, alguns 

esforços se destacaram visando atender seus objetivos, como, por exemplo, o 

Programa Global de Espécies Invasoras (GISP – The Global Invasive Species 

Programme) desenvolvido em 1996 e estabelecido em 1997, para tratar das 

ameaças globais causadas por espécies exóticas invasoras e para fornecer apoio à 
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implementação do Artigo 8 h da Convenção sobre Diversidade Biológica (MCNEELY 

et al., 2001). O GISP procura melhorar a base científica para a tomada de decisões 

sobre espécies invasoras, desenvolver capacidades para empregar sistemas de 

alerta precoce e avaliação rápida e resposta, além desenvolver melhores métodos 

de avaliação de risco e reduzir o custo econômico de métodos de controle 

(MCNEELY et al., 2001). 

Mais recentemente, como resultado da Assembleia Geral da Organização das 

Nações Unidas – ONU, foi criada a Agenda 2030, um documento que contém 17 

Objetivos de Desenvolvimento Sustentável (ODS), além de 169 metas a serem 

atingidas (ONU, 2015; ICMBio, 2018). A meta 15.8, relacionada ao ODS nº 15 

determina que até 2020, deve-se implementar medidas para evitar a introdução e 

reduzir significativamente o impacto de espécies exóticas invasoras em 

ecossistemas terrestres e aquáticos, e controlar ou erradicar as espécies 

prioritárias (ONU, 2015). 

No Brasil, a primeira Estratégia Nacional sobre Espécies Exóticas Invasoras 

foi instituída por meio da Resolução CONABIO nº 05, de 21 de outubro de 2009, a 

qual foi revisada e atualizada por meio da aprovação da Resolução CONABIO nº 07, 

de 29 de maio de 2018. A Estratégia Nacional sobre Espécies Exóticas Invasoras de 

2018 tem como objetivo orientar a implementação de medidas para evitar a 

introdução e a dispersão e reduzir significativamente o impacto de espécies 

exóticas invasoras sobre a biodiversidade brasileira e serviços ecossistêmicos, e 

controlar ou erradicar espécies exóticas invasoras (BRASIL, 2018). Já no Estado de 

Santa Catarina, a primeira Lista Oficial de Espécies Exóticas Invasoras do Estado foi 

publicada em 2010, com versão revisada em 2012 (Resolução CONSEMA 08/2012).  

De acordo com Ziller (2001), plantas invasoras são hoje a segunda maior 

ameaça mundial à biodiversidade, ficando atrás somente da perda de hábitat, o 

que tem causado preocupação em todos os continentes e biomas. Ainda conforme 
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a autora, os países com melhores registros de invasão biológica são África do Sul, 

Nova Zelândia, Austrália e Estados Unidos, porém, atualmente grande parte dos 

países no mundo tem registro de alguma espécie exótica invasora. 

A disseminação de espécies exóticas invasoras vem criando desafios 

complexos, pois ameaçam tanto as riquezas biológicas naturais do planeta, quanto 

o bem-estar de seus cidadãos. Mesmo com algumas iniciativas governamentais, o 

problema exige a definição de estratégias e ações desde um nível global até escalas 

menores, a nível regional. Nesse contexto, ações efetivas, principalmente quando 

se trata de espécies exóticas invasoras estão fortemente relacionadas ao 

conhecimento e compreensão a respeito do status da invasão e sua abrangência 

espacial. 

Dessa forma, o objetivo deste artigo é contribuir para a expansão da 

informação a respeito da ocorrência espacial da espécie arbórea exótica invasora 

Hovenia dulcis no Estado de Santa Catarina, por meio de uma compilação e análise 

de duas fontes principais de dados: A Base de Dados Nacional de Espécies Exóticas 

Invasoras e o Inventário Florístico Florestal de Santa Catarina, sendo 

complementado ainda por informações constantes em publicações científicas 

sobre a espécie. 

2 ESPÉCIES EXÓTICAS INVADOSRAS 

De acordo com a União Internacional para Conservação da Natureza (IUCN, 

2000) entende-se por espécie exótica a espécie, subespécie ou o táxon inferior que 

ocorre fora da sua área natural e de dispersão potencial. Da mesma forma, os 

Princípios Guias adotados na Convenção de Diversidade Biológica definem espécie 

exótica como uma ‘espécie, sub-espécie ou táxon menor, introduzida fora de sua 

distribuição natural, incluindo qualquer parte desta espécie que possam 
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sobreviver e subsequentemente reproduzir’ (CDB Princípios Guias, 2002; SHINE, 

2008). 

Para que uma espécie passe a ser considerada exótica invasora, ela precisa 

vencer três barreiras: a primeira, geográfica, é superada quando a espécie 

transpõe seu limite geográfico de ocorrência; a segunda está relacionada à 

sobrevivência e à reprodução; e a terceira é vencida quando a espécie se dispersa 

para áreas distantes de onde foi introduzida, passando a ser considerada exótica 

invasora (RICHARDSON et al., 2000; LORENZI et al., 2003; ZILLER; ZALBA, 2007; 

DECHOUM, 2015a). Espécies exóticas invasoras apresentam vantagens 

competitivas em relação às demais, provocando alterações em processos 

ecológicos considerados essenciais, uma vez que apresentam dominância em 

relação às espécies locais (PARKER et al., 1999; VALÉRY et al., 2008; MALTA et al., 

2012). 

Plantas exóticas invasoras tendem a produzir alterações em propriedades 

ecológicas essenciais como ciclagem de nutrientes, cadeias tróficas, estrutura, 

dominância, distribuição e funções de espécies num dado ecossistema, acúmulo 

de serrapilheira e de biomassa e processos evolutivos, alterações na frequência e 

intensidade de incêndios (ZILLER, 2001; BROOKS et al., 2004; PYSEK et al., 2012). Em 

fases avançadas do processo de invasão, sem que haja esforços de controle, as 

alterações causadas por espécies invasoras podem modificar irreversivelmente os 

ecossistemas e extinguir localmente espécies nativas (MASON; FRENCH, 2008). 

Atualmente, praticamente todos os ecossistemas têm ocorrência de espécies 

exóticas entre suas comunidades (VAN KLEUNEN et al., 2015).  

Nesse contexto, surge a crescente preocupação com invasões em áreas 

naturais protegidas, em especial as unidades de conservação (UCs), visto que 

atualmente a maior parte das unidades de conservação no Brasil, em todos os 

biomas brasileiros, possuem ocorrência de plantas exóticas invasoras (LEÃO et al., 

2011; SAMPAIO; SHIMIDT, 2013; HUMMEL, 2015, INSTITUTO HÓRUS, 2019). As UCs 

cumprem papel de extrema importância, sobretudo por propiciarem a proteção da 
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biodiversidade e representarem um patrimônio de valor inestimável, com 

potencial para promover benefícios significativos ao bem-estar humano e ao 

desenvolvimento de forma racional e sustentada.  

No ano de 2018, o Instituto Chico Mendes de Conservação da Biodiversidade 

publicou Guia de Orientação para o Manejo de Espécies Exóticas Invasoras em 

Unidades de Conservação Federais, com o objetivo de suprir uma lacuna de 

informação e orientação para uma das ameaças mais significativas à diversidade 

biológica, abordando medidas de prevenção, detecção precoce e resposta rápida, 

além de indicações para o manejo de espécies exóticas invasoras de diversos 

grupos biológicos em ambientes terrestres, de águas continentais e marinhos 

(ICMBio, 2018). 

Atualmente, há 191 espécies de plantas exóticas reconhecidas como 

estabelecidas com potencial invasor ou invasoras no Brasil (INSTITUTO HÓRUS, 

2019). No Estado de Santa Catarina, a primeira lista oficial de espécies exóticas 

invasoras, de acordo com a Resolução CONSEMA nº 08, de 14 de setembro de 2012, 

indicava a existência de 48 espécies de plantas exóticas invasoras no Estado. 

Conforme esta Resolução, as espécies foram ordenadas por categorias de risco ou 

ameaça à biodiversidade. De acordo com o seu Art. 3º, as espécies exóticas 

invasoras foram enquadradas nas seguintes categorias: 

I – Categoria 1: espécies que não têm permitida a posse, o domínio, o transporte, 

o comércio, a aquisição, a soltura, a translocação, a propagação, o cultivo, a 

criação e a doação sob qualquer forma, bem como, a instalação de novos 

cultivos e criações;  

II – Categoria 2: espécies cujo manejo, criação ou cultivo são permitidos sob 

condições controladas, estando sujeitas a normas e condições específicas para 

o comércio, a aquisição, o transporte, o cultivo, a distribuição, a propagação e a 

posse, estabelecidas no Programa Estadual de Espécies Exóticas Invasoras. As 

espécies da fauna enquadradas nesta categoria têm proibida sua soltura 

(SANTA CATARINA, 2012, art. 3º). 

As espécies inseridas na Categoria 1 são aquelas que causam mais prejuízos 

do que geram benefícios e que, de modo geral, não apresentam valor de mercado 

significativo a ponto de justificar o uso. Já as espécies enquadradas na Categoria 2, 
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de alguma forma fazem parte de sistemas de produção e, desde que respeitada as 

restrições e a regulamentação definida em normas específicas para cada espécie, 

tem o uso permitido. 

2.1 Ocorrência da espécie Hovenia dulcis em Santa Catarina 

Das 84 espécies de plantas consideradas exóticas invasoras para o Estado 

de Santa Catarina, a espécie arbórea Hovenia dulcis, conhecida popularmente por 

Uva-do-Japão ou Pé-de-galinha, é uma das espécies invasoras mais relevantes se 

considerado seu potencial de invasão. Trata-se de uma espécie arbórea caducifólia, 

pertencente à família Rhamnaceae, com até 25 metros de altura (CARVALHO, 1994), 

nativa da China, Japão e Coréia, ocorrendo nas latitudes entre os graus 25°N e 41°N 

e nas longitudes entre os graus 100°L e 142°L, e em altitudes entre 165 e 1350 m, 

com precipitação em torno de 850 a 2.000 mm e temperatura média anual de 7°C 

a 17°C (RICHARDSON, 1966; KOLLER; ALEXANDER, 1979; INSTITUTO HÓRUS, 2019). 

No Brasil, encontra-se preferencialmente nos tipos climáticos Cfa, Cfb e Cwa 

(climas subtropicais) (CARVALHO, 1994). 

Seu fruto é uma pequena cápsula seca com 2 a 4 sementes, preso a um 

pedúnculo carnoso cor de canela com sabor doce e agradável. Apresenta sementes 

de 3 a 5mm, arredondadas, presos a um pedúnculo cor de marrom, o qual se torna 

espessado e carnoso ao madurar (e por isso é considerado um pseudofruto), com 

sabor doce e agradável (CARVALHO, 1994), consumido inclusive por seres 

humanos. Este pedúnculo é rico em carboidratos e em especial em sacarose, o que 

aumenta o interesse da fauna dispersora, que, atraída pela polpa carnosa, acaba 

comendo também as sementes e, ao se deslocarem entre ambientes, dispersam a 

espécie a distâncias maiores. Floresce de agosto a fevereiro, com frutificação entre 

março e outubro. Já a queda de folhas, no sul do Brasil, ocorre de março até o final 

de agosto (CARVALHO, 1994; DECHOUM, 2015a; INSTITUTO HÓRUS, 2019).  
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Hovenia dulcis é classificada como espécie pioneira, de rápido crescimento e 

sua fase reprodutiva tem início entre o 3º e 4º ano de idade, apresentando 

regeneração natural intensa por sementes (CARVALHO, 1994; DECHOUM, 2015a). 

Além disso, apresenta grande plasticidade, crescendo em solos compactos, rasos 

e pedregosos, desde arenosos até argilosos (CARVALHO, 1994). 

Hovenia dulcis atualmente não consta somente na lista oficial de espécies 

exóticas invasoras do Estado de Santa Catarina, mas também do Estado do Paraná 

e do Rio Grande do Sul (PARANÁ, 2009; SANTA CATARINA, 2012; RIO GRANDE DO 

SUL, 2013) e por ser tolerante à sombra na fase de plântula, tem potencial de 

invasão até mesmo no interior de florestas que apresentam menor abertura de 

dossel e são mais bem conservadas (DECHOUM, 2015a). Dessa forma, a espécie é  

apontada como preocupante na Região Sul do Brasil, tanto na Floresta Ombrófila 

Mista (Floresta com Araucária) como na Floresta Estacional Semidecidual (ZENNI; 

ZILLER, 2011). Embora a espécie apresente características agressivas de invasão, 

em Santa Catarina é enquadrada, de acordo com a Resolução CONSEMA 08/2012, 

na Categoria 2, o que significa que o manejo, plantio ou cultivo são permitidos sob 

condições controladas, estando sujeitas as normas e condições específicas 

estabelecidas no Programa Estadual de Espécies Exóticas Invasoras.  

A espécie foi introduzida no Brasil na segunda metade do século 20 e usada 

para produção de madeira, sombra em pastagens e áreas de cultivo, e como 

quebra vento. Foi plantada intensivamente a partir dos anos 80, com o crescimento 

da agroindústria, a qual incentivou o uso da espécie para sombrear granjas de 

porcos e aves no oeste catarinense, pois perde as folhas no inverno e permite a 

incidência do sol sobre essas estruturas (CARVALHO, 1994; SELLE, 2009; SANTA 

CATARINA, 2016). Disseminada em toda a região Sul, H. dulcis, adaptou-se bem ao 

clima e ao solo do Brasil (COZZO, 1960). 
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A partir de sua introdução, Hovenia dulcis se dispersou na região por uma 

paisagem fragmentada, decorrente da atividade extrativista praticada pelos 

imigrantes visando à implantação da agricultura e da pecuária e ao uso e comércio 

da madeira (RUSCHEL et al., 2003; HERMES-SILVA, 2008). De acordo com Lima et al. 

(2015), populações desta espécie invasora estão atualmente presentes no interior 

de fragmentos florestais em diferentes estágios sucessionais, o que indica a sua 

alta capacidade de invasão. 

3 MATERIAL E MÉTODOS 

Este estudo buscou compilar e sistematizar as informações de ocorrência 

espacial da espécie Hovenia dulcis no Estado de Santa Catarina. Para tanto, foram 

consultadas duas importantes fontes de dados: A Base de Dados Nacional de 

Espécies Exóticas Invasoras e o Inventário Florístico Florestal de Santa Catarina, 

sendo complementado ainda por informações constantes em publicações 

científicas sobre a espécie obtidas por meio de pesquisas em plataformas de 

busca. 

O Instituto Hórus de Desenvolvimento e Conservação Ambiental e o 

Programa de Espécies Exóticas Invasoras para a América do Sul da The Nature 

Conservancy mantém uma base de dados nacional que integra a rede I3N, Rede 

Temática de Espécies Invasoras da IABIN (Rede Inter-Americana de Informação 

sobre Biodiversidade). A plataforma de informação foi criada no ano de 2004 pelo 

Instituto Hórus em parceria com a Universidad Nacional del Sur em Bahía Blanca, 

na Argentina, com recursos de um projeto financiado pelo Banco Mundial e 

coordenado pelo Serviço Geológico dos Estados Unidos.  

A Base de dados inclui apenas espécies exóticas invasoras que já se 

encontram presentes no país. Os dados disponíveis vêm sendo coletados em todo 

o país desde o ano de 2003 e as espécies registradas encontram-se sempre 

relacionadas a pelo menos uma ocorrência geográfica no Brasil. A sua origem está 
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vinculada a informações de colaboradores de forma contínua e voluntária e 

sempre oriunda de um trabalho científico (INSTITUTO HÓRUS, 2019), garantindo 

assim a veracidade dos registros e demonstrando a importância de uma rede 

colaborativa, a qual permite a expansão do conhecimento da distribuição espacial 

de espécies. 

Para este estudo, no site da Base de Dados, no menu de busca por “espécie”, 

foi selecionado o filtro “nome científico” e inserido o nome “Hovenia dulcis”. Nos 

resultados da busca, selecionou-se a opção “ocorrências” e os dados 

disponibilizados foram exportados para um planilha para realização de uma 

sistematização e posterior análise, tendo como resultado a lista de ocorrência 

espacial da espécie no Estado de acordo com essa Base de Dados. 

Santa Catarina dispõe ainda de outra importante base de dados, o Inventário 

Florístico Florestal de Santa Catarina – IFFSC, publicado no ano de 2012, contendo 

os resultados dos levantamentos de dados sobre a diversidade de plantas 

vasculares, composição florística, estrutura e estado de conservação da cobertura 

florestal, diversidade genética de espécies ameaçadas de extinção e a importância 

socioeconômica e cultural dos recursos florestais do Estado (VIBRANS et al., 2012). 

Além das publicações dos resultados e análises, o IFFSC dispõe também de um 

Sistema de Gerenciamento de dados (SINFLOR), acessado por meio de um site.  

Para obtenção dos registros de ocorrência da espécie Hovenia dulcis na base 

de dados do IFFSC, foi acessado o site do SINFLOR e no menu “espécies”, 

selecionado o “gênero” “Hovenia” e o “epíteto 1” “dulcis”, resultando em um 

conjunto de informações a respeito da espécie. Um dos resultados gerados pelo 

sistema foi “Unidades Amostrais com ocorrência da Espécie”, o qual indicou quais 

os números das unidades amostrais registraram a presença de H. dulcis. Para 

obtenção da localização de cada uma dessas unidades amostrais, acessou-se o 

mapa das unidades amostrais, também disponibilizado no site do SINFLOR, e 

verificou-se a qual município cada unidade amostral pertencia, resultando na lista 

de ocorrência espacial da espécie no Estado de acordo com o IFFSC. Para melhor 
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compreensão da invasão da espécie, além da ocorrência espacial, também foram 

pesquisados nas publicações do IFFSC, os resultados relacionados aos seus 

parâmetros fitossociológicos. 

Este estudo buscou também, de maneira complementar, registros de 

ocorrência da espécie Hovenia dulcis em Santa Catarina em publicações de 

periódicos científicos, nas plataformas de pesquisa Scielo, RechearhGate, 

ScienceDirect, Springer Link e Portal de Periódicos CAPES, utilizando as palavras-

chave “invasive plant”, “Hovenia dulcis” e “Santa Catarina”. 

4 RESULTADOS E DISCUSSÃO 

De acordo com a Base de Dados Nacional de Espécies Exóticas Invasoras 

(I3N), até o ano de 2019, há registro de 84 espécies de plantas consideradas 

exóticas invasoras para o Estado de Santa Catarina. Ao comparar-se o número de 

espécies de plantas exóticas invasoras apresentado pela Resolução Consema 08, 

no ano de 2012 com o número de registros da Base de Dados Nacional de Espécies 

Exóticas Invasoras em 2019, percebe-se que houve um aumento significativo de 36 

espécies, ou seja, um aumento de 75% em sete anos. Ainda, considerando o total 

de 84 espécies de plantas exóticas invasoras no estado, 79 delas têm ocorrência 

registrada em áreas protegidas, demonstrando a fragilidade desses ambientes. 

Com relação a espécie Hovenia dulcis, de acordo com o I3N, de 2003 até o 

ano de 2019, há 229 registros de invasão da espécie, distribuídos pelos Estados do 

Rio Grande do Sul (84), Santa Catarina (72), Paraná (62), São Paulo (8), Rio de Janeiro 

(1), Espírito Santo (1) e Bahia (1) (INSTITUTO HÓRUS, 2019). 

Ao se avaliar os 72 registros de ocorrência da espécie na Base de Dados para 

o Estado de Santa Catarina (Tabela 1), é possível afirmar que esse número 

corresponde a 67 municípios (considerando que alguns municípios têm mais de 

um registro), distribuídos principalmente pela região Oeste do Estado (49 

municípios) e Grande Florianópolis (10 municípios) (Figura 1).  
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Tabela 1 – Registros de ocorrência de Hovenia dulcis em Santa Catarina – Base de 

Dados Nacional de Espécies Exóticas Invasoras (I3N) 

Id Município Região*  Id Município Região* 

1 
Águas de 

Chapecó 
Oeste Catarinense 

 
35 Mondaí Oeste Catarinense 

2 Águas Frias Oeste Catarinense  36 Nova Erechim Oeste Catarinense 

3 Águas Mornas Grande Florianópolis  37 Palma Sola Oeste Catarinense 

4 Alfredo Wagner Grande Florianópolis  38 Palmitos Oeste Catarinense 

5 Anchieta Oeste Catarinense  39 Paraíso Oeste Catarinense 

6 Angelina Grande Florianópolis  40 Pinhalzinho Oeste Catarinense 

7 Antônio Carlos Grande Florianópolis  41 Praia Grande Sul Catarinense 

8 Bandeirante Oeste Catarinense  42 Princesa Oeste Catarinense 

9 Barra Bonita Oeste Catarinense 
 

43 
Rancho 

Queimado 

Grande 

Florianópolis 

10 Belmonte Oeste Catarinense  44 Riqueza Oeste Catarinense 

11 Benedito Novo Vale do Itajaí  45 Romelândia Oeste Catarinense 

12 Biguaçu Grande Florianópolis  46 Saltinho Oeste Catarinense 

13 Blumenau Vale do Itajaí  47 Santa Helena Oeste Catarinense 

14 
Bom Jesus do 

Oeste 
Oeste Catarinense 

 

48 

Santa 

Terezinha do 

Progresso 

Oeste Catarinense 

15 Caibi Oeste Catarinense 
 

49 
Santo Amaro 

da Imperatriz 

Grande 

Florianópolis 

16 Campo Erê Oeste Catarinense 
 

50 
São 

Bernardino 
Oeste Catarinense 

17 Canoinhas Norte Catarinense 
 

51 São Bonifácio 
Grande 

Florianópolis 

18 Concórdia Oeste Catarinense  52 São Carlos Oeste Catarinense 

19 Cunha Porã Oeste Catarinense  53 São Domingos Oeste Catarinense 

20 Descanso Oeste Catarinense 

 

54 
São João 

Batista 

Grande 

Florianópolis 

Continuação... 
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Conclusão 

Id Municípios Região*  Id Município Região* 

21 
Doutor 

Pedrinho 
Vale do Itajaí 

 
55 

São João do 

Oeste 
Oeste Catarinense 

22 Flor do Sertão Oeste Catarinense 
 

56 
São José do 

Cedro 
Oeste Catarinense 

23 Ipira Oeste Catarinense 
 

57 
São Lourenço 

do Oeste 
Oeste Catarinense 

24 Iporã do Oeste Oeste Catarinense  58 São Martinho Sul Catarinense 

25 Iraceminha Oeste Catarinense 
 

59 
São Miguel da 

Boa Vista 
Oeste Catarinense 

26 Irati Oeste Catarinense 
 

60 
São Miguel do 

Oeste 
Oeste Catarinense 

27 Itaiópolis Oeste Catarinense  61 Saudades Oeste Catarinense 

28 Itapiranga Oeste Catarinense  62 Serra Alta Oeste Catarinense 

29 
Jacinto 

Machado 
Sul Catarinense 

 
63 Sul Brasil Oeste Catarinense 

30 Jardinópolis Oeste Catarinense  64 Três Barras Norte Catarinense 

31 Joaçaba Oeste Catarinense  65 Tunápolis Oeste Catarinense 

32 Major Gercino Grande Florianópolis 
 

66 
União do 

Oeste 
Oeste Catarinense 

33 Maravilha Oeste Catarinense  67 Videira Oeste Catarinense 

34 Modelo Oeste Catarinense     

Fonte: Autores (2020) 

Em que: *De acordo com a classificação das mesorregiões do IBGE (2010) 

A maior concentração de ocorrência de Hovenia dulcis na região Oeste do 

Estado pode ser explicada primeiramente em função da introdução da espécie 

nessa região para uso em propriedades rurais, o que ocorre desde os anos 80. Essa 

introdução deu início ao processo de invasão, considerando que Hovenia dulcis se 

estabeleceu com sucesso na região, em função de suas características ecológicas, 

que se adaptaram ao ambiente desde então. 
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Figura 1 – Mapa de ocorrência de Hovenia dulcis em Santa Catarina de acordo com a 

Base de Dados Nacional de Espécies Exóticas Invasoras (I3N) 

 

Fonte: Autores (2020) 

Já de acordo com as informações disponibilizadas pelo Sistema de 

Gerenciamento de dados do IFFSC, Hovenia dulcis foi registrada em 107 unidades 

amostrais, ocorrendo em todas as fitofisionomias de Santa Catarina: Floresta 

Estacional Decidual, Floresta Ombrófila Mista, Floresta Ombrófila Densa, Floresta 

Estacional Decidual em contato com Floresta Ombrófila Mista e Floresta Ombrófila 

Mista em contato com Floresta Ombrófila Densa (SINFLOR, 2020). Os 107 registros 

da espécie correspondem à ocorrência em 77 municípios (uma vez que muitos 

municípios possuem mais de uma unidade amostral) (Tabela 2), distribuídos 

principalmente pela região Oeste do Estado (37 municípios), Vale do Itajaí (13 

municípios) e Sul (11 municípios) (Figura 2). 
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Tabela 2 – Registros de ocorrência de Hovenia dulcis em Santa Catarina – Inventário 

Florístico Florestal de Santa Catarina (IFFSC) 

Id Município Região*  Id Município Região 

1 Abelardo Luz Oeste Catarinense  40 Luzerna Oeste Catarinense 

2 Agrolândia Vale do Itajai  41 Major Vieira Norte Catarinense 

3 Agronômica Vale do Itajai  42 Mondaí Oeste Catarinense 

4 Águas Mornas 
Grande 

Florianópolis 

 
43 Nova Veneza Sul Catarinense 

5 Alfredo Wagner 
Grande 

Florianópolis 

 
44 Orleans Sul Catarinense 

6 Alto Bela Vista Oeste Catarinense  45 Ouro Oeste Catarinense 

7 Anita Garibaldi Serrana  46 Paial Oeste Catarinense 

8 Anitápolis 
Grande 

Florianópolis 

 
47 Palma Sola Oeste Catarinense 

9 Arabutã Oeste Catarinense  48 Palmitos Oeste Catarinense 

10 Armazém Sul Catarinense  49 Peritiba Oeste Catarinense 

11 Barra Bonita Oeste Catarinense  50 Petrolândia Vale do Itajai 

12 Caçador Oeste Catarinense  51 Pinhalzinho Oeste Catarinense 

13 Caibi Oeste Catarinense  52 Piratuba Oeste Catarinense 

14 Campos Novos Serrana  53 Porto União Norte Catarinense 

15 Canoinhas Norte Catarinense  54 Pouso Redondo Vale do Itajai 

16 Capão Alto Serrana  55 Rio do Sul Vale do Itajai 

17 Capinzal Oeste Catarinense  56 Rio dos Cedros Vale do Itajai 

18 Celso Ramos Serrana  57 Salete Vale do Itajai 

19 Cerro Negro Serrana  58 Santiago do Sul Oeste Catarinense 

20 Chapecó Oeste Catarinense 
 

59 
Santo Amaro da 

Imperatriz 

Grande 

Florianópolis 

21 Concórdia Oeste Catarinense  60 São Carlos Oeste Catarinense 

22 Coronel Freitas Oeste Catarinense 
 

61 São João Batista 
Grande 

Florianópolis 

23 Criciúma Sul Catarinense 

 

62 
São João do 

Oeste 
Oeste Catarinense 

Continuação... 
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Conclusão 

Id Município Região*  Id Município Rigião* 

24 Descanso Oeste Catarinense 
 

63 
São José do 

Cedro 
Oeste Catarinense 

25 
Dionísio 

Cerqueira 
Oeste Catarinense 

 
64 São Martinho Sul Catarinense 

26 Grão Pará Sul Catarinense  65 Saudades Oeste Catarinense 

27 Ibiam Oeste Catarinense  66 Seára Oeste Catarinense 

28 Ibicaré Oeste Catarinense  67 Siderópolis Sul Catarinense 

29 Ipira Oeste Catarinense  68 Timbé do Sul Sul Catarinense 

30 Iporã do Oeste Oeste Catarinense  69 Três Barras Norte Catarinense 

31 Irineópolis Norte Catarinense 
 

70 
Trombudo 

Central 
Vale do Itajai 

32 Itaiópolis Oeste Catarinense  71 Tunápolis Oeste Catarinense 

33 Itapiranga Oeste Catarinense  72 Urussanga Sul Catarinense 

34 Ituporanga Vale do Itajai  73 Vargem Bonita Oeste Catarinense 

35 
Jacinto 

Machado 
Sul Catarinense 

 
74 Vidal Ramos Vale do Itajai 

36 Joaçaba Oeste Catarinense  75 Witmarsum Vale do Itajai 

37 José Boiteux Vale do Itajai  76 Xanxerê Oeste Catarinense 

38 Lauro Müller Sul Catarinense  77 Zortéa Serrana 

39 Leoberto Leal Vale do Itajai     

Fonte: Autores (2020) 

Em que: *De acordo com a classificação das mesorregiões do IBGE (2010) 

Durante as expedições de campo para geração do Inventário Florístico 

Florestal de Santa Catarina, muitas espécies exóticas foram registradas, tanto no 

interior das unidades amostrais, quanto nas proximidades. Considerando apenas 

as unidades amostrais, foram registradas 12 espécies exóticas, sendo que dessas 

12, H. dulcis foi a mais expressiva na Floresta Estacional Decidual, apresentando 

elevados valores no que se refere aos parâmetros fitossociológicos de densidade 

e dominância (12 e 0,4, respectivamente) e 337 indivíduos encontrados.  
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Figura 2 – Mapa de ocorrência de Hovenia dulcis em Santa Catarina baseado no 

Inventário Florístico Florestal de Santa Catarina - IFFSC 

 

Fonte: Autores (2020) 

Já na Floresta Ombrófila Densa, os parâmetros foram consideravelmente 

menores, Hovenia dulcis apresentou densidade de 1,5 e dominância de 0,1, com 

103 indivíduos registrados. Da mesma forma na Floresta Ombrófila Mista, onde a 

espécie teve densidade de 0,3 e dominância de 0,01 e o registro de somente 14 

indivíduos (VIBRANS et al., 2012). A partir desses resultados, é possível perceber 

claramente que, embora haja registros da espécie em todas as regiões do Estado, 

a mais problemática é a região Oeste, com altos índices fitossociológicos no 

componente arbóreo/arbustivo. 

Conforme o Inventário, nos remanescentes da Floresta Estacional Decidual, 

além de ter sua ocorrência registrada em 37 municípios, a espécie Hovenia dulcis 

ocupou o 11° lugar entre as 20 espécies do componente arbóreo/arbustivo com 
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maior índice de valor de importância (IVI), com um valor de 5,6, sendo encontrada 

em 34 unidades amostrais, de um total de 78 (VIBRANS et al., 2012). Porém, Hovenia 

dulcis foi a única espécie exótica dentre as 20 espécies mais importantes para a 

Floresta Estacional Decidual, o que a torna preocupante para essa fitofisionomia. 

Ainda de acordo com os dados obtidos pelo IFFSC, embora Hovenia dulcis 

tenha sido registrada em inúmeras unidades amostrais do estrato 

arbóreo/arbustivo, também foi registrada no estrato de regeneração, mesmo que 

de forma menos importante, demonstrando a sua capacidade e sucesso de invasão 

em distintos ambientes. Novamente, os maiores valores foram encontrados na 

Floresta Estacional Decidual, com densidade de 14,8, enquanto na Floresta 

Ombrófila Densa a densidade foi de 1,5 e na Floresta Ombrófila Mista de 1,4.  

Os números apresentados refletem o sucesso de estabelecimento da espécie 

na região Oeste de Santa Catarina, onde foi inicialmente introduzida nos anos 80. 

Hovenia dulcis claramente conseguiu superar as três barreiras (geográfica, 

sobrevivência e reprodução e dispersão), estabelecendo-se como uma espécie 

exótica invasora de grande preocupação no Estado de Santa Catarina. 

De maneira complementar, foram encontradas 11 publicações relacionadas 

a ocorrência da espécie no Estado, a menos recente publicada no ano de 2012 e a 

mais atual no ano de 2019 (HENDGES et al., 2012; DECHOUM et al., 2014; 

DAMBROWSKI, 2014; CARDOSO et al., 2015; DECHOUM et al., 2015a; DECHOUM et 

al., 2015b; DECHOUM et al., 2015c; LAZZARIN et al., 2015; LIMA et al., 2015; FREITAS 

et al., 2016; SCHMIDT et al., 2019), as quais resultaram no registro da espécie em 

13 municípios (Tabela 3). 

Como as publicações refletem esforços de pesquisa independentes a 

respeito da Hovenia dulcis, a sua abundância e distribuição espacial é menor 

quando comparado as outras duas bases de dados anteriores, porém não menos 

importante. Pode-se observar que o maior número de municípios com registro de 

ocorrência de H. dulcis localizam-se no Oeste Catarinense (6 municípios), porém 

ocorrendo registro da espécie também nas regiões Serrana, do Vale do Itajaí 

(ambas com 3 municípios)  e Sul Catarinense (1 município) (Figura 3).  
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Tabela 3 – Registros de ocorrência de Hovenia dulcis em Santa Catarina – publicações 

em periódicos científicos 

Id Municipio Região*  Id Municipio Região* 

1 Blumenau Vale do Itajai  8 Laguna Sul Catarinense 

2 Campos Novos Serrana  9 Piratuba Oeste Catarinense 

3 Concórdia Oeste Catarinense  10 São José do Cedro Oeste Catarinense 

4 Doutor Pedrinho Vale do Itajai  11 Timbó Vale do Itajai 

5 Herval d'Oeste Oeste Catarinense  12 Urubici Serrana 

6 Herval Velho Oeste Catarinense  13 Vargem Serrana 

7 Joaçaba Oeste Catarinense     

Fonte: Autores (2020) 

Em que: *De acordo com a classificação das mesorregiões do IBGE (2010) 

Figura 3 – Mapa de ocorrência de Hovenia dulcis em Santa Catarina de acordo com 

publicações em periódicos científicos 
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Fonte: Autores (2020) 

Compilando todas as informações constantes nas bases de dados 

consultadas (Base de Dados Nacional de Espécies Exóticas Invasoras, Inventário 

Florístico Florestal de Santa Catarina e publicações científicas) a espécie Hovenia 

dulcis tem ocorrência registrada em 124 municípios catarinenses (Tabela 4). No 

mapa representado na Figura 4 é possível perceber que a região com maior 

número de registros de ocorrências é a região do Oeste Catarinense, com 70 

municípios, sendo que em 3 deles – Concórdia e Piratuba e São José do Cedro – há 

registros de Hovenia dulcis em todos as bases da dados consultadas. Porém, há um 

número considerável de ocorrências também nas regiões do Sul Catarinense (18 

municípios), Vale do Itajaí (17 municípios) e Grande Florianópolis (11 municípios). 

Tabela 4 – Número de municípios por mesorregião com registro de ocorrência de 

Hovenia dulcis em Santa Catarina 

Mesorregião Nº de municípios com registro de Hovenia dulcis 

Grande Florianópolis 11 

Vale do Itajaí 17 

Serrana 8 

Oeste Catarinense 70 

Norte Catarinense 5 

Sul Catarinense 13 

TOTAL 124 

Fonte: Autores (2020) 

A espécie Hovenia dulcis reúne um conjunto de características que podem 

explicar sua ampla ocorrência no Estado de Santa Catarina: sua dispersão é 

zoocórica, sendo apreciada por diversos grupos de animais, os quais, atraídos pelo 

seu pseudofruto rico em açúcar (CARVALHO, 1994), acabam por dispersar suas 

sementes a distâncias maiores da planta matriz; soma-se a isso, a sua capacidade 

de regeneração natural intensa e sua tolerância a diversos tipos de ambientes, até 

mesmo solos pobres e pedregosos; e ainda, a espécie apresenta rápido 
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crescimento e inicia sua fase reprodutiva precocemente, entre o 3º e 4º ano de 

idade (CARVALHO, 1994; DECHOUM, 2015a). 

Figura 4 – Mapa de ocorrência de Hovenia dulcis em Santa Catarina 

 

Fonte: Autores (2020) 

Além dos aspectos ecológicos, a espécie apresenta uma multiplicidade de 

usos, sendo utilizada desde quebra-vento e lenha em propriedades rurais, até na 

indústria alimentícia, cosmética e farmacêutica (CARVALHO, 1994; SCHUMACHER 

et al., 2008; SHEN et al., 2012; FIORIO et al., 2015), dessa forma, não é entendida 

como uma espécie problemática no consenso popular. Esse conjunto todo de 

características torna Hovenia dulcis uma espécie com alto potencial de invasão e 

explica o fato de Santa Catarina já ter registro de ocorrência da espécie em pelo 

menos 42% dos seus municípios. 
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É importante analisar também as áreas protegidas. O Estado de Santa 

Catarina possui 10 unidades de conservação de domínio estadual e 16 de domínio 

federal, totalizando 26 UCs. Além disso, o Estado conta ainda com 70 Reservas 

Particulares do Patrimônio Natural (RPPN) federais, as quais embora compostas 

por áreas menores quando comparadas as demais UCs, assumem importante 

papel na conservação da biodiversidade e estabilidade do ecossistema.  

De acordo com a Base de Dados Nacional de Espécies Exóticas Invasoras, de 

2003 até o ano de 2019, a espécie Hovenia dulcis tem ocorrência registrada em 9 

unidades de conservação no Estado de Santa Catarina (Figura 5), sendo que dessas 

9 UCs invadidas, 2 são UCs de domínio federal, 4 UCs de domínio estadual e ainda 

3 reservas particulares (Tabela 5), demonstrando a capacidade de invasão da 

espécie até mesmo em ambientes protegidos e mais bem conservados. 

Tabela 5 – Unidades de Conservação com registro de ocorrência de Hovenia dulcis em 

Santa Catarina 

Id Unidade de Conservação invadida Domínio 

1 Parque Estadual da Serra do Tabuleiro Estadual 

2 Parque Estadual das Araucárias Estadual 

3 Parque Estadual Fritz Plaumann Estadual 

4 Reserva Biológica do Sassafrás Estadual 

5 Parque Nacional da Serra Geral Federal 

6 Parque Nacional de Aparados da Serra Federal 

7 Reserva Particular do Patrimônio Natural Corredeiras do Rio Itajaí Particular 

8 Reserva Particular do Patrimônio Natural do Caraguatá Particular 

9 Reserva Particular do Patrimônio Natural Rio das Furnas Particular 

Fonte: Base de Dados Nacional de Espécies Exóticas Invasoras (I3N) 

Dessa forma, ao se analisar as unidades de conservação existentes em Santa 

Catarina administradas tanto pela esfera federal (16 UCs), quanto pela esfera 

estadual (10 UCs), constata-se que das 26 UCs, há ocorrência confirmada de 

Hovenia dulcis em ao menos 6 delas. Além disso, das 70 (RPPN) federais existentes 
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em Santa Catarina, há registro de ocorrência de Hovenia dulcis em 3 delas, 

conforme registro na Base de Dados Nacional de Espécies Exóticas Invasoras.  

Figura 5 – Mapa das unidades de conservação federais e estaduais de Santa Catarina 

com e sem ocorrência de Hovenia dulcis de acordo com a Base de Dados Nacional de 

Espécies Exóticas Invasoras (I3N) 

 

Fonte: Autores (2020) 

Nesta análise não foram obtidas informações de ocorrência da espécie em 

unidades de conservação de domínio municipal, embora possivelmente também 

haja invasão de Hovenia dulcis em UCs municipais, o que indica a necessidade de 

maior atenção por parte da administração pública municipal no que tange à 

pesquisa e estudos mais aprofundados relacionados a presença não só de Hovenia 

dulcis, mas de espécies exóticas invasoras em geral nessas unidades de 

conservação. 
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É necessário que cada UC municipal contemple em seu plano de manejo, 

pesquisas que resultem em diagnósticos ambientais, capazes de indicar a presença 

de espécies exóticas invasoras, para que, a partir do entendimento do estágio de 

invasão, seja possível a concepção de diretrizes e a execução de programas 

voltados para a prevenção, controle e erradicação de espécies problemáticas.   

Ao se avaliar a distribuição espacial da H. dulcis no mapa representado na 

figura 06, embora não se tenha registro oficial de ocorrência nas demais UCs, em 

pelo menos outras 30 unidades de conservação (Tabela 6) a espécie tem presença 

confirmada no mesmo município, sendo 3 delas de domínio estadual e 27 de 

domínio federal, alertando para o risco de invasão dessas áreas protegidas.  

Tabela 6 – Unidades de Conservação com risco de invasão de Hovenia dulcis em Santa 

Catarina 

Id Unidade de Conservação Domínio Região 

1 Floresta Nacional de Chapecó Federal Oeste 

2 Floresta Nacional de Caçador Federal Oeste 

3 Parque Estadual Rio Canoas Estadual Serrana 

4 RPPN Emilio Einsfeld Filho Federal Serrana 

5 RPPN Portal Agua Branca Federal Serrana 

6 RPPN Florescer Federal Serrana 

7 RPPN Pedra da Águia Federal Serrana 

8 RPPN Reserva Leão da Montanha Federal Serrana 

9 RPPN Portal das Nascentes Federal Serrana 

10 Parque Nacional de São Joaquim Federal Serrana 

11 Parque Estadual da Serra Furada Estadual Serrana 

12 Floresta Nacional de Três Barras Federal Norte Catarinense 

13 RPPN das Araucárias Gigantes Federal Norte Catarinense 

14 RPPN Odir Zanelatto Federal Norte Catarinense 

15 RPPN Taipa Rio do Couro Federal Norte Catarinense 

16 RPPN Refúgio do Macuco Federal Norte Catarinense 

17 RPPN Taipa do Rio Itajaí Federal Norte Catarinense 

18 RPPN Raso do Mandi Federal Norte Catarinense 
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19 RPPN Raso do Mandi II Federal Norte Catarinense 

20 RPPN Fazenda Pousada Serra Pitoco Federal Vale do Itajaí 

Continuação... 

Conclusão 

Id Unidade de Conservação Dominío Região 

21 RPPN Parque Ecológico ARTEX Federal Vale do Itajaí 

22 RPPN Reserva BugerKopf Federal Vale do Itajaí 

23 Parque Nacional da Serra do Itajaí Federal Vale do Itajaí 

24 RPPN Rio das Lontras Federal Grande Florianópolis 

25 RPPN Amplus Lucidus Federal Grande Florianópolis 

26 RPPN Retiro Tun Federal Grande Florianópolis 

27 RPPN Reserva Rio das Furnas II Federal Grande Florianópolis 

28 RPPN Vale das Pedras Federal Grande Florianópolis 

29 Área de Proteção Ambiental da Baleia Franca Federal Sul Catarinense 

30 Reserva Biológica Estadual do Aguaí Estadual Sul Catarinense 

Fonte: Autores (2020) 

Figura 6 – Mapa de ocorrência de Hovenia dulcis e Unidades de Conservação com e 

sem a presença da espécie em Santa Catarina 
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Fonte: Autores (2020) 

Constata-se, portanto, a ampla ocorrência da espécie Hovenia dulcis no 

Estado de Santa Catarina, uma vez que está presente em 124 dos 295 municípios, 

ou seja, 42% dos municípios do Estado já foram invadidos, bem como 23% das 

unidades de conservação administradas pela esfera federal e pela esfera estadual 

(6 de um total de 26 UCs). Além da sua introdução para uso em propriedades rurais 

nos anos 80, o fato da espécie ser classificada como pioneira e de rápido 

crescimento também justifica sua ampla ocorrência , em especial na região Oeste 

de Santa Catarina, uma vez que o estrato florestal da fitofisionomia Floresta 

Estacional Decidual tem por característica a perda de folhas na época mais fria do 

ano, ocasionando maior entrada de luminosidade e aberturas na floresta, o que 

pode favorecer o estabelecimento de Hovenia dulcis nessas áreas.  

Ressalta-se que a espécie apresenta considerável ocorrência também em 

Floresta Ombrófila Densa, nas regiões Sul Catarinense, Vale do Itajaí e Grande 

Florianópolis, o que reforça as informações constantes em literatura (DECHOUM, 
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2015a; LIMA et al., 2015), as quais afirmam que a espécie, por ser tolerante à 

sombra na fase de plântula  apresenta capacidade de invadir até mesmo ambientes 

mais fechados, os quais apresentam menor abertura de dossel e um grau maior 

de conservação. 

Embora Hovenia dulcis apresente potencial de utilização e benefícios 

(medicinal, móveis, energia, entre outros) e em Santa Catarina esteja enquadrada 

na categoria 2 de risco e ameaça à biodiversidade, possui grande potencial invasor, 

competindo e até mesmo se sobrepondo em áreas compostas por espécies 

nativas. A atual categoria de risco à qual pertence a espécie permite o cultivo e seu 

uso, porém, dada a ampla ocorrência no Estado, é necessário que o poder público 

amplie os estudos a respeito da espécie, para que políticas públicas possam ser 

propostas, visando a prevenção, o controle e a erradicação, especialmente em 

áreas já invadidas.  

Para a criação de políticas públicas, é necessário portanto, ampliar e 

fomentar estudos e pesquisas que auxiliem na compreensão a respeito da ecologia 

da espécie, envolvendo desde os mecanismos de entrada e dispersão em áreas 

invadidas, quais as características biológicas que a tornam invasora em 

determinado local, a relação entre as atividades humanas e sua disseminação, 

quais os impactos socioeconômicos (positivos ou negativos), até os aspectos legais 

e técnicas de manejo. A partir dessa compreensão, é possível indicar quais as 

linhas de ação prioritárias e a definição de programas e metas a serem 

implementados. 

5 CONCLUSÕES 

Considerando os resultados encontrados nesta análise espacial, é possível 

afirmar que a ocorrência e invasão da espécie Hovenia dulcis no Estado de Santa 

Catarina deve ser tratada de maneira prioritária, bem como devem ser 

desenvolvidos estudos mais aprofundados a respeito do comportamento da 

espécie e das mudanças causadas pela sua presença.  
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O fato da espécie ocorrer em quase 50% dos municípios Catarinenses, quer 

seja de forma mais concentrada em determinadas regiões no Estado ou não, e em 

ao menos 6 unidades de conservação, chama a atenção e aponta para a 

necessidade de medidas de prevenção, controle e erradicação, evitando assim o 

avanço da invasão, em especial em áreas de Floresta Estacional Decidual (na região 

Oeste de Santa Catarina), onde foram encontrados os maiores valores 

relacionados aos parâmetros fitossociológicos, e também o maior número de 

municípios com registro de Hovenia dulcis. 

Neste sentido, embora já existam documentos orientativos relacionados ao 

manejo de espécies exóticas invasoras em unidades de conservação federais, é 

necessário que haja maior discussão entre os atores envolvidos com a temática 

ambiental e a criação de políticas públicas, sendo muito importante que o órgão 

ambiental de Santa Catarina, responsável por manter um programa de espécies 

exóticas invasoras no estado, elabore um protocolo de prevenção, controle e 

erradicação, contendo ações e métodos eficientes destinados especificamente à 

espécie Hovenia dulcis, dada a sua elevada ocorrência no território estadual.  

Da mesma forma, a sua classificação quanto ao risco e ameaça à 

biodiversidade na categoria 2 – de acordo com a Resolução CONSEMA nº 08 de 

2012 – deve ser discutida, pois mesmo que a espécie apresente potencial de 

utilização comercial e benefícios para proprietários rurais, seu potencial invasor 

deve ser melhor analisado, bem como sua regulamentação de plantio e uso.  

Por fim, ressalta-se que apesar de o problema relacionado à invasão de 

Hovenia dulcis exija a definição de estratégias e ações a nível nacional, é necessário 

também pensar e agir em contextos regionais, buscando resolver os problemas, 

garantindo a aplicabilidade e efetividade das soluções. Além disso, destaca-se que 

embora as bases de dados consultadas (Base de Dados Nacional de Espécies 

Exóticas Invasoras, Inventário Florístico Florestal de Santa Catarina e pesquisas 

publicadas em periódicos científicos) não estejam diretamente conectadas, 

auxiliaram e favoreceram a compreensão da atual abrangência espacial da 

distribuição de Hovenia dulcis no estado de Santa Catarina. 
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ABSTRACT
This work aims to contribute to the expansion of knowledge about european cadastre systems and brazilian cadastre
guidelines associated to the parameters of the FIG, seeking to promote the enrichment of discussions on this topic
through a comparative analysis considering legal, cartographic, economic and social aspects. According to the data
collected, it was possible to establish similarities and differences between the european and brazilian cadastre systems,
discussing contributions that international experience could give in the effective regulation of these guidelines in Brazil.
Therefore, in order to reach an integrated management of the territory, this work contemplates a set of public policies
articulated along with its instrumental components, intending to have the Territorial Multipurpose Cadastre (CTM) applied
in its complete form.
Keywords: Territorial multipurpose cadastre; European cadastral systems; Comparative analysis

1. INTRODUCTION

In recent years there has been a rapid evolution of territorial information systems and in many countries the
territorial management associated with other actions of social interests has significantly contributed to the
improvement of the population's quality of life (AMORIM, 2018). In this context, the territorial register is one of the
territorial planning and management tools capable of providing cadastral data that portray reality, supporting the
necessary diagnoses for the planning process.

The International Federation of Geometers - FIG presents in its Declaration on Registration (1995) the
following concept:

A Cadastre consists of an-up-to-date plot-based territorial information system containing a record of territory-
related interests (eg rights, restrictions and responsibilities). It usually includes a geometric description of the
parcels in conjunction with other records describing the nature of the interests, ownership or control of those
interests, and often the value of the parcel and its improvements. It can be established for tax purposes (eg
appraisal and equitable taxation), for legal purposes (transfer), to assist in land use management (eg planning
and other administrative purposes), and allows for sustainable development and environmental protection.

Since 1994, FIG has had a commission responsible for working with land registration and territorial
management. This commission produced a publication called “Cadastro 2014 - A Vision for a Future Cadastral
System” (FIG, 1998), presenting six statements that address the changes that could take place, the means by
which these changes could be achieved, and the technology to take use to implement these changes.
(KAUFMANN & STEUDLER, 1998), becoming a reference document for the marking and development of the
register worldwide.

In Brazil, from the normative and regulatory initiatives on the subject, in particular through Ordinance 511 of
December 7, 2009 by the Ministry of Cities, which deals with the “Guidelines for the creation, establishment and
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updating of the Multipurpose Territorial Register (CTM) in the Brazilian municipalities”, the register is now treated
in a structured manner, more consistent with the definitions of FIG.

The objective of this work is to contribute to the expansion of information sources and discussion about
cadastral systems through a comparative analysis among the cadastral systems of four European countries:
Germany, Denmark, Czech Republic and Italy and the Brazilian Multifinality Territorial Register Guidelines,
associated with the parameters of FIG.

2. REGISTRATION SYSTEMS IN EUROPEAN COUNTRIES

The choice of the countries to be analyzed was initially based on a collection of documents called “Cadastral
Information System: a resource for EU policies” published by the “Permanent Committee on Register in the European
Union - PCC”, in 2008 and 2009. A second aspect considered is that the country has to be a member of the International
Federation of Geometers, although this criterion is not exclusive. The countries Germany, Denmark, Czech Republic and
Italy were chosen, taking into account the initial criteria cited, as well as their geographical proximity and the fact that
these countries have a good level of development of the cadastral aspect when compared to other countries. from South
America.

The characterization of the chosen countries are presented based on the information currently contained on the
“Cadastral Template 2.0” website, developed by a research group, which includes the University of Melbourne and the
International Federation of Geometers - FIG. as well as in the Cadastral Information System: a resource for EU policies
publications 2008 and 2009 (PCC, 2008 & PCC, 2009).

2.1. Registration in Germany

2.1.1. Historic
Germany, officially the Federal Republic of Germany is a country in Central Europe. It borders the north with the

North Sea, Denmark and the Baltic Sea; to the east by Poland and the Czech Republic; to the south by Austria and
Switzerland; and to the west by France, Luxembourg, Belgium and the Netherlands. The territory of Germany covers
357,021 km² and is influenced by a temperate seasonal climate. With over 82 million inhabitants, it has the largest
population of any member state of the European Union and its region called Germania is inhabited by several known and
documented Germanic peoples before 100 BC. Official survey and mapping in Germany is traditionally a matter for
federal states.

Most cadastral systems in Germany were established as a result of the French Revolution to achieve fairer
taxation of real estate. The first task was to serve as a purely fiscal register, the fiscal register, with a substantial portion
of the plans and records as land consolidation procedures. In 1872, land registration was promulgated and made
mandatory in Prussia and from 1900 throughout Germany, creating the first mapped cadastral registers, called the land
register. After 1934, the results of official land taxation are recorded in a multipurpose register. Today the whole territory
of Germany is completely covered by the real estate register without gaps or overlaps. In Germany there is only one type
of real estate register covering the whole territory with all types of landlords (private and state) and all types of land use
(urban, rural, forest etc.). The real estate registry in Germany is a parcel-based system with geographically referenced
information for unique and well-defined land units.

2.1.2. Legal Aspects
The constitution of the Federal Republic of Germany confers responsibility for official survey and mapping,

including real estate registration, to the 16 states. Because of this, each of the 16 states has its own survey and
registration law. Throughout Germany there are about 250 registration agencies with a staff of about 25,000 people.
Depending on the organizational structure in the states, cadastral offices may belong to the state or district
administration. Regardless of the ministry of reference, official survey and cadastral authorities usually belong to a two-
or three-administration model. In a two-tier model, oversight of cadastral agencies is done by ministries, in a three-tier
model, mainly by the state research institution or in cases by regional authorities covering some districts.

In all cases supervision is done by the state, with the Federal Agency of Cartography and Geodesy (BKG) is
assigned to the Federal Ministry of Interior. In October 1949 the Working Committee of the Inspection Authorities of the
States of the Federal Republic of Germany (AdV) was formed. The AdV, as a voluntary organization, is responsible for
coordinating official surveys and mapping assigned to the Permanent Conference of Interior Ministers.

2.1.3. Cartographic Aspects
In Germany, analogue cadastral maps generally exist in the form of 1: 1,000 grid maps based on Gauss-Krüger

coordinates. These old analog maps are now completely replaced by digital maps (ALK = Automated Legal Parcel Map).
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The real estate register consists of a cadastral map where all states have agreed to transfer this system to a new one.
Most states started this migration in 2009. In numerical data, information for determining the boundary, points, buildings,
coordinates, among others, is stored. The cadastral map should be adequate as a basis for topographic map
development plans, according to the legal tasks of the cadastral maps, the content based on land surveys (boundaries,
houses and buildings). Topographic details can be placed on maps by photogrammetric measurements. The AdV in
1991 introduces the European Terrestrial Reference System 1989 (ETRS89) for the State Survey of the sectors and real
estate register. In 1995 the Universal Transverse Mercator Projection (UTM) was established as a projection system.

2.1.4. Economic Aspects
Registration agencies are funded by the government, state or district (local). But they charge a fee for their

services in addition to the registration authorities. These fees do not refinance the total costs of the agencies, but some
parts achieve a more or less complete cost recovery (through charges for cadastral withdrawals). Charges for cadastral
surveys depend on different factors (eg value of parcels, number of new parcels, number of boundary points, time spent,
etc.). The registration fee is calculated as a percentage of the survey fee. All these charges are the same for all
customers, both private and public. It is almost impossible to name the charge of a cadastral survey, because it depends
on factors. In all states except Bavaria, publicly licensed inspectors are required to make cadastral surveys, but not
cadastral registration. Publicly licensed surveyors are autonomous but work under the supervision of the federal state
survey authority. The license is granted by the state only to individuals and not to companies. A licensed inspector is
authorized for only one state and acts on behalf of the state as a civil servant in administrative law. In general, licensing
requires 4-5 years of study at a university plus an additional state-level internship with an exam plus one year of work
experience.

2.1.5. Social Aspects
Since 1900 the land book in Germany has been part of voluntary jurisdiction. This is a part of common jurisdiction

and takes place in district courts, except in some parts of the state of Baden-Württemberg; there the land book belongs
to the local community. The land book is based on federal law and the registration work is done by the land book offices
("Grundbuchämter"). The land book shows the legal status of all properties, which are described by reference to the
property register.

The real estate register is updated permanently whenever there is a change. As a rule, cadastral surveys are
performed on request only in Germany. In some cases, the registry office may proceed without being asked to do so, for
example in determining land use changes or in the context of land consolidation. The property can be sold in Germany
without research as long as only entire parcels are affected. If a portion of a parcel is sold, the law requires that a portion
be searched before registering the subdivision in the land book and before it takes legal effect. The parcel of land must
be identified and described in exact terms recorded by an agency of the registry office or a licensed inspector. As the
territory of Germany is fully covered by the real estate register, this will be updated permanently, we have numerical
information or at least graphic information, but not on a topographic map. All new cadastral surveys must be connected
to the referral system.

In some states marking is not mandatory because the registration documents define the boundary and not the
boundary pillars. Rules according to accuracy and reliability depend on the situation in different states. After the
cadastral survey, the maintenance of the Real Estate Registry is performed by the responsible, the cadastral agency. As
an official authority, the registration document is signed by an official to the registration agency. The head of the office is
not required to do so. Rules of procedure (Geschäftsordnung) regulate who has the right to sign the registration
documents. These are the same for all registration agencies in a state (varying from state to state). Based on legal
authorization or agreements between administrations, third parties are also involved in the settlement of these tasks. In
the field of real estate registration, states are being supported by licensed inspectors and other state or municipal
administrative bodies.

Because real estate registration is fully automated, full online access is available. Depending on legal regulations,
it is open to local authorities, licensed inspectors, and notaries. Local authorities and licensed inspectors are also, in
some states, also allowed to offer data under the same conditions to citizens.

The law on land tenure in Germany contains regulations to change rights on a land, sell and buy, regulations of
the person-to-person relationship. German real estate registration law requires real estate registration as a detailed
record for property specification and individualization. This construction makes a continuous, necessary and vital data
exchange. The structure of the German property tax system includes different tax levels as are Federal Government
(Bund), State Governments (Länder) and Municipal Governments (Gemeinde). Each of these bodies has its own power
in making laws in the sectors expressly specified in the Fundamental State Law and has the financial autonomy that
comes from both collecting and managing the taxes for which the law provides as sole beneficiary than sharing income
from some taxes. (such as Value Added Tax and Income Tax).
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2.2. Denmark Registration

2.2.1. Historic
The register in Denmark is young and derives from the results of a movement that took place in the late 17th

century and was established in 1844. From the beginning, this register consisted of two parts: the cadastral register and
the cadastral maps. Both parts have been updated continuously since then.

Even though the primary purpose of the land registry is to collect land taxes, land registry identification is now also
used to support the land tenure and land transfer system. Over time, the Danish land registry has therefore shifted from
being primarily a basis for land valuation to a legal land registry that supports an efficient land market.

The National Survey and Register at the Ministry of the Environment maintains the Register Registry and map,
which identifies actual properties by cadastral number (s) and area and shows all plots of land graphically.

Income from the National Survey and the Registry is largely derived from data distribution, where customers pay
for data use rights and distribution itself. Agreements have been entered into for the distribution of data to state and local
authorities, whereby the authorities contribute to the cost of distribution through the State Budget and data usage rights
are free.

The applicant pays the licensed surveyor's costs, as well as a fee for registration with the National Survey and
Registration. However, this does not apply if the subdivided property is less than 100 m2, a road area, a common use
area regulated by a local plan or if it has been established through expropriation.

2.2.2. Legal Aspects
In legal terms, the cadastral register encompasses land tenure and ownership information for all Denmark except

the local authorities of Copenhagen and Frederiksberg. The cadastral registration includes cadastral identification
numbers, property size, roads and rivers, administrative areas, and references to all previous updates to individual
properties. In addition, the register contains several items relevant for analysis of an area, such as: cadastral number;
Name and code of cadastral district; Municipality number; Name of the municipality; Area; Usage status; Legal
determination of the limit; Owners of common ground; Map number; Additional measurements; Comments; Among
others.

As for cadastral archives, historical information about Denmark's land registry, including old property maps, land
registry protocols and field survey measurements, can be found in the system used by the country as a whole. Historical
registration information for local authorities in Copenhagen and Frederiksberg can be found in the offices of their
respective independent registration authorities. Large amount of file contents were scanned. Thus, more than 40,000
historical maps are accessible over the internet, and professional users can access field measurements as well, such as
surveyors.

Finally, according to the Subdivision Law, the Danish Register consists of the Register Register, the Register Map,
and the Register Measurement Sheets. The measurement sheets are kept with the specific case files. Surveyors may
request copies of these documents when they need to perform some measurement and forward to the Danish Register.

2.2.3. Cartographic Aspects
As regards the cartographic aspect, the cadastral map is a key component of the Danish national register. It

illustrates all property boundary data from all over Denmark except the local authorities of Copenhagen and
Frederiksberg, which maintain their own records. It also provides information on protected forests, polluted areas,
coastal erosion areas and special area protection. The map does not contain topological features such as elevation or
buildings.

The cadastral map is an official and digital document. It is intended to present the cadastral register in a visual
way, so that individual parcels can be identified along with their attribute data, such as cadastral number, road access,
among others. This instrument is updated daily, as new property registrations, boundary changes and field surveys are
submitted to the National Survey and Registration for approval. This excludes environmental data found on maps such
as protected forests, polluted areas, among others, which are generated and updated by the relevant agencies.

Finally, today's cadastral map is based on historical maps of hand-drawn properties (between 1991 and 1997),
which were digitized, turning them into georeferenced vectors for the entire national network. In 2008, all data was
transformed into Zone UTM 32, EUREF89. Field surveys and measurements are increasingly improving the accuracy of
the digital cadastral map, but since the existing map is based on analog maps, the accuracy of the cadastral map ends
up varying by a few centimeters in urban centers.

2.2.4. Economic Aspects
In Denmark, as regards economic aspects, personal income tax is by far the most important tax, covering 53% of

all taxes and fees. In general, income tax accounts for about half of gross personal income. Also the "value added tax"
(VAT) or general sales tax is important and represents 25% of the total, covering almost all transactions of goods and
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services, including the construction of buildings. Profit from the sale of real estate is not subject to VAT. However,
immovable property is subject to a number of other taxes, such as:

• Recurring property tax: These are three local taxes levied by the two levels of local government (municipalities
and counties);

• Flat Taxes: A transportation tax must be paid to the Real Estate Registry whenever a property is sold or
transferred to another owner.

It is noteworthy that the central government is responsible for the valuation of real estate. The basic information
required for evaluation and collection is digitally stored. The Central Customs and Tax Administration maintains a Sales
Information Record. Municipalities maintain a Municipal Property Data System prior to the Assessment and Collection
Registry, and this record includes the description of the land parcels, which come from the National Survey and the
Registry. Municipalities maintain a Land and Housing Register containing the description of buildings and housing units.

Real estate taxation agencies summarize the most important actors and databases, which maintain real estate
price information. Thus, the municipalities charge property tax and service tax. They collect city taxes and county taxes.
Thus, it is perceived the importance of the register as an economic source of value for Denmark.

2.2.5. Social aspects
Concerning social aspects, more specifically as regards the benefit of a robust cadastral system for the Danish

population, an agreement was reached with local authorities in Denmark, with effect from April 2010, seeking to highlight
the role of the National Survey and Cadastro as a central government infrastructure organization for maps and geodata.
Such agreement occurs so that the National Survey and Registration maintains an application on the internet that
provides access to registration data, the webCJo.

Users contribute a small fee to this app with limited access by usernames and passwords. All relevant registration
information is available and the National Survey and Registration also provide access to registration data through a
simple application on the institution's homepage, the latter being a free application for the general public.

Cadastral changes are updated daily by transferring data to the Municipal Property Registry and Public
Information Server, administered by the Danish Business and Construction Authority (EBST), maintaining a vast amount
of property information in Denmark, allowing developers to Owners and businesses have free online access to their own
data, making the Danish registration system able to serve significantly and bringing positive social impacts.

2.3. Registration in the Czech Republic

2.3.1. Historic
The foundations of the modern Czech Real Estate Registry were laid by a supreme patent of the Austrian

Emperor Franz I in 1817 on property tax and land levy. Its basis was an accurate inventory and geodetic measurement
of the entire earth, a so-called stable register. The stable record was based entirely on the scientific foundations of a
series of large-scale maps. All measured land was represented and numbered as plots. The area of ​​the individual plots
was determined from the area represented on the map. Most valid cadastral maps of the territory of the Czech Republic
are today derived from stable register research documentation.

In 1927, through Law No. 177, the land registry and its maintenance (cadastral act) was adopted. The land tax
register, officially transformed by the land register act, has become an indispensable part of all legal negotiation of real
estate, and its original tax objective has begun to be transformed into a legal and general economic purpose. In 1964,
the new Civil Code (Law No. 40/1964), the Real Estate Registration Act (RER) (Law No. 22/1964) and the Notary Code
(Law No. 95/1963) entered into force. After the renewal of democratic politics in 1989 a new legal arrangement came into
force, the Czech Real Estate Register (CRE), which is integrated into an instrument with the functions of the the former
Registry of Land and ex-cadastre of Land.

2.3.2. Legal Aspects
In the Czech Republic, there is a centralized property register that represents a state-of-the-art state

administration information system and contains real estate data from across the state called the Real Estate Master
Information System (ISKN). Registration includes registration information (legal rights) and registration (technical part).
The Property Registry is managed by 14 cadastral offices in 107 workplaces under the responsibility of the Czech
Topography, Mapping and Cadastre Office. The central database is located in Prague and all digital information is stored
there. The private sector is currently only involved in maintaining the register. Licensed surveyors create survey sketches
used for updating cadastral maps.

The basic units of registration in the real estate registry of the Czech Republic are:
• Parcel: Identified by parcel number within a cadastral district. A piece of land with a unique identifier within a

cadastral district where the building with its own building number can be located.
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• Building: identified by the guidance / control number and part of the municipality or parcel in question - not part
of the parcel.

• Unit: Flat - identified by the unit number and the building number in which it is located. The cadastral district is
the area in which parcels, buildings, and units are numbered in one or two number lines. Together there are 13,079
cadastral districts represented in over 41,451 map cards.

The cadastral register of the Czech Republic contains the descriptive data file and the document file. The
descriptive data file is the part of the cadastral documentation that contains data on cadastral districts, real estate, real
estate rights, owners and other rights holders, namely in the case of an individual his or her first name, surname,
surname of birth, date of birth, personal identification number and legal residence, in the case of a legal entity, his name,
place and identification number. Document filing is the part of cadastral documentation that contains, inter alia, written
forms of contracts, agreements and statements made in writing by the entity, (public deed) as well as other deeds that
authenticate under the law the rights to the property and the documentation of names settlement and non-settlement
areas.

In the Czech Republic the national land information system has its main parts updated at different frequencies:
cadastral data is updated daily; Land survey data updated every 10 days, but not required prior to transfer of ownership;
Registration unit address and owner address are constantly updated.

To achieve the highest quality and reliability of some property registration data, data from other state
administration records is used as follows:

• Register of inhabitants (source is the Ministry of Interior) - data is updated continuously;
• Register of territorial identification of addresses (Ministry of Labor and Social Affairs) - the data are updated

weekly;
• Administrative record of economic affairs (Ministry of Finance) - data is updated monthly in a batch mode.
Updating of cadastral maps is done exclusively by researchers or private companies, who are authorized to check

research sketches based on which the update is performed.

2.3.3. Cartographic Aspects
Cadastral maps cover the entire territory of the state. Two main types are available and can be obtained online or

as a copy of paper maps: digital cadastral map and raster-scanned cadastral map. The digital cadastral map contains a
graphical representation of the current legal status. The rasterized cadastral map shows the status at the time of
digitization and is scanned once a year.

Most cadastral maps are on the old 1: 1000,1: 2000 and 1: 2880 scales. Exceptionally they are in the 1: 2500 (1:
1250) and 1: 5000 scales. The cadastral map in digital vector format is only available in 1/3 of the Czech Republic area.

The coordinate reference system of the Czech Republic is S-JTSK, which consists of a flat geodetic grid
coordinate system called the "jednotne trigonometricke site katastralni system - The Czech / Slovak Single Trigonometric
Cadastral Network System".

2.3.4. Economic Aspects
In the Czech Republic Part the property registration technique and legal rights are administered together. Already

the cadastral database in the Czech Republic today does not contain data on the value of real estate for taxation, but
taxation has the following definitions:

• Property taxation is described in Law No. 338/1992 on property taxation. Refers to taxation of both parcels and
building;

• The tax base of orders is the price of the parcel given in the application decree and ranges from 1 to 10 CZK per
square meter. This tax must be paid quarterly, twice a year or annually.

• Building taxation is used not only for buildings, but also for apartments and non-residential facilities that qualify
as units under the Apartment Ownership Act. This tax must be paid quarterly, twice a year or annually.

• Property transfer tax is stated in Law No. 357/1992 on death tax, gift tax and property transfer tax. This tax must
be paid in case of paid transfers of real estate.

• Property purchase tax, flat or non-residential area is indicated in Law No. 586/1992. Income tax from the
purchase of real estate included in commercial property is always required, which means that commercial property is
always taxed.

• The gift tax is contained in Law No. 357/1992. This tax must be paid for unpaid (present) property transfers. The
basis for this taxation is the administered price (is the price declared by the authorized appraiser) of the real estate.
Taxation ranges from 1% to 40% of the property management price. The tax must be paid within 30 days of receipt of the
tax assessment from the finance office.

2.3.5. Social Aspects
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The Czech Republic Property Registration Information System form is accessible and open to the public. You can
get all the information you need for a fee, while limited choice is free. Those who do not have online access can obtain
the information and check the Real Estate Registration Statement on the table in all cadastral offices and since 2007
also in other places called CzechPOINT - in municipalities, post offices and others (www.czechpoint.cz). For those who
have access online, there are more possible ways to get information from the property register.

Remote Access is a paid www service available at the following address: https://katastr.cuzk.cz, which allows
online access to property registration data for registered users. Government and self-government bodies access this
service free of charge.

Online products provided via remote access:
• Real Estate Registration Statement: Contains basic information about the owner, his / her ID, address of his / her

permanent residence / seat and real estate information, and their legal relationships with those properties, including
information on easements, mortgages.

• Information about the course of the process: contains information about the process participants (names and
their roles buyer, carrier), object of the process and identification of the property in question.

• Copy of cadastral map: depicts the chosen area including the boundaries of the parcels and their building
numbers and borders.

• Parcel / Building / Unit Information: Contains basic parcel / building / unit information. Means parcel / building /
unit number, cadastral district name, county name, parcel area, landlord name, and permanent postal address).

• Minor control information: Contains coordinates of points of minor control chosen in the cadastral district.
In the Czech Republic there is also the property viewer viewer, which is a free service available to everyone,

provided you know the number of the parcel or number of the building or apartment (unit) and the district or municipality
and who wants to know The name of the owner of a special real estate. Information about the process is also available
free of charge - the number of processes and the Registered Office responsible is sufficient to obtain the information.
The search is also possible through the cadastral map according to the cadastral district and plot number or simply by
finding the known plot directly on the map.

2.4. Registration in Italy

2.4.1. Historic
Italy is a country that has its division into 20 Regions, of which 15 have a general status and 5 have a special

status to the detriment of their language and cultural functions of the communities present in those territories. The
regions are subdivided into approximately 102 provinces, having approximately 8,100 municipalities, having considered
13 metropolitan areas with similar competences to those of the provinces. This division began historical with the Italian
cadastre, which was an inventory of real estate present throughout the national territory. Initially it was based on two
distinct registers: the first (horizontal) - called Nuovo catasto dei terreni, the New Land Register - comprising a list of all
rural properties, and the second (vertical) - called Nuovo catasto edilizio urban, the Cadastro of New Urban Buildings -
listing of buildings for civil, industrial and commercial use. These two registrations, established for civil and tax purposes,
were implemented throughout the history of Italy until the creation of Law No. 133 of February 26, 1994, which united the
information and provided a more complex cadastral information system in compliance with the following aspects. legal,
economic, social and cadastral, thus providing integrated management and better use of land and its resources.

2.4.2. Legal Aspects
The Italian land registry is anchored by Law No. 133 of February 26, 1994, known as “The Urban Buildings

Register”, which consists of a unified database that presents configurations analogous to the geometric (plan) and
technical Land Register. and economic (technical-physical characteristics and income), thus favoring the process of land
use management. The administration and management of the register is currently entrusted to Agenziadel Territorio. The
Agency is a non-economic public body operating under the control of the Ministry of Economy and Finance and is
endowed with extensive regulatory, administrative, asset management, organizational, accounting and financial
autonomy. The Cadastre, therefore, is the responsibility of the Land Department, along with the real estate and rights
and mortgage registrations.

The Italian cadastral information system comprises 4 data foundations: i) the cartographic database; ii) the land
registry database (alphanumeric); iii) the Building Master database (alphanumeric); iv) the database of plans of urban
real estate units. Obtaining the following configurations: i) The Building Registration database contains technical,
physical, legal and economic information about each urban unit of a single property; ii) The plan database contains
graphical representations (room distribution without different floor levels) of urban real estate units placed in each
building; iii) the land registry database contains technical data, physical, legal and economic information on each parcel;
iv) The cartographic database, with its cadastral maps, defines the form and location of the plot in the territory. The Law
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no. 68 of February 2, 1960 established the Administration of the Registry and Technical Revenue Services “Agenzia del
Territorio” as one of the cartographic bodies of the Italian State using the following cadastral cartographic base: 1: 500 -
5,000 maps; 1: 1000 - 85,000 maps; 1: 1500 - 7000 maps; 1: 2000 - 216,000 maps, 1: 4000 - 23,000 maps; other scales
- 3,000 maps. Having as representativeness: 1: 4,000 - 7%; 1: 5000 - 1%; 1: 1,000-2%, 1: 1,500-19% 1: 2,000-69%;
totaling 339,000 map sheets (paper map whose default format is 70 x100). The Italian cadastral cartography, fully
available in vector format, is managed through a single GIS application system called WEGIS (Web Enable GIS). The
system allows to export data in different formats (DXF, CXF, CM L) and is updated in real time.

2.4.4. Economic Aspects
In Italy the applicable taxes and their due amounts are: Share Registration 11%, Urban Solid Waste 6%,

Alienation Tax, Other Taxes 12%, Cadastral Tax 18% and Mortgage Tax 8%, Municipal Property, Natural Person and Tax
Income from 18% to 27%. For the sale of real estate see Law no. 226, of December 23, 2005, which should be
highlighted two important data: i) “fair value”, which is calculated based on the market value of the asset, which is
weighted due to the social function of ownership and the existence of assignment agreement, and there may be the
possibility of reducing the indemnity amount by 25% when justified social, cultural or economic need for the use of land
or property. It may be added 10% of that value in certain situations, as an incentive for the public negotiation of the good
to occur. Still, when the sale occurs in the agricultural area, the fair value takes into account the crop and well produced
on the land. ii) housing plan, which must be drawn up strategic plans (regional, provincial, municipal or inter-municipal)
for the implementation of social housing policy. All municipalities must guarantee a share of social housing for their
territory and the largest must approve specific plans with areas for social housing, mirroring 40 to 70% of the estimated
housing needs for the next 10 years, this use being safeguarded as use. that the fair price rule is applicable to the
acquisition of areas for the installation of these housing developments.

2.4.5. Social Aspects
The “Agenzia del Territorio” offers online services for users: professionals and institutions (Municipal Authorities,

Public Institutions), which can be accessed through the Internet. The database is available on the Public Connectivity
System (SPC). All registration data consultation reports are free. Regarding the different types of users interested in
cadastral information, the services provided by Agenzia del Territorio can be classified as follows:

• Services for individual users;
• Services for professionals, civil servants and companies;
• Services for municipal authorities and institutions.

3. GUIDELINES FOR THE MULTIFINALITY TERRITORIAL REGISTRATION IN BRAZIL

In Brazil, as in most countries, the register takes into consideration the parcel. However, in Brazil there are two
types of registers, the rural and the urban (Brazil, 2009), and the rural has a larger and more advanced regulation and
development when compared to the urban. Urban registration is the responsibility of municipalities, although few have
already implemented it.

In 2003, the Ministry of Cities was created in Brazil, and then a working group was formed to elaborate the
guidelines for the creation, establishment and updating of the Multifinal Territorial Register in Brazilian municipalities,
implementing public policies that encouraged the implementation of multi-purpose cadastral systems. as a fundamental
tool for the urban management of municipalities (AMORIM, 2018).

Ordinance 511/09 of the MINISTRY OF CITIES, (BRAZIL, 2009) establishes the guidelines for the creation,
establishment and updating of the Multipurpose Territorial Register (CTM) in Brazilian municipalities and is an integral
and fundamental part with regard to public planning policies. territorial. The CTM is defined as the official and systematic
territorial inventory of the municipality and based on the survey of the boundaries of each parcel, which receives an
unambiguous numerical identification.

The multifinality character of the register is only met if it contemplates, in its implementation, characteristics that
enable the sharing of information with other institutions or even sectors of the public administration itself (CARNEIRO et
al., 2010).

According to Art. 2 of Ordinance 511, cadastral parcel is “the smallest unit of the cadastral, defined as a
contiguous part of the land surface with a single legal regime”. The concept of parcel assumes that there can be no
overlap between units, much less gaps, must be contiguous and a property can have as many parcels as necessary.

The Multipurpose Territorial Register consists of three basic components: (i) archive of original field survey
documents, such as sketches, spreadsheets, and survey equipment; (ii) literal (alphanumeric) data files for cadastral
parcels, such as parcel identifier, technical attributes, area, owner name; and (iii) cadastral letter, which is the
cartographic representation of the survey.
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The CTM informs the physical reality of the property, which measures are in place, which often does not match
the legal description presented by the real estate registry. This is largely due to the fact that real estate records until
recently did not require technical criteria for acceptable topographic and geodetic surveys, but also because of irregular
occupation of the properties.

According to Ordinance 511, the multi-purpose land register, when integrated with the land registry data,
constitutes the Land Registry and Registration System - SICART.

The real estate registry, while also working with the parcel, holds legal property information such as landlord data,
rights and restrictions. CTM presents information on location and size of the plot, as well as the boundaries of its
demarcations (CARNEIRO et al., 2010). Note that the correlation of this information in SICART is only possible with the
application of the unique numeric code for each parcel.

Already the art. 10 of Ordinance 511 deals with the cadastral survey, states that it should be referenced to the
Brazilian Geodetic System - SGB, which is a network of geodetic landmarks whose coordinates are approved by official
bodies, in the Brazilian case the IBGE and should have the highest possible accuracy. The guidelines also deal with the
thematic register, which is formed by a set of information on a certain theme that coincides with the portion of the CTM.
They are managed by various sectors of public administration or other institutions. Can be considered thematic registers
the fiscal register, infrastructure, environmental, among others.

The art. 24 of Ordinance 511 of the Ministry of Cities states that the multipurpose land register, when integrated
with the land registry data, becomes an important land regularization instrument, contributing to the territorial planning of
the municipality, since it integrates the legal information real estate registration with the actual information resulting from
CTM.

In order to effectively manage the territory, the CTM becomes an important tool as it can support the definition of
measures that enable the development of the municipality, respecting the peculiar characteristics of each region.

4. COMPARATIVE ANALYSIS BETWEEN THE REGISTRATION SYSTEMS OF THE DIFFERENT COUNTRIES

In order to synthesize the information and establish comparison standards between the chosen countries and
Brazil, the following table was prepared (Table 1), which presents the framework of each country related to the legal,
cartographic, economic and social aspects of the register.

Table 1- Framework of the registration aspects in the selected countries.

ASPECTS GERMANY ITALY DENMARK CZECH REP DIRECT BRAZIL

LEGAL

There is a relationship
between registration

and real estate
registration

yes yes yes yes yes

There is a relationship
between the registry
and other sectors of

administration

yes yes yes yes yes

There is a registration
body in the country yes yes yes yes no/municipal

CARTOGRAPHIC

Mapping is analog no no no no no
Mapping is digital yes yes yes yes yes

Mapping includes land
use information yes yes yes yes yes

Registration update
frequency permanent permanent permanent permanent permanent

Cadastral mapping
scale 1: 1.000 1:1.000; 1:2000; 1:5.000;

1:4.000 1:4000 1:1000, 1:2000 e 1:2880 1:2000

Coordinate system UTM UTM UTM
Zone 32, EUREF89 S-JTSK UTM

ECONOMIC

Registration supports /
is related to land tax

collection
yes yes yes no yes

There is a charge for
access to registration

information
partial no partial partial partial

SOCIAL

Citizens have access to
registration information yes yes yes yes yes

Through access,
citizens can make

comparisons of
registered values.

yes yes yes yes yes

There is free access to
registration information partial yes partial yes/ partial yes/partial

Source: Authors, 2017

From the comparison of the cadastral aspects of the countries, it is possible to say that there is a convergence
among all, with few differences. All countries have a relationship between property registration and registration
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information, the relationship between the registry and other administrative sectors, have a federal or state agency
responsible for the subject, have digital mapping, with land use information, and scales 1: 5000 mapping and permanent
update. From the economic point of view, with the exception of the Czech Republic, all countries have the register as
support for the composition of amounts for tax collection, and with the exception of Italy, all, even partially, make some
kind of charge for access. certain registration information, and only Italy offers total free of charge information. Although
there is a charge in some countries, we highlight the fact that in all of them citizens have access to information.

Similarly it can be said that Brazil is directed in this direction, and although it differs because it does not have a
federal or state body responsible for the cadastral system, being the municipalities responsible, presents Guidelines that
guide and guide the municipalities to implement the Territorial Registry Multi-purpose in the same direction as the
countries analyzed, considered developed and with consolidated cadastral systems. The biggest difficulty in Brazil is the
implementation of registration, since the vast majority of municipalities do not even have technical capacity and face
financial and organizational barriers to start the process of land registration.

Seeking an analysis based on the statements contained in the publication “Cadastro 2014 - a vision for a future
cadastral system” (FIG, 1998):

1 - Register 2014 will show a complete picture of the legal status of the land, indicating both rights and
restrictions.
2 - The separation between "maps" and "records" will disappear.
3 - The "cadastral maps" disappear.
4 - The pencil and paper register disappears.
5 - Registration 2014 will be mostly private. The public and private sectors work closely together.
6 - The investment made for the creation of the Cadastro 2014 may be recovered.

 
It is understood that all countries assessed are in one way or another directed to comply with such statements. In

Brazil, the Guidelines for the creation, establishment and updating of the Multipurpose Territorial Register also guide
Brazilian municipalities to comply with the “2014 Register” statements, although in practice little progress has been
made.

5. CONCLUSIONS

The Guidelines that guide the land registry for urban areas in Brazil are quite similar to the existing consolidated
systems of the analyzed European countries. What differs is that, for example, Germany, the cadastral system has a
solid historical database and accumulated experience when compared to experiences in Brazil, as already stated by
Figur (2011), presenting greater stability and reliability, with greater technical rigor. The same is true of Denmark, Italy
and the Czech Republic. In addition, all of these countries work to comply with the “Cadastro 2014” guidance statements
(FIG, 1998).

In case of Brazil, the problems of large cities and metropolitan regions, with constant spatial transformations and
also of small municipalities, with the lack of technical capacity and budget allocations make territorial management
difficult. As stated by Julião (2014), for the integrated management of the territory, it is necessary a set of articulated
public policies that should create the basic conditions so that, through their instrumental components, the sustainable
development of society and the democratization of the information of the territorial management, aiming at greater social
participation. The implementation of the Multifinal Territorial Register can be an important instrument for Brazil to promote
the planning and development of its territory and should therefore be treated as a priority by municipal governments.
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ABSTRACT:

The classification of tree species can significantly benefit from high spatial and spectral information acquired by unmanned aerial 

vehicles (UAVs) associated with advanced feature extraction and classification methods. Different from the traditional feature 

extraction methods, that highly depend on user’s knowledge, the convolutional neural network (CNN)-based method can 

automatically learn and extract the spatial-related features layer by layer. However, in order to capture significant features of the 

data, the CNN classifier requires a large number of training samples, which are hardly available when dealing with tree species in 

tropical forests. This study investigated the following topics concerning the classification of 14 tree species in a subtropical forest 

area of Southern Brazil: i) the performance of the CNN method associated with a previous step to increase and balance the sample 

set (data augmentation) for tree species classification as compared to the conventional machine learning methods support vector 

machine (SVM) and random forest (RF) using the original training data; ii) the performance of the SVM and RF classifiers when 

associated with a data augmentation step and spatial features extracted from a CNN. Results showed that the CNN classifier 

outperformed the conventional SVM and RF classifiers, reaching an overall accuracy (OA) of 84.37% and Kappa of 0.82. The SVM

and RF had a poor accuracy with the original spectral bands (OA 62.67% and 59.24%) but presented an increase between 14% and 

21% in OA when associated with a data augmentation and spatial features extracted from a CNN.

1. INTRODUCTION

Currently, one of the major challenges for conservation is to 

obtain reliable and accurate information at a large scale to 

monitor biodiversity, resources as well as the human impact on 

natural ecosystems (Wagner et al., 2019). Remote sensing is 

considered an effective means for this effort, not only because 

of the increased spatial and temporal resolutions of the datasets, 

which enable identifying elements of biodiversity, such as tree 

species, but also because of the increase in available data, the 

computational capacity to process such data, and the 

development of advanced classification methods (Ghosh et al., 

2014; He et al., 2015; Kwok, 2018).

Small-format hyperspectral cameras on-board unmanned aerial 

vehicles (UAVs) provide both high spectral and very high 

spatial resolution data, markedly increasing the scope of remote 

sensing applications. UAV-borne sensors enable to collect data 

even under cloud cover conditions. Moreover, they are flexible 

regarding spatial and temporal resolution, what makes them a 

cost-effective and operational solution for tree species 

classification (Nevalainen et al., 2017; Tuominen et al., 2018; 

Sothe et al., 2019; Miyoshi et al., 2020).

Nevertheless, a fact that must be considered when using high 

spatial resolution data for tree species classification is the

differences in light conditions and spectral variability within the 

crowns, such as branches, presence of lianas, background and

shadows, which can negatively affect the classification 

accuracies. To deal with this, many studies resort to textural 

features as a way to include spatial information in the 

classification process. The gray-level co-occurrence matrix 

(GLCM), for instance, is frequently applied for tree species 

classification (Franklin, Ahmed, 2017; Maschler et al., 2018; 

Ferreira et al., 2019; Sothe et al., 2019). However, such 

techniques commonly require predefined spatial filter and other 

parameters which are subjectively determined by the user 

according to his/her knowledge of the problem. Moreover, these 

spatial features are aim-specific ones, which means that only 

one specific type of objects can be detected by each parameter 

configuration, making it impossible to describe all types of 

objects by setting empirical parameters (Zhao, Du, 2016).

Besides the data and feature extraction, a proper choice of the 

classification method is also decisive for a successful

classification result. Machine learning algorithms, such as 

support vector machine (SVM) and random forest (RF), are 

considered robust and work well in the presence of a wide range 

of class distributions and with high dimensionality and 
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multisource data (Ghosh et al., 2014), but still depend on hand-

engineered features (Li et al., 2017). Recently, deep learning, a 

class of machine learning, has been introduced into remotely 

sensed images classification and hyperspectral images in 

particular. Deep learning methods are able to automatically 

extract high-level spatial features from hyperspectral data (Chen 

et al., 2016; Zhao, Du, 2016; Signoroni et al., 2019), showing

great robustness and effectiveness in image classification (Chen 

et al., 2014; Li et al., 2017; Wagner et al., 2019). Among these 

methods, the convolutional neural network (CNN) algorithm is 

a supervised deep learning model that has been producing 

promising results in tree species classification (Pölönen et al.,

2018; Fricker et al. 2019; Hartling et al., 2019; Sothe et al., 

2019). However, few studies explored the CNN for tree species 

classification in (sub)tropical forests (e.g., Sothe et al., 2019) 

and the potential of deep features extracted from a CNN for this 

purpose remains unknown.

A major challenge in the classification of tree species in tropical 

forests is the high number of species, some of them dominant 

and other rare. It results in an imbalanced sample set, with a 

small number of samples available for the less often found tree 

species (Mellor et al., 2015). In this case, sampling the natural 

abundance of species would lead to highly skewed sample sizes 

across classes, while increasing the sample sizes of rare species 

would be time-consuming and costly (Graves et al., 2016). The

CNN requires a large number of training samples in order to 

capture the essential features of the data (Pasupa, Sunhem,

2016; Yu et al., 2017), which can be an obstacle when used to 

classify a large number of tree species in tropical forests. To 

address this problem, a data augmentation step to increase and 

balance the number of training samples can be performed before

the classification. Among the available data augmentation 

methods, flip, translation and rotation operations preserve the 

scene topologies of the data, which is especially important for 

consistent classifications, but enhance the intra-class data 

diversity and does not incur inter-class ambiguities (Yu et al., 

2017). 

In this study, a CNN method associated with a data 

augmentation step was tested and compared with conventional 

machine learning methods, SVM and RF, for the classification 

of 14 tree species in a subtropical forest area. The potential use 

of a data augmentation and deep spatial features extracted from 

a CNN and incorporated into the SVM and RF classifiers was

also evaluated.

2. MATERIAL AND METHODS

2.1 Study area and samples collection

The study area is located in the municipality of Curitibanos, 

Santa Catarina State, Southern Brazil (Figure 1). The area 

covers an extension of approximately 30 ha and belongs to the 

Atlantic Rain Forest biome and the Mixed Ombrophilous Forest 

phytophysiognomy, comprising both coniferous and 

broadleaves species. According to the Köppen–Geiger 

classification, the climate is Cfb, moist mesothermal with no 

clearly defined dry season, with a mean annual temperature of 

15 °C and a yearly rainfall of 1,616 mm (Peel et al., 2007).

The sample collection was performed after the acquisition of the 

hyperspectral data, in which some crowns were selected in the 

images and surveyed in the field. Eighty individual tree crowns 

(ITC) representing 14 tree species were identified, 

corresponding approximately to 80% of the dominant tree 

species in the area (Table 1).

Figure 1. Study area, samples location and ground control 

points.

ID Species ITC Nº pixels

a Luehea divaricata 5 23,624

b Araucaria angustifolia 8 27,191
c Mimosa scabrella 7 25,449

d Lithraea brasiliensis 5 17,458

e Campomanesia xanthocarpa 5 18,837
f Cedrela fissilis 5 24,368

g Cinnamodendron dinisii 5 6,927

h Cupania vernalis 5 12,475
i Matayba elaeagnoides 8 48,231

j Nectandra megapotamica 8 11,247

l Ocotea sp. 9 101,884
m Podocarpus lambertii 6 12,387

n Schinus terebethifolius (sp1) 2 4,491

o Schinus lentiscifolius (sp2) 2 6,083

Total 80 340,652

Table 1. Description of tree species, number of individual tree 

crowns (ITC) and pixel samples used in this study.

2.2 Input data

The flight was conducted in December 2017 using a quadcopter 

UAV (UX4 model) and a frame format hyperspectral camera 

based on a Fabry-Perot Interferometer (FPI), model 2015 (DT-

0011). The camera has two CMOSIS CMV400 sensors that by 

means of an adjustable air gap are flexible in selecting up to 25 

spectral bands ranging from 500 to 900 nm with the minimum 

bandwidth of 10 nm at the full width at half maximum (FWHM) 

(Honkavaara et al., 2013) (Table 2).

Sensor CMOSIS CMV400 sensors

Spectral bands 25 spectral bands ranging from 506 to 819 nm

FWHM Ranging from 12.84 to 21.89 nm

Focal length 8.6 mm

Field of view (FOV) 37°

Spatial resolution 11 cm

Image dimensions 1,023 × 648 pixels

Flight height 150 m

Flight speed 4 m/s

Table 2. Characteristics of the camera, flight and data.

In the preprocessing stage, the images digital numbers were first

transformed into radiance values with photon units of pixel−1 s−1

using the Hyperspectral Imager, software developed by Rikola 

Ltd (2014) and supplied with the camera. The correction 
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parameters are available in ASCII files organized according to 

the sensor and respective data, the positioning of the FPI and the 

FWHM. Next, the dark signal correction was performed using 

black images collected prior to the data captured with covered 

lens. For the geometric processing, the camera geometry and the 

orientation of each band were reconstructed using the interior 

orientation parameters (IOPs) and the exterior orientation 

parameters (EOPs), estimated using the so-called on-the-job 

calibration, after a refinement of the initial values. Such initial 

values for the camera positions were assessed by the GNSS 

receiver and involved latitude, longitude, and altitude (flight 

height plus the average terrain elevation) data. In the sequence, 

the coordinates of six ground control points (GCPs) (Figure 1) 

were added to the project and measured in the corresponding 

reference images. According to Miyoshi et al. (2018), frame 

format cameras results in more stable imaging geometries and 

uses fewer GCPs than pushbroom sensors. After the bundle 

adjustment, the final errors of the GCPs (reprojection errors) 

were 0.03 pixels in the image and 0.003 m in the GCPs.

Afterwards, the orthorectification was performed starting with 

the generation of a dense point cloud. At the last stage, the 

orthomosaics of all the bands were generated from the 

orthoimages of each hypercube band. The geometric processing

and orthorectification were performed for each of the 25 

spectral bands, which automatically coregister them regarding 

the slight positioning difference among bands of the same 

image caused by the time sequential operating principle of the 

camera (Honkavaara et al., 2013; Miyoshi et al., 2018). The 

orthomosaics of the 25 spectral bands were stacked to compose 

the original (or raw) dataset. 

2.3 Classification

For the SVM classification, the one-against-one multiclass 

strategy and the radial basis function (RBF) were adopted. A 5-

fold cross validation was carried out in the training samples set 

to tune the cost parameter, while the gamma value was set 

during the classification process with the function sigest of the 

kernlab package (Karatzoglou et al., 2004) in R programming (R 

Development Core Team, 2018). The RF classifier was 

performed using 500 trees. The default value for mtry parameter

was kept, which corresponds to the square root of the total 

number of features used in each experiment (Breiman, 2001). 

The RF classification was conducted using the randomForest 

package (Liaw, Wiener, 2002) in R programming. In the case of 

the SVM and RF classifications associated with a data 

augmentation and deep features extracted from the CNN, they

were respectively named CNN-SVM and CNN-RF approaches, 

and the same parameters of their conventional classifications

described above were used.

For the CNN, CNN-SVM and CNN-RF approaches, a data 

augmentation step using flip and rotation operations was 

executed prior to the classification. The training samples were 

replicated as the feature space was rotated and flipped in 

different directions until they reached an amount of 15,000 

pixels per class, while the few species with training samples 

exceeding 15,000 pixels were downsampled.

The feature extraction and classification using the CNN were 

performed using the architecture shown in Figure 2, executed in 

Keras with TensorFlow backend (Abadi et al., 2015). It

consisted of five convolutional layers, three pooling layers, a 

fully-connected layer and a classification layer. The numbers of 

kernels for the successive convolutional layers were 32, 32, 48, 

48, 64, and 128 for the fully-connected layer, with a learning 

rate of 10e-4. After every convolution operation and the fully-

connected layer, a batch normalization, followed by a leaky 

rectified linear unit (Leaky ReLU) activation function, was 

applied. The Adam optimizer (Kingma, Ba, 2015) parameters 

were set to default values. To deal with overfitting, the network 

was trained using early stopping and dropout regularization of 

0.35 after the fully-connected layer and before the top layer. 

The last layer of the network (classification layer) was 

composed of a softmax activation function that performs a 

pixel-wise classification upon the learned representative 

features. For the CNN-SVM and CNN-RF approaches, the 

learned features corresponding to the output of the fully-

connected layer are used as input for the SVM and RF 

classifiers. The total number of CNN parameters was 186,896. 

Figure 2. CNN architecture adopted in this study.

In the inference step, the trained network was applied over the 

image to generate the classification maps. The CNN classifier 

was applied to overlapping image patches to predict the class of 

their central pixel using a sliding window technique with a 

stride set to 1. Next, each query was spatially concatenated to 

obtain a classification at the same resolution of the input image. 

After testing different window sizes, the evaluated network was 

designed to receive a patch of 33x33 pixels and to output a 

probabilistic vector of size equal to the number of classes, 

where the index location of the highest value indicates the most 

probable class. Figure 3 depicts the methodological flowchart of 

tree species classification using the CNN method and the CNN-

SVM and CNN-RF approaches. It should point out that for all 

classifiers and approaches, the ITC samples were randomly split 

into training (and validation) and test sets prior to the 

classification. Training samples together with validation 

samples were used to train the classifier and to find the best 

classification parameters, while test samples were separate for 

the accuracy assessment.

Figure 3. Methodological flowchart of tree species classification 

using the CNN method and CNN-SVM/ CNN-RF approaches.

Note: sp1 (yellow) and sp2 (green) representing different 

species; ITC= individual tree crown.

2.4 Accuracy assessment

To evaluate the classification results, the confusion matrices 

were generated based on a cross-check between the classified 

results and test samples, corresponding to 50% of ITCs not used 

in the training or validation steps. With the confusion matrices, 

different agreement indices were calculated: (a) overall 

accuracy (OA); (b) precision (i.e. producer’s accuracy), (c) 
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recall (i.e. user’s accuracies); (d) F-measure and; (e) Kappa

index.

Even aware of the uncertainties in expanding the tree species 

classification over the entire area because not all the species 

were represented, the classified images were made to analyze 

the representativeness and abundance of each species, observing

the classification patterns and the agreement in classifications

resulted from different classifiers/approaches. The non-forest 

areas were removed by a CHM mask, considering pixel values 

below 2 m. We emphasize that expanding the classification to 

the entire study areas would lead to a misclassification of the 

tree species not surveyed in the field work. This is the reason 

why such species were not included in the confusion matrices 

reckoning.

3. RESULTS AND DISCUSSION

Results showed that the CNN classifier outperformed the SVM

and RF classifiers (Table 3), reaching an OA of 84.37% and 

Kappa of 0.82. The SVM and RF had a poor accuracy when 

only the original spectral bands were used (OA 62.67% and 

59.24%), but an increase between 14% and 21% for SVM and 

RF, respectively, was observed when a data augmentation 

process and deep features extracted from the CNN were 

employed by these classifiers.

Classifier/Approach OA (%) Kappa

SVM 62.67 0.57

RF 59.24 0.52
CNN 84.37 0.82

CNN-SVM 76.83 0.73

CNN-RF 80.73 0.78

Table 3. Tree species classification results.

Figure 4 shows the F-measure of each tree species and 

classifier/approach. In general, the CNN outperformed the 

classification for most species, except for Campomanesia 

xanthocarpa and Schinus sp2, in which the CNN-RF approach 

had a slightly better performance. When using only the original 

bands, the SVM and RF had a poor performance for most

species, showing that the process to increase and balance the 

sample set and the extraction of deep CNN features were crucial 

for improving their results.

Figure 4. F-measure of each tree species class according to the 

classifier/approach.

The use of the CNN classifier as well the CNN-SVM and CNN-

RF approaches showed to be particularly relevant to increase 

the accuracy of species with fewer pixel samples, as in the case 

of Cinnamodendron dinisii, Cupania vernalis, Nectandra 

megapotamica, Podocarpus lambertii, Schinus sp1 and Schinus 

sp2 as shown in the confusion matrices (Figure 5). For these 

species in particular, the data augmentation process could 

significantly increase their accuracy. Yu et al. (2017) observed 

that the experimental results with augmentation operations 

outperform those from the same deep model architecture 

training on the original sample set. According to the authors, the 

diversity and completeness of remote sensing data can be 

greatly enhanced by data augmentation. 

Figure 5. Confusion matrices of RF classifier (top) and CNN-

RF approach (bottom). Note: Species ID according to Table 1.

The spatial information extracted from the CNN may also have

been decisive in improving the accuracy of some classes.

Nectandra megapotamica, for instance, is a species with small 

crowns and considering this, even with eight ITC samples, it 

presents a small number of pixel samples. This may result in a 

higher intraclass variability, which was better captured by the 

spatial information extracted from the CNN. Zhao and Du

(2016) also highlighted the potential of the CNN as a method to 

extract spatial features for land cover classification. They

reported that the CNN had better results when compared with 

conventional feature extraction methods, such as principal 

component analysis and linear discriminant analysis. 

The findings of this study are consistent with the studies 

exploring the CNN for tree species classification so far. Hartling 

et al. (2019) compared a dense CNN architecture to the RF and 

SVM methods to classify eight tree species in an urban area 

using WorldView-2, WorldView-3 and intensity derived from 
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light detection and ranging (LiDAR) data. In their study, the 

CNN classifier reached 82.6% of OA in comparison to 60% 

achieved by machine learning methods. Fricker et al. (2019) 

reached a F-score of 0.87 when classifying seven tree species in 

a mixed-conifer forest in USA using hyperspectral data.

Pölönen et al. (2018) reached 96.2% of OA when classifying 

three tree species of a boreal forest using a 3D CNN and 

hyperspectral data. The results of this study are comparable to 

those of the above-mentioned works, given that Fricker et al. 

(2019) and Pölönen et al. (2018) handled a limited number of 

species and not a tropical forest, and Hartling et al. (2019) 

studied urban areas, which represent a more controlled 

environment. Similar to our study, Hartling et al. (2019) 

emphasized the ability of the CNN to automatically extract 

information from the input dataset, given that the addition of 

hand-engineered features does not always result in higher 

accuracies. For instance, the studies conducted by Sothe et al. 

(2019) and Maschler et al. (2018) observed that the inclusion of 

texture information derived from GLCM did not significantly 

increase the accuracy of tree species classification when using 

SVM or RF methods.

Figure 6. Classified images. (a) RF classifier; (b) CNN 

classifier.

Zhao and Du (2016) noticed that the method involving spatial 

features extracted from a CNN produced maps with less “salt 

and pepper” effect, which was also observed in this study 

(Figure 6). The CNN classifier (Figure 6b) produced a more 

homogeneous map than RF (Figure 6a) and SVM due to the use 

of deep spatial features. This is an important issue to be 

considered, because in maps with the “salt and pepper” effect it 

is very common that an ITC of one single species is composed 

by pixels classified as different species. This effect can also be 

minimized when adopting a segmentation method to delineate 

the crowns previous to the classification. However, for tropical 

forests, this task is very time consuming and usually involves 

many steps (e.g., Tochon et al., 2015; Wagner et al., 2018). In 

fact, a study conducted by Sothe et al. (2019) reported that the 

SVM only reached similar accuracies to CNN when 3D 

information was incorporated into the dataset and the final 

classification was aggregated into segments. They also pointed 

out the use of a CNN for tree species classification as a 

promising way to extract spatial features, while dealing with the 

intraclass variability of high spatial resolution images, without 

the need of a segmentation procedure.

4. CONCLUSION

This study investigated the ability of a CNN associated with a 

data augmentation process, as a feature extraction and 

classification method for classifying 14 tree species in a 

subtropical forest by means of UAV-borne hyperspectral data. 

Results showed that the CNN outperformed the conventional 

machine learning methods SVM and RF, with an OA of 84.37%

and a Kappa index of 0.82. SVM and RF had a marked increase 

when associated with a data augmentation step and deep spatial 

features extracted from a CNN. With an OA of 76.83% and 

80.73%, respectively, SVM and RF were 14% and 21% more 

accurate than the classification using only the original training 

sample set and spectral data. In addition to not requiring hand-

engineered features, the CNN stood out for producing more

homogeneous tree species maps without the need of previous 

segmentation steps, which is usually imperative when dealing 

with very high spatial resolution images.
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Resumo

O presente estudo objetivou analisar a dinâmica do componente arbóreo em floresta com araucária em 
função da distância da borda, em Santa Catarina, Brasil. Foram realizados levantamentos da vegetação em 
2011 e 2015, pelo método de parcelas permanentes, em cinco transeções contendo dez parcelas de 200 m2 
cada, sendo as cinco primeiras parcelas (0-50 m) definidas como setor borda e as cinco últimas (50-100 m) 
como interior. Em 2011, os indivíduos arbóreos foram inventariados e em 2015 os sobreviventes e mortos 
foram quantificados e os recrutas incorporados ao levantamento. Foram calculadas as taxas de mortalidade 
e recrutamento e as espécies foram classificadas em guildas de regeneração. Os resultados demonstraram 
que a dinâmica da comunidade não diferiu entre os setores, porém as guildas de regeneração apresentaram 
diferentes performances em função da distância da borda, com espécies existentes em luz favorecidas na 
borda e espécies tolerantes ao sombreamento no interior. Conclui-se que a fragmentação florestal tem o 
potencial de impactar negativamente o componente arbóreo na floresta com araucária.
Palavras-chave: Efeitos de borda; Floresta Ombrófila Mista; Guildas de regeneração

Abstract

This study aimed to analyze the tree component dynamics in an araucaria forest in function of fragment 
edge distance in the Santa Catarina state, Brazil. To do so, we conducted the vegetation surveys in 2011 
and 2015, through permanent plots, in five sampling transects, containing ten 200 m2 plots for each one. 
The first five plots (0-50 m) were defined as edge sector and the last five plots (50-100 m) were considered 
as interior sector. In 2011, tree individuals were surveyed, with the recruit and dead individuals counted 
in 2015. The rates of mortality and recruitment were determined, and the species were classified into 
regeneration guilds. The study showed that there was no difference in tree community dynamics between 
the analyzed sectors, but the regeneration guilds presented different performance in function of edge 
distance, with light-demanding species succeeding in edge and shade-tolerant species performing better 
in the interior. We conclude that forest fragmentation has the potential to impact negatively the tree 
component in Araucaria forest.
Keywords: Edge effect; Araucaria forest; Regeneration guilds
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Introdução

O histórico processo de degradação tem imprimido marcas evidentes sobre a 
biodiversidade e os processos ecológicos em áreas de Floresta Atlântica brasileira (TABARELLI 
et al., 2010). Dentre os fatores impactantes, merece destaque a fragmentação florestal, de 
forma que, atualmente, estima-se que restam apenas 26% de florestas nativas neste que é um 
importante hotspot de conservação da biodiversidade mundial (REZENDE et al., 2018). Além das 
consequências deletérias do isolamento, como aquelas relacionadas aos processos reprodutivos 
(BORGES et al., 2020), outro fator relevante é o efeito de borda, que se expressa a partir das 
mudanças abióticas e bióticas associadas à distância da interface entre as matrizes florestais e 
não-florestais, como, por exemplo, as alterações microclimáticas e da composição taxonômica 
das comunidades biológicas (HENTZ et al., 2018).

A Floresta Ombrófila Mista (FOM) é uma das principais tipologias vegetais da Floresta 
Atlântica na região sul do Brasil (IBGE, 2012), onde este histórico de degradação é bastante 
evidente. Em Santa Catarina, a FOM foi intensamente explorada especialmente durante as 
décadas de 50 e 60 durante o “Ciclo da Araucária”. Além disso, devido ao processo de ocupação 
de terras, houve a conversão da vegetação natural em áreas para atividades agrícolas e pecuárias, 
industriais, urbanização e, mais recentemente, a silvicultura. Como resultado, houve grande 
fragmentação de habitat, restando remanescentes florestais com diferentes áreas, formas e 
estágios de degradação (RIBEIRO et al., 2009), provavelmente afetando a diversidade genética, 
com prejuízos ecológicos e econômicos.

Diante desse cenário de degradação, estudos sobre a dinâmica de comunidades arbóreas 
nos remanescentes de FOM são fundamentais, pois permitem avaliar as flutuações na mortalidade 
e recrutamento que ocorrem em um determinado intervalo de tempo, além de demonstrar a 
influência das bordas de fragmentos que, geralmente, possuem composição de espécies e 
estrutura distinta do interior da floresta (GROSS et al., 2018). Porém, ressalta-se que a similaridade 
ou não entre os setores borda e interior de um fragmento florestal pode estar relacionada com a 
interferência sofrida ou com o estágio de sucessão desse fragmento. Por exemplo, perturbações 
crônicas podem funcionar como filtros, promovendo maior homogeneização da vegetação 
(LÔBO et al., 2011), o que resultaria em menor dissimilaridade entre áreas de interior e bordas.

Dessa forma, estudos dessa natureza são relevantes, pois permitem gerar subsídios para o 
manejo florestal visando a conservação desses remanescentes florestais. Considerando o contexto 
apresentado, este estudo teve como objetivo analisar a dinâmica do componente arbóreo em 
um fragmento de Floresta Ombrófila Mista em Santa Catarina, com o propósito de verificar se 
existem variações na dinâmica em função da distância da borda.

Material e métodos

O estudo foi realizado em um fragmento florestal no município de São José do Cerrito, SC, 
Sul do Brasil. As coordenadas geográficas centrais do fragmento são de 27°44'16"S e 50°28'51"O, 
e a altitude é em torno de 900 m (Figura 1). O clima da região é Cfb, de acordo com a classificação 
de Köppen, e a temperatura média do mês mais quente não chega a 22°C (EMBRAPA, 2016). A 
vegetação florestal pode ser classificada como Floresta Ombrófila Mista Montana (IBGE, 2012).

A área apresenta histórico de perturbação, com cortes seletivos no passado, até meados 
da década de 60, e atividades pecuárias no entorno. A matriz de entorno é predominantemente 
campestre. Atualmente, o fragmento encontra-se parcialmente protegido por meio de cercas 
para impedir a entrada de gado. 

No ano de 2011, foi realizado o primeiro levantamento no fragmento por Pscheidt et al. 
(2018). O fragmento foi amostrado pelo método de parcelas permanentes, totalizando 1 ha de 
área amostrada. Para isso, os autores estabeleceram cinco transeções perpendiculares à borda do 
fragmento, distanciadas, pelo menos, 100 m entre si, com a extensão de 100 m para o interior da 
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floresta e a largura de 20 m. Cada transeção foi subdividida em dez parcelas de 10 m por 20 m de 
largura, totalizando 50 parcelas. Foi considerado como setor borda as cinco primeiras parcelas 
(0-50 m) de cada transeção e como setor interior as cinco últimas (50-100 m). Dentro das parcelas, 
foram identificados, marcados e mensurados (CAP - circunferência à altura do peito, medida a 
1,30 m do solo) todos os indivíduos arbóreos com CAP igual ou superior a 15,7 cm.

Figura 1 – Localização geográfica e distribuição das parcelas estudadas ao longo de um 
gradiente borda-interior de um fragmento de floresta com araucária em Santa Catarina, 

Brasil

Figure 1 – Geographic localization and distribution of study plots along an edge-interior 
gradient in an Araucaria Forest fragment in Santa Catarina state, Brazil

Fonte: Autores (2020)

Para o estudo de dinâmica florestal, quatro anos após o primeiro levantamento (2015), essas 
50 parcelas foram reinventariadas. Os indivíduos mortos foram registrados e os sobreviventes, 
mensurados novamente. Os novos indivíduos que atingiram o nível de inclusão de 15,7 cm de 
CAP foram incorporados ao inventário, seguindo a mesma metodologia anterior, e considerados 
recrutas. As identificações foram realizadas por meio de pareceres de especialistas e literatura 
especializada. Foram calculadas, em nível de comunidade e de população, para os setores borda 
e interior, as taxas de mortalidade e recrutamento conforme metodologia utilizada por Gross et 
al. (2018).

Para verificar a composição das guildas de regeneração das populações de cada setor 
(borda e interior), as espécies foram classificadas em: pioneiras (P), cujos indivíduos necessitam 
de luz direta para germinar e se estabelecer, clímax exigente de luz (CEL), que precisam de luz 
quando jovens para atingir o dossel, e clímax tolerante à sombra (CTS), que são as espécies cujas 
sementes germinam e crescem sob a sombra, em condições de sub-bosque. Essa classificação foi 
feita a partir da metodologia usada por Morel et al. (2018).

Foram realizados testes de proporção para verificar se os percentuais de indivíduos 
mortos e recrutados diferiram ente a borda e o interior. Também foram aplicados testes de qui-
quadrado a tabelas de contingências para verificar se os padrões de dinâmica das populações 
relacionaram-se com as guildas de regeneração nos setores borda e interior. As análises dos 
dados foram realizadas utilizando planilha eletrônica e a linguagem de programação estatística 
R (R CORE TEAM, 2019).
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Resultados e discussão

Para a comunidade como um todo, os valores percentuais de indivíduos mortos e 
recrutados não diferiram significativamente entre os setores (mortos = 9,5% na borda e 8,8% 
no interior, p = 0,71; recrutados = 5,0% na borda e 6,1% no interior, p = 0,44), indicando que 
as taxas demográficas na borda e no interior são semelhantes. Esse resultado difere do padrão 
observado em estudos realizados em outras áreas do domínio Atlântico, que têm demonstrado 
padrões distintos de mortalidade e recrutamento entre borda e interior (ver MENDES et al., 2016), 
sugerindo que os efeitos da fragmentação florestal sobre a dinâmica do componente arbóreo em 
diferentes fitofisionomias não podem ser generalizados. De fato, Orihuela et al. (2015), no Sul 
do Brasil, argumentaram que a Floresta Ombrófila Mista, quando comparada com a Floresta 
Ombrófila Densa, apresenta uma flora intrinsicamente mais resiliente à distúrbios antrópicos, 
pelo fato de possuir naturalmente mais espécies exigentes em luz e adaptadas a distúrbios. 

No entanto, apesar da similaridade do padrão de dinâmica para a comunidade entre os 
setores avaliados, ao se analisar as taxas demográficas por espécies (Tabela 1), algumas diferenças 
são evidenciadas, denotando que mesmo supostamente apresentando uma flora mais resiliente, 
podem existir táxons que respondem de forma distinta ao processo de fragmentação. Das dez 
espécies mais abundantes em ambos os setores no ano de 2011, na borda se destacaram Caseria 
decandra Jacq., por apresentar a maior taxa de mortalidade (4,0%.ano-1), e Cinnamodendron dinisii 
Schwacke, por apresentar a maior taxa de recrutamento (3,9%.ano-1). Considerando as diferenças 
entre as taxas de recrutamento e mortalidade ainda para o setor borda, também se destacaram 
Inga virescens Benth., por apresentar elevada mortalidade (2,6%.ano-1) com nenhum recrutamento, 
e Araucaria angustifolia (Bertol.) Kuntze, por apresentar elevado recrutamento (2,4%.ano-1), com 
nenhuma mortalidade.

Tabela 1 – Taxas de dinâmica das populações arbóreas no período de 2011-2015, nos setores 
de borda e interior de um fragmento de floresta com araucária em Santa Catarina

Table 1 – Dynamics rates of tree populations for the 2011-2015 period, in edge and interior 
sectors, in an Araucaria Forest fragment, in Santa Catarina state

Espécies
Setor borda Setor interior

M R S TxM TxR M R S TxM TxR

Acca sellowiana (O.Berg) Burret - - 2 0,0 0,0 - 1 2 0,0 9,6

Allophylus edulis (A.St.-Hil. et al.) Hieron. 
Ex Niederl.

2 3 45 1,1 1,6 - 1 15 0,0 1,6

Allophylus guaraniticus (A.St.-Hil.) Radlk. - - 7 0,0 0,0 - - 6 0,0 0,0

Annona rugulosa (Schltdl.) H.Rainer - 1 7 0,0 3,3 3 2 4 13,1 9,6

Araucaria angustifolia (Bertol.) Kuntze - 3 29 0,0 2,4 1 2 29 0,8 1,7

Baccharis semiserrata DC. 1 1 - 100,0 100,0 - - - - -

Baccharis uncinella DC. 3 1 7 8,5 3,3 - - - - -

Banara tomentosa Clos 1 - 5 4,5 0,0 - - 8 0,0 0,0

Blepharocalyx salicifolius (Kunth) O.Berg 2 - 4 9,6 0,0 1 - 2 9,6 0,0

Butia eriospatha (Mart. exDrude) Becc. - - 1 0,0 0,0 - - - - -

Calyptranthes concinna DC. - - 2 0,0 0,0 1 - 12 2,0 0,0

Campomanesia xanthocarpa (Mart.) O.Berg - 2 12 0,0 3,8 - 1 17 0,0 1,4

Continua ...
Continuation ...
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Tabela 1 – Continuação ...
Table 1 – Continuation ...

Espécies
Setorborda Setor interior

M R S TxM TxR M R S TxM TxR

Casearia decandra Jacq. 5 3 28 4,0 2,5 1 4 26 0,9 3,5

Casearia obliqua Spreng. - - - - - - - 5 0,0 0,0

Celtis iguanaea (Jacq.) Sarg. - - 1 0,0 0,0 - - - - -

Cinnamodendron dinisii Schwacke 3 4 23 3,0 3,9 1 1 15 1,6 1,6

Cinnamomum amoenum (Nees& Mart.) 
Kosterm.

- - 3 0,0 0,0 1 - 1 15,9 0,0

Citharexylum solanaceum Cham. 3 - 4 13,1 0,0 1 - 8 2,9 0,0

Clethra scabra Pers. - - 2 0,0 0,0 1 - 2 9,6 0,0

Cupania vernalis Cambess. 1 2 43 0,6 1,1 3 1 41 1,7 0,6

Dalbergia frutescens (Vell.) Britton 2 2 16 2,9 2,9 - 2 11 0,0 4,1

Dasyphyllum spinescens (Less.) Cabrera 1 - 12 2,0 0,0 3 - 3 15,9 0,0

Dicksonia sellowiana Hook. - - 4 0,0 0,0 1 2 4 5,4 9,6

Drimys brasiliensis Miers - - - - - - - 1 0,0 0,0

Erythroxylum deciduum A.St.-Hil. - - 3 0,0 0,0 - - - - -

Escallonia bifida Link & Otto 1 - - 100,0 0,0 - - - - -

Eugenia pluriflora DC. - - 1 0,0 0,0 1 - 3 6,9 0,0

Eugenia pyriformis Cambess. - - 3 0,0 0,0 - - 11 0,0 0,0

Eugenia uruguayensis Cambess. - 1 - 0,0 100,0 - - - - -

Frangula polymorpha Reissek 1 - - 100,0 0,0 - - - - -

Gymnanthes klotzschiana Müll.Arg. 1 2 16 1,5 2,9 - 1 1 0,0 15,9

Ilex microdonta Reissek - - 1 0,0 0,0 - - - - -

Ilex paraguariensis A.St.-Hil. - - 2 0,0 0,0 - - 2 0,0 0,0

Ilex theezans Mart. exReissek 2 - - 100,0 - - - 3 0,0 0,0

Inga virescens Benth. 2 - 18 2,6 0,0 6 1 22 5,9 1,1

Jacaranda puberula Cham. 1 - 11 2,2 0,0 - - 4 0,0 0,0

Lamanonia ternata Vell. - - 1 0,0 0,0 - - 11 0,0 0,0

Lithraea brasiliensis Marchand 2 - 30 1,6 0,0 1 - 31 0,8 0,0

Matayba elaeagnoides Radlk. 21 5 226 2,2 0,6 10 9 141 1,7 1,5

Miconia cinerascens Miq. - - 1 0,0 0,0 1 - - 100,0 0,0

Mimosa scabrella Benth. 2 - 7 6,1 0,0 - - - - -

Monteverdia ilicifolia (Mart. exReissek) Biral - - - - - - - 1 0,0 0,0

Moquiniastrum polymorphum (Less.) G. 
Sancho

- - - - - 1 - - 100,0 0,0

Myrceugenia euosma (O.Berg) D.Legrand 1 - 1 15,9 0,0 - - 5 0,0 0,0

Continua ...
Continuation ...
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Tabela 1 – Continuação ...
Table 1 – Continuation ...

Espécies
Setorborda Setor interior

M R S TxM TxR M R S TxM TxR

Myrceugenia glaucescens (Cambess.) 
D.Legrand & Kausel

1 1 1 15,9 15,9 2 - 10 4,5 0,0

Myrceugenia oxysepala (Burret) D.Legrand 
& Kausel

- - - - - - - 1 0,0 0,0

Myrcia hatschbachii D.Legrand - 3 8 0,0 7,7 2 2 17 2,7 2,7

Myrcia selloi (Spreng.) N. Silveira 1 - - 100,0 0,0 1 1 1 15,9 15,9

Myrcia oblongata DC. 2 - 15 3,1 0,0 1 - 9 2,6 0,0

Myrcia palustris DC. - - 1 0,0 0,0 - - 3 0,0 0,0

Myrcia splendens (Sw.) DC. - - 12 0,0 0,0 - - 7 0,0 0,0

Myrcianthes gigantea (D.Legrand) 
D.Legrand

- - - - - - - 1 0,0 0,0

Myrciaria delicatula (DC.) O.Berg - 1 3 0,0 6,9 - - 1 0,0 0,0

Myrrhinium atropurpureum Schott - - 1 0,0 0,0 1 - - 100,0 0,0

Myrsine coriacea (Sw.) R.Br. ex Roem.& S 
chult.

3 - 5 11,1 0,0 2 - 3 12,0 0,0

Myrsine umbellata Mart. - - 5 0,0 0,0 - 1 4 0,0 5,4

Nectandra lanceolata Nees - - 17 0,0 0,0 - - 3 0,0 0,0

Nectandra megapotamica (Spreng.) Mez 1 - 21 1,2 0,0 - 2 6 0,0 6,9

Ocotea puberula (Rich.) Nees 2 - 21 2,3 0,0 1 - 10 2,4 0,0

Ocotea pulchella (Nees & Mart.) Mez 2 - 17 2,7 0,0 1 - 23 1,1 0,0

Oreopanax fulvus Marchal - - - - - - - 1 0,0 0,0

Picramnia parvifolia Engl. - - - - - - - 1 0,0 0,0

Podocarpus lambertii Klotzsch ex Endl. - 1 3 0,0 6,9 - 1 2 0,0 9,6

Prunus myrtifolia (L.) Urb. 1 1 7 3,3 3,3 - - 1 0,0 0,0

Quillaja lancifolia D.Don - - 3 0,0 0,0 - - 1 0,0 0,0

Roupala montana Aubl. - - 1 0,0 0,0 - - - - -

Rubiaceae sp.1 - 1 - - 100,0 - - - - -

Sapium glandulosum (L.) Morong 2 - 4 9,6 0,0 - - 1 0,0 0,0

Schinus sp. - - 1 0,0 0,0 - - - - -

Schinus terebinthifolia Raddi 2 - 1 24,0 0,0 1 - 2 9,6 0,0

Scutia buxifolia Reissek - - 1 0,0 0,0 - - - - -

Sebastiania brasiliensis Spreng. - - 1 0,0 0,0 - - - - -

Sloanea hirsuta (Schott) Planch. Ex Benth. - - - - - - 2 1 0,0 24,0

Solanum mauritianum Scop. - - - - - - - 1 0,0 0,0

Solanum sanctae-catharinae Dunal - - 5 0,0 0,0 3 - 6 9,6 0,0

Continua ...
Continuation ...



Dinâmica do componente arbóreo em função da distância da borda ... 933

Ci. Fl., Santa Maria, v. 30, n. 3, p. 927-936, jul./set. 2020

Tabela 1 – Conclusão ...
Table 1 – Conclusion ...

Espécies
Setorborda Setor interior

M R S TxM TxR M R S TxM TxR

Solanum sp. - - 1 0,0 0,0 1 - 2 9,6 0,0

Strychnos brasiliensis Mart. - - 1 0,0 0,0 - 1 2 0,0 9,6

Styrax leprosus Hook. & Arn. 1 1 17 1,4 1,4 1 1 11 2,2 2,2

Symphyopappus lymansmithii B. L. Rob. 1 - - 100,0 0,0 - - - - -

Symplocos uniflora (Pohl) Benth. 2 1 2 15,9 9,6 - - 1 0,0 0,0

Vernonanthura discolor (Spreng.) H.Rob. - - 3 0,0 0,0 1 - 2 9,6 0,0

Xylosma ciliatifolia (Clos) Eichler 2 1 13 3,5 1,8 1 - 3 6,9 0,0

Zanthoxylum kleinii (R.S. Cowan) P.G. 
Waterman

- 1 15 0,0 1,6 1 - 16 1,5 0,0

Zanthoxylum rhoifolium Lam. 2 - 10 4,5 0,0 - - 1 0,0 0,0

NI - - - - - - - 2 0,0 0,0

Total 83 42 794 2,5 1,3 58 39 603 2,3 1,6

Fonte: Autores (2020)

Em que: M = número de indivíduos mortos, R = número de recrutas, S = número de sobreviventes, TxM = taxa de 
mortalidade (%.ano-1), TxR = taxa de recrutamento (%.ano-1).

No interior, Inga virescens se destacou por apresentar a maior taxa de mortalidade (5,9%.
ano-1), indicando ser uma espécie com elevada mortalidade em ambos os setores, e Casearia 
decandra, pela maior taxa de recrutamento (3,5%.ano-1). Assim, nota-se uma tendência de diferentes 
padrões de dinâmica para a maioria das espécies, o que pode explicar a existência da divergência 
florística-estrutural como observada por Pscheidt et al. (2018) para a mesma área. Esse resultado 
possivelmente está relacionado à existência de diferenças ambientais associadas à distância da 
borda e às exigências ecológicas das espécies. Por exemplo, diferenças microclimáticas podem 
explicar o maior incremento populacional de Araucaria angustifolia na parte mais marginal do 
fragmento, considerando que esta é uma espécie com grande capacidade de estabelecimento em 
áreas mais abertas (LONGHI et al., 2008), e pode explicar também a maior mortalidade na borda 
e recrutamento no interior de Casearia decandra, que é uma espécie típica do sub-bosque da FOM 
(MEYER et al., 2013).

A ideia de que a heterogeneidade na organização florístico-estrutural no fragmento em 
função do efeito de borda seja o resultado da dinâmica diferencial das espécies é reforçada pelo fato 
dos padrões de dinâmica observados não terem sido independentes das guildas de regeneração 
em ambos os setores (p<0,1, Tabelas 2 e 3). Na borda (Tabela 2), o incremento populacional se deu, 
preferencialmente, a partir de espécies clímax exigentes em luz (CEL = nove espécies observadas, 
maior que 6,57 esperadas) e o decremento se concentrou, predominantemente, em espécies 
pioneiras (P = nove espécies observadas, maior que 6,75 esperadas). Apesar de se esperar também 
o aumento de espécies pioneiras na borda, ressalta-se que esse grupo possui a dinâmica bastante 
rápida, o que explica sua redução nesse setor. Além disso, considerando-se que o processo de 
fragmentação na área é antigo, é esperado borda mais estável, com espécies CEL substituindo 
as pioneiras.
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Tabela 2 – Tabela de contingência contendo o número de espécies observado e esperado 
(entre parênteses), de acordo com o teste de qui-quadrado (X2 = 8,96, p = 0,06), considerando 
as guildas de regeneração e as tendências de dinâmica das populações arbóreas amostradas 

no setor borda de um fragmento de floresta com araucária em Santa Catarina

Table 2 – Contingency table containing the number of observed and expected species (in 
parentheses), according to the chi-square test (X2 = 8.96, p = 0.06), considering the regeneration 
guilds and dynamic trends of tree populations sampled in the edge sector of an araucaria forest 

fragment in Santa Catarina

Guildas de Regeneração Total

Tendências de dinâmica P CEL CTS

↑  0 (2,75) 9 (6,57) 2 (1,68) 11

↔ 9 (8,50) 17 (20,31) 8 (5,19) 34

↓ 9 (6,75) 17 (16,13) 1 (4,13) 27

Total 18 43 11

Fonte: Autores (2020)

Em que: P = pioneira; CEL = clímax exigente em luz; CTS = clímax tolerante a sombra; ↑ = incremento, 
↔ = estabilidade e ↓ = decremento

Tabela 3 – Tabela de contingência contendo o número de espécies observado e esperado 
(entre parênteses), de acordo com o teste de qui-quadrado (X2 = 10,86, p = 0,02), 

considerando as guildas de regeneração e as tendências de dinâmica das populações 
arbóreas amostradas no setor interior de um fragmento de floresta com araucária em Santa 

Catarina

Table 3 – Contingency table containing the number of observed and expected species (in 
parentheses), according to the chi-square test (X2 = 10.86, p = 0.02), considering the regeneration 

guilds and dynamic trends of tree populations sampled in the interior sector of an Araucaria 
forest fragment in Santa Catarina state

Guildas de Regeneração Total

Tendências de dinâmica P CEL CTS

↑  1 (2,33)  8 (8,54) 4 (2,13) 13

↔ 2 (5,19) 22 (19,04) 5 (4,76) 29

↓ 9 (4,48) 14 (16,42)  2 (4,10) 25

Total 12 34 11

Fonte: Autores (2020)

Em que: P = pioneira; CEL = clímax exigente em luz; CTS = clímax tolerante a sombra; ↑ = incremento, 
↔ = estabilidade e ↓ = decremento.

Já no interior (Tabela 3), o incremento populacional foi preferencialmente de espécies 
tolerantes ao sombreamento (CTS = quatro espécies observadas, maior que 2,13 esperadas) e o 
decremento populacional se deu, preferencialmente, em espécies pioneiras (P = nove espécies 
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observadas maior que 4,48 esperadas). Nesse caso, tanto o aumento de CTS como decremento em 
P são esperados para esse setor. Dessa forma, o padrão aqui encontrado corrobora com outros já 
observados para áreas de FOM no Sul do Brasil (SCHAADT; VIBRANS, 2015; HENTZ et al., 2017; 
SCIPIONI et al., 2018), demonstrando a influência do tamanho da área do remanescente e do 
efeito de borda sobre a distribuição de guildas de regeneração de espécies arbóreas, o que reforça 
a ideia dos efeitos negativos da fragmentação sobre o componente arbóreo dessa importante 
fitofisionomia da Floresta Atlântica.

Conclusões

Observou-se que no fragmento de FOM estudado, apesar do percentual de indivíduos 
arbóreos mortos e recrutados não terem diferido entre a borda e o interior, houve o favorecimento 
de guildas de regeneração natural distintas entre os setores, com espécies exigentes em luz, 
como Araucaria angustifolia, se destacando na parte marginal do fragmento, e espécies tolerantes 
ao sombreamento, como Casearia decandra, se destacando no interior. Assim, infere-se que 
processos de fragmentação florestal podem ter impacto significativo sobre comunidades de 
espécies arbóreas em áreas de FOM, com o potencial de resultar na homogeneização biológica 
em áreas com grande proporção de bordas.
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Resumo

Espécies invasoras têm ocasionado a perda de biodiversidade no mundo todo por ocuparem o lugar de 
nativas. O presente estudo objetivou avaliar a regeneração natural ao longo do tempo em um fragmento 
florestal invadido por Ligustrum lucidum W.T. Aiton e Ligustrum sinense Lour. no sul do Brasil, a fim de 
quantificar essa invasão. Para isso, foram alocadas cinco transecções em um fragmento de Floresta 
Ombrófila Mista em Lages (SC), sendo cada transecção dividida em parcelas com diferentes setores de 
distâncias da borda e em subparcelas para avaliação do componente regenerativo. Em 2012, os regenerantes 
de espécies arbóreas que se encontravam nas subparcelas foram identificados, plaqueteados e divididos 
nas seguintes classes: classe 1 _ plantas com altura entre 10 cm e 1 m; classe 2 _ plantas com altura entre 
1 e 3 m; classe 3 _ plantas com altura maior que 3 m e diâmetro medido à altura do peito (DAP) menor 
que 5 cm. Em 2014, esses indivíduos foram reavaliados, contabilizando os indivíduos mortos e recrutas 
e enquadrando os sobreviventes e recrutas nas atuais classes. Foram calculadas as taxas de mortalidade, 
recrutamento, mudanças de classe e mudança líquida. Os dados foram analisados por meio de uma análise 
de componentes principais (ACP) e tabela de contingência. Conclui-se que as espécies superaram a fase 
inicial do processo de invasão, demonstrando elevado incremento populacional na área estudada. Ainda, 
ficou evidenciado o particionamento espacial entre as espécies nativas e as exóticas, o que sugere a 
existência de competição interespecífica, cuja consequência pode ser a extinção local de representantes 
do grupo autóctone.
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Abstract

The replacement of native species by invasive species has caused a worldwide loss of biodiversity. This 
study aimed to evaluate the natural regeneration over time in a forest fragment invaded by Ligustrum 
lucidum W.T. Aiton and Ligustrum sinense Lour. in southern Brazil, in order to quantify this invasion. To 
do so, five transects were allocated in a fragment of Araucaria Forest in Lages, Santa Catarina state, with 
each transect divided into plots in different categories of distance from the edge and into sub-plots for 
the evaluation of the regenerative component. In 2012, the regenerating tree species identified in the sub-
plots were tagged and classified according to height classes: Class 1, plants with height between 10 cm 
and 1 m; class 2, plants with height between 1 and 3 m; and Class 3, plants with a height greater than 3 m 
and DBH (diameter measured at breast height) less than 5 cm. In 2014, these individuals were re-evaluated, 
counting the dead and recruited individuals and classifying the survivors and recruits into the existing 
height classes. Rates of mortality, recruitment, net change, and height class changes were calculated. The 
data were analyzed by a Principal Component Analysis (PCA) and contingency table. It was concluded 
that the species overcame the early stage of the invasion process, demonstrating great population growth 
in the study area. Also, a spatial partitioning between native and exotic species was observed, suggesting 
the existence of interspecific competition, the result of which may be the local extinction of species from 
the autochthonous group.
Keywords: Forest dynamics; Invasive exotic species; Privet tree

Introdução

A ação antrópica ocasiona múltiplos problemas nas comunidades vegetais, como o 
favorecimento da dispersão de espécies exóticas invasoras que, com isso, alcançam novos 
ambientes. A constante expansão da infraestrutura urbana agrava essa influência, pois ocasiona 
pressão na vegetação e na utilização dos recursos naturais em um ritmo mais veloz que a 
capacidade de regeneração da floresta (MALTA; SOUZA; SOUZA, 2012). 

Espécies exóticas com capacidade de invasão apresentam-se privilegiadas em relação 
às espécies nativas, fato relacionado à coevolução, visto que, por muitas vezes, não possuem 
predadores naturais, o que facilita seu rápido crescimento e fixação, possibilitando uma 
vantagem competitiva para o estabelecimento e o desenvolvimento destas (CORREIA et al., 
2016). Dentre essas espécies, destaca-se as do gênero exótico Ligustrum, que apresentam elevada 
representatividade em algumas florestas do sul do Brasil, sendo considerado um invasor agressivo 
na região, especialmente na Floresta Ombrófila Mista, tendo sido relatado, em alguns casos, com 
elevada abundância (GUIDINI et al., 2014; MIELKE et al., 2015; RODRIGUES et al., 2015). 

Esse gênero é originário da Ásia, possui elevada capacidade regenerativa, alta plasticidade, 
ocupando tanto o interior da floresta como áreas de borda (ARAGÓN et al., 2014) e seus frutos são 
consumidos por diversas espécies da avifauna (FERREIRA, 2014). Dentre as espécies do gênero, 
Ligustrum lucidum tem sido citada como uma das espécies arbóreas mais agressivas em algumas 
regiões. Na Argentina, onde essa espécie também é invasora, o estudo de Gavier-Pizarro et al. 
(2012) demonstrou que, em 23 anos, a área ocupada aumentou 50 vezes, passando de 50 para 2.500 
ha.

Considerando os impactos ecológicos e econômicos da invasão biológica, esse tema tem 
despertado cada vez mais o interesse de pesquisadores, que buscam informações básicas que 
possam subsidiar estratégias de controle. Nesse sentido, o estudo sobre a demografia de espécies 
florestais, especialmente no estrato regenerativo, pode fornecer informações relevantes sobre 
o processo de estabelecimento e desenvolvimento de espécies exóticas em ambientes naturais 
e o impacto destas sobre a comunidade biológica residente. Com isso, avaliar a dinâmica da 
regeneração natural permite interpretar como se desenvolve a vegetação ao longo do tempo, 
tornando-se uma ferramenta importante para o manejo e a conservação desses recursos.

Assim, o presente estudo objetivou avaliar a regeneração natural ao longo do tempo em 
um fragmento florestal invadido por Ligustrum lucidum e Ligustrum sinense no sul do Brasil, a fim de 
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contextualizar a demografia desse gênero invasor em relação à comunidade nativa. Considerando 
que o processo de invasão não ocorre com a mesma intensidade ao longo do tempo, existindo 
uma fase inicial, denominada Lag, com pequeno ou nenhum incremento populacional, seguida 
por uma fase de intenso incremento (AIKIO; DUNCAN; HULME, 2010), buscou-se identificar 
em qual estágio do processo de invasão encontra-se Ligustrum spp. A hipótese testada foi de que 
esse gênero apresente elevado potencial invasor na área, de forma que sua representatividade 
no componente regenerativo tenha aumentado. Essa investigação permite gerar subsídios 
para o desenvolvimento de ferramentas de manejo e controle de um dos principais problemas 
ambientais da atualidade.

Material e métodos

O estudo foi realizado em um fragmento florestal localizado na propriedade da Empresa 
de Pesquisa Agropecuária e Extensão Rural de Santa Catarina (EPAGRI), com aproximadamente 
11 ha, situado no município de Lages, planalto sul-catarinense (Figura 1), nas coordenadas 
27°48’24,22”S e 50°20’06,97”O. O fragmento, com vegetação classificada como Floresta 
Ombrófila Mista Montana, segundo o IBGE (2012), localiza-se na área urbana de Lages, em que 
Ligustrum lucidum é amplamente utilizado na arborização. O clima predominante na região é 
do tipo Cfb, segundo a classificação de Köppen. De acordo com a estação meteorológica de 
Lages, administrada pela Empresa de Pesquisa Agropecuária e Extensão Rural de Santa Catarina 
(Epagri)/Centro de Informações de Recursos Ambientais e de Hidrometeorologia de Santa 
Catarina (Ciram)/Instituto Nacional de Meteorologia (INME), a precipitação e a temperatura 
média anual (1970-2010) foram de 1.682,80 mm e 15,9°C, respectivamente. Com altitude próxima 
a 950 m, o município está inserido na Bacia do rio Uruguai, com topografia, em sua maior parte, 
suave-ondulada a ondulada.

Figura 1 – Localização das transecções e parcelas em um fragmento florestal invadido por 
Ligustrum lucidum e Ligustrum sinense no sul do Brasil

Figure 1 – Transections and plots location in the forest fragment invaded by Ligustrum lucidum 
and Ligustrum sinense in southern Brazil

Fonte: Autores (2020)
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O estudo se deu em parcelas permanentes alocadas em 2012 (primeira avaliação), por 
Guidini et al. (2014). Dois anos após a primeira avaliação, em 2014, as mesmas parcelas foram 
novamente inventariadas (presente estudo), objetivando estudar a dinâmica do componente 
regenerativo e o avanço da invasão biológica na área. Em 2012, Guidini et al. (2014) alocaram 
cinco transecções permanentes de 20 m de largura por 100 m de comprimento, perpendiculares à 
borda da floresta, com distância mínima de 100 m entre si. Cada transecção foi dividida em cinco 
parcelas de 20 x 20 m, totalizando 25 parcelas de 400 m², com diferentes setores de distâncias da 
borda. O primeiro setor, composto das primeiras parcelas de cada transecção, estava em contado 
com a borda, o segundo, a 20 a 40 m de distância da borda, o terceiro, a 40 a 60 m, o quarto, a 60 
a 80 m, e o quinto, representado pelas últimas parcelas de cada transeção, a 80 a 100 m da borda. 
Para a avaliação do estrato regenerante arbóreo (indivíduos arbóreos com DAP menor que 5 m 
e altura maior que 10 cm), as parcelas foram subdivididas em subparcelas com área variável de 
acordo com a classe dos regenerantes, seguindo-se a metodologia proposta por Volpato (1994), 
com adaptações: i) classe 1 _ plantas com altura entre 10 cm e 1 m, avaliadas em 5 m²; ii) classe 
2 _ plantas com altura entre 1 e 3 m, avaliadas em 10 m²; iii) classe 3 _ plantas com altura maior 
que 3 m e DAP menor que 5 cm, avaliadas em 20 m². Todos os indivíduos que se encontravam no 
interior das subparcelas foram identificados, marcados com plaquetas de alumínio e tiveram sua 
classe de altura registrada. 

Em 2014, esses indivíduos foram novamente inventariados, sendo contabilizados os 
indivíduos mortos e os sobreviventes foram enquadrando nas atuais classes de altura. Indivíduos 
nas subparcelas que atingiram a altura de 10 cm foram considerados recrutas e inventariados 
segundo os mesmos critérios do primeiro inventário. A identificação das espécies, sempre que 
possível, foi realizada in loco ou os espécimes foram coletados para identificação posterior em 
laboratório com base em bibliografias especializadas, sendo os nomes científicos baseados na 
Lista de Espécies da Flora do Brasil (FORZZA et al., 2013) e na Flora Digital do Rio Grande do 
Sul (FLORA DIGITAL DO RIO GRANDE DO SUL, 2015), seguindo-se a classificação do APG 
IV (ANGIOSPERM PHYLOGENY GROUP, 2016).

Foram calculadas as taxas de mortalidade, recrutamento e de mudança de classe e 
mudança líquida em número de indivíduos. Os cálculos se basearam nos modelos algébricos 
adaptados de Sheil e May (1996):

						    
						    

em que: M = taxa de mortalidade anual; No = número inicial de árvores; m = número de árvores 
mortas; t = intervalo de tempo entre os inventários; R = taxa de recrutamento anual; r = número de 
árvores recrutadas; Nt = número final de árvores sobreviventes depois de t; CS = taxa de mudança 
de classe para classes superiores; NCS = número de indivíduos de subiram de classe; CI = taxa de 
mudança de classe para classes inferiores; NCI = número de indivíduos que desceram de classe; ML 
= mudança líquida em número de indivíduos.

Foi realizada uma ACP com as taxas demográficas das espécies (dez indivíduos ou mais 
em 2012) com o propósito de identificar agrupamentos de espécies com o mesmo padrão de 
dinâmica e contextualizar as espécies invasoras em relação às nativas. A identificação dos eixos 
da ACP que sintetizaram, de forma significativa os padrões demográficos, foi realizada por meio 
da análise de ScreePlot. A verificação da distribuição espacial de Ligustrum lucidum e Ligustrum 
sinense em função dos setores de distância da borda (0, 20, 40, 60 e 80 m) foi realizada por meio 
de um teste de qui-quadrado aplicado a uma tabela de contingência. Todas as análises foram 
realizadas no R (R CORE TEAM, 2015), com o pacote Vegan (OKSANEN et al., 2015).
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Resultados e discussão

Na primeira avaliação foram amostrados 654 indivíduos regenerantes arbóreos, enquanto, 
em 2014, observaram 794, havendo, portanto, um aumento expressivo na abundância no período 
de dois anos de avaliação (Tabela 1), na ordem de 21,43%. Esse aumento sugere que o componente 
regenerante se encontra em fase de construção silvegenética inicial (MACHADO; OLIVEIRA 
FILHO, 2010), típico de florestas em recuperação pós-distúrbios, o que está de acordo com o 
histórico observado na área.

Tabela 1 – Espécies amostradas no estrato regenerante do componente arbóreo de um 
fragmento florestal invadido por Ligustrum lucidum e Ligustrum sinense no sul do Brasil, com 
seus respectivos números de indivíduos amostrados em 2012 e 2014, taxas de mortalidade e 

de recrutamento

Table 1 – Sampling species in regenerative tree component in a forest fragment invaded by 
Ligustrum lucidum and Ligustrum sinense, in southern Brazil, with their respective number of 

individuals sampled in 2012 and 2014, mortality and recruitment rates

Famílias Espécies

Número de 
indivíduos Tx.M (%) Tx.R (%)

2012 2014

Anacardiaceae Lithraea brasiliensis Marchand 3 2 42,26 29,28

Aquifoliaceae Ilex microdonta Reissek - 1 - 100,00

Ilex paraguariensis A. St.-Hil. 2 2 - -

Ilex theezans Mart. ex Reissek 13 11 8,01 -

Asteraceae Baccharis dentata (Vell.) G. M. Barroso 1 1 - -

Dasyphyllum spinescens (Less.) Cabrera 1 - 100,00 -

Dasyphyllum brasiliense (Spreng.) Cabrera 3 3 18,35 18,35

Moquiniastrum polymorphum (Less.) G. Sancho 1 1 - -

Berberidaceae Berberis laurina Billb. 2 2 - -

Bignoniaceae Jacaranda puberula Cham. 17 19 6,07 11,14

Canellaceae Cinnamodendron dinisii Schwacke 10 9 10,55 5,72

Celastraceae Monteverdia dasyclada (Mart.) Biral 41 45 11,65 15,67

Dicksoniaceae Dicksonia sellowiana Hook. 17 9 27,23 -

Erythroxylaceae Erythroxylum deciduum A. St.-Hil. 2 - 100,00 -

Escalloniaceae Escallonia bifida Link. & Otto 1 2 - 29,28

Euphorbiaceae Sebastiania brasiliensis Spreng. 2 2 - -

Gymnanthes klotzschiana Müll. Arg. 36 33 7,20 3,07

Fabaceae Dalbergia frutescens (Vell.) Britton 20 18 13,39 8,71

Machaerium sp. 2 2 - -

Mimosa scabrella Benth. - 1 - 100,00

Fabaceae 1 1 1 - -

Continua ...
Continuation ...
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Tabela 1 – Continuação ...
Table 1 – Continuation ...

Famílias Espécies

Número de 
indivíduos Tx.M (%) Tx.R (%)

2012 2014

Lauraceae Nectandra megapotamica (Spreng.) Mez 1 1 - -

Ocotea puberula (Rich.) Nees 1 1 - -

Ocotea pulchella Mart. 9 12 - 13,39

Lythraceae Lafoensia vandelliana Cham. & Schltdl. 1 - 100,00 -

Melastomataceae Miconia cinerascens Miq. 3 3 - -

Miconia ramboi Brade 3 3 - -

Myrtaceae Acca sellowiana (O. Berg) - 1 - 100,00

Blepharocalyx salicifolius (Kunth) O. Berg. - 2 - 100,00

Calyptranthes concinna DC. 7 14 - 29,28

Eugenia pluriflora DC. Voucher. 3 6 - 29,28

Eugenia uruguayensis Cambess. 1 2 - 29,28

Myrceugenia euosma (O. Berg) D. Legrand 4 2 29,28 -

Myrceugenia oxysepala (Burret) D. Legrand & 
Kausel

1 1 - -

Myrcia guianensis (Aubl.) DC. 3 4 - 13,39

Myrcia hartwegiana (O. Berg) Kiaersk. 3 2 18,35 -

Myrcia selloi (Spreng.) N. Silveira 8 14 6,45 29,28

Myrcia palustres DC. 29 30 10,94 12,44

Myrcia splendens (Sw.) DC. 46 58 6,74 16,95

Myrcianthes gigantea (D. Legrand) D. Legrand 1 - 100,00 -

Myrciaria delicatula (DC.) O. Berg 20 27 5,13 18,35

Myrrhinium atropurpureum Schott 3 6 - 29,28

Oleaceae Ligustrum lucidum W. T. Aiton 81 118 6,37 22,43

Ligustrum sinense Lour. 12 22 - 26,14

Podocarpaceae Podocarpus lambertii Klotzschex Endl. 8 9 - 5,71

Primulaceae Myrsine coriacea (Sw.) Roem. & Schult. 8 6 13,39 -

Myrsine lorentziana (Mez) Arechav. 23 39 2,19 24,89

Myrsine umbellata Mart. 4 4 - -

Proteaceae Roupala montana Aubl. - 1 - 100,00

Rhamnaceae Scutia buxifolia Reissek. 1 4 - 50,00

Rosaceae Prunus myrtifolia (L.) Urb. 3 6 - 29,28

Rutaceae Zanthoxylum kleinii (R. S. Cowan) P. G. Waterman 4 3 13,39 -

Zanthoxylum rhoifolium Lam. 5 4 22,54 13,39

Continua ...
Continuation ...
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Tabela 1 – Conclusão ...
Table 1 – Conclusion ...

Famílias Espécies

Número de 
indivíduos Tx.M (%) Tx.R (%)

2012 2014

Salicaceae Banara tomentosa Clos 63 76 5,71 14,16

Casearia decandra Jacq. 11 19 - 23,91

Xylosma ciliatifolia (Clos) Eichler. 3 5 - 22,54

Xylosma tweediana (Clos) Eichler 1 1 - -

Sapindaceae
Allophylus edulis (A. St.-Hil., Cambess. & A. Juss.) 

Radlk.
17 21 2,98 12,71

Allophylus guaraniticus (A. St.-Hil.) Radlk. 8 9 6,45 11,80

Cupania vernalis Cambess. 1 1 - -

Matayba elaeagnoides Radlk. 42 45 7,42 10,55

Solanaceae Brunfelsia cuneifolia J. A. Schmidt 3 2 18,35 -

Solanum sanctaecatharinae Dunal - 2 - 100,00

Stryraceae Styrax leprosus Hook. & Arn. 3 2 18,35 -

Symplocaceae Symplocos uniflora (Pohl) Benth. 1 1 - -

Thymelaeaceae Daphnopsis racemosa Griseb. 22 31 2,29 17,69

Winteraceae Drimys brasiliensis Miers. 8 10 13,39 22,54

Total do grupo das invasoras (Ligustrum spp.) 93 140 5,53 23,00

Total de nativas 561 654 7,89 14,69

Total geral 654 794 7,55 16,03

Fonte: Autores (2020)

Em que: Tx.M = taxa de mortalidade; Tx.R = taxa de recrutamento.

Em 2012, foram observadas 61 espécies, pertencentes a 45 gêneros e 29 famílias botânicas, 
enquanto, em 2014, esse número foi para 63 espécies, 47 gêneros de 28 famílias, representando 
um aumento de apenas 3,27% na riqueza. Essa mudança ocorreu em razão do ingresso de seis 
novas espécies na comunidade regenerante (Ilex microdonta, Mimosa scabrella, Acca sellowiana, 
Blepharocalyx salicifolius, Roupala montana e Solanum sanctaecatharinae), de cinco gêneros (Mimosa, 
Acca, Blepharocalyx, Roupala e Solanum) e de uma família (Proteaceae) e do desaparecimento de 
quatro espécies (Dasyphyllum spinescens, Erythroxylum deciduum, Lafoensia vandelliana e Myrcianthes 
gigantea), de três gêneros (Erythroxylum, Lafoensia e Myrcianthes) e de duas famílias (Erythroxylaceae 
e Lythraceae). Destaca-se que todas as espécies citadas anteriormente apresentaram baixa 
abundância, ou seja, eram raras. Dessa forma, supõe-se que a baixa substituição florística 
observada seja o resultado de um ambiente de sub-bosque relativamente estável, tendendo ao 
estágio clímax, que não sofreu grandes alterações ambientais nem distúrbios durante o período 
avaliado, como a formação de grandes clareiras. Essa inferência se dá porque em condições de 
sub-bosque a dinâmica de clareiras é um dos principais fatores ecológicos condicionadores de 
variações florístico-estruturais ao longo do espaço e do tempo (VALLADARES et al., 2016).

Das espécies amostradas, duas são exóticas invasoras e ocorreram em elevada densidade: 
Ligustrum lucidum (81 indivíduos em 2012 e 118 em 2014, maior densidade na floresta) e Ligustrum 
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sinescens Lour. (12 indivíduos em 2012 e 22 em 2014). Juntas, essas espécies foram responsáveis 
por 14,2% dos indivíduos na comunidade regenerante em 2012 e 17,6% em 2014. De acordo com 
Theoharides e Duckes (2007), para ter sucesso, uma espécie invasora precisa superar diferentes 
etapas, iniciando-se pelo transporte até o local a ser invadido, passando pelos filtros abióticos 
para a colonização inicial, pelos filtros bióticos para o estabelecimento, até os filtros para a 
dispersão para outras áreas. No presente caso, considerando o aumento da participação relativa 
na comunidade regenerante e da observação no campo de indivíduos adultos reprodutivos, 
claramente as duas espécies de Ligustrum superaram os filtros abióticos e bióticos existentes para 
a colonização e o estabelecimento. Considerando que Ligustrum lucidum é amplamente visitada 
por aves frugíveras (FERREIRA, 2014), infere-se que L. sinense também seja, por apresentar fruto 
semelhante, e que ambas apresentem potencial de serem dispersas pela avifauna, de forma que 
ao longo do tempo se espera a dispersão para outros fragmentos na região, o que representa a 
última fase do processo de invasão (THEOHARIDES; DUCKES, 2007).

Ao se analisar as taxas demográficas das espécies, é possível entender melhor o potencial 
invasor de L. lucidum e L. sinense. Se forem consideradas apenas aquelas mais abundantes na 
comunidade (dez indivíduos ou mais em 2012), L. lucidum (22,43%.ano-1) e L. sinense (26,14%.
ano-1) estiveram, com Myrsine lorentziana (Mez) Arechav. (24,89%.ano-1) e Casearia decandra 
Jacq. (23,91%.ano-1), entre as com maiores taxas de recrutamento. Em relação à mortalidade, 
L. sinense se destacou como sendo a única sem indivíduos mortos e L. lucidum apresentou um 
valor relativamente baixo (6,37%.ano-1), bem inferior, por exemplo, a Dicksonia sellowiana Hook.  
(27,23%.ano-1) e Dalbergia frutescens (Vell.) Britton. (13,39%.ano-1). Ainda, se forem consideradas 
em conjunto, observa-se que as espécies Ligustrum spp. apresentaram taxa de recrutamento 
(23,00%.ano-1) e de mortalidade (5,53%.ano-1), respectivamente, 1,6 vez maior (14,69%.ano-1) e 1,4 
vez menor (7,89%.ano-1) do que as nativas. 

A ordenação das populações em função de suas respectivas taxas demográficas 
(mortalidade, recrutamento, mudanças para classes superiores e inferiores e mudança líquida) 
também reforça o caráter invasor das espécies de Ligustrum (Figura 2). De acordo com a análise 
de ScreePlot (Figura 2a),apenas o eixo 1 da ordenação explicou uma parte significativa da 
inércia total dos dados (59,52%). Esse eixo (Figura 2b) sintetizou um gradiente de padrões de 
dinâmica associado à capacidade de estabelecimento no fragmento. Espécies ordenadas mais 
à esquerda, onde se encontram L. lucidum e L. sinense, foram aquelas com elevada capacidade 
de estabelecimento, refletido pelo alto recrutamento, reduzida mortalidade, com subsequente 
incremento populacional (mudança líquida positiva), e elevado crescimento em altura, indicado 
pela taxa de mudança para classes superiores. Por outro lado, espécies ordenadas mais à 
direita foram aquelas com menos capacidade de se estabelecerem, pois apresentaram padrões 
demográficos opostos, sendo, assim, candidatas a uma eventual exclusão competitiva.

Os resultados aqui encontrados, com outros estudos já realizados (GUIDINI et al., 2014; 
MIELKE et al., 2015; RODRIGUES et al., 2015), reforçam a ideia de que espécies do gênero Ligustrum 
realmente apresentam elevado potencial invasor na Floresta Ombrófila Mista do sul do Brasil, 
principalmente em florestas inseridas no ambiente urbano. Em um estudo no estado do Paraná, 
considerando o componente adulto (DAP > 5 cm), Rodrigues et al. (2015) verificaram o mesmo 
padrão demográfico, com Ligustrum lucidum apresentando elevado incremento populacional 
em um período de quatro anos. Já em um estudo na Argentina, Aragón et al. (2014) destacaram 
a elevada capacidade competitiva em relação às nativas. Assim, fica evidenciada a vantagem 
competitiva de espécies de Ligustrum, refletida em suas taxas demográficas, em relação a maior 
parte das espécies nativas. Uma das principais hipóteses para explicar esse padrão sustenta que 
a ausência de inimigos naturais (e.g. herbívoros, patógenos) fora da área de ocorrência natural 
libera essas espécies de possíveis fatores controladores do tamanho populacional (KEANE; 
CRAWLEY, 2002). Assim, em razão do elevado potencial invasor identificado, presume-se que esse 
processo resulte em uma das consequências clássicas da invasão biológica, que inclui extinção 
local e perda da diversidade (GAERTNER et al., 2009), e, no presente caso, Dicksonia sellowiana e 
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Dalbergia frutescens aparecem como candidatas a serem deslocadas de seus respectivos ambientes 
naturais.

Figura 2 – Screeplot (a) para o resultado da ACP (b), das taxas de dinâmica das espécies (dez 
indivíduos ou mais em 2012) do estrato regenerante em um fragmento florestal invadido 

por Ligustrum lucidum e Ligustrum sinense no Sul do Brasil. R: taxa de recrutamento (%.ano-1); 
M: taxa de mortalidade (%.ano-1); ML: mudança líquida em número de indivíduos (%.ano-1); 
CS: mudança para classes superiores (%.ano-1); CI: mudança para classes inferiores (%.ano-1)

Figure 2 – Scree plot (a) for the results of a Principal Component Analysis (PCA) (b), of 
dynamics rates of regenerative tree species (≥ ten individuals in 2012), in a forest fragment 
invaded by Ligustrum lucidum and Ligustrum sinense, in southern Brazil. R = recruitment rate 

(%.year-1); M = mortality rate (%.year-1); ML = number of individuals net change (%.year-1); CS = 
upper classes change (%.year-1); CI = lower classes change (%.year-1)

Fonte: Autores (2020)
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Quando se analisa a presença das espécies invasoras nos diferentes setores avaliados, 
é possível perceber que ocorrem de forma heterogênea no espaço, porém sem relação com a 
distância da borda (Tabela 2). Dentre os aspectos abióticos determinantes para a ocorrência de 
Ligustrum lucidum, Aguirre-Acosta, Kowaljow e Aguilar (2014) observaram maior presença de 
plântulas em solos mais úmidos, com maiores teores de carbono, matéria orgânica e nitrogênio. 
Rodrigues et al. (2015) destacaram a baixa tolerância à compactação do solo. Enquanto o gênero 
invasor ocorreu preferencialmente nos setores 2 (20 m da borda) e 3 (60 m da borda) em ambos os 
anos de avaliação, as nativas ocorreram preferencialmente nos setores 1, 4 e 5. Dessa forma, fica 
evidente que a regeneração natural no fragmento ocorre de forma espacialmente particionada 
entre nativas e invasoras, o que é um indicativo da existência de competição interespecífica, uma 
vez que a capacidade de espécies de Ligustrum inibir a sobrevivência e o crescimento de espécies 
autóctones já foi relatada por outros estudos (e.g. GREENE; BLOSSEY, 2012).

Tabela 2 – Número de indivíduos pertencentes a espécies nativas e ao grupo de Ligustrum 
lucidum e Ligustrum sinense de 2012 e 2014, por setores de distância da borda, em um 

fragmento florestal no sul do Brasil 

Table 2 – Number of individuals belonging to native species and Ligustrum lucidumand 
Ligustrum sinense group in 2012 and 2014, by sectors of edge distance, in a forest fragment, in 

southern Brazil

2012 2014 

Setores Nativas Invasoras Nativas Invasoras

1 131 (123,52) 13 (20,48) 153 (141,67) 19 (30,32)

2 89 (108,08) 37 (17,91) 100 (136,73) 66 (29,27)

3 110 (113,23) 22 (18,77) 145 (145,79) 32 (31,21)

4 116 (111,51) 14 (18,49) 136 (124,38) 15 (26,62)

5 115 (104,65) 7 (17,35) 120 (105,43) 8 (22,57)

Fonte: Autores (2020)

Em que: Valores entre parênteses representam o número de indivíduos esperado, de acordo com uma 
distribuição regular, pelo teste de qui-quadrado (2012: χ2 = 35,99; p < 0,01; 2014: χ2 = 78,70; p < 0,01).

Conclusões

Em dois anos de avaliação, o componente regenerativo do fragmento avaliado caracterizou-
se por apresentar um incremento expressivo na abundância de indivíduos e estabilidade na 
riqueza. Nesse contexto, o gênero Ligustrum se destacou por sua expressiva participação na 
comunidade, que aumentou entre os anos de avaliação, o que demonstra que superou a fase 
inicial do processo de invasão. Ainda, ficou evidenciado o particionamento espacial entre as 
espécies nativas de Ligustrum, o que sugere a existência de uma relação negativa de inibição 
entre esses grupos, o que pode resultar em extinção local de espécies autóctones, como Dicskonia 
sellowiana e Dalbergia frutescens. Dessa forma, conclui-se que Ligustrum lucidum e Ligustrum sinense 
apresentaram elevado potencial invasor no fragmento de Floresta Ombrófila Mista avaliado. 
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RESUMO

Avaliou-se a dinâmica do componente arbóreo e regenerante em uma floresta nebular, na região do 
Planalto Sul Catarinense, com o objetivo de se conhecer o processo de desenvolvimento da vegetação 
ao longo do tempo. Para isso, foram instaladas parcelas permanentes onde foram caracterizados os 
componentes adulto e regenerante, respectivamente, nos anos de 2011 e 2013. Todas as espécies 
amostradas foram classificadas quanto à guilda de regeneração em pioneiras, climácicas exigentes em 
luz e climácicas tolerantes ao sombreamemto. No ano de 2015, foi realizado o segundo inventário dos 
componentes vegetacionais, sendo determinado o crescimento dos sobreviventes (somente adultos) e 
contabilizados os indivíduos recrutados e mortos. Para cada uma das populações, foram determinadas 
as taxas de mudança líquida em número de indivíduos (adultos e regenerantes) e em área basal 
(adultos). Foram realizados testes de proporções para verificar se a representatividade das diferentes 
guildas de regeneração se alterou entre os anos avaliados. Os resultados indicaram que a floresta se 
encontra em um processo de estruturação, caracterizado pelo ganho em número de indivíduos e em 
área basal. Por outro lado, observou-se estabilidade na riqueza e na representatividade das guildas de 
regeneração, com destaque para a maior participação de espécies classificadas como clímax exigentes 
em luz. Conclui-se que a floresta avaliada se encontra em estruturação, com o favorecimento da 
regeneração de espécies exigentes em luz.
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ABSTRACT

The dynamics of adult and regenerative tree species components was assessed in a cloud forest in the 
South Plateau of Santa Catarina state, southern Brazil, seeking a better understanding of the process 
of vegetation development. To this end, permanent sampling plots were allocated, where the adult and 
regenerative components were characterized, respectively, in 2011 and 2013. All surveyed species were 
classified according to regeneration guilds into pioneer, light-demanding climax, and shade-tolerant 
climax. In 2015, a second tree species component survey was conducted to determine the growth of 
surviving individuals (adults) and count the recruited and dead individuals. For each population, the net 
change rates for individuals (adults and regenerative) and basal area (only adults) were determined. 
Proportion tests were conducted to verify whether representativeness of the regeneration guilds 
changed over the study period. The results showed that the forest investigated is undergoing a 
structuring process characterized by gains in number of individuals and basal area. In contrast, stability 
in species richness and representativeness of regeneration guilds was verified, with highlight for light-
demanding climax species. In conclusion, the assessed forest is undergoing a structuring phase that 
favors the regeneration of light-demanding species.

 Keywords: Upper montane Araucaria Forest; Regeneration guilds; Demographic rates

1 INTRODUÇÃO

No sul do Brasil, em locais cuja altitude aproximada é de 1.300 m, a Floresta 

Ombrófila Mista Alto-Montana encontra-se em um ambiente caracterizado pela 

nebulosidade constante e baixas temperaturas, podendo ser denominada como 

floresta nebular (BERTONCELLO et al., 2011). Essas condições ambientais criam um 

ambiente peculiar e seletivo, em que há redução nas taxas de decomposição da 

biomassa e crescimento reduzido das espécies arbóreas, imprimindo características 

florístico-estruturais únicas no componente arbóreo (HIGUCHI et al., 2012). Apesar 

de serem particularmente sensíveis a possíveis impactos de mudanças climáticas e 

estarem sujeitas a perturbações antrópicas crônicas, as florestas nebulares apresentam 

elevada importância ecológica por desempenharem importantes funções ambientais, 

como a proteção de nascentes e bacias hidrográficas (HAMILTON; JUVIK; SCATENA, 

1995; SCHEER; MOCOCHINSK, 2009), assim como a manutenção de um ecossistema 

único com ocorrência de espécies endêmicas.

No Planalto Catarinense, as florestas regionais foram sujeitas ao “ciclo da 
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madeira”, caracterizado pela exploração intensa das florestas com araucária, que se 

iniciou na década de 1910, com a construção da ferrovia que ligava São Paulo ao Rio 

Grande do Sul (CARVALHO; NODARI, 2008; FERREIRA, 2009). Em meados do século, a 

indústria obteve sua maior expansão, atingiu seu auge, e, segundo Carvalho e Nodari 

(2008), em 1970, já se observavam indícios do esgotamento das florestas. Dessa forma, 

os fragmentos atuais de Floresta Ombrófila Mista (FOM) são remanescentes desse 

período e sofreram cortes rasos ou seletivos no passado. Em FOM Alto-Montanas, 

a exploração também foi intensa e foi seguida da criação de gado nas pastagens 

formadas a partir do desmatamento e em campos naturais adjacentes.

Dessa forma, acompanhar o desenvolvimento da composição arbórea nessas 

áreas é de elevada importância para prever os impactos que podem ocorrer sobre a 

vegetação. Assim, estudos de dinâmica florestal se tornam cada vez mais importantes, 

pois permitem obter informações das taxas de crescimento e mortalidade, assim como 

das mudanças que ocorrem na composição florística e estrutural de um componente 

arbóreo. Esses estudos geram informações que podem contribuir para a definição de 

estratégias de recuperação que possam minimizar os impactos ocorridos, assim como 

para a aplicação de técnicas de manejo visando à conservação dos remanescentes e 

ao uso sustentável dos recursos florestais (SHEIL; JENNINGS; SAVILL, 2000; SANTOS et 

al., 2012).

As taxas demográficas (e.g., mortalidade, recrutamento, ganho e perda em área 

basal) obtidas a partir dos estudos de dinâmica têm apresentado muitas variações de 

acordo com a floresta estudada (LIEBERMAN; LIEBERMAN, 1987), sendo que pouco 

se conhece sobre floresta nebular, o que torna maior a necessidade desses estudos, 

facilitando o planejamento de estratégias de conservação (HIGUCHI et al., 2008). Para 

a Floresta Ombrófila Mista, em escala regional, se a influência da altitude tem sido 

evidenciada como um importante fator na distribuição de espécies arbóreas (HIGUCHI 

et al., 2012), para os padrões de dinâmica e de regeneração natural, o efeito da 

fragmentação florestal (GROSS et al., 2018) e os distúrbios crônicos (VEFAGO et al., 2019) 
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se mostram mais importantes. Além disso, observa-se que, enquanto o componente 

regenerativo frequentemente apresenta um padrão de estruturação (i.e., aumento na 

abundância de regenerantes) ao longo do tempo (VEFAGO et al., 2019), o componente 

adulto frequentemente demonstra um padrão de autodesbaste, com a redução do 

número de árvores acompanhado pelo aumento da área basal (GROSS et al., 2018).

Sendo assim, o presente trabalho objetivou conhecer os padrões de dinâmica dos 

componentes adulto e regenerante de um fragmento de floresta nebular no Planalto 

Catarinense, a fim de obter resultados que auxiliem na previsão de possíveis mudanças 

florística e estruturais na comunidade e nas populações florestais. A hipótese é que 

a floresta se encontra em fase de estruturação, considerando o histórico de impacto 

sofrido durante períodos pretéritos de cortes seletivos.

2 MATERIAL E MÉTODOS

O fragmento florestal natural de floresta nebular estudado possui 346 ha e está 

localizado no município de Urubici, na Serra Catarinense, na latitude 28°04’S e longitude 

49°37′O, com altitude aproximada de 1.600 m. A região possui clima Cfb, de acordo com 

a classificação de Köppen, com temperatura média anual de 15 a 16°C. A precipitação 

média anual varia entre 1.200 e 1.900 mm, com chuvas bem distribuídas durante o 

ano. A fitofisionomia do fragmento pode ser classificada, segundo a classificação do 

IBGE (2012), como Floresta Ombrófila Mista Alto-Montana, e a presença de nuvens 

constantes o caracteriza como uma área de floresta nebular.

O fragmento é pertencente a uma propriedade particular e está sob influência 

do gado, visto que este é encontrado nas pastagens adjacentes à área de estudo, 

possuindo acesso livre à floresta. Assim, são observados, especialmente na borda da 

floresta, alguns impactos causados pelos bovinos, como a presença de fezes dentro 

do fragmento. Apesar disso, a floresta se encontra bem estruturada, podendo ser 

classificada como de estágio sucessional avançado.
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A amostragem do fragmento foi realizada de forma sistemática, no ano de 2011, 

por Marcon et al. (2014), por meio de 25 unidades amostrais (parcelas), distanciadas 

10 m entre si (Figura 1) de 400 m2 (20 m × 20 m) cada, para o estudo do componente 

arbóreo adulto (DAP – diâmetro medido à altura do peito ≥ 5 cm). Dentro das parcelas, 

foram amostrados todos os indivíduos arbóreos vivos, sendo identificados por 

especialistas e com auxílio da literatura, plaqueteados e coletados os valores de CAP 

(circunferência à altura do peito), medidos com fita métrica, os quais posteriormente 

foram transformados em DAP. Indivíduos com troncos múltiplos foram medidos 

quando a raiz da soma dos quadrados dos DAPs foi maior do que 5 cm. Em 2013, 

cada uma das 25 parcelas alocadas foi subdividida em subparcelas de diferentes 

tamanhos, para avaliação da regeneração natural realizada por Dalla Rosa et al. (2016). 

As subparcelas tiveram suas áreas estabelecidas de acordo com a classe de altura dos 

regenerantes, conforme metodologia utilizada por Volpato (1994): i) classe 1, plantas 

com altura a partir de 15 cm e até 1 m, avaliadas em subparcelas de 5 m² (5 × 1 m); ii) 

classe 2, plantas com altura maior que 1 m e até 3 m, avaliadas em 10 m² (10 × 1 m), 

e iii) classe 3, plantas com altura maior que 3 m e DAP menor que 5 cm, avaliadas em 

20 m² (20 × 1 m). Assim, em cada subparcela, todos os indivíduos dentro das classes 

foram inventariados, sendo identificados por especialistas e com auxílio de literatura 

especializada, e plaqueteados. 

No presente estudo, foi avaliada a demografia das populações amostradas em 

ambos os componentes (adulto e regenerante). Em 2015, quatro anos após o primeiro 

inventário do componente adulto e dois anos após o inventário do componente 

regenerante, foi realizado o segundo inventário de ambos os componentes, utilizando-

se as mesmas metodologias anteriores, no qual foram recrutados novos indivíduos 

que atingiram os valores de inclusão nas parcelas (5 cm de DAP) e subparcelas (15 cm 

de altura), sendo identificados, medidos (CAP dos adultos) ou classificados em classes 

(regenerantes), e plaqueteados. Os indivíduos sobreviventes foram mensurados 
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novamente e os indivíduos mortos foram contabilizados. 

Todas as espécies e indivíduos amostrados nos anos avaliados foram classificadas 

em guildas de regeneração, segundo a metodologia de Swaine e Whitmore (1988), 

adaptada por Oliveira Filho et al. (1994), em pioneira (P), clímax exigente de luz (CEL) 

ou clímax tolerante à sombra (CTS), com base nas observações em campo e consulta à 

literatura (LINDENMAIER; BUDKE, 2006; LEYSER et al., 2012; SANTOS et al., 2015). Duas 

espécies do componente adulto e uma do regenerante não foram classificadas em 

guildas, pois foram identificados somente em nível de gênero.

Figura 1 – Local de estudo para a caracterização da dinâmica das espécies arbóreas e 

regenerantes de um fragmento de floresta nebular no Planalto Catarinense

Fonte: Autores (2021)
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Para obtenção da demografia das espécies, foram calculadas as taxas de 

dinâmica de mudança líquida para o número de indivíduos (MLN, em %.ano-1) (para 

ambos os componentes) e mudança líquida para a área basal (MLAB, em %.ano-1) 

(componente adulto), pelas equações (1) e (2), conforme Korning e Balslev (1994): 

							       (1)

							       (2)

Onde: t = intervalo de tempo entre os inventários; No = número inicial de árvores; Nt = 
número final de árvores depois de t; ABo = área basal inicial (m2/ha); ABt = área basal final 
depois de t (m2/ha).

Para a comparação entre os anos de avaliação das espécies e dos indivíduos nas 

guildas de regeneração, foi utilizado o teste de proporção, realizado no programa R (R 

DEVELOPMENT CORE TEAM, 2017). Os demais cálculos foram realizados com auxílio 

da planilha eletrônica Excel.

3 RESULTADOS E DISCUSSÃO

A dinâmica estrutural do fragmento estudado foi caracterizada por maiores 

taxas de recrutamento do que de mortalidade, e de ganho do que de perda em área 

basal, resultando em mudanças líquidas positivas tanto para o número de indivíduos 

(MLN adultos = 0,6 %.ano-1 e  MLN regenerantes = 14,8 %.ano-1) quanto para a área basal 

(MLAB adultos = 5,0 %.ano-1) (Tabela 1). Para o componente adulto, a taxa de mudança 

líquida em área basal (5,0 %.ano-1) foi maior do que a taxa de mudança líquida em 

número de indivíduos (0,6 %.ano-1), o que sugere que a estruturação da floresta se 

deu, principalmente, pelo incremento diamétrico das árvores sobreviventes. Destaca-

se que, apesar de o número de indivíduos ter aumentado em ambos os componentes, 

as magnitudes dos valores observados diferiram, com os regenerantes apresentando 

maior incremento, de 526 para 604, do que os adultos, de 1.582 para 1.591. Tomados 

em conjunto, os resultados indicam que a floresta se encontra em um processo de 

estruturação, com destaque para o crescimento das árvores sobreviventes adultas 
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e o incremento na densidade dos regenerantes. Esse aspecto da dinâmica sugere 

uma fase de “construção inicial” (LEITE; RODRIGUES, 2008), que ocorre em respostas a 

distúrbios pretéritos. 

Nesse sentido, como também destacado por Salami et al. (2014), é possível 

inferir que a floresta, ao ganhar biomassa por meio do incremento do número de 

indivíduos e da área basal, esteja funcionando como um sumidouro de carbono 

atmosférico. Apesar de estudos sobre as mudanças demográficas da regeneração 

natural em condições de sub-bosque serem raros para a fitofisionomia avaliada, o que 

impede inferências comparativas, trabalhos sobre a dinâmica do componente adulto 

(e.g. SANQUETTA; DALLA CORTE; EISFELD, 2003; FORMENTO; SCHORN; RAMOS, 2004; 

SALAMI et al., 2014; GROSS et al., 2018) indicam que o padrão observado é comum na 

região. Por exemplo, Gross et al. (2018), em um estudo em áreas de Floresta Ombrófila 

Mista, considerando uma escala regional, observaram que, para um período de 

quatro anos, a área basal aumentou 0,79 %. Considerando o histórico de perturbação 

da Floresta com Araucária no sul do Brasil, é possível inferir, a partir dos resultados 

encontrados no presente estudo e de outros trabalhos publicados, que a FOM se 

encontra em fase de recuperação estrutural após a intensa exploração predatória que 

ocorreu em meados do século passado, época conhecida como “ciclo da madeira”.

Apesar do ganho em número de indivíduos para o componente regenerante 

e, especialmente em área basal, para os adultos, no que se refere à riqueza de 

espécies, observa-se uma tendência de estabilidade. Houve ganho de apenas uma 

espécie no componente adulto, a Acca sellowiana (O.Berg) Burret., e de três espécies 

no componente regenerante: Myrceugenia pilotantha (Kiaersk.) Landrum, Xylosma 

tweediana (Clos) Eichler e Eugenia sp. Dessa forma, infere-se que, na trajetória 

sucessional no período de estudo do remanescente avaliado, o ganho estrutural em 

número de indivíduos e em área basal foi mais veloz do que o ganho do número de 

espécies. Esse é um aspecto esperado, pois, como demonstrado por Liebsch, Marques 

e Goldenberg (2008), durante o processo de sucessão florestal, a recuperação dos 
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diferentes indicadores ecológicos da vegetação não ocorre de forma uniforme e na 

mesma velocidade. Além disso, não são esperadas grandes mudanças florísticas em 

um curto período de avaliação, sendo recomendada a continuidade da avaliação ao 

longo dos anos para melhor detecção das mudanças na riqueza de espécies.

Tabela 1 – Dinâmica dos componentes adulto e regenerante nos períodos de 2011-

2015 e 2013-2015, respectivamente, das espécies arbóreas de um fragmento de 

floresta nebular no Planalto Catarinense

Espécies GR

Adultos: número 
de indivíduos

Adultos: área basal
Regenerantes: 

número de 
indivíduos R

N1 N2 MLN AB1 AB2 MLAB N1 N2 MLN

Acca sellowiana 
(O.Berg) Burret

P - 1 0,0 - 0,005 0,0 - - - 5511

Araucaria angustifolia 
(Bertol.) Kuntze 

CEL 8 8 0,0 0,185 0,197 6,3 4 4 0,0 -

Bacharis sp. - 2 1 -50,0 0,006 0,003 -48,5 - - - 5524

Berberis laurina Billb. P 2 3 50,0 0,007 0,011 54,0 2 5 150,0 5520

Blepharocalyx 
salicifolius (Kunth) 
O.Berg

CEL 1 1 0,0 0,075 0,085 12,4 - - - -

Cinnamomum 
amoenum (Nees & 
Mart.) Kosterm.

CEL 38 36 -5,3 1,827 1,879 2,9 - - - 5521

Citronella paniculata 
(Mart.) R.A.Howard 

CEL 5 5 0,0 0,123 0,132 7,2 13 11 -15,4 5519

Dasyphyllum 
brasiliense (Spreng.) 
Cabrera

P - - - - - - 2 1 -50,0 -

Dicksonia sellowiana 
Hook.

CTS 108 106 -1,9 5,758 6,061 5,3 1 1 0,0 -

Drimys 
angustifolia Miers

CEL 90 98 8,9 1,391 1,533 10,2 87 98 12,6 5522

Escallonia bifida Link 
& Otto

P 5 4 -20,0 0,105 0,108 2,4 - - - 5510

Eugenia pluriflora DC. CEL - - - - - - 1 1 0,0 -

Eugenia sp. - 1 1 0,0 0,008 0,009 9,6 - 3 0,0 5514

Moquiniastrum 
polymorphum (Less.) 
G. Sancho

P - - - - - - 1 1 0,0 -

Continua ...
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Tabela 1 – Continuação

Espécies GR

Adultos: número 
de indivíduos

Adultos: área basal
Regenerantes: 

número de 
indivíduos R

N1 N2 MLN AB1 AB2 MLAB N1 N2 MLN

Ilex theezans Mart. ex 
Reissek 

CEL - - - - - - 1 2 100,0 -

Ilex microdonta 
Reissek

CTS 277 278 0,4 10,386 10,872 4,7 24 24 0,0 5513

Ilex paraguariensis 
A.St.-Hil.

CTS 13 12 -7,7 0,360 0,369 2,6 10 6 -40,0 5512

Maytenus 
boaria Molina

CEL 43 44 2,3 0,901 0,961 6,7 3 2 -33,3 5540

Myrceugenia euosma 
(O.Berg) D.Legrand 

CEL 510 509 -0,2 13,707 14,273 4,1 21 26 23,8 5527

Myrceugenia 
glaucescens (Cambess.) 
D.Legrand & Kausel 

CEL 19 24 26,3 0,089 0,116 30,4 19 20 5,3 5533

Myrceugenia miersiana 
(Gardner) D.Legrand & 
Kausel 

CEL 28 29 3,6 0,125 0,126 1,2 50 75 50,0 5537

Myrceugenia 
myrcioides (Cambess.) 
O.Berg 

CEL 16 16 0,0 0,172 0,173 0,4 2 1 -50,0 5530

Myrceugenia 
regnelliana (O.Berg) D. 
Legrand & Kausel  

CEL 57 57 0,0 1,121 1,207 7,7 62 65 4,8 5538

Myrceugenia oxysepala 
(Burret) D.Legrand & 
Kausel 

CEL 63 64 1,6 0,393 0,398 1,3 20 19 -5,0 5518

Myrceugenia pilotantha 
(Kiaersk.) Landrum

CEL 3 5 66,7 0,013 0,014 5,7 - 7 0,0 5515

Myrcia hatschbachii 
D.Legrand 

CEL - - - - - - 1 1 0,0 -

Myrcia hartwegiana (O.
Berg) Kiaersk.

CEL 1 1 0,0 0,003 0,005 66,3 - - - -

Myrrhinium 
atropurpureum Schott

CEL 19 21 10,5 0,176 0,220 25,0 3 3 0,0 5535

Myrsine coriacea ((Sw.) 
R.Br. ex Roem. & 
Schult. 

CEL 19 18 -5,3 0,300 0,322 7,1 11 15 36,4 5531

Myrsine umbellata 
Mart.

CEL - - - - - - 2 2 0,0 -

Continua ...
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Tabela 1 – Conclusão

Espécies GR

Adultos: número 
de indivíduos

Adultos: área basal
Regenerantes: 

número de 
indivíduos R

N1 N2 MLN AB1 AB2 MLAB N1 N2 MLN

Ocotea pulchella (Nees 
& Mart.) Mez 

CEL 69 66 -4,4 1,400 1,392 -0,6 28 31 10,7 5539

Persea willdenowii 
Kosterm. (CEL)

CEL 5 4 -20,0 0,051 0,054 4,5 - - - 5536

Prunus myrtifolia (L.) 
Urb.

CEL 83 85 2,4 1,534 1,628 6,0 13 16 23,1 5517

Rhamnus 
sphaerosperma SW. 

CEL 2 1 -50,0 0,014 0,013 -3,0 - - - 5526

Schinus polygamus 
(Cav.) Cabrera 

P 20 20 0,0 0,159 0,161 1,6 2 2 0,0 5532

Solanum pabstii 
L.B.Sm. & Downs 

CEL 1 1 0,0 0,003 0,006 68,2 - - - 5523

Styrax leprosus Hook. 
& Arn.

CEL 3 3 0,0 0,081 0,087 6,6 - - - 5525

Symphyopappus 
itatiayensis (Hieron.) 
R.M.King & H.Rob. 

P - - - - - - 131 147 12,2 -

Symphyopappus cf. 
lymansmithii B.L. Rob. 
(P)

P 2 1 -50,0 0,004 0,003 -43,3 - - - 5529

Symplocos cf. tetrandra 
Mart.

CEL 29 29 0,0 0,565 0,631 11,7 3 1 -66,7 5516

Symplocos uniflora 
(Pohl) Benth. 

CEL - - - - - - 9 13 44,4 -

Xylosma tweediana 
(Clos) Eichler (CEL)

CEL - - - - - - - 1 0,0 -

Weinmannia 
paulliniifolia Puhl ex 
Ser.

CEL 40 39 -2,5 0,900 0,977 8,5 - - - 5534

Total de espécies 33 34 - - - - 28 31 - -

Total de indivíduos 1582 1591 0,6 41,944 44,028 5,0 526 604 14,8 -

Fonte: Autores (2021)

Em que: GR = guildas de regeneração, sendo P = pioneira; CEL = clímax exigente de luz; CTS = clímax 
tolerante à sombra; N1 = número de indivíduos inicial (2011 para o componente adulto e 2013 para o 
regenerante); N2 = número de indivíduos final (2015); MLN = mudança líquida em número de indivíduos 
(%.ano-1); AB1 = área basal inicial (2011, em m2.ha-1); AB2 = área basal final (2015, em m2.ha-1); MLAB = 
mudança líquida em área basal (%.ano-1). R = número de registro no Herbário LUSC, da Universidade do 
Estado de Santa Catarina (UDESC).
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Em ambos os componentes, em todos os anos de avaliação, ocorreu a 

predominância de espécies e de indivíduos classificados como clímax exigente em 

luz (CEL) (em torno de 70 % para todos os casos) (Tabela 2), não havendo alterações 

das proporções das guildas ao longo do tempo (p > 0,3). Destaca-se que a principal 

diferença entre os dois componentes se refere à representatividade de indivíduos 

pertencentes a espécies pioneiras (P) e climácicas tolerantes ao sombreamento (CTS). 

Para os adultos, depois das CEL, as CTS se destacaram, com 25,21 % (2011) e 24,92 

% (2015) dos indivíduos. Já para os regenerantes, as P substituíram as CTS como o 

segundo grupo de maior representatividade de indivíduos, com 26,24 % e 25,96 % 

para, respectivamente, 2013 e 2015. 

Tabela 2 – Teste de proporção para a riqueza e a abundância das diferentes guildas de 

regeneração das espécies arbóreas de um fragmento de floresta nebular no Planalto 

Catarinense. Valores entre parênteses indicam a proporção da abundância e riqueza 

para os diferentes anos avaliados, sendo o ano 1, 2011 para os adultos e 2013 para os 

regenerantes, e o ano 2, 2015 para ambos os componentes

Número de espécies
(riqueza)

Número de indivíduos 
(abundância)

Adultos Adultos

Ano 1 Ano 2 p Ano 1 Ano 2 p

P 4 (12,90) 5 (15,63) 1 29 (1,84) 29 (1,83) 1

CEL 24 (77,42) 24 (75,00) 1 1152 (72,96) 1164 (73,25) 0,8825

CTS 3 (9,68) 3 (9,38) 1 398 (25,21) 396 (24,92) 0,8857

Regenerantes Regenerantes

Ano 1 Ano 2 p Ano 1 Ano 2 p

P 5 (17,86) 5 (16,67) 1 138 (26,24) 156 (25,96) 0,9693

CEL 20 (71,43) 22 (73,33) 1 353 (67,11) 414 (68,89) 0,5663

CTS 3 (10,71) 3 (10,00) 1 35 (6,65) 31 (5,16) 0,3473

Fonte: Autores (2021)

Em que: P = pioneiras; CEL = clímax exigente de luz; CTS = clímax tolerante à sombra.

A representatividade das guildas de regeneração em relação às espécies e aos 

indivíduos é um importante indicador do estágio sucessional em que se encontra uma 
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floresta. Liebsch et al. (2008), em uma meta-análise de cronossequências em áreas 

de Floresta Atlântica em sua porção sul, verificaram que florestas que apresentavam 

um percentual de espécies não pioneiras (85 a 87 %), semelhante ao observado no 

presente estudo, possuíam uma idade de 60-80 anos pós-distúrbio. Isso indica que, 

apesar dos impactos que a floresta esteve sujeita no passado, esta se encontra em 

estágio sucessional avançado. Por outro lado, para o componente regenerante, a 

elevada representatividade de indivíduos pertencentes a espécies pioneiras não 

é um padrão comum em florestas que se encontram em estágio sucessional final, 

uma vez que, nessas circunstâncias, espera-se um dossel mais fechado, favorecendo 

o estabelecimento de espécies tolerantes ao sombreamento. Por isso, os resultados 

encontrados sugerem que a floresta passou por perturbações recentes, que resultaram 

na abertura de clareiras, favorecendo o estabelecimento de espécies pioneiras no 

componente regenerante. Como Marcon et al. (2014) observaram, no ano de 2011, um 

dossel predominantemente fechado na área, é possível inferir que o surgimento de 

clareiras tenha ocorrido pouco tempo antes do primeiro levantamento do componente 

regenerativo, que foi realizado somente em 2013. Sevegnani et al. (2012) observaram, 

em seus estudos na Bacia do Rio Pelotas − o que inclui a área de estudo −, que impactos 

antrópicos são comuns na região, especialmente a exploração seletiva de espécies 

de interesse e o pastejo pelo gado nos remanescentes. No presente estudo, dentre 

as espécies pioneiras favorecidas nesse processo de abertura de clareiras, destacou-

se Symphyopappus itatiayensis (Hieron.) R.M.King & H.Rob., que foi a mais abundante 

na regeneração natural, com um aumento no tamanho populacional de 12,2 %.ano-1, 

porém ausente no componente adulto.

Ao se analisar as taxas demográficas das 10 espécies mais abundantes no 

componente adulto no primeiro levantamento, observa-se que cinco apresentaram 

ganho em número de indivíduos: Ilex microdonta Reissek; Drimys angustifolia Miers; 

Prunus myrtifolia (L.) Urb.; Myrceugenia oxysepala (Burret) D.Legrand & Kausel, 

e Maytenus boaria Molina. Quatro espécies apresentaram redução no tamanho 
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populacional: Myrceugenia euosma (O.Berg) D.Legrand; Dicksonia sellowiana Hook.; 

Ocotea pulchella (Nees & Mart.) Mez, e Weinmannia paulliniifolia Puhl ex Ser. Note-se 

que uma espécie permaneceu estável, a Myrceugenia regnelliana (O.Berg) D. Legrand 

& Kausel. Quanto à área basal, com exceção de Ocotea pulchella, todas as citadas 

acima apresentaram ganho, confirmando o padrão de incremento na área estudada. 

Em relação às 10 espécies mais abundantes do componente regenerativo em 

2013, oito apresentaram incremento: Symphyopappus itayaensis; Drimys angustifolia; 

Myrceugenia regnelliana; Myrceugenia miersiana (Gardner) D.Legrand & Kausel; Ocotea 

pulchella; Myrceugenia euosma; Myrceugenia glaucescens (Cambess.) D.Legrand & 

Kausel, e Prunus myrtifolia. Uma espécie apresentou redução, a Myrceugenia oxysepala, 

e uma mostrou estabilidade, a Ilex microdonta, no tamanho populacional, também 

confirmando a predominância de aumento populacional. 

Destacaram-se também, entre as espécies mais abundantes em ambos os 

componentes, Drimys angustifolia e Prunus myrtifolia, que apresentaram ganhos em 

todos os aspectos demográficos avaliados, demonstrando que apresentam elevado 

potencial regenerativo e encontram-se bem adaptadas à floresta. O fato de ambas 

as espécies serem classificadas como exigentes em luz reforça a ideia de que as 

condições ambientais do fragmento estejam favorecendo o estabelecimento de 

espécies pertencentes a esta guilda de regeneração. Drimys angustifolia, espécie 

típica das florestas nebulares da região, pode ser recomendada, portanto, para a 

recomposição de florestas degradadas nesses ambientes. Além de esta apresentar 

bom crescimento e regeneração nas condições ambientais estudadas, fornece fruto 

de interesse para a fauna, o que irá atrair dispersores para áreas em recuperação. O 

mesmo acontece com os frutos de Prunus myrtifolia, espécie que Longhi et al. (2006) 

também encontraram como de elevado incremento diamétrico e, segundo Avila et al. 

(2011), pode ser utilizada também para a recomposição de florestas ciliares.
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4 CONCLUSÕES

Foi possível concluir que a dinâmica de ambos os componentes (adulto e 

regenerante) da floresta nebular estudada indicou uma área em estruturação, com 

destaque para o ganho em área basal do componente adulto e o incremento na 

abundância do componente regenerativo. A maioria das espécies e dos indivíduos 

foi classificada como clímax exigentes em luz em ambos os componentes e, apesar 

das representatividades das diferentes guildas de regeneração não terem se alterado 

no período avaliado, os resultados sobre a demografia das espécies indicam o 

favorecimento da regeneração de espécies exigentes em luz, que são comuns em 

florestas em fases mais iniciais de sucessão. A ocorrência de distúrbios recentes, 

resultando na formação de clareiras e/ou perturbações crônicas observadas na área, 

como a presença de gado, pode explicar esses resultados observados. Destaca-se, 

ainda, que, de médio a longo prazo, o processo de sucessão poderá retornar a uma 

fase mais inicial, tendo em vista a possibilidade de substituição das árvores que hoje 

ocupam o dossel por aquelas classificadas como pioneiras, que ocupam de forma 

abundante o sub-bosque. 

Recomenda-se maior proteção das florestas na região, com o cercamento 

dos remanescentes, objetivando maximizar a conservação das áreas. Além disso, é 

necessário, também, o acompanhamento da dinâmica a fim de determinar se mudanças 

sucessionais ocorrerão em intervalo de tempo maior, o que poderá contribuir para 

um maior entendimento do funcionamento da dinâmica em florestas nebulares.
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