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ABSTRACT 

The objective of this doctoral dissertation is to propose a new methodology to identify eight 

emergent tree species (i.e., that stood out from the canopy) belonging to highly diverse 

Brazilian Atlantic forest and with different ages and development stages. To achieve the 

objective, hyperspectral images were acquired in July/2017, June/208, and July/2019 in a 

transect area located in the western part of São Paulo State. The area is in Ponte Branca 

ecological station, where the forest is classified as submontane semideciduous seasonal with 

different stages of succession. Images with a spatial resolution of 10 cm were acquired with a 

hyperspectral camera (500–900 nm) onboard unmanned aerial vehicle (UAV) and 

geometrically and radiometrically post-processed. In sequence, the individual tree crowns 

(ITCs) were manually delineated in each dataset to be used as reference in the experiments. 

From the performed experiments, it is highlighted the use of mean normalized spectra to 

reduce the within-species spectral variability, the use of region-based classification with the 

Random Forest algorithm, and the use of superpixels to automatically delineate the ITCs in 

each dataset. Additionally, the multitemporal superpixels with different multitemporal 

features (normalized spectra, texture and vegetation indexes) and structural features derived 

from the canopy height model, combined or not, were assessed to the tree species 

classification. The best result was achieved merging normalized spectra and vegetation 

indexes, where the value of area under the receiver operating characteristics curve 

(AUCROC) achieved values up to 0.964. From the obtained results it is pointed out the 

challenge when working with this type of forest due to the lack of emergent trees, which 

restrict the number of samples recognized in the field, and the existence of different ages and 

stages of development to the same tree species. Besides, the use of structural and textural 

features did not improve the tree species identification. Besides, the high spatial resolution of 

the images showed the slight differences in the spatial position of the tree crowns between the 

datasets. Finally, despite the challenges the results are promising and showed the feasibility to 

identify the tree species using multitemporal information. 

 

Keywords: Tree species identification; Atlantic forest; multitemporal spectral information; 

superpixels, UAV. 

 



 
 

 

RESUMO 

O objetivo desse doutorado é propor uma nova metodologia para identificar oito espécies 

arbóreas emergentes (i.e., que se sobressaem do dossel florestal), em diferentes idades e 

estágios de desenvolvimento e pertencentes à Mata Atlântica brasileira. Para tal, imagens 

hiperespectrais foram adquiridas em Julho/2017, em Junho/2018, e em Julho/2019 em um 

transecto localizado no fragmento florestal Ponte Branca, localizado a Oeste do Estado de São 

Paulo, onde a floresta é considerada estacional semidecidual e submontana. As imagens com 

resolução espacial de 10 cm foram adquiridas com câmara hiperespectral (500–900 nm) 

acoplada em veículo aéreo não tripulado (VANT ou UAV, do inglês Unmanned aerial 

vehicle) e, posteriormente corrigidas geometricamente e radiometricamente. Em seguida, as 

copas arbóreas individuais (ITCs, do inglês Individual tree crows) foram delineadas 

manualmente em cada conjunto de dados para serem utilizadas como referência para os 

experimentos. Dentre os experimentos realizados, destaca-se o uso do espectro normalizado 

para redução da variabilidade espectral intra-espécies, o uso da classificação baseada em 

regiões utilizando o algoritmo Random Forest e o uso de superpixexls para delineamento 

automático das ITCs em cada conjunto de imagens. Além disso, avaliou-se o uso dos 

superpixels multitemporais com diferentes atributos multitemporais (espectro normalizado, 

textura e índices de vegetação) e estruturais (derivados do modelo de altura das copas), 

sozinhos ou combinados, para identificação das espécies arbóreas. O melhor resultado foi 

obtido a partir do uso combinado do espectro normalizado com os índices de vegetação, onde 

o valor da área sobre a curva característica de operação do receptor (AUCROC, do inglês 

Area under the receiver operating characteristics curve) atingiu valores de até 0.964. A partir 

dos resultados obtidos destaca-se o desafio ao trabalhar com esse tipo de floresta, devido à 

falta de árvores emergentes (que se sobressaem do dossel florestal), e a existência de árvores 

com diferentes idades e estágios de desenvolvimento, resultando em alta variabilidade 

espectral e estrutural para uma mesma espécie. Adicionalmente, foi verificado que o uso dos 

atributos estruturais e texturais não auxiliaram a tarefa de identificação de espécies e, que a 

alta resolução espacial das imagens mostrou as sutis diferenças de posição espacial das copas 

nas imagens dos diferentes anos. Por fim, apesar dos desafios, tem-se que os resultados são 

promissores e mostraram ser possível identificar espécies de árvores utilizando a informação 

multitemporal. 

 
Palavras-chave: Identificação de espécies arbóreas; Mata Atlântica, informação espectral 

multitemporal, superpixels, VANT.  
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1 INTRODUCTION 

Forests play an important role in biodiversity, carbon stocks, the water cycle, and 

feedstock, but they are rapidly being deforested. In Brazil, they are targets of illegal loggers or 

even converted to crops, pasture, and urbanization. Knowledge about the tree species of a 

forest is a fundamental information. Tree species recognition can be performed through 

fieldwork campaigns, but generally, this practice has limitations, since it is expensive and 

laborious because of the forest density and forest access, which can be far from roads and 

thus, it is a time-consuming task. Remote sensing, together with automatic analysis 

techniques, has become a prominent tool for tree species mapping. Since the ’80s, research 

papers related to “forest” and “Remote Sensing” exponentially increased (WEB-OF-

SCIENCE, [s.d.]) showing that forest researches are a trending topic. 

Most of the previous studies related to tree species identification using Remote 

Sensing have been performed in forests in the North hemisphere (FASSNACHT et al., 2016). 

There is a lack of studies in forests such as the Brazilian Atlantic forest, which encompasses 

different ecosystems, such as mixed ombrophilous, dense ombrophilous, open ombrophilous, 

semideciduous seasonal, and deciduous seasonal forests (BRASIL, 2006). Sothe et al. (2019) 

studied a mixed ombrophilous forest whose floristic compositions and forest structure 

characteristics differ from those of other types of Brazilian Atlantic forest, especially the 

semideciduous and deciduous seasonal forests (BRASIL, 2006), which highlights the 

importance of studying them separately. 

In addition, most studies have investigated well-developed forests or forests in 

which trees with different heights are spatially distinguished such as coniferous forests. Plots 

containing tree species in different successional stages and ages can present similar heights, 

and thereby, cause spectral mixing due to leaf mixture and the effect of neighborhood spectra 

because the number of emergent trees, i.e., trees that stood out from the canopy, is lower than 

the number of smaller trees. Notwithstanding the importance of monitoring mature forests, 

monitoring fragments that are in the initial or intermediary regeneration process is considered 

a key element in the connection of forest patches, and contributes to the maintenance of 

biodiversity (LIRA et al., 2012; RIBEIRO et al., 2009). Emergent trees are equally important 

when it comes to tropical forests. From its importance it is highlighted their use for the 

movement of primates, who also use the emergent trees to sleep (ALEXANDER et al., 2018) 

and because of its transpiration rate when considering the water cycle (KUNERT et al., 2017). 
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Bearing the Remote Sensing concept, Jensen (2007) defines Remote Sensing as 

the art and science of acquiring information without the physical contact with the objects. The 

information is extracted by the acquisition and interpretation of the reflected energy from the 

objects (JENSEN, 2007). Considering the vegetation as a target, the amount of reflected light 

depends on the leaves' content, such as pigments and structure (PONZONI; KUPLICH; 

SHIMABUKURO, 2012). The reflected light can be registered by different sensors, which 

can be classified according to its platform as orbital, aerial or terrestrial sensors. Satellite 

sensors and airborne passive and/or active sensors, combined with the use of field 

spectroscopy, provide valuable information for the identification of tree species (COLGAN et 

al., 2012; HEINZEL; KOCH, 2012; IMMITZER; ATZBERGER; KOUKAL, 2012; 

WAGNER et al., 2018; ZHANG et al., 2012). Besides, the use of unmanned aerial vehicles 

(UAVs) has become a powerful tool to acquire forest information (NEVALAINEN et al., 

2017; OTERO et al., 2018; SOTHE et al., 2020). 

UAVs enable fast information acquisition, and despite their constraints regarding 

the trade-off between resolution and coverage, they are low-cost alternatives for capturing 

information in areas that are endangered or need constant monitoring, such as mines or crops 

(COLOMINA; MOLINA, 2014; KANG et al., 2019; POPESCU et al., 2020; SHAKHATREH 

et al., 2019). UAVs can fly over many areas that are challenging for field data acquisition, 

such as water surfaces or dense forest areas. UAV missions can be quickly configured 

according to the user´s needs. Furthermore, in the past few years, UAVs have been rapidly 

developed to fly for several hours; an example of such a platform is the fixed-wing Batmap II 

UAV, which can fly for more than 2 hours (NUVEM UAV, [s.d.]). UAVs can capture very 

high or ultrahigh spatial resolution data with ground sampling distances (GSD) ranging from 

centimeters to decimeters (AASEN et al., 2018; COLOMINA; MOLINA, 2014; PANEQUE-

GÁLVEZ et al., 2014; SANCHEZ-AZOFEIFA et al., 2017) using small-format multispectral 

or hyperspectral cameras, such as MicaSense RedEdge-MX (MICASENSE, [s.d.]), Rikola 

hyperspectral imager (SENOP, [s.d.]), and Cubert FireflEYE (CUBERT, [s.d.]). Beyond that, 

UAVs can acquire information of surface targets, such as trees, with high temporal frequency, 

which is a promising option in forest monitoring, since it can measure dynamic phenological 

behavior according to seasons and tree characteristics. 

Besides the different platforms to acquire remotely sensed data, it is important to 

consider the need to interpret and label the registered information. This process is called as 

classification (RICHARDS; JIA, 2006). There are many methods to classify the data, where it 
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is highlighted the machine learning algorithms, which is a potential alternative to the 

traditional classification approaches (LARY et al., 2016). Santos et al. (2010) showed that 

genetic programming, a subset of the machine learning, presented better results to recognize 

coffee crops than using the maximum likelihood approach. Support vector machine (SVM) 

(MELGANI; BRUZZONE, 2004) and random forest (RF) (BREIMAN, 2001) are examples 

of machine learning algorithms that have been successfully applied to identify tree species in 

urban environments (LI et al., 2015), savannas (COLGAN et al., 2012), and different types of 

forests, including northern, boreal, temperate, and tropical forests (FERET; ASNER, 2013; 

FERREIRA et al., 2016; IMMITZER; ATZBERGER; KOUKAL, 2012; MASCHLER; 

ATZBERGER; IMMITZER, 2018; MATSUKI; YOKOYA; IWASAKI, 2015; WAGNER et 

al., 2018).  

Moreover, efforts concerning the best features extracted to tree species 

classification is also highlighted. Spectral features comprised from the visible (VIS) to short-

wave infrared (SWIR) region, texture, vegetation indexes, and structural features are among 

the most useful features to the tree species classification (BALDECK et al., 2015; 

DALPONTE et al., 2014; HEINZEL; KOCH, 2012; TUOMINEN et al., 2018). Textural and 

vegetation indexes can be extracted from the imagery information whereas structural features 

can be calculated from point clouds derived from aerial laser scanning (ALS), which can be 

used to obtain the canopy height model (CHM) of a forest (NEVALAINEN et al., 2017; 

SILVA et al., 2016). Besides, considering the vegetation context, relevant parameters can be 

extracted from multitemporal information. The differences in trees blossoming and defoliation 

depend on the season, weather conditions, and soil moisture. Consequently, the spectral 

response of crowns belonging to different tree species changes with the time. Although most 

of the previous studies conducted with seasonal/temporal information have not employed 

UAVs, they have shown spectral differences within tree species and reported whether the tree 

species classification was improved (CASTRO-ESAU et al., 2006; DEVENTER; CHO; 

MUTANGA, 2017; FERREIRA et al., 2019; HILL et al., 2010; IMMITZER et al., 2019; 

KARASIAK et al., 2019; KEY et al., 2001; LI et al., 2015; SOMERS; ASNER, 2014).  

In this regard, considering that UAVs can fly over many areas acquiring fast 

information with high spatial resolution and temporally, the joint use of this information could 

be helpful to identify the tree species. However, at the same time, it would be challenging 

because all the variations within a tree crown would be recorded in the high spatial resolution 

of images. Differences in tree growth from one year/season to the next one can appear even 
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coregistering the images. Thus, methods to handle with such small variations would be 

needed, not to mention the bidirectional reflectance distribution function (BRDF) effects 

because of the sunlit variations and different crown geometries. 

 

1.1 HYPOTHESIS AND OBJECTIVE 

The hypothesis of this doctoral dissertation is based on the knowledge that tree 

species have different characteristics depending on the weather conditions, and the recent 

availability of  UAVs, which can quickly acquire information and has been successfully 

applied in Northern forests to identify tree species. In this sense, the hypothesis is that tree 

species identification of a fragment from the Brazilian Atlantic forest can be improved by 

using temporal information acquired with sensors onboard UAV, integrated with structural 

data derived from ALS. Bearing the hypothesis, this doctoral dissertation aims to propose a 

new methodology to identify selected tree species belonging to the Brazilian Atlantic forest 

using temporal information acquired with sensor onboard UAV. Further objectives are to: 

 Evaluate the spectral differences among the tree species; 

 Evaluate the pixel-based and region-based classification approaches; 

 Delineate the individual tree crowns (ITCs); and 

 Identify the tree species. 

 

1.2 INTERNATIONAL COOPERATION 

This doctoral dissertation was developed under the framework of the international 

joint project called “Unmanned Airborne Vehicle - Based 4D Remote Sensing for Mapping 

Rain Forest Biodiversity and its Change in Brazil (UAV_4D_Bio)”. This Project is a 

partnership between researchers from São Paulo State University (UNESP), and Finnish 

Geospatial Research, part of the National Land Survey of Finland. UAV_4D_Bio project was 

supported in part by The São Paulo Research Foundation (FAPESP) (grant number 

2013/50426-4) and in part by the Academy of Finland (AKA) (grant number 273806). The 

project aimed to develop technologies to map and detect biodiversity changes in Brazilian 

Atlantic forests. 
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1.3 CONTENT 

Section 1 introduced the objectives of the doctoral dissertation. Section 2 shows 

the study area, which is used in all experiments. Section 3 presents the Remote Sensing data 

used, i.e., the ALS and the hyperspectral imagery data, how they were acquired and 

processed. In Section 4 the developed methodology is described. Section 5 shows the results 

and discussion from the performed experiments. The first experiment (Section 5.1) is based 

on the papers of Miyoshi et al. ([s.d.], 2020) which show and evaluate the spectral differences 

between and within-species of trees belonging to the Brazilian Atlantic forest. The second 

experiment (Section 5.2) is an improvement of the work from Miyoshi et al. (2019), where the 

comparison of the pixel-based and region-based classification approaches when using the 

mean spectra and the mean normalized spectra as features are performed. Section 5.3 shows 

the third experiment, which is based on Miyoshi et al. (2020). This experiment evaluates the 

usefulness of multitemporal spectral information to identify tree species. Section 5.4 

compares the superpixels and watershed methods to automatically delineate the ITCs in each 

imagery data. The last result is presented and discussed in Section 5.5. In this section, tree 

species identification using the findings from previous sections (5.1 to 5.4) and using 

additionals set of features (vegetation indexes, texture, and structural features) is carried out. 

Finally, Section 6 shows the conclusion, contribution and recommendations of this doctoral 

dissertation. 
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6 CONCLUSION 

The objective of this doctoral dissertation was to develop a methodology to 

improve the tree species identification and to evaluate whether the multitemporal information 

could improve the tree species identification. Hyperspectral images were acquired by Rikola 

camera onboard an unmanned aerial vehicle (UAV) over an area of the Brazilian Atlantic 

forest having great species diversity and different successional stages. Further objectives were 

the evaluation of spectral differences, the automatic ITC delineation and the combination of 

different temporal features to the classification task. 

The use of mean normalized spectral features showed a better performance than 

the non-normalized features in classifying tree species. Even applying the radiometric block 

adjustment, the pixel normalization indeed reduced the differences in shadowed and sunlit 

pixels and thus, increasing the tree species separability. Radiometric block adjustment was 

equally important and highlighted. Different cloud covering density affects the spectral 

response of samples from the same tree species because the incident light is different and the 

method to acquire the spectral response of the images is the empirical line method. The 

importance of the radiometric block adjustment should be emphasized because the high 

spatial resolution images show detailed information of the tree crown and are subject to the 

anisotropy effects when not properly corrected. 

Furthermore, the region-based approach presented the best results when compared 

with the pixel-based approach. Temporal spectral information improved the performance of 

the random forest classifier for three of the eight tree species analyzed, indicating that better 

accuracy could be obtained when using temporal spectral information. Separated analysis of 

single-date datasets showed that the weather pattern directly influenced the classification 

performance of some of the tree species. The analysis of datasets from several years of the 

same season showed that differences in weather conditions in different years resulted in some 

changes in the species spectra and these changes were useful for differentiating some of the 

selected tree species. 

Automatic ITC delineation was shown to be a highly complex task. The lack of a 

standard tree shape, the high forest density, its different development stages, and the 

similarity of heights directly affected the automatic ITC delineation, are weakness in all 

techniques for tree species identification. Considering the Syagrus romanzoffiana, this task is 

even more challenging. Its regular shape requires smaller superpixels, but it may cause the 

over-segmentation of wider crowns. Both assessed methods did not achieve an F-Score value 
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higher than 70%. However, the superpixels application provided similar AUCROC values 

when compared with the use of manually delineated polygons. 

The knowledge of the different tree heights was essential as well as the use of the 

spectral information. The use of spectral differences was crucial to deal with the different 

spatial positions of the ITC over the years. Concerning the spatial position of the trees, the 

initial EOP information from the camera GPS was important to geometrically produce the 

mosaic of hyperspectral images. There is a challenge to introduce GCPs inside of the forest 

because of its high density. Furthermore, even though the georeferencing of the three datasets 

was carried out in a single process there appeared small geometric differences as expected.  

Weather conditions directly affect the tree species bloom or defoliation because 

some species were better identified when using all temporal data, such as Hymenaea 

Courbaril and Inga vera. Further, the use of vegetation indexes is of fundamental importance. 

They were shown to provide similar results as the use of normalized features. The use of 

textural features was shown not to be relevant in our study area due to the high spatial 

resolution of the images, which might result in the textural features to be noisy and thus, not 

producing the best results. A similar analysis is applied to the use of structural features 

because the similar tree heights did not improve the tree species identification. Finally, despite 

the RF appeared to be insensitive to the number of attributes, the results showed its sensitivity 

to noisy features, as pointed out by other researches also. When using all textural, spectral, 

vegetation indexes and structural features, the results were worse than when using only the 

spectral features or the vegetation indexes. 

To the best of our knowledge, this is the first work to use hyperspectral UAV 

images acquired over several years to classify the highly diverse Atlantic Forest. 

Improvements should be applied regarding the number of samples per class and the 

seasonality for data acquisition. For some species, finding a higher number of tree samples is 

quite challenging, such as for Aspidosperma polyneuron which only had three individual 

samples identified in the field and was removed from the classification experiments.  

 

6.1 CONTRIBUTIONS AND FUTURE WORKS RECOMMENDATION 

As final remarks of this doctoral dissertation, it is highlighted the use of temporal 

information for tree species identification. Despite the images were not acquired in different 

seasons, it was possible to improve the identification of at least three tree species. The use of 
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an innovative lightweight hyperspectral sensor acquiring information from the VIS to the NIR 

over a small fragment of the Brazilian Atlantic forest in one of the novelties of this research. 

The multitemporal data analysis was a very challenging task because it involved not only the 

data acquisition, but the understanding of how to process and analyze all data together as well 

as the comprehension of forest components and behavior over the years. Another point to be 

reminded is the use of an area still not well-developed with similar tree heights surrounded by 

crops. Moreover, it was a protected area inside an ecological station, being required 

authorization from the environmental agencies to collect the data. It is worthy of mention the 

need for suitable forest management even when protected by laws. Therefore, the reported 

results are of great importance to decision-makers and can be used as key information to 

monitor this fragment. 

Bearing the recommendations, there is the use of a higher number of samples and 

tree species. Despite being a small fragment, a higher number of samples per tree species and 

the use of a higher number of classes can improve the monitoring task of this forest. The lack 

of samples could affect the classification results because of the unbalanced number of 

samples. Image acquisition in different seasons is another recommendation. Images acquired 

during Spring, Summer or Autumn can show higher discrepancies in the ITCs because of the 

different aspects of the soil moisture, weather and pigment content in each ITC. The use of a 

higher number of tree characteristics in different seasons could improve not only the tree 

species identification but also follow its evolution, consequently providing information to 

monitor the degree of forest restoration and conservation. 

The employment of recent deep learning approaches is encouraged. They are an 

emergent approach from the machine learning field being the state of the art of the 

classification methods in Remote Sensing. When using deep learning approaches, increasing 

the number of samples will be of higher importance, since the application of these algorithms 

requires a larger number of samples to properly model the classifiers. In the case of our study 

area it is possible to identify the Syagrus romanzoffiana because, during fieldworks and image 

interpretation, hundreds of samples were recognized. Nevertheless, the use of different 

machine learning algorithms is also suggested such as the SVM and the Multilayer 

perceptron. 

Considering the assessed features, there is the recommendation to apply different 

criteria to calculate the features importance and their application in classification experiments. 

Regarding the textural features, there is the use of different window sizes, the use of non-
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normalized pixel values, the use of different spatial resolution imagery and the use of other 

textural features not used in this doctoral dissertation. Regarding the vegetation indexes, 

different vegetation indexes assessment is encouraged. Hence, there is a recommendation to 

evaluate multispectral images in the multitemporal form. 

Finally, as a final recommendation, there is the application of the developed 

methodology in well-developed areas or even in different forest areas, such as the remaining 

types of Atlantic Forest, the Amazon forest or the Northern forests. 

 

  



85 
 

 

REFERENCES 

AASEN, H.; HONKAVAARA, E.; LUCIEER, A.; ZARCO-TEJADA, P. J. Quantitative 
Remote Sensing at Ultra-High Resolution with UAV Spectroscopy: A Review of Sensor 
Technology, Measurement Procedures, and Data Correction Workflows. Remote Sensing, v. 
10, n. 7, 2018. Available at: <https://www.mdpi.com/2072-4292/10/7/1091> 

ACHANTA, R.; SHAJI, A.; SMITH, K.; LUCCHI, A.; FUA, P.; SÜSSTRUNK, S. SLIC 
Superpixels Compared to State-of-the-Art Superpixel Methods. IEEE Transactions on 
Pattern Analysis and Machine Intelligence, v. 34, n. 11, p. 2274–2282, 2012.  

ALEXANDER, C.; KORSTJENS, A. H.; HANKINSON, E.; USHER, G.; HARRISON, N.; 
NOWAK, M. G.; ABDULLAH, A.; WICH, S. A.; HILL, R. A. Locating emergent trees in a 
tropical rainforest using data from an Unmanned Aerial Vehicle (UAV). International 
Journal of Applied Earth Observation and Geoinformation, v. 72, p. 86–90, 2018.  

ALVARES, C. A.; STAPE, J. L.; SENTELHAS, P. C.; DE MORAES GONÇALVES, J. L.; 
SPAROVEK, G. Köppen’s climate classification map for Brazil. Meteorologische 
Zeitschrift, v. 22, n. 6, p. 711–728, 2013.  

AXELSSON, P. DEM generation from laser scanner data using adaptive TIN models. 
International archives of photogrammetry and remote sensing, v. 33, n. 4, p. 110–117, 
2000.  

BALDECK, C. A.; ASNER, G. P.; MARTIN, R. E.; ANDERSON, C. B.; KNAPP, D. E.; 
KELLNER, J. R.; WRIGHT, S. J. Operational Tree Species Mapping in a Diverse Tropical 
Forest with Airborne Imaging Spectroscopy. PLOS ONE, v. 10, n. 7, p. 1–21, 2015.  

BELGIU, M.; DRĂGUŢ, L. Random forest in remote sensing: A review of applications and 
future directions. ISPRS Journal of Photogrammetry and Remote Sensing, v. 114, p. 24–
31, 2016.  

BERVEGLIERI, A.; IMAI, N. N.; TOMMASELLI, A. M. G.; CASAGRANDE, B.; 
HONKAVAARA, E. Successional stages and their evolution in tropical forests using multi-
temporal photogrammetric surface models and superpixels. ISPRS Journal of 
Photogrammetry and Remote Sensing, v. 146, p. 548–558, 2018.  

BERVEGLIERI, A.; TOMMASELLI, A. M. G.; IMAI, N. N.; RIBEIRO, E. A. W.; 
GUIMARÃES, R. B.; HONKAVAARA, E. Identification of Successional Stages and Cover 
Changes of Tropical Forest Based on Digital Surface Model Analysis. IEEE Journal of 
Selected Topics in Applied Earth Observations and Remote Sensing, v. 9, n. 12, p. 5385–
5397, 2016.  

BEUCHER, S.; MEYER, F. The morphological approach to segmentation: the watershed 
transformation. Mathematical morphology in image processing, v. 34, p. 433–481, 1993.  

BRADLEY, A. P.; DUIN, R. P. W.; PACLIK, P.; LANDGREBE, T. C. W.; BRADLEY, A. 
P.; DUIN, R. P. W.; PACLIK, P.; LANDGREBE, T. C. W. Precision-recall operating 
characteristic (P-ROC) curves in imprecise environments. In: 18TH INTERNATIONAL 
CONFERENCE ON PATTERN RECOGNITION (ICPR’06), 2006. 

BRASIL. 11.428. LEI No 11.428, DE 22 DE DEZEMBRO DE 2006. 22 Dez. 2006.  



86 
 

 

BREIMAN, L. Random forests. Machine learning, v. 45, n. 1, p. 5–32, 2001.  

BROVELLI, M. A.; CRESPI, M.; FRATARCANGELI, F.; GIANNONE, F.; REALINI, E. 
Accuracy assessment of high resolution satellite imagery orientation by leave-one-out 
method. ISPRS Journal of Photogrammetry and Remote Sensing, v. 63, n. 4, p. 427–440, 
2008.  

BUDDENBAUM, H.; SCHLERF, M.; HILL, J. Classification of coniferous tree species and 
age classes using hyperspectral data and geostatistical methods. International Journal of 
Remote Sensing, v. 26, n. 24, p. 5453–5465, 2005.  

CARR, J. C.; SLYDER, J. B. Individual tree segmentation from a leaf-off photogrammetric 
point cloud. International Journal of Remote Sensing, v. 39, n. 15–16, p. 5195–5210, 2018.  

CASTRO-ESAU, K. L.; SÁNCHEZ-AZOFEIFA, G. A.; RIVARD, B.; WRIGHT, S. J.; 
QUESADA, M. Variability in leaf optical properties of Mesoamerican trees and the potential 
for species classification. American Journal of Botany, v. 93, n. 4, p. 517–530, 2006.  

CHAVANA-BRYANT, C.; MALHI, Y.; WU, J.; ASNER, G. P.; ANASTASIOU, A.; 
ENQUIST, B. J.; COSIO CARAVASI, E. G.; DOUGHTY, C. E.; SALESKA, S. R.; 
MARTIN, R. E.; GERARD, F. F. Leaf aging of Amazonian canopy trees as revealed by 
spectral and physiochemical measurements. New Phytologist, v. 214, n. 3, p. 1049–1063, 
2017.  

CHEN, C.; LIAW, A.; BREIMAN, L.; OTHERS. Using random forest to learn imbalanced 
data. University of California, Berkeley, v. 110, n. 1–12, p. 24, 2004.  

CLARK, M. L.; ROBERTS, D. A. Species-Level Differences in Hyperspectral Metrics 
among Tropical Rainforest Trees as Determined by a Tree-Based Classifier. Remote Sensing, 
v. 4, n. 6, p. 1820–1855, 2012.  

CLARK, M. L.; ROBERTS, D. A.; CLARK, D. B. Hyperspectral discrimination of tropical 
rain forest tree species at leaf to crown scales. Remote Sensing of Environment, v. 96, n. 3, 
p. 375–398, 2005.  

COLGAN, M. S.; BALDECK, C. A.; FÉRET, J.-B.; ASNER, G. P. Mapping Savanna Tree 
Species at Ecosystem Scales Using Support Vector Machine Classification and BRDF 
Correction on Airborne Hyperspectral and LiDAR Data. Remote Sensing, v. 4, n. 11, p. 
3462–3480, 2012.  

COLOMINA, I.; MOLINA, P. Unmanned aerial systems for photogrammetry and remote 
sensing: A review. ISPRS Journal of Photogrammetry and Remote Sensing, v. 92, p. 79–
97, 2014.  

CONGALTON, R. G. A review of assessing the accuracy of classifications of remotely 
sensed data. Remote Sensing of Environment, v. 37, n. 1, p. 35–46, 1991.  

CUBERT. UAV mapping with FireflEYE - Cubert. [s.d.]. Available at: <https://cubert-
gmbh.com/applications/uav-mapping-with-firefleye/>. Accessed on 25 out. 2019.  

D’OLIVEIRA, M. V. N.; ALVARADO, E. C.; SANTOS, J. C.; CARVALHO, J. A. Forest 
natural regeneration and biomass production after slash and burn in a seasonally dry forest in 



87 
 

 

the Southern Brazilian Amazon. Forest Ecology and Management, v. 261, n. 9, p. 1490–
1498, 2011.  

DAI, W.; YANG, B.; DONG, Z.; SHAKER, A. A new method for 3D individual tree 
extraction using multispectral airborne LiDAR point clouds. ISPRS Journal of 
Photogrammetry and Remote Sensing, v. 144, p. 400–411, 2018.  

DALPONTE, M.; FRIZZERA, L.; GIANELLE, D. Individual tree crown delineation and tree 
species classification with hyperspectral and LiDAR data. PeerJ, v. 6, p. e6227, 2019.  

DALPONTE, M.; ØRKA, H. O.; ENE, L. T.; GOBAKKEN, T.; NÆSSET, E. Tree crown 
delineation and tree species classification in boreal forests using hyperspectral and ALS data. 
Remote Sensing of Environment, v. 140, p. 306–317, 2014.  

DEVENTER, H. Van; CHO, M. A.; MUTANGA, O. Improving the classification of six 
evergreen subtropical tree species with multi-season data from leaf spectra simulated to 
WorldView-2 and RapidEye. International Journal of Remote Sensing, v. 38, n. 17, p. 
4804–4830, 2017.  

DIAN, Y.; LI, Z.; PANG, Y. Spectral and Texture Features Combined for Forest Tree species 
Classification with Airborne Hyperspectral Imagery. Journal of the Indian Society of 
Remote Sensing, v. 43, n. 1, p. 101–107, 2014.  

EVANGELISTA, P. H.; STOHLGREN, T. J.; MORISETTE, J. T.; KUMAR, S. Mapping 
Invasive Tamarisk (Tamarix): A Comparison of Single-Scene and Time-Series Analyses of 
Remotely Sensed Data. Remote Sensing, v. 1, n. 3, p. 519–533, 2009.  

EYSN, L.; HOLLAUS, M.; LINDBERG, E.; BERGER, F.; MONNET, J.-M.; DALPONTE, 
M.; KOBAL, M.; PELLEGRINI, M.; LINGUA, E.; MONGUS, D.; PFEIFER, N. A 
Benchmark of Lidar-Based Single Tree Detection Methods Using Heterogeneous Forest Data 
from the Alpine Space. Forests, v. 6, n. 5, p. 1721–1747, 2015.  

FAN, J.; UPADHYE, S.; WORSTER, A. Understanding receiver operating characteristic 
(ROC) curves. Canadian Journal of Emergency Medicine, v. 8, n. 1, p. 19–20, 2006.  

FARQUAD, M. A. H.; BOSE, I. Preprocessing unbalanced data using support vector 
machine. Decision Support Systems, v. 53, n. 1, p. 226–233, 2012.  

FASSNACHT, F. E.; LATIFI, H.; STEREŃCZAK, K.; MODZELEWSKA, A.; LEFSKY, 
M.; WASER, L. T.; STRAUB, C.; GHOSH, A. Review of studies on tree species 
classification from remotely sensed data. Remote Sensing of Environment, v. 186, p. 64–87, 
2016.  

FAWCETT, T. An introduction to ROC analysis. Pattern Recognition Letters, v. 27, n. 8, p. 
861–874, 2006.  

FERET, J.; ASNER, G. P. Tree Species Discrimination in Tropical Forests Using Airborne 
Imaging Spectroscopy. IEEE Transactions on Geoscience and Remote Sensing, v. 51, n. 1, 
p. 73–84, 2013.  

FERREIRA, M. P.; WAGNER, F. H.; ARAGÃO, L. E. O. C.; SHIMABUKURO, Y. E.; 
FILHO, C. R. de S. Tree species classification in tropical forests using visible to shortwave 



88 
 

 

infrared WorldView-3 images and texture analysis. ISPRS Journal of Photogrammetry and 
Remote Sensing, v. 149, p. 119–131, 2019.  

FERREIRA, M. P.; ZORTEA, M.; ZANOTTA, D. C.; SHIMABUKURO, Y. E.; FILHO, C. 
R. de S. Mapping tree species in tropical seasonal semi-deciduous forests with hyperspectral 
and multispectral data. Remote Sensing of Environment, v. 179, p. 66–78, 2016.  

GAMON, J. A.; PEÑUELAS, J.; FIELD, C. B. A narrow-waveband spectral index that tracks 
diurnal changes in photosynthetic efficiency. Remote Sensing of Environment, v. 41, n. 1, p. 
35–44, 1992.  

GHOSH, A.; JOSHI, P. K. A comparison of selected classification algorithms for mapping 
bamboo patches in lower Gangetic plains using very high resolution WorldView 2 imagery. 
International Journal of Applied Earth Observation and Geoinformation, v. 26, p. 298–
311, 2014.  

GUYOT, G.; BARET, F. Utilisation de la haute resolution spectrale pour suivre l’etat des 
couverts vegetaux. In: SPECTRAL SIGNATURES OF OBJECTS IN REMOTE 
SENSING, 1988. 

HALL, M.; FRANK, E.; HOLMES, G.; PFAHRINGER, B.; REUTEMANN, P.; WITTEN, I. 
H. The WEKA data mining software: an update. SIGKDD Explorations, v. 11, n. 1, p. 10–
18, 2009.  

HALL-BEYER, M. GLCM Texture: A Tutorial v. 1.0 through 2.7. [s. l.], 2017.  

HARALICK, R. M.; SHANMUGAM, K.; DINSTEIN, I. Textural Features for Image 
Classification. IEEE Transactions on Systems, Man, and Cybernetics, v. SMC-3, n. 6, p. 
610–621, 1973.  

HEINZEL, J.; KOCH, B. Investigating multiple data sources for tree species classification in 
temperate forest and use for single tree delineation. International Journal of Applied Earth 
Observation and Geoinformation, v. 18, p. 101–110, 2012.  

HILL, R. A.; WILSON, A. K.; GEORGE, M.; HINSLEY, S. A. Mapping tree species in 
temperate deciduous woodland using time-series multi-spectral data. Applied Vegetation 
Science, v. 13, n. 1, p. 86–99, 2010.  

HONKAVAARA, E.; KHORAMSHAHI, E. Radiometric Correction of Close-Range Spectral 
Image Blocks Captured Using an Unmanned Aerial Vehicle with a Radiometric Block 
Adjustment. Remote Sensing, v. 10, n. 2, 2018. Available at: <https://www.mdpi.com/2072-
4292/10/2/256> 

HONKAVAARA, E.; ROSNELL, T.; OLIVEIRA, R.; TOMMASELLI, A. Band registration 
of tuneable frame format hyperspectral UAV imagers in complex scenes. ISPRS Journal of 
Photogrammetry and Remote Sensing, v. 134, p. 96–109, 2017.  

HONKAVAARA, E.; SAARI, H.; KAIVOSOJA, J.; PÖLÖNEN, I.; HAKALA, T.; LITKEY, 
P.; MÄKYNEN, J.; PESONEN, L. Processing and Assessment of Spectrometric, Stereoscopic 
Imagery Collected Using a Lightweight UAV Spectral Camera for Precision Agriculture. 
Remote Sensing, v. 5, n. 10, p. 5006–5039, 2013.  



89 
 

 

HU, X.; CHEN, W.; XU, W. Adaptive Mean Shift-Based Identification of Individual Trees 
Using Airborne LiDAR Data. Remote Sensing, v. 9, n. 2, 2017. Available at: 
<https://www.mdpi.com/2072-4292/9/2/148> 

HYYPPÄ, J.; KELLE, O.; LEHIKOINEN, M.; INKINEN, M. A segmentation-based method 
to retrieve stem volume estimates from 3-D tree height models produced by laser scanners. 
IEEE Transactions on Geoscience and Remote Sensing, v. 39, n. 5, p. 969–975, 2001.  

IBGE. Manual técnico da vegetação brasileira. Manuais técnicos em geociências, v. 1, 2012.  

IMMITZER, M.; ATZBERGER, C.; KOUKAL, T. Tree Species Classification with Random 
Forest Using Very High Spatial Resolution 8-Band WorldView-2 Satellite Data. Remote 
Sensing, v. 4, n. 9, p. 2661–2693, 2012.  

IMMITZER, M.; NEUWIRTH, M.; BÖCK, S.; BRENNER, H.; VUOLO, F.; ATZBERGER, 
C. Optimal Input Features for Tree Species Classification in Central Europe Based on Multi-
Temporal Sentinel-2 Data. Remote Sensing, v. 11, n. 22, 2019. Available at: 
<https://www.mdpi.com/2072-4292/11/22/2599> 

INMET - INSTITUTO NACIONAL DE METEOROLOGIA. Estações Automáticas - 
Gráficos. 2019. Available at: 
<http://www.inmet.gov.br/portal/index.php?r=home/page&page=rede_estacoes_auto_graf>. 
Accessed on 8 Nov. 2019.  

ISENBURG, M. LAStools - efficient LiDAR processing software. 141017, unlicensed. [s.l: 
s.n.]. Available at: <http://rapidlasso.com/LAStoolss> 

ISENBURG, M. Readme file of lasnoise tool. [s.d.]. Available at: 
<http://lastools.org/download/lasnoise_README.txt>.  

ISI WEB-OF-SCIENCE. ISI-Web-Of-Science Search. [s.d.]. Available at: 
<https://bit.ly/2LeMWnO>. Accessed on 11 Dez. 2018.  

JENSEN, J. R. Remote Sensing of the Environment: An Earth Resource Perspective. 
[s.l.]: Pearson Prentice Hall, 2007.  

KAARTINEN, H.; HYYPPÄ, J.; YU, X.; VASTARANTA, M.; HYYPPÄ, H.; KUKKO, A.; 
HOLOPAINEN, M.; HEIPKE, C.; HIRSCHMUGL, M.; MORSDORF, F.; NÆSSET, E.; 
PITKÄNEN, J.; POPESCU, S.; SOLBERG, S.; WOLF, B. M.; WU, J.-C. An International 
Comparison of Individual Tree Detection and Extraction Using Airborne Laser Scanning. 
Remote Sensing, v. 4, n. 4, p. 950–974, 2012.  

KANG, K. K.; HOEKSTRA, M.; FOROUTAN, M.; CHEGOONIAN, A. M.; 
ZOLFAGHARI, K.; DUGUAY, C. R. Operating Procedures and Calibration of a 
Hyperspectral Sensor Onboard a Remotely Piloted Aircraft System For Water and Agriculture 
Monitoring. In: IGARSS 2019 - 2019 IEEE INTERNATIONAL GEOSCIENCE AND 
REMOTE SENSING SYMPOSIUM, 2019. 

KARASIAK, N.; DEJOUX, J.-F.; FAUVEL, M.; WILLM, J.; MONTEIL, C.; SHEEREN, D. 
Statistical Stability and Spatial Instability in Mapping Forest Tree Species by Comparing 9 
Years of Satellite Image Time Series. Remote Sensing, v. 11, n. 21, 2019. Available at: 
<https://www.mdpi.com/2072-4292/11/21/2512> 



90 
 

 

KE, Y.; QUACKENBUSH, L. J. A review of methods for automatic individual tree-crown 
detection and delineation from passive remote sensing. International Journal of Remote 
Sensing, v. 32, n. 17, p. 4725–4747, 2011.  

KEY, T.; WARNER, T. A.; MCGRAW, J. B.; FAJVAN, M. A. A Comparison of 
Multispectral and Multitemporal Information in High Spatial Resolution Imagery for 
Classification of Individual Tree Species in a Temperate Hardwood Forest. Remote Sensing 
of Environment, v. 75, n. 1, p. 100–112, 2001.  

KIM, M.; MADDEN, M.; WARNER, T. A. Forest Type Mapping using Object-specific 
Texture Measures from Multispectral Ikonos Imagery. Photogrammetric Engineering & 
Remote Sensing, v. 75, n. 7, p. 819–829, 2009.  

KUNERT, N.; APARECIDO, L. M. T.; WOLFF, S.; HIGUCHI, N.; SANTOS, J. Dos; 
ARAUJO, A. C. De; TRUMBORE, S. A revised hydrological model for the Central Amazon: 
The importance of emergent canopy trees in the forest water budget. Agricultural and Forest 
Meteorology, v. 239, p. 47–57, 2017.  

LARY, D. J.; ALAVI, A. H.; GANDOMI, A. H.; WALKER, A. L. Machine learning in 
geosciences and remote sensing. Geoscience Frontiers, v. 7, n. 1, p. 3–10, 2016.  

LI, D.; KE, Y.; GONG, H.; LI, X. Object-Based Urban Tree Species Classification Using Bi-
Temporal WorldView-2 and WorldView-3 Images. Remote Sensing, v. 7, n. 12, p. 16917–
16937, 2015.  

LI, P.; XIAO, X. Multispectral image segmentation by a multichannel watershed‐based 
approach. International Journal of Remote Sensing, v. 28, n. 19, p. 4429–4452, 2007.  

LI, W.; GUO, Q.; JAKUBOWSKI, M. K.; KELLY, M. A New Method for Segmenting 
Individual Trees from the Lidar Point Cloud. Photogrammetric Engineering & Remote 
Sensing, v. 78, n. 1, p. 75–84, 2012.  

LIESENBERG, V. Análise multi-angulaar de fitofisionomias do bioma Cerrado com 
dados MISR/TERRA. 2005. Dissertação de Mestrado - Instituto Nacional de Pesquisas 
Espaciais (INPE), São José dos Campos, SP, Brazil, 2005. Available at: <http://mtc-
m12.sid.inpe.br/col/sid.inpe.br/iris@1913/2005/08.03.19.56/doc/publicacao.pdf> 

LIMA, R. B.; BUFALINO, L.; ALVES JUNIOR, F. T.; SILVA, J. A. A. Da; FERREIRA, R. 
L. C. Diameter distribution in a Brazilian tropical dry forest domain: predictions for the stand 
and species. Anais da Academia Brasileira de Ciências, v. 89, n. 2, p. 1189–1203, 2017.  

LIRA, P. K.; TAMBOSI, L. R.; EWERS, R. M.; METZGER, J. P. Land-use and land-cover 
change in Atlantic Forest landscapes. Forest Ecology and Management, v. 278, p. 80–89, 
2012.  

LORENZI, H. Árvores brasileiras, vol1, ed1. Plantarum, Nova Odessa, v. 1, n. 1, 1992. a.  

LORENZI, H. Árvores brasileiras, vol1, ed5. Plantarum, Nova Odessa, v. 1, n. 5, 1992. b.  

LORENZI, H. Árvores brasileiras, vol2, ed1. Plantarum, Nova Odessa, v. 2, n. 1, 1992. c.  



91 
 

 

MANN, H. B.; WHITNEY, D. R. On a Test of Whether one of Two Random Variables is 
Stochastically Larger than the Other. The Annals of Mathematical Statistics, v. 18, n. 1, p. 
50–60, 1947.  

MASCHLER, J.; ATZBERGER, C.; IMMITZER, M. Individual Tree Crown Segmentation 
and Classification of 13 Tree Species Using Airborne Hyperspectral Data. Remote Sensing, 
v. 10, n. 8, 2018. Available at: <https://www.mdpi.com/2072-4292/10/8/1218> 

MATSUKI, T.; YOKOYA, N.; IWASAKI, A. Hyperspectral Tree Species Classification of 
Japanese Complex Mixed Forest With the Aid of Lidar Data. IEEE Journal of Selected 
Topics in Applied Earth Observations and Remote Sensing, v. 8, n. 5, p. 2177–2187, 
2015.  

MELGANI, F.; BRUZZONE, L. Classification of hyperspectral remote sensing images with 
support vector machines. IEEE Transactions on Geoscience and Remote Sensing, v. 42, n. 
8, p. 1778–1790, 2004.  

MENZE, B. H.; KELM, B. M.; MASUCH, R.; HIMMELREICH, U.; BACHERT, P.; 
PETRICH, W.; HAMPRECHT, F. A. A comparison of random forest and its Gini importance 
with standard chemometric methods for the feature selection and classification of spectral 
data. BMC Bioinformatics, v. 10, n. 1, p. 213, 2009.  

MERZLYAK, M. N.; GITELSON, A. A.; CHIVKUNOVA, O. B.; RAKITIN, V. YU. Non-
destructive optical detection of pigment changes during leaf senescence and fruit ripening. 
Physiologia Plantarum, v. 106, n. 1, p. 135–141, 1999.  

MICASENSE. RedEdge-MX - MicaSense. [s.d.]. Available at: 
<https://www.micasense.com/rededge-mx>. Accessed on 26 Oct. 2019.  

MICHEZ, A.; PIÉGAY, H.; LISEIN, J.; CLAESSENS, H.; LEJEUNE, P. Classification of 
riparian forest species and health condition using multi-temporal and hyperspatial imagery 
from unmanned aerial system. Environmental monitoring and assessment, v. 188, n. 3, p. 
146, 2016.  

MIYOSHI, G.; IMAI, N.; TOMMASELLI, A.; HONKAVAARA, E. Comparison of Pixel 
and Region-Based Approaches for Tree Species Mapping in Atlantic Forest Using 
Hyperspectral Images Acquired by Uav. ISPRS-International Archives of the 
Photogrammetry, Remote Sensing and Spatial Information Sciences, v. 4213, p. 1875–
1880, 2019.  

MIYOSHI, G.; IMAI, N.; TOMMASELLI, A.; HONKAVAARA, E. Spectral differences of 
tree species belonging to Atlantic forest obtained from UAV hyperspectral images. To be 
published, [s.d.].  

MIYOSHI, G. T.; IMAI, N. N.; GARCIA TOMMASELLI, A. M.; ANTUNES DE 
MORAES, M. V.; HONKAVAARA, E. Evaluation of Hyperspectral Multitemporal 
Information to Improve Tree Species Identification in the Highly Diverse Atlantic Forest. 
Remote Sensing, v. 12, n. 2, 2020. Available at: <https://www.mdpi.com/2072-
4292/12/2/244> 

MIYOSHI, G. T.; IMAI, N. N.; TOMMASELLI, A. M. G.; HONKAVAARA, E.; NÄSI, R.; 
MORIYA, É. A. S. Radiometric block adjustment of hyperspectral image blocks in the 



92 
 

 

Brazilian environment. International Journal of Remote Sensing, v. 39, n. 15–16, p. 4910–
4930, 2018.  

NACHAR, N. The Mann-Whitney U: A test for assessing whether two independent samples 
come from the same distribution. Tutorials in Quantitative Methods for Psychology, v. 4, 
n. 1, p. 13–20, 2008.  

NÄSI, R.; HONKAVAARA, E.; LYYTIKÄINEN-SAARENMAA, P.; BLOMQVIST, M.; 
LITKEY, P.; HAKALA, T.; VILJANEN, N.; KANTOLA, T.; TANHUANPÄÄ, T.; 
HOLOPAINEN, M. Using UAV-Based Photogrammetry and Hyperspectral Imaging for 
Mapping Bark Beetle Damage at Tree-Level. Remote Sensing, v. 7, n. 11, p. 15467–15493, 
2015.  

NEVALAINEN, O.; HONKAVAARA, E.; TUOMINEN, S.; VILJANEN, N.; HAKALA, T.; 
YU, X.; HYYPPÄ, J.; SAARI, H.; PÖLÖNEN, I.; IMAI, N. N.; TOMMASELLI, A. M. G. 
Individual Tree Detection and Classification with UAV-Based Photogrammetric Point Clouds 
and Hyperspectral Imaging. Remote Sensing, v. 9, n. 3, 2017. Available at: 
<https://www.mdpi.com/2072-4292/9/3/185> 

NUVEM UAV. Batmap. [s.d.]. Available at: <http://nuvemuav.com/batmap>. Accessed on 
5 Dez. 2019.  

OLIVEIRA, L. M. De; GALVÃO, L. S.; PONZONI, F. J. Topographic effects on the 
determination of hyperspectral vegetation indices: a case study in southeastern Brazil. 
Geocarto International, v. 0, n. 0, p. 1–18, 2019.  

OLIVEIRA, R. A. De; TOMMASELLI, A. M. G.; HONKAVAARA, E. Geometric 
Calibration of a Hyperspectral Frame Camera. The Photogrammetric Record, v. 31, n. 155, 
p. 325–347, 2016.  

OTERO, V.; KERCHOVE, R. V. D.; SATYANARAYANA, B.; MARTÍNEZ-ESPINOSA, 
C.; FISOL, M. A. B.; IBRAHIM, M. R. B.; SULONG, I.; MOHD-LOKMAN, H.; LUCAS, 
R.; DAHDOUH-GUEBAS, F. Managing mangrove forests from the sky: Forest inventory 
using field data and Unmanned Aerial Vehicle (UAV) imagery in the Matang Mangrove 
Forest Reserve, peninsular Malaysia. Forest Ecology and Management, v. 411, p. 35–45, 
2018.  

PANEQUE-GÁLVEZ, J.; MCCALL, M. K.; NAPOLETANO, B. M.; WICH, S. A.; KOH, L. 
P. Small Drones for Community-Based Forest Monitoring: An Assessment of Their 
Feasibility and Potential in Tropical Areas. Forests, v. 5, n. 6, p. 1481–1507, 2014.  

PENUELAS, J.; BARET, F.; FILELLA, I. Semi-empirical indices to assess 
carotenoids/chlorophyll a ratio from leaf spectral reflectance. Photosynthetica, v. 31, n. 2, p. 
221–230, 1995.  

PLOWRIGHT, A. ForestTools: Analyzing Remotely Sensed Forest Data. 0.2.0. [s.l: s.n.]. 
Available at: <https://github.com/andrew-plowright/ForestTools> 

PONZONI, F. J.; KUPLICH, T. M.; SHIMABUKURO, Y. E. Sensoriamento remoto no 
estudo da vegetação. [s.l.]: Oficina de Textos, 2012. Available at: 
<https://books.google.com.br/books?id=wcPJNAEACAAJ> 



93 
 

 

POPESCU, D.; STOICAN, F.; STAMATESCU, G.; ICHIM, L.; DRAGANA, C. Advanced 
UAV–WSN System for Intelligent Monitoring in Precision Agriculture. Sensors, v. 20, n. 3, 
2020. Available at: <https://www.mdpi.com/1424-8220/20/3/817> 

POPESCU, S. C.; WYNNE, R. H. Seeing the Trees in the Forest. Photogrammetric 
Engineering & Remote Sensing, v. 70, n. 5, p. 589–604, 2004.  

PRICE, J. C. How unique are spectral signatures? Remote Sensing of Environment, v. 49, n. 
3, p. 181–186, 1994.  

QGIS DEVELOPMENT TEAM. QGIS Geographic Information System. [s.l.]: Open 
Source Geospatial Foundation, 2009. Available at: <http://qgis.org> 

RIBEIRO, M. C.; METZGER, J. P.; MARTENSEN, A. C.; PONZONI, F. J.; HIROTA, M. 
M. The Brazilian Atlantic Forest: How much is left, and how is the remaining forest 
distributed? Implications for conservation. Biological Conservation, v. 142, n. 6, p. 1141–
1153, 2009.  

RICHARDS, J. A.; JIA, X. Interpretation of hyperspectral image data. Remote Sensing 
Digital Image Analysis: An Introduction, p. 359–388, 2006.  

ROUSE, J.; HAAS, R.; SCHELL, J.; DEERING, D. Monitoring vegetation systems in the 
Great Plains with ERTS. NASA special publication, v. 351, p. 309, 1974.  

SANCHEZ-AZOFEIFA, A.; ANTONIO GUZMÁN, J.; CAMPOS, C. A.; CASTRO, S.; 
GARCIA-MILLAN, V.; NIGHTINGALE, J.; RANKINE, C. Twenty-first century remote 
sensing technologies are revolutionizing the study of tropical forests. Biotropica, v. 49, n. 5, 
p. 604–619, 2017.  

SANTOS, J. A.; FARIA, F.; CALUMBY, R.; TORRES, R. d S.; LAMPARELLI, R. A. C. A 
Genetic Programming approach for coffee crop recognition. In: 2010 IEEE 
INTERNATIONAL GEOSCIENCE AND REMOTE SENSING SYMPOSIUM, 2010. 

SEGAL, M. R. Machine learning benchmarks and random forest regression. [s. l.], 2004.  

SENOP. Datasheet. [s.d.]. Available at: 
<https://senop.fi/files/rikola/pdf/Hyperspectral+Camera_Datasheet.pdf>. Accessed on 25 Oct. 
2019.  

SHAKHATREH, H.; SAWALMEH, A. H.; AL-FUQAHA, A.; DOU, Z.; ALMAITA, E.; 
KHALIL, I.; OTHMAN, N. S.; KHREISHAH, A.; GUIZANI, M. Unmanned Aerial Vehicles 
(UAVs): A Survey on Civil Applications and Key Research Challenges. IEEE Access, v. 7, 
p. 48572–48634, 2019.  

SILVA, C. A.; HUDAK, A. T.; VIERLING, L. A.; LOUDERMILK, E. L.; O’BRIEN, J.; 
HIERS, J. K.; JACK, S. B.; GONZALEZ-BENECKE, C. A.; LEE, H.; FALKOWSKI, M. J.; 
KHOSRAVIPOUR, A. Imputation of Individual Longleaf Pine (Pinus palustris Mill.) Tree 
Attributes from Field and LiDAR Data. Canadian journal of remote sensing, v. 42, n. 5, p. 
554-573, 2016. 

SILVA, F. R. Da; BEGNINI, R. M.; LOPES, B. C.; CASTELLANI, T. T. Seed dispersal and 
predation in the palm Syagrus romanzoffiana on two islands with different faunal richness, 



94 
 

 

southern Brazil. Studies on Neotropical Fauna and Environment, v. 46, n. 3, p. 163–171, 
2011.  

SIMS, D. A.; GAMON, J. A. Relationships between leaf pigment content and spectral 
reflectance across a wide range of species, leaf structures and developmental stages. Remote 
Sensing of Environment, v. 81, n. 2, p. 337–354, 2002.  

SMITH, G. M.; MILTON, E. J. The use of the empirical line method to calibrate remotely 
sensed data to reflectance. International Journal of Remote Sensing, v. 20, n. 13, p. 2653–
2662, 1999.  

SOMERS, B.; ASNER, G. P. Tree species mapping in tropical forests using multi-temporal 
imaging spectroscopy: Wavelength adaptive spectral mixture analysis. International Journal 
of Applied Earth Observation and Geoinformation, v. 31, p. 57–66, 2014.  

SOTHE, C.; ALMEIDA, C. M. D.; SCHIMALSKI, M. B.; ROSA, L. E. C. L.; CASTRO, J. 
D. B.; FEITOSA, R. Q.; DALPONTE, M.; LIMA, C. L.; LIESENBERG, V.; MIYOSHI, G. 
T.; TOMMASELLI, A. M. G. Comparative performance of convolutional neural network, 
weighted and conventional support vector machine and random forest for classifying tree 
species using hyperspectral and photogrammetric data. GIScience & Remote Sensing, v. 0, 
n. 0, p. 1–26, 2020.  

SOTHE, C.; DALPONTE, M.; ALMEIDA, C. M. De; SCHIMALSKI, M. B.; LIMA, C. L.; 
LIESENBERG, V.; MIYOSHI, G. T.; TOMMASELLI, A. M. G. Tree Species Classification 
in a Highly Diverse Subtropical Forest Integrating UAV-Based Photogrammetric Point Cloud 
and Hyperspectral Data. Remote Sensing, v. 11, n. 11, 2019. Available at: 
<https://www.mdpi.com/2072-4292/11/11/1338> 

STRÎMBU, V. F.; STRÎMBU, B. M. A graph-based segmentation algorithm for tree crown 
extraction using airborne LiDAR data. ISPRS Journal of Photogrammetry and Remote 
Sensing, v. 104, p. 30–43, 2015.  

TANHUANPÄÄ, T.; VASTARANTA, M.; KANKARE, V.; HOLOPAINEN, M.; HYYPPÄ, 
J.; HYYPPÄ, H.; ALHO, P.; RAISIO, J. Mapping of urban roadside trees – A case study in 
the tree register update process in Helsinki City. Urban Forestry & Urban Greening, v. 13, 
n. 3, p. 562–570, 2014.  

TARABALKA, Y.; CHANUSSOT, J.; BENEDIKTSSON, J. A.; ANGULO, J.; FAUVEL, M. 
Segmentation and Classification of Hyperspectral Data using Watershed. In: IGARSS 2008 - 
2008 IEEE INTERNATIONAL GEOSCIENCE AND REMOTE SENSING 
SYMPOSIUM, 2008. 

TUOMINEN, S.; NÄSI, R.; HONKAVAARA, E.; BALAZS, A.; HAKALA, T.; VILJANEN, 
N.; PÖLÖNEN, I.; SAARI, H.; OJANEN, H. Assessment of Classifiers and Remote Sensing 
Features of Hyperspectral Imagery and Stereo-Photogrammetric Point Clouds for Recognition 
of Tree Species in a Forest Area of High Species Diversity. Remote Sensing, v. 10, n. 5, 
2018. Available at: <https://www.mdpi.com/2072-4292/10/5/714> 

VAN DER WALT, S.; SCHÖNBERGER, J. L.; NUNEZ-IGLESIAS, J.; BOULOGNE, F.; 
WARNER, J. D.; YAGER, N.; GOUILLART, E.; YU, T.; CONTRIBUTORS, The Scikit-
image. Scikit-image: image processing in Python. PeerJ, v. 2, p. e453, 2014.  



95 
 

 

VAUHKONEN, J.; ENE, L.; GUPTA, S.; HEINZEL, J.; HOLMGREN, J.; PITKÄNEN, J.; 
SOLBERG, S.; WANG, Y.; WEINACKER, H.; HAUGLIN, K. M.; LIEN, V.; PACKALÉN, 
P.; GOBAKKEN, T.; KOCH, B.; NÆSSET, E.; TOKOLA, T.; MALTAMO, M. Comparative 
testing of single-tree detection algorithms under different types of forest. Forestry: An 
International Journal of Forest Research, v. 85, n. 1, p. 27–40, 2011.  

VIRTANEN, P.; GOMMERS, R.; OLIPHANT, T. E.; HABERLAND, M.; REDDY, T.; 
COURNAPEAU, D.; BUROVSKI, E.; PETERSON, P.; WECKESSER, W.; BRIGHT, J.; 
VAN DER WALT, S. J.; BRETT, M.; WILSON, J.; JARROD MILLMAN, K.; MAYOROV, 
N.; NELSON, A. R. J.; JONES, E.; KERN, R.; LARSON, E.; CAREY, C.; POLAT, İ.; 
FENG, Y.; MOORE, E. W.; VAND ERPLAS, J.; LAXALDE, D.; PERKTOLD, J.; 
CIMRMAN, R.; HENRIKSEN, I.; QUINTERO, E. A.; HARRIS, C. R.; ARCHIBALD, A. 
M.; RIBEIRO, A. H.; PEDREGOSA, F.; VAN MULBREGT, P.; CONTRIBUTORS, S. 1. 0. 
SciPy 1.0–Fundamental Algorithms for Scientific Computing in Python. arXiv e-prints, p. 
arXiv:1907.10121, 2019.  

WAGNER, F. H.; FERREIRA, M. P.; SANCHEZ, A.; HIRYE, M. C. M.; ZORTEA, M.; 
GLOOR, E.; PHILLIPS, O. L.; FILHO, C. R. de S.; SHIMABUKURO, Y. E.; ARAGÃO, L. 
E. O. C. Individual tree crown delineation in a highly diverse tropical forest using very high 
resolution satellite images. ISPRS Journal of Photogrammetry and Remote Sensing, v. 
145, p. 362–377, 2018.  

WANG, Q.; NI-MEISTER, W. Forest Canopy Height and Gaps from Multiangular BRDF, 
Assessed with Airborne LiDAR Data (Short Title: Vegetation Structure from LiDAR and 
Multiangular Data). Remote Sensing, v. 11, n. 21, 2019. Available at: 
<https://www.mdpi.com/2072-4292/11/21/2566> 

WILCOXON, F. Individual comparisons by ranking methods. Biom Bull 1: 80–83, 1945.  

WITTEN, I. H.; FRANK, E. Data Mining: Practical Machine Learning Tools and 
Techniques. 2nd. ed. [s.l.]: Morgan Kaufmann, 2005.  

ZHANG, C.; CHEN, K.; LIU, Y.; KOVACS, J. M.; FLORES-VERDUGO, F.; DE 
SANTIAGO, F. J. F. Spectral response to varying levels of leaf pigments collected from a 
degraded mangrove forest. Journal of Applied Remote Sensing, v. 6, n. 1, p. 063501, 2012.  

ZHANG, J.; RIVARD, B.; SÁNCHEZ-AZOFEIFA, A.; CASTRO-ESAU, K. Intra- and inter-
class spectral variability of tropical tree species at La Selva, Costa Rica: Implications for 
species identification using HYDICE imagery. Remote Sensing of Environment, v. 105, n. 
2, p. 129–141, 2006.  

ZHANG, S.; LI, S.; FU, W.; FANG, L. Multiscale Superpixel-Based Sparse Representation 
for Hyperspectral Image Classification. Remote Sensing, v. 9, n. 2, 2017. Available at: 
<https://www.mdpi.com/2072-4292/9/2/139> 


	EMERGENT TREE SPECIES IDENTIFICATION IN HIGHLYDIVERSE BRAZILIAN ATLANTIC FOREST USINGHYPERSPECTRAL IMAGES ACQUIRED WITH UAV
	ACKNOWLEDGMENT
	ABSTRACT
	RESUMO
	LIST OF FIGURES
	LIST OF TABLES
	LIST OF ABBREVIATIONS AND ACRONYMS
	CONTENT
	1 INTRODUCTION
	1.1 HYPOTHESIS AND OBJECTIVE
	1.2 INTERNATIONAL COOPERATION
	1.3 CONTENT

	2 STUDY SITE
	2.1 REFERENCE DATA

	3 REMOTE SENSING DATA
	3.1 ALS POINT CLOUD
	3.2 MOSAICS OF HYPERSPECTRAL IMAGES

	4 METHODOLOGY
	5 RESULTS AND DISCUSSION
	5.1 SPECTRAL DIFFERENCES – ILLUMINATION DIFFERENCES REDUCTIONi
	5.2 COMPARISON OF PIXEL-BASED AND REGION-BASED APPROACHES
	5.3 CONTRIBUTION OF TEMPORAL DATA TO IDENTIFY THE TREE SPECIES
	5.3.1 Results of the feature importance

	5.4 ITC DELINEATION
	5.5 TREE SPECIES CLASSIFICATION USING SUPERPIXELS AND DIFFERENT SETS OFMULTITEMPORAL FEATURES

	6 CONCLUSION
	6.1 CONTRIBUTIONS AND FUTURE WORKS RECOMMENDATION

	REFERENCES
	APPENDIX A – WILCOXON‐MANN‐WHITNEY RESULTS
	APPENDIX B – FEATURES IMPORTANCE AND CONFUSION MATRIXES WHENUSING DIFFERENT FEATURES COMBINATION



