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RESUMO 

 
Identificação de espécie arbórea invasora em imagens panorâmicas urbanas 

por aprendizagem profunda  
 

O mapeamento da vegetação arbórea contribui com o planejamento urbano e facilita 

a gestão das áreas verdes nas cidades. Identificar espécies arbóreas auxilia no 

diagnóstico ambiental e permite verificar se as espécies presentes em áreas urbanas 

contribuem com o equilíbrio e fornecem os serviços ecossistêmicos ideais. As áreas 

verdes nem sempre são compostas com a quantidade de espécies nativas 

recomendadas, e podem apresentar espécies arbóreas exóticas capazes de 

prejudicar o ambiente urbano, pois certas espécies passam a se tornar invasoras. 

Nesse contexto, a espécie arbórea leucena (Leucaena leucocephala) está presente 

com frequência em diversas cidades e corresponde a uma espécie exótica invasora 

em diversos países, incluindo o Brasil. Os dados de sensoriamento remoto 

processados por algoritmos de inteligência artificial (especialmente de aprendizagem 

profunda), podem consistir em uma estratégia eficiente e eficaz para identificar 

Leucenas em ambientes urbanos. No entanto, essa é uma lacuna persistente na 

literatura. Neste trabalho, busca-se explorar o potencial de algortimos de deep learning 

(detecção e segmentação semântica) para identificar a espécie arbórea Leucena em 

regiões urbanas a partir de imagens panorâmicas do Google Street View e de celular. 

Essas imagens estão sendo exploradas para a identificação das Leucenas tanto na 

perspectiva de segmentação semântica, quanto de deteção de objetos. O modelo SAM 

(Segment Anything Model), lançado em abril de 2023, foi testado nessas imagens 

para, inicialmente, diferenciar vegetação arbórea sem levar em consideração a 

espécie. Os resultados parciais indicam capacidade do SAM nessa tarefa, alcançando 

um F1-score de 99%. Nos testes com o SAM para e espécie leucena, o modelo 

mostrou ser mais vantajoso em imagens do Street View quando comparado a imagens 

de celular, com uma média de acurácia de 92% e 63% respectivamente. Na 

perspectiva de deteção de objetos, foram realizados testes com as redes YOLOv8 e 

DETR. Lançada em janeiro de 2023, a YOLOv8 é uma das opções mais recentes para 

a tarefa de detecção de objetos em imagens, já a DETR corresponde a uma rede 

baseada em transformers e tem potencial para diversas tarefas. Os resultados indicam 

uma capacidade promissora da YOLOv8 na tarefa proposta de detecção da espécie 



 
leucena em imagens panorâmicas. Além dos testes, uma revisão cienciométrica foi 

construída para averiguar como a problemática de mapeamento arbóreo geral, e por 

espécie, tem sido tratada a partir de dados de sensoriamento remoto e aprendizagem 

de máquina (rasa e profunda). Os testes realizados reforçam a originalidade do 

presente trabalho, mostrando uma carência de estudos que explorem esse tipo de 

dados com técnicas avançadas de deep learning, para identificar nas cidades a 

presença de uma das 100 piores espécies invasoras do mundo, a Leucena. 

 

Palavras-chave: Leucaena leucocephala; SAM; YOLOv8; DETR; Imagens 

panorâmicas.



 
 
 

ABSTRACT 
 

Identification of invasive tree species in urban panoramic images using deep 
learning 

 
Mapping tree vegetation contributes to urban planning and facilitates the management 

of green areas in cities. Identifying tree species helps in environmental diagnosis and 

allows us to verify whether the species present in urban areas contribute to the balance 

and provide ideal ecosystem services. Green areas are not always composed of the 

recommended number of native species, and may contain exotic tree species capable 

of harming the urban environment, as certain species become invasive. In this context, 

the leucaena tree species (Leucaena leucocephala) is frequently present in several 

cities and corresponds to an invasive exotic species in several countries, including 

Brazil. Remote sensing data processed by artificial intelligence algorithms (especially 

deep learning) can be an efficient and effective strategy for identifying Leucaena in 

urban environments. However, this is a persistent gap in the literature. In this work, we 

seek to explore the potential of deep learning algorithms (detection and semantic 

segmentation) to identify the Leucaena tree species in urban regions using panoramic 

images from Google Street View and cell phones. These images are being explored to 

identify Leucenes both from the perspective of semantic segmentation and object 

detection. The SAM model (Segment Anything Model), launched in April 2023, was 

tested on these images to initially differentiate tree vegetation without taking the 

species into account. The partial results indicate SAM's ability in this task, reaching an 

F1-score of 99%. In tests with SAM for the Leucaena species, the model proved to be 

more advantageous in Street View images when compared to cell phone images, with 

an average accuracy of 92% and 63% respectively. From an object detection 

perspective, tests were carried out with the YOLOv8 and DeTR networks. Launched in 

January 2023, YOLOv8 is one of the most recent options for the task of object detection 

in images, while DeTR corresponds to a transformer-based network and has the 

potential for several tasks. The results indicate a promising capacity of YOLOv8 in the 

proposed task of detecting the Leucaena species in panoramic images. In addition to 

the tests, a scientometric review was constructed to investigate how the problem of 

tree mapping in general, and by species, has been addressed using remote sensing 



 
 
data and machine learning (shallow and deep). The tests carried out reinforce the 

originality of this work, showing a lack of studies that explore this type of data with 

advanced deep learning techniques, to identify the presence of one of the 100 worst 

invasive species in the world, the Leucaena. 

 

Keywords: Leucaena leucocephala; SAM; YOLOv8; DETR; Panoramic images. 
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1 CONSIDERAÇÕES INICIAIS 
 

Graduada em Engenharia Ambiental e Sanitária pela Universidade do Oeste 

Paulista (2018). Especialista em Ciência de Dados e Big Data pela Pontifícia 

Universidade Católica de Minas Gerais - PUC Minas (2023). Mestre em Meio Ambiente 

e Desenvolvimento Regional pelo Programa de Pós Graduação da Universidade do 

Oeste Paulista - PPGMADRE - UNOESTE (2021). Durante o mestrado fui bolsista 

CAPES (Coordenação de Aperfeiçoamento de Pessoal de Nível Superior) e 

desenvolvi pesquisas na área de ciências ambientais, a partir do uso de 

sensoriamento remoto e inteligência artificial. Na dissertação de mestrado, atuei na 

avaliação de algoritmos de machine learning para identificar vegetação em zonas 

ripárias com imagens do satélite Sentinel-2. Fui integrante dos seguintes grupos de 

pesquisa durante o doutorado: Núcleo de Estudos Ambientais – NEAmb (antigo 

NEAGEO) desde 2019 e Geomática e Inteligência Artificial Aplicada a Análise 

Ambiental (Gi3A) desde 2019. Entrei no doutorado em março de 2021, também com 

bolsa CAPES, e tenho trabalhado com métodos de deep learning para identificar a 

espécie arbórea Leucaena leucocephala (Leucena) em áreas urbanas com imagens 

panorâmicas do Street View e de celular.  Dentro do PPGMADRE, me mantive na linha 

de pesquisa 2 - Planejamento Ambiental e Desenvolvimento Regional. Realizei o 

período de Doutorado Sanduíche com bolsa CAPES (novembro de 2022 a abril de 

2023) no Massachusetts Institute of Technology (MIT) em Cambridge nos Estados 

Unidos. Durante esse período tive a supervisão do Professor David L. Des Marais no 

departamento de Engenharia Civil e Ambiental. 

Este documento está organizado em quatro capítulos principais. Primeiro é 

apresentado a introdução geral, com a problemática e objetivos da presente pesquisa. 

O primeiro capítulo é composto por um levantamento científico sobre a literatura que 

compõe a pesquisa em formato de manuscrito. Neste capítulo, o levantamento é feito 

por uma análise cienciométrica e revisão de estudos que usaram machine 

learning/deep learning para mapear vegetação em área urbana com utilização de 

sensoriamento remoto. No segundo capítulo são apresentados os testes com o 

Segment Anything Model (SAM) para segmentar vegetação arbórea em geral com 

imagens panorâmicas. O terceiro capítulo traz os resultados do SAM para a espécie 

leucena com imagens do Street View e de celular. Em seguida, no quarto capítulo é 

apresentado uma abordagem para detectar a espécie leucena em área urbana em 
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imagens do Street View e de celular com as redes YOLOv8 e DETR. Por fim, é 

apresentado uma conclusão geral dos resultados obtidos na tese. 
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2 INTRODUÇÃO E JUSTIFICATIVA 
 
 

A vegetação urbana fornece serviços ecossistêmicos que influenciam a 

saúde e o bem-estar das pessoas. As sociedades devem considerar a melhor forma 

de garantir que todos os residentes urbanos possam se beneficiar desses serviços 

ecossistêmicos (Nesbitt et al., 2019). O monitoramento da vegetação arbórea urbana 

é fundamental para auxiliar no planejamento das cidades e contribuir com um 

ambiente equilibrado diante dos impactos ambientais que ocorrem no meio urbano. 

A espécie arbórea Leucena (Leucaena leucocephala) é uma espécie originária do 

México e da América Central que tem sido identificada como uma espécie exótica e 

invasora principalmente em áreas degradadas nas regiões tropicais e subtropicais. 

Essa espécie se tornou um obstáculo para a gestão de florestas locais, pois inibe o 

desenvolvimento de plantas nativas (Bartholomeu; de Sousa; Brazolin, 2020).  

A Leucena foi listada como uma das 100 piores espécies arbóreas exóticas e 

invasoras do mundo (Lowe et al., 2000; Bodevan; Coelho; Marques, 2016). Realizar a 

identificação dessa espécie invasora em áreas urbanas é necessário para uma melhor 

gestão de áreas verdes, pois auxilia no equilíbrio entre o ambiente natural e artificial. 

Uma estratégia para identificar vegetação arbórea em amplas áreas geográficas é a 

utilização de dados de sensoriamento remoto (Demattê et al., 2017).  

O sensoriamento remoto tem sido aplicado em estudos que buscam identificar 

características de vegetação. A extração da vegetação a partir de imagens de 

sensoriamento remoto é o processo de extração de características com base em 

elementos de interpretação, como a cor da imagem, textura, tom, padrão e 

informações de associação (Xie et al., 2008). Diversos métodos foram desenvolvidos 

para permitir a extração destas informações como a utilização de bandas espectrais, 

classificação supervisionada e não-supervisionada. 

A escolha das imagens panorâmicas do Google Street View e de celular para 

o mapeamento arbóreo urbano das Leucenas, em detrimento das imagens aéreas ou 

orbitais, baseia-se na necessidade de identificar detalhes específicos que são 

fundamentais para distinguir essa espécie. As Leucenas, que possuem características 

físicas semelhantes a outras espécies de sua família, apresentam vagens distintas, 

sendo este um dos aspectos visuais mais marcantes para a sua diferenciação, 

inclusive em relação a espécies correlatas. No entanto, tais características são 
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perceptíveis apenas em imagens de alta resolução e vistas panorâmicas, como as 

fornecidas pelo Google Street View. A vantagem dessas imagens consiste na 

capacidade de capturar detalhes finos a nível do solo, tais como a textura das folhas, 

os padrões de ramificação e, crucialmente, as vagens características das Leucenas. 

Além disso, as imagens do Street View oferecem uma perspectiva próxima à visão 

humana, ideal para analisar ambientes urbanos onde as árvores podem estar 

inseridas. A facilidade de acesso, a abrangente cobertura e as atualizações regulares 

do Google Street View facilitam a coleta de dados em diversas áreas urbanas (Biljecki; 

Ito, 2021), enquanto a integração com outras fontes de dados geoespaciais possibilita 

uma análise mais abrangente e multidimensional do papel das Leucenas no contexto 

urbano.   

A área de Inteligência Artificial, mais especificamente de  aprendizagem de 

máquina (Machine Learning – ML), a qual inclui a aprendizagem profunda (Deep 

Learning - DL), tem sido fortemente integrada à área de Geomática nos últimos anos 

para o desenvolvimento de abordagens robustas para realizar a análise digital de 

imagens. As análises incluem tarefas de classificação, detecção de objetos, 

segmentação semântica e, mais recentemente, segmentação de instâncias em 

imagens orbitais, aéreas ou terrestres (Minaee et al., 2020).  

A aprendizagem profunda corresponde a uma subclasse da aprendizagem de 

máquina e possui redes neurais com mais camadas que permitem maiores 

capacidades de aprendizagem (Kamilaris; Prenafeta-Boldú, 2018). Esses métodos 

podem apoiar estudos de planejamento e monitoramento ambiental e têm potencial 

para auxiliar na identificação de espécies arbóreas. 

O objetivo deste projeto é explorar o potencial de redes de aprendizagem 

profunda (detecção e segmentação semântica) para identificar a espécie arbórea 

Leucena em regiões urbanas a partir de imagens panorâmicas do Google Street View 

e de celular. Como objetivos específicos, tem-se: (1) Identificar as abordagens de 

mapeamento de vegetação em áreas urbanas já realizadas, com ênfase no uso de 

sensoriamento remoto e técnicas de inteligência artificial; (2) Verificar a eficácia do 

Segment Anything Model (SAM) na segmentação de árvores em geral e da espécie 

Leucena em imagens panorâmicas disponíveis no Google Street View e de celular; 

(3) Avaliar a capacidade das redes YOLOv8 e DETR para detectar especificamente a 

espécie arbórea leucena em imagens panorâmicas do Google Street View e de 

celular. 
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CAPÍTULO 1 - RECENT PROGRESS IN MACHINE LEARNING AND DEEP 
LEARNING WITH REMOTE SENSING FOR MAPPING VEGETATION AND TREE 
SPECIES IN URBAN AREAS. 

 
Abstract: Understanding urban vegetation is fundamental to creating healthier and 

more sustainable environments that benefit the environment and society's quality of 

life. Remote sensing and artificial intelligence are being used in environmental tasks to 

optimize procedures and decision-making. The combination of different techniques can 

bring more accurate results and facilitate environmental diagnosis and monitoring. This 

work presents a comprehensive analysis on the topic of urban vegetation, integrating 

concepts from remote sensing, machine learning and deep learning. 221 articles 

available on the Web of Science were analyzed, highlighting emerging trends in this 

area. We present a list of 149 tree species already mapped in urban environments, in 

addition to identifying the types of remote sensing data used in these studies. We 

highlight other important points such as the use of different neural networks, evaluation 

metrics, countries with the highest contribution and other relevant information. By 

analyzing all this information, we aim to offer a comprehensive view of the current state 

of knowledge in this dynamic field, providing valuable insights for researchers, urban 

planners and professionals involved in the sustainable management of urban areas. 

 
Keywords: Remote sensing; Machine Learning; Deep Learning; Urban Vegetation 
Mapping; Tree Species. 
 
 
Resumo: Compreender a vegetação urbana é fundamental para criar ambientes 

mais saudáveis e sustentáveis que beneficiem o meio ambiente e a qualidade de vida 

da sociedade. O sensoriamento remoto e a inteligência artificial são utilizados em 

tarefas ambientais para otimizar procedimentos e tomadas de decisão. A combinação 

de diferentes técnicas pode trazer resultados mais precisos e facilitar o diagnóstico e 

monitoramento ambiental. Este trabalho apresenta uma análise abrangente sobre o 

tema vegetação urbana, integrando conceitos de sensoriamento remoto, 

aprendizado de máquina e aprendizado profundo. Foram analisados 221 artigos 

disponíveis na Web of Science, destacando tendências emergentes nesta área. 

Apresentamos uma lista de 149 espécies arbóreas já mapeadas em ambientes 
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urbanos, além de identificar os tipos de dados de sensoriamento remoto utilizados 

nesses estudos. Destacamos outros pontos importantes como a utilização de 

diferentes redes neurais, métricas de avaliação, países com maior contribuição e 

outras informações relevantes. Ao analisar toda esta informação, pretendemos 

oferecer uma visão abrangente do estado atual do conhecimento neste campo 

dinâmico, fornecendo informações valiosas para investigadores, urbanistas e 

profissionais envolvidos na gestão sustentável de áreas urbanas. 

 
Palavras-chave: Sensoriamento remoto; Aprendizado de máquina, Aprendizado 
profundo, Mapeamento de vegetação urbana, Espécies arbóreas. 
 

 
1 Introduction 

 
Studies and analysis in urban areas need robust and efficient techniques to 

perform accurate environmental mapping and monitoring. The vegetation in urban 

areas is extremely important because green areas generate many benefits for society, 

such as providing ecosystem services and reducing pollution and temperature (Yang 

et al., 2022b). The use of remote sensing increases every year due to the ease of 

obtaining free-available images and orbital data from different locations and analyzing 

large areas. Furthermore, it is possible to capture spatial data with higher temporal, 

spectral and spatial resolution compared to decades ago (Neyns; Canters, 2022). 

Studies have shown an increase in the application of remote sensing in urban 

areas with different satellites and techniques (Shahtahmassebi et al., 2021; Yin et al., 

2021; García-Pardo et al., 2022). Applications in the field of urban vegetation mapping 

are expected to grow rapidly in the coming years due to the increasing number of data 

sources and awareness of the role of urban vegetation as a provider of multiple 

ecosystem services (Neyns; Canters, 2022). 

The simultaneous application of remote sensing and artificial intelligence has 

stood out as an innovative and promising area of research in environmental studies. 

Studies have shown that the use of machine learning algorithms like Random Forest 

(RF), Support Vector Machine (SVM), Decision Tree (DT), XGBoost and K-nearest 

neighbors (KNN) in vegetation mapping has good accuracy (Gašparović; Dobrinić, 

2020; Hartling; Sagan; Maimaitijiang, 2021; Marques Ramos et al., 2020; Nguyen et 

al., 2019; Li; Yuan; Dong, 2021; Furuya et al., 2020; Silva, 2021; Osco et al., 2022; 
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Furuya et al., 2023). 

The literature has shown that Deep Learning (DL) outperforms shallow 

machine learning methods and demonstrated promising results (Paoletti et al., 2019; 

Yuan et al., 2020; Kattenborn et al., 2021; Osco et al., 2021). Deep learning is a 

potential approach that focuses on large-scale and deep artificial neural networks, 

being responsible for optimizing and returning better learning patterns (Yuan et al., 

2020; Osco et al., 2021). Moreover, DL is characterized by a significantly increased 

number of successively connected neural layers (Kattenborn et al., 2021). 

Deep Learning has offered robust and intelligent methods to improve the 

mapping of the Earth’s surface and has been introduced into environmental remote 

sensing and applied in many aspects, including land cover mapping, environmental 

parameter retrieval, data fusion and downscaling, tree mapping, and information 

construction and prediction (Osco et al., 2021; Yuan et al., 2020; de Araújo Carvalho 

et al., 2022; Arce et al., 2021). 

Some studies have analyzed the performance of different algorithms in 

environmental studies. Yuan et al. (2020) made a review of Deep learning in 

environmental remote sensing. The authors also analyzed the progress on DL in 

remote sensing of ten more environmental parameters (atmosphere, vegetation, 

hydrology, air and land surface temperature, evapotranspiration, solar radiation, and 

ocean color) and discussed new insights on combining DL and physical/geographical 

laws. 

Another study from Kattenborn et al. (2021) introduced the principles of 

Convolution Neural Networks (CNN) and explained why it is suitable for vegetation 

remote sensing. The authors showed the current trends and developments, including 

considerations about spectral resolution, spatial resolution, different sensor types, 

modes of reference data generation, sources of existing reference data, as well as 

CNN approaches and architectures. This literature review showed that CNN could be 

applied to various problems, including the detection of individual plants or the pixel-

wise segmentation of vegetation classes. All advances in the area of remote sensing 

and artificial intelligence contribute to the optimization of environmental projects, 

including urban areas. 

In this paper, the main objective is to perform a comprehensive analysis that 

addresses the intersection of topics related to urban tree species, urban vegetation, 

machine learning, deep learning, and remote sensing. The research involves an 
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extensive review of the literature, specifically examining studies that focus on urban 

vegetation mapping including tree species. Additionally, the analysis includes a 

detailed assessment of the employment of machine learning, deep learning, or a 

combination of both techniques in the reviewed articles. We provide a comprehensive 

and up-to-date look at how these fields intertwine, highlighting the critical role of remote 

sensing technology in analyzing and understanding urban vegetation, especially in the 

context of tree species. This paper brings the following contributions: 

 

1-Scientometric analysis, showing the characteristics of studies published on 

the topic of urban vegetation with remote sensing and artificial intelligence; 

2- List of 149 tree species that have already been mapped using images and 

ML and/or DL algorithms; 

3- Deep learning networks and satellites that have already been used; 

4- Other data that provide information on the literature already published on 

combining urban vegetation mapping with images and algorithms. 

 

2 Method 
 

The analysis of this study was conducted with data collected from studies 

available on the Web of Science. We combined the topics of interest (urban 

vegetation, urban tree species, remote sensing, machine learning and deep learning) 

to analyze the available literature and check progress in research in this area. The 

search formula of the advanced method selected was: TS = ((“machine learning” OR 

“deep learning” OR “convolution neural network” OR recurrent neural network OR 

vision transformers) AND (urban forest OR urban trees mapping OR urban arboreous 

vegetation OR urban tree species OR Leucaena leucocephala OR leucaena) AND 

(remote sensing OR multispectral image OR aerial image OR orbital image OR 

hyperspectral imagery OR “Google Street View imagery” OR panoramic image)). 

Web of Science filtered 515 studies based on the defined search formula. Of 

this total, only 221 studies correspond to articles on the topic of interest published in 

scientific journals until February 2024. From these articles, information of interest for 

this study was collected and analyzed as shown in the Figure 1. These 221 articles 

specifically deal with mapping urban vegetation, including trees, using remote sensing 

data and artificial intelligence (machine and deep learning). 
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Figure 1- Topics of interest analyzed in the 221 articles found on the Web of Science 
to verify what has been studied and the types of techniques applied in the area in 
order to map urban vegetation with remote sensing and artificial intelligence. 

 

Fonte: Author (2024). 

 
The topics (Figure 1) were selected to understand the dynamics and trends of 

the area. We conducted quantitative analyses to examine the annual publication 

trends, author distribution by country, and identification of journals with the highest 

publication frequency. This allowed us to assess scientific productivity within the topics 

of urban vegetation, remote sensing, and artificial intelligence. We also analyzed 

information related to environmental issues, showing a comprehensive list of tree 

species already mapped in urban areas using images and ML/DL techniques. 

Additionally, we identified the primary objectives of the analyzed studies, which can 

include Land Use and Land Cover (LULC), object detection, vegetation in general, or 

the mapping of tree species.  

Throughout this study, we underscore the justifications provided in the articles 

for researching tree species, showing the various advantages and contributions that 

optimize and assist urban planning. From a technical perspective, we also analyzed 

the types of satellites used, the characteristics of the images, the evaluation metrics 

found in the studies and the frequency of the neural networks used, observing the 

comparison of the use of machine learning and deep learning. Of the total of 221 
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articles, ten correspond to review articles. For this reason, they were not included in 

some statistics.  

We created a word cloud with the keywords of all 221 articles analyzed to 

check the terms most used in studies and the trend in searches (Figure 2). A total of 

1057 keywords were found in the articles of interest. 

 

Figure 2- Word Cloud created with all the 1057 keywords found in 221 studies 
showing the terms that had the most highlights. 

 
Fonte: Author (2024). 
 

In the word cloud created with the keywords, it is possible to observe that 

some examples of the most used words in the studies are: machine learning, deep 

learning, remote sensing, image, urban and vegetation. Another observation is the 

following words: classification, detection, random forest, support vector machine and 

neural network, which frequently appear in the keywords of the articles and refer to the 

techniques and algorithms used in the methodology. 

Considering all the articles analyzed, only ten correspond to review articles. 

Table 1 shows information regarding the ten articles found. 
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Table 1- Information from the ten review articles found in Web of Science considering 

the filter of interest for the present study. 
 Title Authors/Year What they analyzed 

1 Hyperspectral and Lidar Data 

Applied to the Urban Land Cover 

Machine Learning and Neural-

Network-Based Classification: A 

Review 

Kuras et al. (2021) Features of airborne hyperspectral 

images, lidar and their fusion for 

urban land cover classification. 

Machine learning/deep learning 

algorithms for classifying individual 

urban classes were also reviewed. 

2 Remotely Sensed Tree Characteriza  

in Urban Areas: A Review 

Velasquez-

Camacho et al. 

(2021) 

A systematic review of 48 articles 

published between 2016 and 2020 

on remote sensing techniques, data 

processing and analysis methods for 

tree classification and 

segmentation, with a focus on urban 

vegetation. 

3 A Survey of Mobile Laser 

Scanning Applications and Key 

Techniques over Urban Areas 

 Wang et al. (2019) A survey on urban applications and 

key techniques based on mobile 

laser scanning (MLS) point clouds. 

The authors showed the 

applications of MLS in urban areas, 

including the use of deep learning 

and vegetation mapping and 

inventory. 

4 The Digital Forest: Mapping a 

Decade of Knowledge on 

Technological Applications for 

Forest Ecosystems 

Nitoslawski et al. 

(2021) 

Identification of hardware and 

software technologies and 

techniques, methodologies used, as 

well as challenges and limitations in 

forest management applications. 

5 Mapping of Urban Vegetation with 

High-Resolution Remote Sensing: 

A Review 

Neyns and Canters 

(2022) 

An overview of the main approaches 

to mapping urban vegetation from 

high-resolution remote sensing 

data. The authors analyze 

vegetation typology, remote sensing 

data and mapping approaches. 

6 A Review of General Methods for 

Quantifying and Estimating Urban 

Yang et al. (2022a) Assessment of recent research 

methods in the urban forests, with a 
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Trees and Biomass focus on estimating urban forest 

biomass and detecting individual 

tree characteristics. 

7 Remote sensing for the 

assessment of ecosystem services 

provided by urban vegetation: A 

review of the methods applied 

García-Pardo et al. 

(2022) 

A review of methods and 

applications in remote sensing for 

the assessment of ecosystem 

services provided by vegetation in 

cities. 

8 Change detection of urban objects 

using 3D point clouds: A review 

Stilla and Xu  
(2023) 

A review of point-cloud-based 3D 

change detection for urban objects. 

In the study, the authors identified 

techniques in change detection and 

contextualized the up-to-date uses 

of point clouds, including for 

vegetation surveys. 

9 A systematic review of urban 

green space research over the 

last 30 years: A bibliometric 

analysis 

Farkas et al. (2023) A review of urban green spaces 

considering the methods, countries 

and other statistics. 

10 Assessing urban greenery by 

harvesting street view data: A 

review 

Lu et al. (2023) A review of studies that used Street 

View images to assess urban 

greenery. The authors analyzed 

studies between 2010 and 2022. 

 

 Although review articles show data relating to vegetation in urban areas, no 

studies were found that mention which tree species are already mapped with remote 

sensing and artificial intelligence. Furthermore, the last review article corresponds to 

May, 2023 and as of the date of analysis, more than thirty new articles have already 

been found in the interest filter. In this context, the studies filtered in Web of Science 

were analyzed based on the topics in Figure 1. 
 
3 Results and Discussion 

 
3.1. Temporal Analysis and Influential Journals of Publications 

 

Figure 3 shows the distribution of articles by year of publication. Of the 221 

articles analyzed, the first record on the topic of urban vegetation using artificial 
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intelligence and remote sensing data is from 2009 titled "Prediction of street tree 

morphological parameters using artificial neural networks" (Jutras; Prasher; Mehuys, 

2009). This study addressed the importance of urban tree management and proposed 

a method to predict diameter at breast height (DBH), annual DBH increment and crown 

volume with measurements extracted from aerial LIDAR data. The authors tested 

seven models of artificial neural networks (ANN) on different tree species, achieving 

robust results with prediction coefficients above 70%. They concluded that it is feasible 

to predict features with limited aerial LIDAR information, allowing for the reduction of 

traditional fieldwork and costs. This study also suggested optimized options for urban 

tree inventories, using traditional methods or aerial data acquisition, with an average 

prediction performance of 91%. 

 

Figure 3- Temporal distribution of articles from 2009 to February 2024. 

 

Fonte: Author (2024). 

 
 With the quantitative data of articles published per year, we can see that the 

most recent years stand out with a greater number of studies. Five years ago, in 2018, 

12 articles were published, and in the following years, the quantity already exceeded 

20 per year. This increase can be explained by the development and application of 

Artificial Intelligence techniques. Machine learning (ML) and deep learning (DL) tools 
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gained significant popularity and attention in the last decade due to the advances in 

computational systems in terms of power and performance (Talib et al., 2021; Wang 

et al., 2020). 

In relation to scientific journals, we found studies published in 66 journals. Table 

2 shows the journals with more articles according to the interest filter. Most of the 

analyzed journals have one, two or three articles. 

 

Table 2- Journals with the highest number of articles in the filter of interest (urban 

vegetation, urban tree species, remote sensing, machine learning and deep learning). 
Journal Number of Articles 
Remote Sensing  70 
Sensors 12 
Remote Sensing of Environment 9 
ISPRS International Journal of Geo-information 8 
ISPRS Journal of Photogrammetry and Remote Sensing 7 
International Journal of Remote Sensing 7 
Urban Forestry & Urban Greening 6 
IEEE Journal of Selected Topics in Applied Earth Observations 

and Remote Sensing 
5 

Journal of Applied Remote Sensing 4 
IEEE Transactions on Geoscience and Remote Sensing 4 
Computers and Electronics in Agriculture 4 
IEEE Access 4 

 

Remote Sensing journal has the most articles published on urban vegetation 

and the use of ML/DL, with a total of 70 articles out of the 221 analyzed. This journal 

has a current Impact Factor of 5.349 and a 5-year Impact Factor of 5.786. 

 

3.2. Analysis of Countries in relation to Authors, Co-authors and Study Areas 
  

The selected articles have authors from different countries. We can find 

authors from two or more countries in the same article. For better data analysis, we 

separated the countries of the first authors and the countries with the highest number 

of co-authors (Table 3). Of the 221 articles in this study, we have the first authors from 
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43 different countries. Most countries have few articles with first authors ranging from 

one to four articles.  

Regarding the countries with the most participation of co-authors, we can see 

in Table 3 the five countries with the highest number of articles. We found a total of 

56 countries in total with the participation of co-authors. It is important to highlight that 

the presence of the country in the article was considered in this evaluation and not 

the number of co-authors by nationality. 

 

Table 3- Countries with the highest participation of first authors and co-authors of the 

221 articles analyzed. 
Country with First Author Number of Articles 

China  62 

USA 25 

Germany 17 

Brazil 16 

India 11 

Country with Co-Authors Number of Articles 

China 71 

USA 38 

Germany 24 

Brazil 18 

India  16 

Canada 16 

 
 

Regarding the areas of study chosen in the articles, we found 49 countries that 

already had some area as a location for tests conducted by the authors. Figure 4 shows 

the countries with the highest frequency of study areas. China has the highest quantity 

of articles with a total of 52 articles. 
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Figure 4- Countries with the highest occurrence of Study Areas. 

 

 
Fonte: Author (2024). 

 
3.3. Urban Vegetation Analysis 
   

The next topic of interest was to analyze whether the articles mapped vegetation 

in general or tree species. The ten review articles were not considered in this part of 

the analysis. 

Several articles have mapped different levels of vegetation, for example, 

grasses, sparse vegetation, crops, forest vegetation and others. Even though the 

authors mapped different levels of vegetation, at this stage we consider it as vegetation 

in general, as the interest in this section is to analyze which tree species have already 

been mapped and studied. Figure 5 shows, of the total of 211 articles, how many 

articles analyzed vegetation in general and how many analyzed one or more tree 

species. 
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Figure 5- Quantitative analysis of articles that mapped tree species and vegetation in 
general. 

 

Fonte: Author (2024). 
 

The next step was to identify the reasons for studying tree species mentioned 

in the studies, as shown in Figure 6. We identified 40 different reasons according to 

the authors. 

Figure 6- Justifications for studying tree species according to the authors. 

 
Fonte: Author (2024). 
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 Studies Studies that aimed to analyze some type of vegetation without 

considering species showed advantages and good accuracy of algorithms combined 

with images (Gašparović; Dobrinić, 2020; Xu et al., 2020; Wang; Shao; Kennedy, 2014; 

Ayhan et al., 2020; Hoang Nhat-Duc, 2021; Sun et al., 2021; Timilsina; Aryal; 

Kirkpatrick, 2020; Shi et al., 2022; Huerta et al., 2021; Wang et al., 2022; Wang, 2022; 

Schmohl; Narváez Vallejo; Soergel, 2022; Zhang et al., 2022). 

Gašparović e Dobrinić (2020) performed a multitemporal analysis of vegetation 

using Sentinel 1 images in an urban area and compared six algorithms for this task. 

The authors tested Random Forest (RF), Support Vector Machine (SVM), Extreme 

Gradient Boosting (XGB), Multi-Layer Perceptron (MLP), AdaBoost.M1 (AB) and 

Extreme Learning Machine (ELM). They showed that SVM had the best performance 

in the single-date image analysis, but the MLP classifier yielded the highest overall 

accuracy in the multitemporal classification scenario. The authors also showed that 

urban vegetation mapping using single-date imagery is inefficient and it is possible to 

capture the phenological stages and discriminate various land-cover classes with the 

dense time series of Synthetic Aperture Radar (SAR) imagery. They verified that the 

F1 measure exceeded 90% for forest and low vegetation using three and five Sentinel 

1 imagery for classification. 

Xu et al. (2020) proposed a deep learning classification method based on 

phenological feature constraints for urban green spaces provided by high-resolution 

GaoFen-2 images using the HRNet (High-Resolution Network). The authors showed 

that it is possible to solve the problem of misclassification of evergreen and deciduous 

trees with the introduction of phenological features into HRNet model training because 

can improve classification accuracy. The authors also proved that combining high-

resolution remote sensing images and vegetation phenology can improve deep 

learning urban green space classification. 

Ayhan et al. (2020) investigated the performance of three methods for 

vegetation detection. Two of these methods are based on deep learning and another 

one is an object-based method that utilizes NDVI (Normalized Difference Vegetation 

Index), computer vision, and machine learning techniques. They used two deep 

learning methods, the DeepLabV3+ and a customized convolutional neural network 

(CNN). Both were evaluated concerning their detection performance when training and 

testing datasets originated from different geographical sites with different image 

resolutions. The authors (Ayhan et al., 2020) also proposed a novel object-based 
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vegetation detection approach, which utilizes NDVI, computer vision, and machine 

learning (ML) techniques. They applied high-resolution airborne color images which 

consist of RGB and near-infrared (NIR) bands. Still, RGB color images alone were also 

used with the two deep learning methods to examine their detection performances 

without the NIR band. The results showed that the NDVI-ML approach performs better 

than both two deep learning models. According to the authors, the reason is that the 

training data and testing data are different in appearance making it challenging for 

deep learning methods. They highlighted that NDVI-ML does not require any training 

data and may be more practical in real-world applications. They also showed that 

NDVI-ML does not apply to situations where the NIR band is unavailable. 

Huerta et al. (2021), evaluated two deep learning model techniques for semantic 

segmentation of Urban green spaces polygons using different CNN encoders on the 

U-Net architecture with very high-resolution satellite imagery (WorldView-2). The 

results showed that the methodology is an accurate digital tool for updating geometrical 

Urban green spaces databases at the metropolitan level and also extracting these 

spaces (Dice coefficient of 0.57, recall of 0.8, IoU of 0.75, and kappa coefficient of 

0.94). The authors highlighted that as cities grow or change, implementing these 

models can update Urban green space inventories for better management. In addition, 

the models can make maps of these spaces more accessible and bring benefits to the 

management of the conservation of natural resources and environmental services. 

Schmohl, Narváez Vallejo e Soergel (2022), exploited the full 3D potential of 

airborne laser scanning (ALS) point clouds by using a 3D neural network for individual 

tree detection. For 3D feature extraction, a sparse convolutional network was used. 

This network fed both semantic segmentation and circular object detection outputs, 

which were combined for further increased accuracy. The method achieved an average 

precision of 83% regarding the common 0.5 intersections over the union criterion. They 

also showed that 85% percent of the stems were found correctly with a precision of 

88%, while the tree area was covered by the individual tree detections with an F1 

accuracy of 92%. The authors outperformed recent detection networks and traditional 

delineation baselines. 

Although many studies show the advantages of the techniques studied for urban 

vegetation mapping, some methods did not show good results, proving to be an 

unfeasible option. However, according to the authors, it is possible to investigate other 

methods to obtain considerable accuracy based on this analysis. Degerickx, Hermy e 
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Somers (2020) explored the potential of both passive (2 m-hyperspectral and 0.5 m-

multispectral optical imagery) and active (airborne LiDAR) remote sensing technology 

and proposed a functional urban green typology for mapping the proposed types using 

object-based image analysis and machine learning. The results demonstrated the 

potential of the method analyzed, but also showed the limitations of detailed urban 

green mapping with remote sensing data. The authors mentioned that for classification, 

the airborne LiDAR data was found to be the most important data source, but in this 

case required complementary spectral data, for preference of hyperspectral when 

urban green space has high detail. According to them, the main sources of error 

resulted in poor classification accuracies (<50%), mostly for shrub and herbaceous 

vegetation classes. This error is due to the high spectral similarity between types of 

urban green spaces and close interactions of different objects.  

Although only 45 articles mapped tree species, we can see in Table 4 that 

several species have already been mapped using ML and DL techniques. Most of the 

45 articles analyzed the performance of algorithms to map more than one specie, so 

in this study, we can see a variety of 149 species, families or genera of trees and 

shrubs found. This table shows the species studied using remote sensing and artificial 

intelligence (ML/DL). 

 

Table 4- Taxa of species already studied by the authors in the 211 articles. 
Species 

Abies (firs)  Dipteryx odorata (tonka beans) Phragmites australis (common reed) 

Elaeagnus umbellate (autumn olive) Pinus massoniana (masson pine) 

Acacia auriculiformis (earleaf acácia)  Elaeocarpus obtusus (elaeocarpus 

apiculatus mast) 

Pinus nigra (austrian pine) 

Acacia confusa (formosan koa)  Euonymus japonicus (japanese 

euonymus) 

Platanus (plane trees) 

Acer negundo (box elder)  Fagus sylvatica (beech) Platanus spp. 

Acer platanoides (norway maple)  Fallopia japonica (japanese knotweed) Platanus occidentalis (american 

sycamore) 

Acer pseudoplatanus Ficus benjamina (weeping fig) Platanus x acerifolia (london 

planetree) Acer saccharinum (silver maple)  

Acer saccharum (sugar maple)  Ficus hispida (hairy fig) Platanus x hispanica (london plane) 

Acerifolia münchh (platanus)  Ficus macrophylla (australian banyan) Plumeria rubra (frangipani) 

Aeschynanthus radicans (monalisa or 

lipstick plant)  

Ficus microcarpa (indian laurel fig) Poplar (cottonwood) 

Aesculus x carnea hayne (red horse- Ficus nítida (indian laurel columns) Populus balsamifera (balsam poplar) 
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chestnut)  

Aesculus hippocastanum (horse 

chestnut)  

Ficus variegata (common red-stem fig) Populus nigra (black poplar) 

Afrocarpus gracilior (fern pine)  Ficus virens (white fig) Populus tomentosa (chinese white 

poplar) 

Ailanthus altissima  Fraxinus americana (white ash) Prunus armeniaca (apricot tree) 

Albizia (silk tree)  Fraxinus angustifolia (desert Ash) Prunus avium (cherry) 

Albizia lebbeck (indian siris)  Fraxinus excelsior (european ash) Prunus spp. (PR) 

Aleurites moluccana (candlenut tree)  Fraxinus ornus (manna ash) Pterocarya fraxinifolia (caucasian 

wingnut) 

Alnus glutinosa (black alder)  Fraxinus pennsylvanica (green ash) Quercus alba 

Arecaceae cedar  Fraxinus uhdei (shamel ash) Quercus ilex L. (holm oak) 

Atlas cedar (cedrus atlantica)  Ginkgo biloba (ginkgo) Quercus palustres (pin oak) 

Quercus robur 

Bauhinia variegata (mountain ebony)  Ginko biloba (GI) Quercus rubra (northern red oak) 

Betula papyrifera (paper birch)  Gleditsia triacanthos L. (honey locust) Quercus virginiana (live oak) 

Betula pendula (european white birch – 

silver birch)  

Heracleum mantegazzianum (giant 

hogweed) 

Robinia pseudoacacia (black locust) 

Betula pubescens (downy birch)  Jacaranda mimosifolia (jacaranda) Roystonea regia (florida royal palm) 

Betulaceae (birch family)  Juglandaceae (walnut family) Sapindus saponaria (soapberry tree) 

Bischofia polycarpa  Juglans nigra (black walnut) Senna siamea (kassod tree) 

Sophora japonica 

Brachychiton rupestris (bottle tree)  Koelreuteria paniculata (goldenrain tree) Sorbus aucuparia (rowan) 

Broussonetia papyrifera (paper 

mulberry)  

Lantana camara Spathiphyllum wallisii (regel peace 

lily) Larix decidua (common/european larch—

two groups) 

Caesalpinia pulcherrima (peacock 

flower)  

Leucaena leucocephala Syzygium australe (brush cherry) 

Licania tomentosa (oiti) 

Carpinus betulus (hornbeam)  Ligustrum lucidum (glossy privet) Tamarindus indica L. (tamarind) 

Casuarina equisetifolia (casuarina)  Ligustrum vulgare (common privet) Taxodium distichum (bald cypress) 

Cedrus deodara (deodar cedar)  Liquidambar styraciflua (sweetgum) Taxus baccata (english yew) 

Celtis australis (mediterranean 

hackberry)  

Liriodendron chinense  

Liriodendron tulipifera (tulip poplar) Terminalia catappa L. (sea almond) 

Celtis occidentalis (hackberry)  Litsea monopetala (many-flowered litsea) Thuja occidentalis 

Celtis sinensis (chinese hackberry)  Lophostemon confertus (brisbane box) Tilia cordata (small-leaved lime) 

Ceratonia siliqua (carob)  Macaranga tanarius (common 

macaranga) 

Tilia platyphyllos (largeleaf linden) 

Cercis occidentalis (western redbud)  Machilus chekiangensis (chekiang 

machilus) 

Tilia tomentosa (white and silver 

linden) 

Chionanthus retusus (CH)  Magnolia grandiflora (southern magnolia) Tipuana tipu 

Tradescantia spathacea (moses in 

the cradle or wondering jew) 

Chlorophytum comosum (spider plant)  Mallotus paniculatus (turn-in-the-wind) Ulmus glabra (wych elm) 

Cinnamomum camphora (camphor 

tree)  

Mangifera indica (mango) Ulmus parvifolia (chinese elm) 

Cinnamomum parthenoxylon (selasian 

wood)  

Metasequoia glyptostroboide (dawn 

redwood) 

Ulmus pumila (siberian elm) 

Corylus colurna L (turkish hazelnut)  Mimosaceae (acacia family) Washingtonia filifera (california fan 

palm) 



32  
 
 

Cupaniopsis anacardioides 

(carrotwood)  

Ocotea odorifera (sassafras) Washingtonia robusta (mexican fan 

palm) 

Cupressaceae pine (cypress pine)  Pachira aquática (guiana chestnut) Yulania denudate (magnolia) 

Cupressus sempervirens (italian 

cypress)  

Peperomia obtusifolia (baby rubber plant) Zelkova carpinifolia (caucasian 

zelkova) 

Cycas revoluta (sago palm)  Philodendron hederaceum (philodendron) Zelkova serrata (ZE) 

Delonix regia (royal poinciana)  Phoenix dactylifera (date palm) Ziziphus (lotus plant) 

Dipteryx alata vogel (baru tree)  Phoenix roebelenii (dwarf palm)  

 

Figure 7 shows the distribution of the 45 articles that studied species according 

to the year of publication, showing that the increase in studies is recent. 

Figure 7- Number of articles published per year for tree species. 

 

Fonte: Author (2024). 
 

In terms of tree species classification, the results are promising and 

demonstrate the potential of the method for creating urban street tree profile inventory 

(Choi et al., 2022). The study of Cetin e Yastikli (2022), showed that the classification 

results serve as the basis for a pilot study in future deciduous and coniferous tree 

species classification studies using machine learning algorithms in large-scale urban 

applications. Their results are encouraging with the study area, which included different 

urban structures with dense trees of different species, sizes and ages. According to 

the authors, compared with traditional field surveys, this method has benefits, such as 

automation, especially in terms of study requirements and reducing manpower. 

Rodríguez-Puerta et al. (2022), compared and combined Airborne Laser 

Scanning (ALS) point clouds combined with aerial orthophotographs, and street-level 

imagery from Google Street View (GSV). The authors obtained accurate and robust 
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results with both data sources. According to the authors, the use of ALS and aerial 

orthophotographs has benefits because are freely available in many countries. In this 

context, the ALS allows the location of trees anywhere in the city, including public and 

private parks and gardens. On the other side, the use of street-level images only allows 

the detection of trees growing in trafficable streets. For future studies, the authors 

suggested the use of semantic segmentation techniques and mentioned that the next 

challenge is to analyze how street-level images could allow them to identify some 

quantitative (height, crown width, etc.) and qualitative (species, genus, health status) 

characteristics of trees. 

Yang et al., (2022b), integrated the Mask Region-based Convolutional Neural 

Network (Mask R-CNN) model, an advanced deep learning technology with Google 

Earth images. The authors wanted to detect tree crown cover in New York’s Central 

Park. The authors obtained 81.8% for the crown area detection rate and the crown 

detection model was 82.8%. The results indicated the potential of the model and that 

is possible to identify tree crowns in complex environments. The authors mentioned 

that additional model testing will be needed using various datasets for natural and 

urban forests in the future and they want to focus on the CNN model improvement.  

Martins et al. (2021), showed the potential of CNNs and aerial photographs to 

map tree species in highly diverse tropical urban settings, providing valuable insights 

for urban forest management and green space planning. Santos et al. (2019) evaluated 

Convolutional Neural Network (CNN)-based methods combined with Unmanned Aerial 

Vehicle (UAV) high spatial resolution RGB imagery. The authors wanted to study an 

important tree species threatened by extinction. They evaluated three methods: Faster 

Region-based Convolutional Neural Network (Faster R-CNN), YOLOv3 and RetinaNet. 

The authors obtained an average precision of around 92% with an associated 

processing time below 30 milliseconds. Despite the low number of articles that 

analyzed species, the studies have shown good accuracy and promising results using 

different types of images and ML or DL algorithms.   

Regarding what was mapped in the analyzed studies, we could observe that 

most worked with Land Use Land Cover (LULC). It is important to note that within these 

LULC articles, we can identify different classes (soil, water, vegetation...). In some 

articles, there is the occurrence of identification of different species of vegetation, even 

though the main focus is LULC. Figure 8 shows the number of articles that mapped 

the options found. 
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It is important to highlight that in Figure 8 most articles classified as LULC 

analyzed a certain element/class such as built areas, impermeable areas, water, soil 

or other, but it was necessary to apply vegetation indices and separate them into a 

class, explaining why they entered the statistics. The part of the figure “vegetation in 

general” in an urban area refers to articles whose main objective was to identify 

vegetation and not a specie. 

 

Figure 8- a) Number of Articles that mapped LULC, species or general vegetation. b) 
Approximate percentage of articles according to what they mapped. 

 

Fonte: Author (2024). 
 

Studies that performed Land Use Land Cover (LULC) with images, algorithms 

or neural networks had good results (Camargo et al., 2019; Moayedi et al. (2020); Ali 

et al., 2022; Hossain et al., 2022). Even with good classification and mapping, the 

studies always present obstacles and difficulties encountered by the algorithms. 

Rousset et al. (2021), achieved overall accuracy higher than 73% using 

XGBoost and neural networks such as ResNet, DenseNet, SegNet and DeepLab for 
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the Land Cover (LC) detection task with RGBNIR as input. In this study, DeepLab 

achieved an overall accuracy of 81.41%. The authors mentioned that confusion 

between forest and low-density vegetation was noted in the study, but they explained 

that distinguishing these classes is difficult even for a human operator. For this reason, 

the training and testing datasets for LULC classification are never error-free, making it 

difficult to know whether classification errors are due to a lack of model performance 

or mislabeling. 

Agapiou (2021), mapped LULC and obtained accuracy in the vegetation class 

of 80%. The author also highlighted the shortcomings found. Three false positive 

classification results have been observed including the classification of shallow waters 

as vegetation instead of water bodies. Okujeni et al. (2014), mentioned that observed 

deficiencies in LC mainly relate to known problems arising from spectral similarities or 

shadowing. Shi e Yang (2017), evaluated LULC in an urban area with algorithms such 

as RF, SVM and MLP. The authors found that the RF had better overall accuracy than 

the MLP. These examples show that the application of algorithms with remote sensing 

has shown good and promising results, but they are not free of presenting errors and 

obstacles. With the advancement of techniques, it is expected that the errors found 

can be corrected in order to improve accuracy in the classification, identification and 

monitoring of vegetation. 
 

3.4 Analysis of the use of Machine Learning and Deep Learning 

 One of the topics analyzed in this study was whether the articles used machine 

learning (ML), deep learning (DL) techniques, or both (some studies compared one or 

more algorithms and neural networks). Figure 9 shows the quantity and approximate 

percentage of articles that used ML and DL. 
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Figure 9- a) Number and b) Approximate percentage of articles that used ML, DL or 
both in 211 studies (without the 10 review articles). 

 

Fonte: Author (2024). 
 

 Regarding tree species mapping (45 articles that studied one or more species), 

Figure 10 shows the number of articles that used machine learning, deep learning or 

both, considering only the 45 articles that studied vegetation species in urban areas. 

Identification and mapping of tree species require more complex techniques and 

algorithms due to the difficulty of separating trees in images depending on the spatial 

and spectral resolution. It is possible to observe that most articles that aimed to study 

one or more species used deep learning techniques. 

 

Figure 10- Number of articles that used ML, DL or both for tree species. 

 
Fonte: Author (2024). 
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The Random Forest (RF) and Support Vector Machine (SVM) algorithms were 

the most frequent algorithms in the analyzed studies. Considering the most recent 

techniques, we surveyed the most used neural networks to understand which 

techniques and algorithms showed good performance for classifying tree species. 

Figure 11 shows a word cloud with different DL networks found in the 132 articles (45 

articles that used ML and DL, and 87 articles that used DL). 

Figure 11-  Word Cloud with the frequency of Neural Networks used in the articles. 

 

Fonte: Author (2024). 
 

  From the data obtained from the Web of Science, it was possible to 

identify 92 different DL networks used in the studies. It is important to highlight that of 

the 92 networks identified for the topic of interest, more than 40 networks are present 

in only one article. Table 5 shows the most used neural networks in the articles. The 

other neural networks found are present in only one or two articles. 

 

Table 5- Neural Networks with more occurrence in the articles 
Neural Networks Occurrence 

Convolutional Neural Network (CNN)  32 

U-Net   17 

DeepLabv3+ 14 
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Fully Convolutional Networks (FCNs)  8 

ResNet 7 

SegNet  5 

DenseNet 4 

 

 From the total of 132 articles that used at least one neural network, we can see 

that the network used most frequently was the Convolutional Neural Network (CNN) 

with 32 articles. 

Articles that compared the efficiency of deep learning networks with machine 

learning algorithms for tree species identified an improvement in accuracy. Hartling et 

al. (2019), evaluated the performance of a novel deep learning method, Dense 

Convolutional Network (DenseNet) to identify tree species in an urban environment 

within a fused image of WorldView-2 VNIR, Worldview-3 SWIR and LiDAR datasets. 

They also compared the results of DenseNet against Random Forest (RF) and Support 

Vector Machine (SVM), revealing that DenseNet is more effective for eight urban tree 

species classification, presenting an accuracy of 82.6%, compared to 51.8% and 52% 

for SVM and RF classifiers, respectively. The authors also increased the training 

sample size and all classifiers improved, but DenseNet in all training sample trials 

outperformed SVM and RF classifiers. They verified that is possible to achieve more 

accurate classification of individual tree species by increasing training samples 

improved DenseNet. 

Pearse et al. (2021), compared the ResNet-50 architecture, which comprises 

49 convolution layers, with the XGBoost algorithm to classify tree species using 10 cm 

resolution imagery. The authors also tested whether the phenology of the specie could 

be used to enhance classification by using multitemporal aerial imagery that showed 

the same trees with and without widespread flowering. The accuracy of XGBoost and 

deep learning models were 83.2% and 95.2%, respectively. The results of the dataset 

with strong phenology (flowering) presented higher metrics for both classifiers. 

Wang et al. (2021), compared the classification of tree species using an 

unmanned aerial vehicle (UAV) tilt photogrammetry and four algorithms. The authors 

identified that random forest (RF), support vector machine (SVM), and 

backpropagation (BP) neural network provide better classification results when using 

combined parameters compared with those using individual tree attributes alone. The 
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BP neural network using combined attributes was the best combination found, with an 

F-measure of 0.872 and a classification precision of 89.1%. The authors showed a low-

cost, high-efficiency, and high-precision method for tree species classification, 

corresponding that optical UAV tilt photogrammetry combined with a machine learning 

classification algorithm. These studies showed the efficiency of using neural networks 

compared to machine learning algorithms for urban tree species. 

 

 3.5. Analysis of Remote Sensing Data 
  

The following step was to analyze the remote sensing used in the studies. The 

articles present images with different characteristics. Most of them collected data from 

satellites or Unmanned Aerial Vehicle (UAV). 

Most articles used multispectral images. Figure 12 shows the number of articles 

that used the types of images shown. We found more than 20 satellites used, the figure 

shows which satellites were found, but the articles may have used different versions 

of each satellite; for example, the figure shows Landsat, but in the studies, Landsat 5, 

Landsat 7, and Landsat 8 were found. 

Studies have shown the efficient use of hyperspectral images with algorithms 

to map tree species. Hyperspectral imaging refers to the dense sampling of spectral 

features with many narrow bands (Zhang; Lin; Wang, 2022). Mozgeris et al. (2018) 

investigated the potential of hyperspectral imaging using ultra-light aircraft for 

vegetation species mapping in an urban environment. They presented an imaging 

system based on the simultaneous use of Rikola frame format hyperspectral and Nikon 

D800E that adopted colour infrared cameras installed onboard a Bekas X32 manned 

ultra-light aircraft is introduced. The best-performing classification algorithm was 

multilayer perceptron (MLP) with an overall classification accuracy of 63%. The authors 

observed that hyperspectral images resulted in significantly better tree species 

classification than the colour infrared images. They also indicated that ultra-light 

aircraft-based hyperspectral and colour-infrared imaging was considered to be a 

technically and economically sound solution. These images can benefit urban green 

space inventories and ease tree mapping, characterization, and monitoring. 

Brabant et al. (2019), studied the capability of Very High Spatial Resolution 

(VHSR) hyperspectral satellite data for discriminating urban tree diversity. They 
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acquired a multispectral Sentinel2 image at 10 m and an airborne HySpex image (408 

bands/2 m) from which prototypal spaceborne hyperspectral images (named HYPXIM) 

at 4 m and 8 m have been simulated. The authors compared and assessed 

hyperspectral (HySpex and HYPXIM) and Sentinel2 datasets with RF and SVM. Their 

results show that HYPXIM 4 m and HySpex 2 m reduced by Minimum Noise Fraction 

(MNF) provide the greatest classification of 14 species using the SVM with an overall 

accuracy of 78.4%. They showed that prototypal HYPXIM images appear to be a good 

option for urban vegetation compared to HySpex or Sentinel2 images because it has 

192 spectral bands/4 m resolution. In this context, expanding hyperspectral image 

datasets is necessary and urgent, being important to improve both the reconstruction 

accuracy and the algorithm robustness (Zhang; Lin; Wang, 2022). 

 

Figure 12- Characteristics of the remote sensing data used in the studies analyzed. 

 

Fonte: Author (2024). 
 

 Based on articles that identified species of trees, we identified the use of the 

following data: WorldView-2 and Worldview-3 (Hartling et al., 2019), 

Sentinel 2 (Brabant et al., 2019), Pléiades-1A and Pléiades-1B (Le Louarn 

et al., 2017), Google Maps (Branson et al., 2018), Google Street View (Choi 

et al., 2022; Rodríguez-Puerta et al., 2022) and Google Earth (Yang et al., 2022b). 

Other studies used UAV images, hyperspectral cameras or other types of cameras 
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(Abbas et al., 2021; Mozgeris et al., 2018; Brabant et al., 2019; Martins et al., 
2021; Guan et al., 2015; Pearse et al., 2021; Wang et al., 2021; Santos et al., 
2019; Lobo Torres et al., 2020; Xia et al., 2021; Helman et al., 2022). 

Sun et al. (2021), showed in their study that street view imagery coupled with 

deep learning could measure eye-level street green space and distinguish vegetation 

types. They showed that street view data reflect different aspects of natural 

environments compared to satellite imagery, which corresponds to another option for 

studies. 

 

3.6. Evaluation Metrics used in the Studies 
 

Articles that work with classification or regression can use different evaluation 

metrics. In this study, we also analyzed the metrics used in all articles of interest. We 

found a total of 37 metrics across all articles. Table 6 shows the abbreviation of the 

most used metrics. Figure 13 shows the number of articles that used the most frequent 

metrics. 

 

Table 6- The most used metrics 
Metric  Abbreviation 

Overall Accuracy OA 

Kappa  - 

F1-score  F1 

Recall - 

Precision - 

Producer Accuracy  PA 

User Accuracy  UA 

Intersection over Union IoU 

Root Mean Square Error RMSE 

R-Squared R² 

Mean Absolute Error  MAE 
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Figure 13- The most used evaluation metrics in articles. 

 

Fonte: Author (2024). 
 

 The most used metrics were Overall Accuracy (OA) and the Kappa coefficient, 

present in 138 and 70 articles respectively. 

 

4 Conclusion 
 

In this study, we reviewed articles available in the Web of Science on the 

topics: urban vegetation, urban tree species, remote sensing, machine learning, deep 

learning. A total of 221 articles were included in our analysis. Studies in this area are 

increasing every year. The "Remote Sensing" Journal leads the ranking with the most 

published articles, having 70 articles out of a total of 221.  China has the highest 

number of articles with the first author and co-authors, followed by the United States.  

Of the total 221 articles, 79 used machine learning, 87 deep learning and 45 

used both. Only 45 articles studied one or more species of trees, but 149 species, 

genera and families were found. We identified 92 different neural networks and 37 

evaluation metrics. We also identify different types of images, satellites and reasons 

for studying and mapping tree species according to the authors of the 221 papers. 

The field of artificial intelligence and remote sensing techniques has 

demonstrated satisfactory and accurate results in identifying tree species in urban 

areas, playing a crucial role in diagnosis, monitoring and urban planning. However, as 



43  
 
 

we move into the future, it is necessary to recognize constant technological evolution 

and the demand for even more refined solutions. It is expected that the accuracy and 

efficiency in mapping urban vegetation will reach even higher levels with the 

incorporation of more advanced and adaptable algorithms, combined with 

improvements in image acquisition techniques (with higher spatial resolutions and 

new types of sensors). 

Vegetation plays a fundamental role in quality of life, including in urban areas. 

Therefore, investing in research that explores new approaches, high-resolution 

images and more sophisticated algorithms is essential to meet the growing demands 

of diagnosis and urban planning. These innovations not only improve the efficiency of 

existing techniques but also open doors to new possibilities, showing the importance 

of research and development in this area. 
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CAPÍTULO 2 - SEGMENTAÇÃO DE VEGETAÇÃO ARBÓREA EM ÁREA 
URBANA UTILIZANDO O SEGMENT ANYTHING MODEL (SAM) E IMAGENS DO 
STREET VIEW. 
 

Resumo: O diagnóstico e monitoramento da vegetação arbórea são elementos 

importantes para o planejamento urbano. O sensoriamento remoto é uma opção viável 

para analisar áreas amplas e possibilita o estudo de determinada área sem a 

necessidade de ir até o local. As imagens do Street View podem fornecer mais 

detalhes na identificação de um alvo quando comparadas a imagens de satélite. A 

utilização de modelos e técnicas de Inteligência Artificial podem contribuir e otimizar 

os procedimentos ambientais. Nesse contexto, o Segment Anything Model (SAM) é 

um modelo de segmentação de imagens recente disponibilizado em abril de 2023 e 

possui diversas vantagens quando comparado aos métodos de segmentação 

tradicionais. O objetivo desse estudo foi analisar a capacidade do SAM em segmentar 

vegetação arbórea em área urbana com imagens do Street View da cidade de 

Presidente Prudente. Os resultados foram satisfatórios e mostraram que a utilização 

e aplicação de Inteligência Artificial traz vantagens para aplicações ambientais. A 

utilização do SAM para detectar vegetação otimiza as etapas de rotulação e facilita a 

segmentação de objetos na imagem. 

 

Palavras-chave: Vegetação Arbórea; SAM; Inteligência Artificial; Street View. 

 

Abstract: The diagnosis and monitoring of tree vegetation are important elements for 

urban planning. Remote sensing is a viable option to analyze large areas and allows 

the study of a certain area without the need to go to the location. Street View imagery 

can provide more detail in identifying a target when compared to satellite imagery. The 

use of Artificial Intelligence models and techniques can contribute and optimize 

environmental procedures. In this context, the Segment Anything Model (SAM) is a 

recent image segmentation model available in April 2023 and has several advantages 

when compared to traditional segmentation methods. The objective of this study was 

to analyze the ability of SAM to segment tree vegetation in an urban area with Street 

View images of the city of Presidente Prudente. The results were satisfactory and 

showed that the use and application of Artificial Intelligence brings advantages to 

environmental applications. The use of SAM to detect vegetation optimizes the labeling 
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steps and facilitates the segmentation of objects in the image. 

 

Keywords: Tree Vegetation; SAM; Artificial Intelligence; Street View. 

 
1 INTRODUÇÃO 
 
 A vegetação em áreas urbanas fornece serviços ecossistêmicos que são 

importantes para a biodiversidade e o bem estar. As áreas verdes são consideradas 

essenciais na vida do ser humano (O’brien et al., 2017; Ferrini et al., 2020) e é possível 

encontrar diferentes tipos de vegetação, como árvores, arbustos e grama, nas áreas 

urbanas (Drillet et al., 2020). 

Alguns dos exemplos das vantagens da vegetação arbórea nas áreas urbanas 

é o controle da temperatura, resfriamento do ar, produção de biomassa, absorção de 

poluentes do ar, redução de ruído (Pauleit et al., 2011; Gatto et al., 2020; Livesley; 

Mcpherson; Calfapietra, 2016) além de ser um elemento central para mitigar as 

mudanças climáticas (Ferrini et al., 2020).  

O sensoriamento remoto tornou-se uma ferramenta importante para análises 

ambientais e tem potencial para ser combinado com outros métodos de monitoramento 

e avaliação (Wellmann et al., 2020; Dong et al., 2019). O mapeamento da vegetação 

em áreas urbanas com técnicas de sensoriamento remoto pode ser útil para o 

planejamento e para lidar com os desafios urbanos (Gašparović; Dobrinić, 2020). Para 

determinado estudo, as imagens de satélite podem ser insuficientes para uma análise, 

como no caso de identificação de espécies arbóreas. Nesses casos, a visão aérea de 

imagens de satélite não disponibiliza o detalhamento necessário para o 

reconhecimento de vegetação arbórea.  

As imagens do Street View fornecem uma nova opção para analisar e estudar 

as áreas urbanas com mais detalhes (Larkin et al., 2021). Um estudo feito por 

Barbierato et al. (2020), propôs um conjunto de métricas para áreas verdes urbanas 

com a combinação de sensoriamento remoto e sensoriamento próximo (Street View). 

Os autores classificaram as áreas verdes por segmentação semântica com a utilização 

de redes neurais profundas e obtiveram acurácia de 83%.  

Outro estudo feito por Li, Ratti, Seiferling (2018), apresentou um novo método 

para identificar sombras de árvores nas ruas do centro da cidade de Boston com o 

auxílio de imagens do Street View para calcular o fator de visão do céu. De acordo 

com os autores, as imagens no nível da rua possibilitaram considerar obstruções sem 
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depender de simulações do ambiente ou simplificações. 

A combinação de métodos ajuda na tomada de decisão, contribui para futuros 

projetos de esverdeamento urbano para moderação do clima urbano e tornam o 

sensoriamento remoto mais acessível para planejadores urbanos e pesquisadores que 

necessitam de dados qualitativos (Li; Ratti; Seiferling, 2018; Wellmann et al., 2020). 

A Inteligência Artificial (IA) é uma tecnologia robusta e promissora. As 

aplicações e desenvolvimento da IA crescem a cada ano em diversas áreas, inclusive 

nas áreas urbanas e ambiental (Yigitcanlar et al., 2020; Allam; Dhunny, 2019). A 

utilização de Inteligência Artificial na arborização urbana contribui para a tomada de 

decisões a fim de melhorar a qualidade das cidades, pois o bem estar dos cidadãos 

depende em grande parte das florestas urbanas (Araújo et al., 2021).  

A segmentação de imagens é uma parte importante do processamento de 

imagens e diversos métodos são desenvolvidos rapidamente para realizar este 

processo (Liu et al., 2021). A segmentação divide uma imagem inteira em diversas 

regiões que possam ter propriedades semelhantes, separando um alvo de interesse 

(Liu et al., 2021). Novas tecnologias incluindo a Inteligência Artificial contribuem para 

otimizar o processo de segmentação de imagens com a aplicação de um modelo, 

algoritmo, entre outros (Lateef; Ruichek, 2019; Liu et al., 2021). A segmentação de 

imagens com a utilização de técnicas de machine e deep learning atingiram resultados 

satisfatórios e mostraram que a utilização de IA auxilia na segmentação de imagens 

(Hesamian et al., 2019; Bhatnagar; Gill; Ghosh, 2020).     

Um estudo feito por Lassiter e Darbari (2020), avaliou três métodos não 

supervisionados para segmentar vegetação em área urbana, incluindo o k-means e a 

Convolutional Neural Network (CNN). Os autores verificaram que cada método possui 

um melhor desempenho na segmentação dependendo do alvo, como por exemplo a 

presença de sombras e vegetação secundária. Apesar de avaliarem mais de um 

método, os autores verificaram que são opções viáveis para segmentar vegetação 

urbana.     

O Segment Anything Model (SAM) é uma ferramenta atual disponibilizada em 

abril de 2023, e foi projetado para segmentar objetos de interesse em imagens a partir 

de prompts fornecidos por pontos, caixas ou texto (Mazurowski et al., 2023). A recente 

contribuição do SAM é segmentar qualquer objeto de uma imagem sem a necessidade 

de realizar treinamento anteriormente (Meta AI, 2023). 

No contexto atual de Inteligência Artificial e segmentação de imagens, o objetivo 
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deste estudo foi avaliar a performance do Segment Anything Model (SAM) na 

segmentação de vegetação arbórea em imagens do Street View da cidade de 

Presidente Prudente em comparação com a rotulação manual. 

 

2 METODOLOGIA 
   

A realização deste estudo foi feita em quatro etapas principais: coleta dos 

dados, rotulação manual, segmentação de vegetação arbórea com o SAM e avaliação 

das métricas. As etapas deste estudo estão descritas na Figura 1. 

 

Figura 1-  Fluxograma com as principais etapas da metodologia. 

 
 

Fonte: Autora (2024). 
 

 A área de estudo corresponde a cidade de Presidente Prudente, localizada no 

estado de São Paulo, Brasil. A cidade possui vegetação arbórea composta de 

vegetação nativa e exótica nas áreas urbanas. A Figura 2 mostra a localização da 

área de estudo. 
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Figura 2-   Localização da cidade de Presidente Prudente. 

 

Fonte: (Furuya et al., 2023) 
 

 Para a aquisição das imagens do Street View de Presidente Prudente foi 

selecionada uma área urbana (Figura 3) que anteriormente foi identificada a presença 

de espécies arbóreas nativas e exóticas. A partir da seleção, as coordenadas 

geográficas da área foram identificadas e posteriormente foi realizada a coleta das 

imagens do Street View disponíveis da área escolhida.  

 Para a cidade de Presidente Prudente foram encontradas 72 imagens do Street 

View na área urbana escolhida. Apesar da quantidade, diversas imagens 

correspondem a imagens com o mesmo ângulo, mas de anos diferentes, sendo 

visualmente similares. Portanto, para este estudo foram selecionadas 5 imagens. A 

Figura 4 mostra alguns exemplos das imagens do Street View encontradas para a 

cidade de Presidente Prudente. 
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Figura 3- Área urbana com presença de vegetação arbórea escolhida para o estudo. 

 

Fonte: Autora (2024). 
 

Figura 4. Exemplos de imagens do Street View encontradas na área selecionada de 
Presidente Prudente com base nas coordenadas geográficas. 

 

Fonte: Autora (2024). 
 
 
 Para os testes de segmentação com o SAM, foram selecionadas 5 imagens do 

Street View: 2 imagens do ano de 2012; 1 imagem de 2015 e 2 imagens do ano de 

2017. O código e os testes utilizados foram feitos no Google Colab. 

 Para verificar o desempenho do SAM na segmentação de vegetação arbórea, 
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foi realizada a rotulação manual de partes de vegetação arbórea em cada uma das 

imagens selecionadas para posteriormente comparar os resultados na segmentação. 

A rotulação manual foi realizada no GIMP e o alvo de interesse foi delimitado para 

cada imagem conforme a Figura 5. 

 

Figura 5- Exemplo da delimitação de vegetação arbórea por meio da rotulação 
manual. 

 
Fonte: Autora (2024). 

 

 Após a delimitação de uma área com vegetação arbórea, foi feito o recorte da 

rotulação para ser comparado com a segmentação do SAM no Google Colab.  

 O SAM produz uma incorporação de imagem que pode ser consultado com 

eficiência por uma variedade de prompts de entrada para produzir máscaras de objeto 

em velocidade amortizada em tempo real (Kirillov et al., 2023). Para prompts 

correspondentes a mais de um objeto, o SAM pode produzir diversas máscaras 

válidas e pontuações de confiança associadas (Figura 6). 

 

Figura 6-  Exemplo de segmentação feita pelo SAM. 

 

Fonte: (Kirillov et al., 2023) 
 

 Para a realização dos testes é necessário inserir a imagem do Street View 

escolhida no código utilizado. O Segment Anything Model (SAM) permite selecionar 

uma área pelo formato de caixas, pontos ou texto, nesse estudo foram feitos testes 
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com o formato de caixas. 

 Após inserir a imagem no Google Colab, é possível delimitar uma caixa na área 

escolhida, conforme a Figura 7. Nos testes realizados foi feita a delimitação de uma 

caixa por imagem, dessa forma, o SAM não irá segmentar toda a vegetação arbórea 

de cada imagem, somente a que estiver dentro da caixa. Esse procedimento foi 

realizado pois o objetivo é avaliar o desempenho do SAM comparado a rotulação 

manual. Portanto, para cada imagem foi delimitada somente uma parte para comparar 

os dois métodos. 

 

Figura 7- Exemplo da delimitação da área de interesse pelo formato de caixa do 
SAM. 

 
Fonte: Autora (2024). 
 

 A partir da delimitação da caixa (na cor azul) no próprio código no Google Colab 

conforme a Figura 7, o SAM realiza a segmentação do objeto encontrado dentro da 

caixa. O SAM também é utilizado para segmentar uma imagem inteira sem precisar 

de treinamento (Figura 8), mas como o objetivo deste estudo é analisar a capacidade 

do SAM em segmentar um alvo específico (vegetação arbórea), o procedimento é 

diferente. 
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Figura 8-  Exemplo de segmentação realizada pelo SAM em toda a imagem 
fornecida. 

 
Fonte: (Meta AI, 2023) 
 

 Assim que o SAM realizou a segmentação das áreas delimitadas, foi solicitado 

por meio do código a comparação da rotulação manual e a segmentação feita pelo 

SAM, os dois arquivos foram fornecidos e métricas de avaliação foram calculadas. 

 Neste estudo foi solicitado o cálculo das seguintes métricas: precision, recall, 

F-score, acurácia, verdadeiro positivo (TP) e falso positivo (FP). 

 

 

3 RESULTADOS  
 

Conforme descrito na metodologia, o SAM realizou a segmentação dos objetos 

encontrados dentro das caixas que foram selecionadas (Figura 9). 
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Figura 9- Segmentação realizada pelo SAM nas 5 imagens do Street View com base 
no formato da caixa. 

 
Fonte: Autora (2024). 
 

 Após a segmentação feita pelo SAM, foi solicitado a comparação dos dois 

métodos (rotulação manual e o SAM). As métricas de avaliação foram calculadas com 

base no recorte dos dois arquivos (Figuras 10 e 11). 
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Figura 10- Cálculo das métricas precision, recall, F1 e acurácia para uma das 
imagens. 

 
Fonte: Google Colaboratory (2024). 

 

Figura 11- Cálculo das métricas verdadeiro positivo (TP) e falso positivo (FP) para 
uma das imagens. 

 

Fonte: Google Colaboratory (2024). 
 

 Este procedimento foi feito para cada uma das imagens, a Tabela 1 mostra a 

média de cada métrica calculada para as 5 imagens do Street View. 
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Tabela 1- Média das métricas obtidas nas 5 imagens com o SAM. 
 

Métrica Média 

Precision 0.9951 

Recall 0.9947 

F1 0.9948 

Acurácia 0.9947 
Verdadeiro Positivo 

(TP) 0.9608 

Falso Positivo (FP) 0.0298 
 

4 DISCUSSÃO 

A utilização de Inteligência Artificial (IA) em pesquisas e projetos está sendo 

aplicada em diversas áreas a fim de otimizar e facilitar a realização de uma tarefa. A 

Inteligência Artificial é um processo pelo qual o ser humano pode construir uma 

máquina inteligente que trabalha com base em aprendizados passados (Jha et al., 

2019).  

  Dentro da área conhecida como IA, existem subgrupos como o aprendizado de 

máquina (machine learning) e o aprendizado profundo (deep learning) que auxiliam 

projetos e tarefas (Benos et al., 2021; Helm et al., 2020). Diversos algoritmos e redes 

neurais são implantados em todas as áreas do conhecimento. O objetivo do 

aprendizado de máquina é alimentar a máquina com dados de experiências passadas 

e dados estatísticos para que ela possa executar uma tarefa atribuída para resolver 

um problema específico (Jha et al., 2019). 

  Estudos em diferentes áreas mostraram resultados satisfatórios com a 

combinação de ML/DL e segmentação de imagens (Piralilou et al., 2019; Haque; 

Neubert, 2020; Raei et al., 2022; Lee; Le; Kim, 2023). O processo de detecção de 

objetos a partir de uma imagem é uma etapa fundamental de qualquer técnica de 

processamento de imagem, pois a acurácia da classificação dependerá da qualidade 

dos resultados obtidos na etapa de segmentação (Kheradmandi; Mehranfar, 2022). 

  A segmentação de imagens é importante para organizar uma imagem em 

pequenos números de regiões para entender “o que” e “onde” é/está o alvo na imagem 

(Ghiasi et al., 2022). A rotulação de imagens demanda tempo e cautela para identificar 

corretamente o alvo de interesse. Apesar das técnicas de IA contribuírem com o 
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avanço na classificação de imagens, novas técnicas e modelos podem acelerar as 

etapas anteriores de rotulação e segmentação.  

Nos testes realizados neste estudo, verificou-se que o SAM foi capaz de 

segmentar a vegetação arbórea (alvo de interesse) com facilidade, apenas com a 

delimitação de uma caixa. A rotulação realizada anteriormente foi utilizada para 

comparar a precisão da segmentação realizada pelo SAM. A média das métricas 

utilizadas para as 5 imagens do Street View mostrou que a segmentação de vegetação 

arbórea com o SAM foi satisfatória, pois atingiu mais de 99%. 

A utilização do Segment Anything Model (SAM) é promissora e tende a crescer 

nos próximos anos. Estudos estão iniciando os testes com a utilização do SAM pois o 

modelo foi disponibilizado pela META AI em abril de 2023 (Meta AI, 2023). Até o 

momento, estudos que realizaram a aplicação do SAM para segmentação de imagens 

correspondem à área da saúde (análise de imagens médicas). Futuramente será 

possível comparar resultados mais amplos e complexos em diversas áreas do 

conhecimento. 
 

5 CONCLUSÃO  

 A identificação e monitoramento de vegetação arbórea em áreas urbanas é de 

extrema importância para o planejamento urbano e para o bem estar da população. A 

utilização de técnicas de Inteligência Artificial na área ambiental tem crescido cada 

vez mais. O Segment Anything Model (SAM) é um modelo recente de segmentação 

de imagens disponibilizado em abril de 2023 pela Meta AI e otimiza o processo de 

identificação de imagens, pois não necessita de treinamento anterior. Os testes 

realizados nesse estudo com imagens do Street View mostraram que a segmentação 

de vegetação arbórea com o SAM é viável e atingiu boas acurácias (acima de 99%). 

A utilização do SAM ainda é pouco explorada devido ao curto tempo de lançamento 

desse modelo. Futuros estudos podem explorar a capacidade do modelo em 

segmentar espécies arbóreas e analisar as contribuições do SAM para a identificação 

de objetos em diferentes imagens. 
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CAPÍTULO 3 - SEGMENTATION OF POTENTIALLY INVASIVE TREE SPECIES IN 
URBAN AREA USING THE SEGMENT ANYTHING MODEL (SAM) AND 
PANORAMIC IMAGES OF A CITY IN BRAZIL 

Abstract: The introduction of invasive tree species disrupts ecological balance through 

habitat modification and alteration of nutrient cycles by competing with native species. 

Leucaena leucocephala, originating from Central America and widespread across 

multiple countries, exhibits rapid growth, rendering it potentially invasive in regions 

where it has been introduced. This underscores the necessity for ongoing surveillance 

of this species. While deep learning algorithms using remote sensing data are cutting-

edge for mapping tree species in urban settings, their application to Leucaena remains 

untested. This species poses identification challenges due to its non-distinct visual 

features such as leaf and canopy structures, which may be indistinguishable in aerial 

or satellite imagery. This study explores the use of panoramic imagery to map 

Leucaena in urban areas. This study utilized a recent deep learning foundation model, 

the Segment Anything Model (SAM), to detect Leucaena species in panoramic Street 

View and mobile phone images. Performance metrics for SAM indicated a significant 

discrepancy between the two image types: Street View images achieved 0.92 

accuracy, whereas mobile phone images scored 0.63 in identifying Leucaena. The 

superior performance with Street View images may be attributed to their higher quality, 

consistency, and better coverage of relevant features, facilitating more effective model 

analysis. In contrast, mobile phone images often suffer from inconsistencies in angles, 

lighting, and other environmental factors, which impair model performance. Employing 

panoramic Street View imagery and deep learning models not only supports urban 

planning and management but also streamlines data analysis, reducing the need for 

expensive and labor-intensive field visits. 

Keywords: Leucaena leucocephala; Street View images; semantic segmentation; tree 

mapping. 

 

INTRODUCTION 
 
 The presence of trees in urban areas plays a fundamental role in the quality of 

life and contributes to several factors in cities. Among the advantages of having tree 

vegetation, it is possible to mention air quality improvement, temperature control, 

biodiversity increase, as well as well-being promotion and urban aesthetics 
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improvement (Wood; Esaian, 2020; Shi et al., 2023a). One key factor for efficient urban 

vegetation planning is the appropriate selection of tree species, opting mainly for native 

one. Native trees are adapted to local soil, climate, and fauna conditions, and provide 

essential environmental and ecological benefits (Delavaux et al., 2023; Sacco et al., 

2021; Liu; Slik, 2022). The introduction of exotic species into urban areas can lead to 

negative consequences, as these species have the potential to become invasive, 

competing with native one for resources and space. As they quickly establish and 

reproduce, the invasive species can suppress native vegetation, decreasing biological 

diversity and altering local ecosystems (Dyderski; Jagodziński, 2020; Delavaux et al., 

2023). 

The Leucaena leucocephala is a tree species native from Mexico and Central 

America and is easily found in several countries. In places where it is considered 

exotic, the Leucaena leucocephala is classified as a potentially invasive species and 

brings several consequences to the environment (Kato-Noguchi; Kurniadie, 2022; 

Sharma et al., 2022; Obiakara; Olubode; Chukwuka, 2023). The Leucaena 

leucocephala was listed among the 100 worst invasive alien species in the world, 

highlighting the importance of identifying and monitoring this species in urban areas to 

maintain ecological balance, protect natural resources and promote healthier 

environments (Kato-Noguchi; Kurniadie, 2022; Sharma et al., 2022). 

Remote sensing images play a crucial role in environmental studies by enabling 

extensive and continuous monitoring of ecosystems. This technology facilitates data 

collection in remote or hard-to-reach areas, significantly contributing to environmental 

conservation and the planning of sustainable natural resource use (Jensen, 2014). 

Remote sensing datasets allow for the effective identification of climate change, 

deforestation, and other environmental impacts on a large scale (Wellmann et al., 

2020; Song et al., 2020). For mapping tree vegetation in urban areas efficiently, remote 

sensing provides accurate and up-to-date data that assist in urban planning and the 

creation of more efficient and sustainable green spaces (Wan et al., 2021). 

Different platforms can be used to capture remote sensing data, such as orbital, 

aerial, and terrestrial platforms. Orbital and aerial platforms produce nadir (or off-nadir) 

images that offer a top-down view, ideal for comprehensive mapping and analysis. 

Terrestrial platforms, on the other hand, can provide perspective images that support 

detailed and angular views, which are crucial for in-depth local studies and specific 

applications. In this context, various types of imagery have been employed to assess 
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the effectiveness of remote sensing techniques in different applications. The study of 

Iqbal, Balzter and Shabbir (2023), analyzed the ability of machine learning algorithms 

to map invasive species, including Leucaena leucocephala in different types of images: 

PlanetScope (3 meters of spatial resolution) and Sentinel (10 meters of spatial 

resolution). They achieved 64% accuracy with the random forest model applied to 

PlanetScope imagery. 

There is a significant difference in perspective between a street-level view and 

an aerial or orbital-level view (Xia; Yabuki; Fukuda, 2021). For effective mapping, the 

use of aerial or satellite imagery requires that the target of interest display distinct visual 

characteristics, such as color, texture, size, shape, and pattern, which distinguish it 

from surrounding elements in the images. The tree species Leucaena leucocephala 

presents a challenge for remote sensing using orthogonal imagery due to its non-

distinctive visual features like leaf and canopy structures, which can blend into the 

surrounding vegetation when viewed from above. Consequently, panoramic street 

view images are an alternative for collecting geospatial data on this species, as these 

images offer a more detailed and ground-level perspective that can better capture the 

distinct characteristics of individual trees.  Street view images cover urban areas and 

can be useful for a variety of applications, such as route mapping, visualization of 

specific locations, urban planning, and to offering a virtual experience of urban streets 

and resembling the vision of individuals (Li et al., 2022; Liang; Zhao; Biljecki, 2023; 

Xia; Yabuki; Fukuda, 2021). The potential of street view images for mapping plant 

species was evaluated by Ringland et al. (2021). They adopted a deep learning model, 

the RetinaNet network, to detect on Google Street View images six plant species and 

showed significant results for carrying out large-scale research. Another study 

(Branson et al., 2018) proposed an automated system for tree detection and species 

recognition in urban environments, using publicly available aerial and street view 

images from Google Maps.  Experiments conducted in the USA show that the 

automated system based on convolutional neural networks can detect >70% of the 

street trees and assign the correct species to >80% for 40 different species.  

Machine learning algorithms, both shallow and deep learning, represent the 

state-of-the-art in processing remote sensing data for various applications, including 

environmental studies. One key application in this field is computer vision, where an 

important task is semantic segmentation, which involves assigning each pixel of an 

image to known classes. In remote sensing area, this task is referred to as image 
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classification (Osco et al. 2021). A recent and promising deep learning model for image 

segmentation is the Segment Anything Model (SAM). Released by Meta AI (2023), 

SAM is driven by prompts, and it has already shown remarkable adaptability across 

various image datasets without the need for retraining on new objects (Kirillov et al., 

2023; Zhang; Shen; Jiao, 2024).  SAM can be effectively utilized with minimal training 

data (one-shot or few-shot) or no training data (zero-shot) using a variety of input 

prompts, including point, box, or text (Osco et al., 2023). In the zero-shot approach, 

the model processes input data that it has not explicitly encountered during training 

(Alayrac et al., 2022; Sun et al., 2021). Conversely, the one-shot and few-shot learning 

approaches enable the model to make accurate inferences from just a single example 

or a few examples of a new class, respectively (Osco et al., 2023; Zhang et al., 2023). 

However, the one-shot and few-shot learning approaches require a retraining phase 

for the SAM model, which can demand significant computational power and might take 

a longer time (Osco et al., 2023). 

The capabilities of SAM have been explored in various fields, including medical 

imaging (Zhang; Shen; Jiao, 2024; Huang et al., 2024; Mazurowski et al., 2023) and 

remote sensing (Wang et al., 2024; Osco et al., 2023; Ding et al., 2023; Alagialoglou 

et al., 2023). One study conducted by Alagialoglou et al. (2023) compared the 

efficiency of different shallow learners (random forest and logistic regression) and the 

Segment Anything Model within the few-shot learning regime for mapping underwater 

aquatic vegetation using orbital images (WorldView-2 and Sentinel-2). They noted that 

it remains a challenge for SAM to outperform shallow learners in segmentation tasks 

with lower spatial resolution images. In addition to this, the exploration of panoramic 

images captured by ground-based platforms for identifying the tree species in urban 

environments using the advanced SAM represents a promising area for exploration. 

Once the effectiveness of this approach is validated, it will provide a low-cost method 

for accurate and detailed detection of the tree species, which is crucial for urban 

management and environmental planning. In this context, this study aims to evaluate 

the performance of the Segment Anything Model using a zero-shot approach to 

segment Leucaena leucocephala in panoramic images from Google Street View. 

Additionally, tests with mobile phone images were included to determine whether the 

source of the collected data affects the model's ability to segment the species of 

interest. 
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MATERIALS AND METHOD 
  

Figure 1 shows the flowchart with the steps taken in this study to verify the 

efficiency of the SAM zero-shot in segmenting the tree species Leucaena leucocephala 

in urban panoramic images. 

  

Figure 1- A Flowchart with the steps performed in this study to verify the performance 
of SAM zero-shot to segment the tree species Leucaena leucocephala in panoramic 
images. 

 
Fonte: Author (2024). 
 
Study Area 
  

To analyze the performance of SAM zero-shot, panoramic images of the city of 

Presidente Prudente (Figure 2), in the state of São Paulo, in Brazil (Latitude 

22º07'21.06''S and Longitude 51º23' 17.71''W) were collected. Presidente Prudente is 

a medium-sized city with an estimated population of 225,668 in 2022 (IBGE, 2022). 

This city has an area of approximately 230.05 km², including the urban and rural 

perimeter (Furuya et al., 2023) and 60.83 km² of urbanized area (IBGE, 2019). 
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Figure 2- Location of the city of Presidente Prudente, in the state of São Paulo, Brazil. 
The Figure shows examples of collected images where the presence of the Leucaena 
leucocephala tree species was identified in the city. 

 
Fonte: Author (2024). 
 

Collection and Annotation of Panoramic Images for Leucaena leucocephala 
Segmentation Study 
  
 A total of 20 panoramic images (3328 x 1664) from Google Street View and 20 

panoramic images (3000 x 3000) from mobile phone were collected at points in the city 

where the presence of the Leucaena leucocephala species had previously been 

detected by the authors. Street View images come from a Google mapping platform 

and are obtained using cars equipped with 360-degree cameras. Street View images 

are made available by Google in different years and are constantly updated in urban 

areas around the world (Li; Yao, 2020). The panoramic images were downloaded from 

Google Street View via API for the city of Presidente Prudente covering the years 2021 

and 2022, as they are the most recent years with available data. Regarding mobile 

phones images, there were taken by the authors with their mobile devices in 2023. The 

smartphone images were captured under varied conditions to enhance data diversity, 

including different dates and times of the day to capture a range of lighting conditions, 

and various distances to Leucaena leucocephala trees. The camera was orientated to 

vertical position and set up to 48 megapixels resolutions. 
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 Each of the 40 collected images was annotated to enable the calculation of 

evaluation metrics, facilitating an assessment of the performance of the SAM zero-shot 

model after it performed image segmentation. Image annotation was manually done in 

the LabelMe software. The annotation process is crucial for successful analysis and 

pattern recognition. It involves identifying and grouping the pixels that constitute an 

object within the image, thereby forming distinct regions for further analysis (Jasim; 

Mohammed, 2021; Wu; Castleman, 2023). A common method used is polygon 

labeling, in which the contours of an object are traced with geometric shapes. This 

approach simplifies both the description and analysis of the object (Ibrahim; El-

Kenawy, 2020). This technique provides an efficient and compact representation of the 

object, enhancing feature extraction and decision-making in image processing and 

computer vision tasks. Consequently, the Leucaena leucocephala trees were labeled 

using polygon shapes in the LabelMe, as illustrated in Figure 3. 

 

Figure 3- Examples of polygon made in the LabelMe software for the 40 panoramic 
images collected delimiting the tree species Leucaena leucocephala (street view 
images on the left and mobile phone images on the right). 

 
Fonte: Author (2024). 

 

Assessment of Zero-shot SAM for Panoramic Image Segmentation 
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On the online Meta AI page (https://segment-anything.com/demo), it is possible 

to access the SAM in a zero-shot regime using various prompts, such as point, 

boundary box, and general, to segment images available on the Meta AI website or 

images uploaded by the user. In the general case, referred to by Meta AI as 

'everything,' the entire image is segmented prompting SAM with each point in the grid. 

However, when using the point or box prompts, the model segments only the regions 

indicated by these elements (Osco et al., 2023).   

Firstly, this study evaluates the performance of the zero-shot SAM available on 

the Meta AI online page. Tests were conducted using all images collected in this study, 

considering both the general case and the box prompt (Figure 4). The purpose of 

employing the zero-shot SAM with a general prompt was to assess its ability to 

distinguish arboreal vegetation from other elements in panoramic images. 

Subsequently, this study evaluates the SAM's performance using a box prompt to 

specifically identify Leucaena species among other trees in the image.  

However, on the Meta AI website, it is not possible to perform a quantitative 

analysis of SAM’s performance, only qualitative (visual) results. To conduct both 

qualitative and quantitative analyses with SAM zero-shot, the SAM zero-shot model 

via the Meta AI GitHub was downloaded and adapted it according to the method 

described by Osco et al. (2023). This experiment aimed to segment all panoramic 

images using the SAM zero-shot model guided by box prompts on the Google 

Colaboratory (Colab) platform and to quantitatively analyze the model's performance 

in segmenting the species Leucaena leucocephala. The adaptation involved reading 

files in JSON format (polygon labeling format created in LabelMe) and calculating 

evaluation metrics. 

Two inputs were required for this process: the image in PNG or JPG format 

(from Street View or a mobile phone) and a JSON file containing the 

labeling/delimitation of the Leucaena leucocephala species in polygon format created 

in LabelMe. Using these JSON files, it was possible to compare the segmentation 

performed by SAM and calculate the evaluation metrics. 

 

Evaluation Metrics 
 

For each of the 40 panoramic images, four different evaluation metrics were 

calculated: Accuracy, Precision, Recall and F1-score (Table 1). These metrics are 
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commonly used in studies involving remote sensing and artificial intelligence, 

particularly in semantic segmentation tasks (Zhang et al., 2020; Maxwell; 

Pourmohammadi; Poyner, 2020; Mahmoud et al., 2023; Carvalho et al., 2022; Osco et 

al., 2022; Arce et al., 2021). 
 

Table 1- Evaluation metrics used to evaluate SAM performance in Google 

Colaboratory code. 
METRIC EQUATION 

Accuracy 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

Precision 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

Recall 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

 

 

F1-score 𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  
2 (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅)
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

Where TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative 

(Minaee et al., 2021). 

  

 The accuracy metric measures the proportion of examples correctly classified 

by the model regarding the total number of examples (Hicks et al., 2022; Gencturk et 

al., 2024). Precision indicates the proportion of positive examples correctly classified 

regarding the total number of examples classified as positive by the model (Gencturk 

et al., 2024). The recall represents the proportion of correctly classified positive 

examples regarding the total number of truly positive examples (Gencturk et al., 2024). 

Finally, the F1-score is a metric that combines precision and recall, providing a single 

measure that takes both metrics into account, being especially useful when there is an 

imbalance between classes (Gencturk et al., 2024).  

 

RESULTS 
 Figure 4 shows examples of the qualitative results obtained with the SAM zero-

shot model on the Meta AI website using different prompts. For the box prompt (Figure 
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4b), the model correctly segmented the tree species Leucaena leucocephala, even 

when multiple trees of the species were included in the box or the presence of a 

streetlamp in front of the species of interest. In the general case, i.e, the segmentation 

of entire images (Figure 4a), despite the model segmenting parts of the sky, street, 

and sidewalk into different classes and colors, the model accurately delimited the trees 

present in the images (without specifying the species).  

Following these initial online tests, further tests were conducted with the SAM 

zero-shot model using code in Google Colaboratory. It is important to highlight that the 

tests were conducted exclusively with the box prompt to guide the SAM. Evaluation 

metrics were calculated for each of the 40 images, and Table 2 shows their averages.  

A superior performance of SAM was observed in segmenting panoramic images 

from the Google Street View platform compared to mobile phone panoramic images 

(Table 2). The average accuracy and F1-score were 29% and 27% higher, 

respectively, for SAM zero-shot applied to Street View images. Figure 5 provides visual 

examples of the segmentation performed by the SAM zero-shot model using code in 

Google Colaboratory. 

In the visual examples (Figure 5), it is evident that the model was able to 

correctly segment the species of interest, including cases where more than one tree of 

interest was present in the image. Another notable detail is the images where 

Leucaena leucocephala was present in areas with other species or types of vegetation, 

such as shrubs and grasses; the model was also able to correctly segment the species. 

For mobile phone image segmentation, some metric results were around 0.35 

(Figure 6). When delimiting the box where the tree species Leucaena leucocephala 

was in the image, parts of other objects, such as buildings and cars, were sometimes 

segmented as the species of interest. These difficulties encountered by the SAM zero-

shot in segmenting the Leucaena leucocephala species, as shown in Figure 6, could 

be due to the presence of complex backgrounds and overlapping objects like buildings 

and other vegetation. These elements likely caused the model to misclassify portions 

of the image, leading to lower accuracy and F1-score metrics compared to those 

obtained from Street View images (Table 2). 
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Figure 4- Examples of segmentation performed by SAM zero-shot on the Meta AI 
website with panoramic images. The first four images (up-down) are from mobile 
phone captures, while the last four are from Street View. (a) Segmentation of the entire 
image; (b) Segmentation of the object of interest (Leucaena leucocephala) within the 
bounded box. 

 
Fonte: Author (2024). 

 

Table 2- Average of the evaluation metrics calculated using 40 panoramic images 

segmented by SAM zero-shot using the box prompt. 
 Street View 

Images  
(20 Images) 

Mobile Phone Images  
(20 Images) 

All Images  
(40 Images) 

Accuracy 0.9263 0.6341 0.7763 

F1-score 0.9394 0.6618 0.7969 

Precision 0.9540 0.6940 0.8205 

Recall 0.9263 0.6341 0.7763 
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Figure 5- Segmentation (in red) of the Leucaena leucocephala tree species 
performed by SAM zero-shot code on Google Colaboratory using the box prompt. (a) 
Mobile phone images. (b) Street View images. 

 

Fonte: Author (2024). 
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Figure 6- Examples of difficulties encountered by the SAM zero-shot in segmenting 
the Leucaena leucocephala species, where parts of buildings and other objects were 
incorrectly segmented as trees, resulting in metrics of 0.30 and 0.40. 

 

Fonte: Author (2024). 
 

 Another observed case involved images containing the Leucaena leucocephala 

species in different parts of the image, requiring two or more boxes to be delimited for 

segmentation with SAM. In these instances, SAM returned a segmented image for 

each box, as shown in Figure 7. The processing time for segmentation on panoramic 

Street View and mobile phone images with SAM zero-shot averaged five minutes, 

depending on the number of boxes. Although some images may take a few additional 

minutes for segmentation, the model can quickly segment the requested boxes and 

significantly contribute to the identification of Leucaena leucocephala in urban 

panoramic images. 
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Figure 7- Example of a panoramic image with more than one box containing the 
species Leucaena leucocephala. SAM zero-shot segmented each box into an image 
separately. 

 
Fonte: Author (2024). 
 

DISCUSSION 
 

The use of artificial intelligence has proven fundamental in segmenting images 

representing urban areas (Sohail et al., 2022; Boonpook et al., 2023; Soylu et al., 

2023). These models allow the identification and delimitation of different elements, 

including types of vegetation, and provide a more accurate and detailed view of the 

urban environment (Li et al., 2022; Xia; Yabuki; Fukuda, 2021). Through image 

analysis, the artificial intelligence can distinguish specific characteristics and segment 

different types of objects, facilitating urban planning, environmental monitoring, and 

resource management (Xia; Yabuki; Fukuda, 2021). 

Our results with the foundational model ‘Segment Anything Model’ (SAM) 

applied to Google Street View images for segmenting Leucaena leucocephala validate 

the effectiveness of the proposed approach in providing a low-cost method for 

accurately identifying tree species in urban areas, which is crucial for urban 

management and environmental planning. Street View images offer the advantage of 

being accessible in many cities worldwide. The box prompt proved to be an effective 

option to guide SAM zero-shot, consistent with findings from other studies (Carraro; 

Sozzi; Marinello, 2023; Mazurowski et al., 2023). 

Despite presenting innovative and accurate potential, SAM presents some 
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obstacles in image segmentation (Alagialoglou et al., 2023; Baziak; Bodziony; 

Szczepanek, 2024), including in the tests carried out in this study with SAM zero-shot. 

Situations like those illustrated in Figure 6 demonstrate that the model is not error-free. 

SAM presented limitations in several areas (Ji et al., 2023; Kirillov et al., 2023), 

including remote sensing, as it was trained mainly with RGB images and may have 

difficulty with multispectral or hyperspectral data (Osco et al., 2023). The study by 

Baziak, Bodziony, and Szczepanek (2024) applied SAM zero-shot to the field of 

hydrology. According to these authors, the advantages of SAM are its simplicity, low 

cost, and scalability. They conducted tests using both the online version Meta AI 

(2023), website and code on Colab, encountering some limitations. Baziak, Bodziony, 

and Szczepanek (2024) argue that, despite being an innovative model, SAM has 

limitations when using standard parameters, resulting in unsatisfactory outcomes. In 

the medical field, studies have also shown that SAM has limitations (Ma et al., 2024; 

Shi et al., 2023b), such as modality imbalance in the training set and ambiguity in 

segmentation. One of the challenges encountered by SAM in previous studies is the 

presence of shadows in the images that can confuse the model and segment an object 

as being another class. The study by Kim and Kim (2024), used SAM and spectral 

index-based labeling to increase accuracy in an unsupervised environment to segment 

buildings. The authors found that despite presenting superior F1-score and 

Intersection over Union (IoU), SAM presented errors when there were shadows in the 

images, which corresponds to a challenge that needs to be solved for the foundational 

model. 

Despite having limitations, SAM represents an innovative approach in image 

segmentation and has the potential to optimize tasks in several areas (Osco et al., 

2023; Baziak; Bodziony; Szczepanek, 2024; Ma et al., 2024; Shi et al., 2023b). SAM 

promotes the development of basic models for computer vision, shows good 

generalization performance, and can reduce data annotation (Zhang et al., 2023; Yan 

et al., 2023; Osco et al., 2023).  

The SAM zero-shot represents a significant advance in images (Osco et al., 

2023) including in the identification of tree species, such as Leucaena leucocephala, a 

potentially invasive species common in many tropical and subtropical regions. The 

combination of urban image segmentation with the SAM in the identification of tree 

species allows the identification of priority green areas for conservation and the 

development of effective strategies for managing and preserving urban environments 
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in constant transformation. 

 

CONCLUSION 
 

The Segment Anything Model (SAM) zero-shot, introduced by Meta AI (2023), 

demonstrates effective performance in segmenting the tree species Leucaena 

leucocephala in panoramic images from Google Street View and mobile phones. The 

model achieved higher accuracy with Street View images compared to mobile phone 

images. Although SAM zero-shot has some limitations, its advantage lies in not 

requiring additional training for unknown objects. This makes SAM a valuable tool for 

environmental management and urban planning to monitor Leucaena leucocephala 

and assess its potential impact as an invasive species. Future research should explore 

applying SAM to satellite and aerial images and consider retraining the model to 

improve its accuracy and reduce limitations. 
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CAPÍTULO 4 - DETECTION OF POTENTIALLY INVASIVE TREE SPECIES 
LEUCAENA LEUCOCEPHALA IN PANORAMIC IMAGES WITH DIFFERENT 
DEEP LEARNING NETWORKS 

Abstract: Mapping tree species helps in the management and planning of urban 

areas. Several exotic species can become invasive and harm the environment 

including the green areas. Remote sensing and artificial intelligence techniques have 

shown favorable potential for carrying out and optimizing environmental tasks. In this 

context, the objective of this study was to evaluate the ability of the YOLOv8 (You Only 

Look Once) and DETR (Detection Transformer) networks to detect the tree species 

Leucaena leucocephala in panoramic Street View and mobile phone images. The tests 

in this study considered panoramic Street View and mobile phone images from the city 

of Presidente Prudente, with a dataset of 205 Street View images and 217 mobile 

phone images. In this study, tests were done with three datasets: 1- Street View 

images; 2- mobile phone images; 3- Street View and mobile phone images (datasets 

1 + dataset 2). The average of YOLOv8 was higher in mobile phone images with Recall 

= 0.75; mAP50 = 0.84 and mAP50-95 = 0.61. The DETR network also obtained 

superior results with mobile phone images, presenting Recall = 0.68; mAP50 = 0.84 

and mAP50-95 = 0.56. Although mobile phone images presented higher metrics, Street 

View images also showed satisfactory results in tests with YOLOv8 (Recall = 0.74 and 

mAP50 = 0.83). Despite the limitations found in this study, the results obtained showed 

that panoramic images can be used to detect the Leucaena leucocephala tree species 

in urban areas and can contribute to environmental monitoring and planning. 

Keywords: Leucaena leucocephala; YOLOv8; Detection Transformer (DETR); Deep 

Learning; Street View. 

 

INTRODUCTION 
  

The presence of tree vegetation in urban areas plays a fundamental role in 

quality of life. In addition to the aesthetic issue, trees improve air quality, reduce heat 

islands and conserve biodiversity (Zheng et al., 2023; Yilmaz; Irmak; Qaid, 2022; Liu; 

Slik, 2022). To guarantee ecological balance and the advantages provided by tree 

vegetation, it is necessary to analyze the choice of tree species inserted in cities (Liu; 
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Slik,, 2022). 

The introduction of exotic species can result in considerable environmental 

consequences (Zhao et al., 2022). An example of an exotic tree species that has 

invasive potential is Leucaena leucocephala, originally from Central America. This 

species has been introduced in tropical and subtropical regions in several countries as 

an option for urban afforestation, as it grows quickly. The Leucaena species competes 

with native species and alters local ecosystems. Therefore, it is necessary to monitor 

the presence of this species in urban areas to conserve biodiversity and ensure a 

sustainable environment (Kato-Noguchi; Kurniadie, 2022; Iqbal et al., 2023). 

To map tree vegetation in urban areas, remote sensing and other types of 

images have been applied in several locations., as they provide a comprehensive and 

detailed view to monitor and propose improvements to environments (Sishodia; Ray; 

Singh, 2020; Li et al., 2023a). In addition to the use of remote sensing data and images, 

several artificial intelligence algorithms are generally applied to mapping to optimize 

the procedure. The combination of different images with artificial intelligence can 

provide more accurate results in mapping vegetation as they can automate 

procedures.  

Deep learning is a branch of machine learning and has been applied in studies 

to analyze and map complex data (Moein et al., 2023; Li et al., 2023b). Deep learning 

allows models to analyze and extract features from large datasets and is effective in 

pattern recognition, language processing and computer vision tasks (Maxwell; Warner; 

Guillen, 2021; Yuan; Shi; Gu, 2021). Several studies have used deep learning 

networks to analyze vegetation and different tree species with remote sensing data 

(Arce et al., 2021; Bolyn et al., 2022; Nezami et al., 2020; Carvalho et al., 2022; Xu et 

al., 2023; Ferreira et al., 2024). One of the networks used is YOLO (You Only Look 

Once) and is known for its innovative approach to object detection in images. YOLO 

can efficiently detect objects in real time and allows a fast, agile and accurate 

implementation (Jiang et al., 2022; Terven; Cordova-Esparza, 2023; Chen et al., 

2023). 

The study carried out by Itakura and Hosoi (2020), proposed a method for 

measuring trees using 360° spherical cameras and another automatic method for 

detecting trees from 3D images. The trees included in the 360° spherical images were 

detected using YOLOv2 and then the trees were detected with the information obtained 

from the 3D images. The authors obtained an F-measure of 0.94. Another study by 
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Wang et al. (2023a), proposed an object detection algorithm based on YOLOv8 to 

detect diseased pine trees. The results obtained by the authors with the improved 

YOLOv8s-GAM model achieved 81%, 67.2% and 76.4% optimal detection 

performance on mAP50, mAP50-95 and average evaluation metrics. The results are 

4.5%, 4.5% and 2.7% higher than the original YOLOv8s model. The study carried out 

by Choi et al. (2022), classified tree species with YOLO and street view images. The 

proposed method achieved an average precision (Map) of 0.564. According to the 

authors, the results demonstrate the potential for creating inventories of urban tree 

profiles.  

Another network with potential for object detection is the Detection Transformer 

(DETR). DETR is a simple model that does not require a specialized library, unlike 

other detectors. In addition to showing accuracy and good performance, DETR can be 

easily generalized (Carion et al., 2020). The study of Dersch et al. (2023), applied two 

methods: Mask R – CNN and DETR to detect tree canopy. The authors used 

multispectral images and images from UAV (unmanned aerial vehicle) lidar data. The 

results obtained by the authors showed that multispectral images performed better 

than lidar data, and DETR with color infrared images reached 90% in coniferous, 81% 

in deciduous and 84% in mixed stands.  

In the context of tree species in urban areas, this study analyzed the 

performance of the YOLOv8 and DETR networks to detect the tree species Leucaena 

leucocephala in panoramic images from Google Street View and mobile phones. 

 

MATERIALS AND METHOD 
  

Figure 1 shows the flowchart with the steps taken in this study to verify the 

performance of YOLOv8 and DETR to detect the tree species Leucaena leucocephala 

in urban panoramic images. 
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Figure 1- A Flowchart with the steps taken with YOLOv8 and DETR on a total of 422 
Street View and cell phone images to detect the Leucaena leucocephala. 

 
Fonte: Author (2024). 
 

Study Area 
 

To carry out the tests in this study, images of the city of Presidente Prudente 

(Figure 2), in the state of São Paulo, in Brazil (Latitude 22º07'21.06''S and Longitude 

51º23' 17.71''W) were used. Presidente Prudente is a medium-sized city with an 

estimated population of 225,668 in 2022 (IBGE, 2022). The city chosen for the study 

has a high quantity of the tree species Leucaena leucocephala distributed throughout 

the urban area. In this study, it was possible to identify points in Presidente Prudente 

where Leucaena leucocephala is present to later collect images from Google Street 

View and mobile phones. 
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Figure 2- Location of the Study Area: Presidente Prudente, Brazil. The Figure also 
shows the points with the presence of Leucaena leucocephala in the city where the 
422 Street View and Mobile Phone Images were collected. 

 

 
Fonte: Author (2024). 

 

Data Collection and Preparation 
 

A total of 422 images were collected. Of the total images, 205 correspond to 

Google Street View images (3328 x 1664) and 217 correspond to mobile phone images 

(3000 x 3000). Street View images are obtained by cars equipped with 360-degree 

cameras and have advantages as they are frequently updated by the Google platform 

(Li; Yao, 2020). In addition to facilitating the collection of images of urban areas around 

the world, Street View (SV) helps to identify the characteristics of trees in more detail, 

including the species Leucaena leucocephala. 

In this study, the images collected from Google Street View of the city of 

Presidente Prudente correspond to the years 2021 and 2022 (the most recent years at 
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the time of collection). The mobile phone images were collected by the authors and 

corresponded to the year 2023. The camera was oriented in a vertical position and 

configured with a resolution of 48 megapixels. Furthermore, images were taken at 

different periods and days to collect a dataset with different light and shadow 

characteristics. 

For the tests in this study, labeling was made on the targets of interest to later 

verify the performance of two neural networks. The labeling was done using the 

LabelMe software and the tree vegetation was divided into two classes in this study: 

Leucaena and others (which include the rest of the trees). Figure 3 shows some 

examples of the labeling carried out for this study considering the two classes in the 

422 images. The images were divided into 3 datasets: Dataset 1 = 205 SV images; 

Dataset 2 = 217 mobile phone images; Dataset 3 = 422 images (sum of Dataset 1 and 

Dataset 2). 
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Figure 3- Example of labeling done in LabelMe with SV and mobile phone images 
considering 2 classes (green boxes = Leucaena; red boxes = other). The horizontal 
images correspond to the SV image examples. The square images correspond to 
mobile phone image examples. 

 
Fonte: Author (2024). 

 

Networks 
 

 The YOLOv8 algorithm is a fast object detection method and has stood out in 

the field of computer vision (Wang et al., 2023b; Wang et al., 2023c). YOLOv8 is an 

algorithm released by the company Ultralytics on January 10, 2023, and compared to 

previous models in the YOLO series (such as YOLOv5 and YOLOv7) it is an advanced 
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and cutting-edge model that offers greater accuracy and detection speed (Wang et al., 

2023b). YOLOv8 comprises an input segment, a backbone, a neck and an output 

segment. The input segment performs mosaic data augmentation and adaptive 

grayscale filling on the input image. The backbone network and the neck module form 

the core structures of the YOLOv8 network. In the YOLO network, C2 and C3 refer to 

specific convolutional layers in the network architecture. C2 refers to the second 

convolutional layer and C3 refers to the third convolutional layer These convolutional 

layers are crucial for object detection. The input image is processed by various Conv 

and C2f modules to extract feature maps at different scales. The C2f module is an 

improved version of the original C3 module and functions as the main residual learning 

module (Wang et al., 2023c). 

 The Detection Transformer (DETR) can be considered a Transformer's 

pioneering work in the field of target detection and contains three main components: 

CNN backbone network; Encoder-decoder transformer and simple feedforward 

networks. The DETR simplifies the object detection pipeline by removing hand-crafted 

designs and hyperparameters as employed in conventional two-stage object detectors 

(Zhang et al., 2023a). 

In this study, the performance of the YOLOv8 and DETR networks was 

analyzed. The YOLOv8 model has five different scaled models by adjusting two 

parameters: width and depth. These models are referred to as YOLOv8n (nano), 

YOLOv8s (small), YOLOv8m (medium), YOLOv8l (large) and YOLOv8x (extra-large) 

(Wang et al., 2023b; Terven; Cordova-Esparza, 2023). The version of YOLOv8 used 

in this study was Yolov8m.  

The DETR backbone in this study was ResNet50. Tables 1 and 2 show the 

hyperparameters for each of the networks used in this study. The tests were carried 

out with the following hardware conditions: CPU = Ryzen 7 5700X; GPU = Nvidia RTX 

3090; RAM = 32GB DDR4. The training time for the networks in this study was 2 hours 

for YOLOv8 and 3 and a half hours for DETR. In this study, 70% of the data was 

considered for training, 15% for validation and 15% for testing. 
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Table 2- YOLOv8 Hyperparameters 
YOLOv8 

Batch Size 
 

16 

Image Size 640 x 640 

Epochs 100 

Learning Rate 0,01 

Optimizer AdamW 

Inference Time 0,01 s 

 

 

Table 2- DETR Hyperparameters 
DETR 

Batch Size 
 

8 

Image Size 640 x 640 

Epochs 100 

Learning Rate 0,0005 

Optimizer AdamW 

Inference Time 0,7 s 

 

Evaluation Metrics 
 

In this study, five evaluation metrics were used for YOLOv8 and DETR: recall, 

precision, F1, mAP50 and mAP50-95 (Huang et al., 2023): 

- Recall (R): measures the model's ability to detect all objects of a specific class. 

It is calculated as the number of true positives (TP) divided by the sum of true positives 

and false negatives (FN). A high Recall score indicates that the model is capturing 

most objects of the desired class (Huang et al., 2023; Arifando; Eto; Wada, 2023): 
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Recall = TP/(TP+FN)                                                        (1) 

   

- Precision (P): measures the proportion of positive instances correctly 

identified about the total instances identified as positive by the model (Huang et al., 

2023; Arifando; Eto; Wada, 2023): 

 

Precision = TP/(TP+FP)                                                    (2) 

 

- F-measure (F1): The F1 measure combines precision and recall into a single 

value. It is especially useful when there is an imbalance between classes in a dataset 

(Huang et al., 2023); 

- mAP50 (Mean Average Precision at 50% IoU): is a metric that evaluates the 

average accuracy of the model over multiple classes of objects. Calculates the average 

precision considering different Intersection-over-Union (IoU) Threshold values 

between the predicted bounding boxes and the true bounding boxes. The value "50" 

indicates that an IoU of 50% is used as a criterion to determine whether a detection is 

considered correct (Huang et al., 2023; Su et al., 2024). 

- mAP50-95 (Mean Average Precision from 50% to 95% IoU): is similar to 

mAP50, but instead of considering just a specific IoU value, mAP50-95 averages 

accuracy over a range of IoU values, from 50% to 95%, increasing by 5% each time. 

This provides a more comprehensive assessment of model accuracy under various 

conditions of overlap between the predicted and true bounding boxes (Huang et al., 

2023; Su et al., 2024). 

These metrics together provide a comprehensive view of the object detection 

model's performance: how it balances between finding all relevant objects (Recall), the 

accuracy of detections made (mAP50), and the accuracy in locating objects (mAP50-

95). 

 

RESULTS 
 

 Tests were carried out with YOLOv8 and DETR. The average metrics for the 

three datasets are shown in Table 3. Dataset 1 considered the 205 Street View (SV) 

images; Dataset 2 considered the 217 mobile phone images (MP); and Dataset 3 

considered the 422 images, that is, the combination of Dataset 1 with Dataset 2 (SV + 



99  
 
 

MP). 

 

Table 3- Results of recall (R), mAP50 and mAP50-95 for the tests with YOLOv8 and 

DETR with 3 different datasets. 
YOLOv8 

 R  
 

mAP50  
 

mAP50-95  
 

Dataset 1 - SV 0.749 0.830 0.517 

Dataset 2 - MP 0.751 0.849 0.614 
Dataset 3 – SV + 

MP 
0.766 0.844 0.540 

DETR 
 R mAP50 mAP50-95  

 
Dataset 1 - SV 0.218 0.455 0.169 

Dataset 2 - MP 0.684 0.847 0.563 

Dataset 3 – SV + 

MP 

0.219 0.355 0.130 

 

 Concerning dataset 3, the networks studied presented opposite results. In the 

case of YOLOv8, mixing the datasets (dataset 3) generated advances in the average 

metrics and proved to be a model capable of extracting the characteristics that define 

the Leucaena tree species regardless of distortion. In the case of DETR, there was a 

significant worsening when trained with dataset 3. The combination of data from 

different domains caused the model to enter a state of underfit, with less generalization 

of learning. Figures 4, 5, 6 and 7 show comparisons of the metrics graphs for the three 

datasets with the YOLOv8 network. 
 

Figure 4- Comparison of the Graphs with the Recall Confidence Curve for the 3 
Datasets with YOLOv8. 

 
Fonte: Author (2024). 
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Figure 5- Comparison of the Graphs with the Precision Confidence Curve for the 3 
Datasets with YOLOv8. 

 
Fonte: Author (2024). 

 
Figure 6- Comparison of the Graphs with the Precision-Recall Confidence Curve for 
the 3 Datasets with YOLOv8. 

 
Fonte: Author (2024). 

 
Figure 7- Comparison of the Graphs with the F1 Confidence Curve for the 3 Datasets 
with YOLOv8. 

 
Fonte: Author (2024). 

 
 Figures 8, 9 and 10 show the visual detection comparisons obtained with the 

YOLOv8 and DETR networks on the three datasets tested. 
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Figure 8- Visual comparison of the detection obtained with YOLOv8 and DETR in 
dataset 1 with Street View images. 

 
Fonte: Author (2024). 
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Figure 9- Visual comparison of the detection obtained with YOLOv8 and DETR in 
dataset 2 with cell phone images. 

 
Fonte: Author (2024). 

 

Figure 10- Visual comparison of the detection obtained with YOLOv8 and DETR in 
dataset 3 with Street View and cell phone images. 

 
Fonte: Author (2024). 
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DISCUSSION 
 

In this study, YOLOv8 was shown to be 70 times faster in inference time than 

DETR and outperformed DETR (Table 3). YOLOv8 is an advanced, state-of-the-art 

model launched in January 2023 and has stood out for its greater accuracy and 

detection speed (Wang et al., 2023b; Hussain, 2023).  

YOLOv8 and derived models have proven efficient in the environmental and 

agricultural areas to detect leaves, trees and crops (Zhong et al., 2024; Wang et al., 

2023d; Guo et al., 2023; Solimani et al., 2024; Guan et al., 2024; Korznikov et al., 

2023). Zhong et al. (2024), used YOLOv8 to identify individual trees with RGB and 

LIDAR data. The authors found that YOLOv8 presented better performance compared 

to other models. Korznikov et al. (2023), analyzed the performance of YOLOv8 to 

detect two species of evergreen coniferous trees. The authors obtained an F1 of 0.990 

and overall accuracy of 0.981, which allowed a detailed analysis of species distribution.  

One of the obstacles encountered by the networks was the characteristics of 

Street View images. Google Street View images present considerable distortion as 

they are 360° images and the fact that Google vehicles only travel in one direction, 

causes the other side of the street to present the distortion (Hipp et al., 2021). This 

feature in the images made it difficult to identify the object of interest (Leucaena) in our 

tests. Correction attempts have been made to reduce distortion in Street View images, 

such as conversion using a rotation matrix and cropping a portion of the image. Despite 

attempts, none showed an improvement in the model's performance. 

In the field of computer vision, object detection has been a challenge. Object 

detection seeks to predict a bounding box and a class label (Zhang et al., 2023a). 

Despite its innovative designs, DETR also has limitations, including slow convergence 

and lower performance (Liu et al., 2023). In this study, tests with DETR proved to be 

less accurate when compared to the YOLOv8 detection network (Table 3). The most 

accurate result from DETR was in the test with dataset 2, where the network obtained 

a mAP50 of 0.847. Despite presenting a higher average for this network, it was still 

lower than YOLOv8, which obtained a mAP50 of 0.849 with dataset 2. The 

improvement in DETR in this case can be explained by the images that make up 

dataset 2 (only mobile phone images). The use of images that do not present distortion 

proved to be more efficient for the DETR network, which justifies the low accuracy of 

the network in datasets 1 and 3, which were composed of Street View images. 
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New transformer-based approaches have been applied in studies to DETR to 

improve model accuracy: DA-DETR: Domain Adaptive Detection Transformer (Zhang 

et al., 2023); OW-DETR: Open-world Detection Transformer (Gupta et al., 2022); AO2-

DETR: Arbitrary-Oriented Object Detection Transformer (Dai et al., 2022); Semi-

DETR: Semi-Supervised Object Detection with Detection Transformers (Zhang et al., 

2023b). In all the cases mentioned, the authors obtained a performance improvement 

when compared to DETR, which presents limitations. These results indicate that new 

approaches can improve DETR performance. 

Traditional object detection methods are based on shallow, trainable 

architectures. The performance of traditional methods tends to stagnate when they 

have a complex data set (Zhao et al., 2019). Deep learning has been introduced to 

solve existing problems in traditional architectures and improve object detection 

results, as these models can learn low- and high-level image features (Kaur; Singh, 

2023; Xiao et al., 2020). Furthermore, deep learning behaves differently in network 

architecture, training strategy and optimization function (Zhao et al., 2019). 

Morera et al. (2020), used YOLO to detect outdoor advertising panels in Street 

View images. The authors found that YOLO produced better panel localization results 

detecting a higher number of True Positive (TP) panels with a higher accuracy 

compared to Single Shot MultiBox Detector (SSD) network. Another study by Shu, Yan 

and Xu (2021), applied YOLOv5 to detect cracks in pavements with street view images. 

The authors obtained mAP greater than 70% and a detection time of 152 ms. YOLOv5 

proved to be more efficient than YOLOv3, which shows the improvement of the model 

as new versions are released. In addition to the precise result, the authors mention 

that the ease of collecting street view data corresponds to an advantage for detection. 

YOLOv8 has been shown to be more accurate than other models including the 

old versions of YOLO (Sary; Andromeda; Armin, 2023; Diwan; Anirudh; Tembhurne, 

2023; Talaat; Zaineldin, 2023). The study of Bayrak, Erdem and Uzar (2023), used a 

convolutional neural network (CNN) and variants of YOLOv8 to classify tree species 

with aerial images from TreeSatAI. The authors showed that YOLOv8 outperformed 

other YOLO variants with scores above 70%. The tests carried out in this study showed 

that street-level images contribute to the detection of the Leucaena tree species. 
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CONCLUSIONS 
 

This study conducted out tests to verify the performance of the YOLOv8 and 

DETR networks in detecting the tree species Leucaena leucocephala considered a 

potentially invasive species in several regions, including Brazil. Panoramic Street View 

and mobile phone images allow a detailed view at street level, making it possible to 

observe tree components such as foliage, fruits, flowers and trunks. We carried out 

tests with a dataset with 422 images (205 from Street View and 217 from mobile phone) 

from different parts of the city chosen as the study area. The images were divided into 

three datasets (dataset 1 = Street View images; dataset 2 = mobile phone images; 

dataset 3 = dataset 1 + dataset 2). YOLOv8 was launched in 2023 and presented 

better results than DETR, presenting mAP50 of 0.83 for Street View and 0.84 for 

mobile phone images, while DETR presented mAP50 of 0.45 for Street View and 0.84 

for mobile phones. YOLOv8 also presented higher recall than DETR, with an average 

of 0.74 for SV images and 0.75 for MP images, while DETR presented an average of 

0.21 for SV and 0.68 for MP. The networks presented difficulties with certain types of 

images (such as the distortions present in Street View images). Despite the limitations, 

the networks studied presented interesting metrics and contribute to urban planning, 

as they will provide a quick procedure to detect the invasive species, which can speed 

up decision making. Future studies can analyze the performance of networks with new 

approaches and also the application of methods that reduce distortion in Street View 

images, to minimize errors and achieve more accurate metrics. 
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3 CONSIDERAÇÕES FINAIS 
 
 

Este trabalho apresentou o desempenho de redes de aprendizagem 

profunda na identificação da espécie arbórea Leucaena leucocephala em imagens 

panorâmicas do Google Street View e de celular. No capítulo 1 foi apresentado 

uma revisão da literatura na área de interesse com base nos estudos disponíveis 

no Web of Science. A revisão mostra os dados quantitativos que combina a 

utilização de sensoriamento remoto e inteligência artificial (machine e deep 

learning) para mapear vegetação (geral, arbórea e espécies). As análises 

mostraram dados importantes da área, foi possível identificar 149 espécies 

arbóreas (inclusive a Leucaena leucocephala) já mapeadas em estudos anteriores 

com a utilização de sensoriamento remoto e diferentes algoritmos e redes. Além 

disso, a análise mostra os satélites já utilizados, métricas de avaliação, redes de 

aprendizagem profunda mais utilizadas, entre outras informações relevantes. 

No segundo capítulo é apresentado um artigo com a utilização do Segment 

Anything Model (SAM) para segmentar vegetação arbórea em geral com imagens 

do Google Street View. Este artigo foi apresentado no Encontro Nacional de 

Ensino, Pesquisa e Extensão da Universidade do Oeste Paulista (UNOESTE) em 

2023 e obteve o 2° lugar na categoria de Pós Graduação do 12° Prêmio Científico 

Unoeste. Após o evento, o artigo foi publicado nos Anais de Evento do ENEPE. 

Este artigo apresenta os testes iniciais com o SAM e as métricas possuem média 

de 99% de acurácia. 

No terceiro capítulo é apresentado um novo estudo com o Segment 

Anything Model (SAM) e imagens panorâmicas. Neste estudo, o objetivo foi avaliar 

a capacidade do SAM em segmentar a espécie arbórea Leucaena leucocephala 

em imagens do Street View e de celular. É importante identificar a Leucaena de 

forma otimizada pois essa espécie é comum em diversos países e pode se tornar 

invasora. Neste estudo, o SAM obteve resultados superiores para imagens do 

Street View do que de celular. Enquanto a média F1 do Street View foi de 93%, as 

de celular tiveram média F1 de 66%.    

No quarto capítulo, é apresentado um estudo do desempenho de duas 

redes de detecção de objetos: YOLOv8 (You Only Look Once) e DETR (Detection 

Transformer) para detectar a espécie Leucaena leucocephala em imagens 

panorâmicas do Street View e de celular. Foram realizados testes com três 
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datasets (com 205 imagens do Street View e 217 de celular da cidade de 

Presidente Prudente) e as duas redes. Os resultados mostraram que a YOLOv8 

superou a DETR e apresentou mAP50 em torno de 80% para os três datasets 

testados (que são compostos por imagens do SV, de celular e ambas).   

A utilização de redes de aprendizagem profunda para detecção e 

segmentação da espécie arbórea Leucaena leucocephala em imagens 

panorâmicas do Street View e de celular apresentou resultados precisos em alguns 

testes deste projeto. O SAM, YOLOv8 e DETR correspondem a opções relevantes 

para auxiliar na identificação da espécie arbórea Leucaena em áreas urbanas e 

podem otimizar o planejamento ambiental a fim de verificar a presença de espécie 

invasora nas cidades. Estudos futuros podem analisar formas de minimizar as 

distorções das imagens do Google Street View e melhorar o desempenho na 

detecção da Leucaena.   
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