urban science

Article

Identification of Leucaena leucocephala in Urban Landscapes
Using Street-Level Images and Deep Learning

Danielle Elis Garcia Furuya

1,2,%

, Gleison Marrafon 3, Eduardo Lopes de Lemos 4 Michelle Tais Garcia Furuya 1

Robson Diego Silva Gongalves 1 Wesley Nunes Gongalves 4 José Marcato Junior >0, Edson Luis Bolfe 26

Veraldo Liesenberg 7, Lucas Prado Osco !

W) Check for updates

Academic Editors: Mieczyslaw Kunz

and Jianming Cai

Received: 11 February 2026

Revised: 22 March 2026

Accepted: 24 March 2026

Published: 2 April 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Ana Paula Marques Ramos 3

Post-Graduate Program of Environment and Regional Development, University of Western Sao Paulo, Raposo
Tavares, km 572, Presidente Prudente 19067-175, SP, Brazil; michellegfuruya@gmail.com (M.T.G.E);
robsondiegobio@gmail.com (R.D.S.G.); lucasosco@unoeste.br (L.P.O.)

Brazilian Agricultural Research Corporation—Embrapa, Embrapa Agricultura Digital,

Campinas 13083-886, SP, Brazil; edson.bolfe@embrapa.br

Faculty of Science and Technology, Sao Paulo State University (UNESP), R. Roberto Simonsen, 305,
Presidente Prudente 19060-900, SP, Brazil; g.marrafon@unesp.br (G.M.); marques.ramos@unesp.br (A.PM.R.)
Faculty of Computer Science, Federal University of Mato Grosso do Sul, Av. Costa e Silva,

Campo Grande 79070-900, MS, Brazil; lopes.eduardo@ufms.br (E.L.d.L.); wesley.goncalves@ufms.br (W.N.G.)
Faculty of Engineering and Architecture, Federal University of Mato Grosso do Sul, Av. Costa e Silva,
Campo Grande 79070-900, MS, Brazil; jose.marcato@ufms.br

Institute of Geosciences, State University of Campinas (Unicamp), Campinas 13083-855, SP, Brazil
Department of Forest Engineering, College of Agriculture and Veterinary, Santa Catarina State

University (UDESC), Lages 88520-000, SC, Brazil; veraldo.liesenberg@udesc.br

Correspondence: daniellegarciafuruya@gmail.com or danielle.furuya@colaborador.embrapa.br

Abstract

Mapping urban tree species supports green infrastructure planning. An essential issue
refers to the monitoring of exotic species that may become invasive. Street-level imagery
provides a complementary perspective to aerial images for species identification that
are difficult to distinguish from above. In this context, our study aimed to evaluate deep
learning-based object detection and image segmentation approaches to identify a potentially
invasive tree species known as Leucaena leucocephala in an urban environment in Brazil,
using 422 street-level images acquired from Google Street View (SV) and mobile phones
(MPs). Object detection models (YOLOvV8 and DETR) and a foundation segmentation
model (SAM, zero-shot) were applied to assess how deep learning paradigms perform
under heterogeneous urban imaging conditions. YOLOvVS8 achieved detection performance
with mAP50 above 0.83 and recall up to 0.76. DETR showed domain sensitivity, with
mAP50 of 0.45 in SV images and 0.84 in MP imagery. For segmentation, SAM zero-shot
achieved 0.92 accuracy and 0.93 Fl-score in SV images, decreasing to 0.63 accuracy and
0.66 Fl-score in MP images. Overall, this study demonstrates that combining detection
and segmentation approaches provides complementary information for urban vegetation
monitoring, supporting decision-making related to invasive species management and
sustainable urban landscape planning.

Keywords: invasive tree species; urban tree species detection; semantic segmentation;
YOLOVS; Detection Transformer (DETR); Segment Anything Model (SAM); urban planning

1. Introduction

Urban trees play a fundamental role in environmental quality and human well-being,
contributing to air purification, temperature regulation, biodiversity enhancement, and
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improved urban aesthetics [1,2]. Effective urban vegetation planning, therefore, depends
not only on increasing tree cover but also on the appropriate selection of species, prioritizing
native trees that are adapted to local soil, climate, and fauna conditions and that provide
long-term ecological benefits [3-5]. In contrast, the introduction of exotic species into
urban environments can generate negative ecological impacts, particularly when these
species exhibit invasive behavior, competing with native vegetation for resources, reducing
biodiversity, and altering ecosystem processes [3,6,7].

Leucaena leucocephala (Lam.) de Wit (hereafter referred to as “Leucaena” for simplicity),
a tree species native to Mexico and Central America, has been widely introduced in tropical
and subtropical regions and is commonly found in urban areas of many countries. In
regions where it is considered exotic, Leucaena is classified as a potentially invasive species
due to its rapid growth and high competitive capacity, which can lead to environmental
degradation and the suppression of native species [8-10]. This species has been listed
among the 100 worst invasive alien species worldwide, reinforcing the importance of its
identification and monitoring in urban landscapes to support biodiversity conservation,
environmental management, and healthier urban environments [8,9].

Remote sensing technologies have played a key role in environmental monitoring
by enabling large-scale and continuous observation of ecosystems, supporting studies on
land-use change, deforestation, and urban expansion [11-13]. In urban contexts, remote
sensing data are widely used to map vegetation distribution and support urban planning
and green infrastructure development [14,15]. However, the identification of individual
tree species in orbital imagery, or even when using high-spatial resolution aerial imagery,
remains challenging, particularly for species such as Leucaena, whose canopy structure
and spectral characteristics are not easily distinguishable from surrounding vegetation
when observed from a nadir perspective.

In this context, street-level imagery provides a valuable complementary perspective
for urban vegetation studies. Unlike aerial or satellite data, street-level images capture
detailed views of tree trunks, branches, leaves, and overall structure, enabling more precise
identification of individual species. Platforms such as Google Street View offer exten-
sive spatial coverage in urban areas and have been increasingly used for applications
related to urban planning, environmental monitoring, and the assessment of urban visual
environments [16-18]. In addition to panoramic platforms such as Google SV, street-level
images can also be acquired using mobile phones, which offer flexible, low-cost, and high-
resolution data collection directly at street level. Although street-level images from Google
Street View and mobile phones present geometric and radiometric limitations, they are
easily accessible and low-cost, and they enable the construction of datasets that support
the identification of targets in urban environments, providing valuable guidance for sub-
sequent, time- and cost-intensive field surveys. Previous studies have demonstrated the
potential of street-level imagery combined with deep learning techniques for detecting and
classifying urban tree species, highlighting its suitability for large-scale and cost-effective
urban vegetation inventories [19,20].

Recent advances in deep learning have further expanded the possibilities for analyzing
street-level images. Object detection networks, such as You Only Look Once (YOLO) and
Detection Transformers (DETR), have shown strong performance in identifying trees and
vegetation elements in complex urban scenes, enabling rapid and accurate detection [21-23].
The study of Itakura & Hosoi (2020) [21] proposes a cost-effective method for automatic
tree detection and structural measurement using 360° spherical imagery combined with
structure-from-motion 3D reconstruction and YOLO-based detection, achieving accurate
trunk diameter and height estimation with an F-measure of 0.94. Another study by Choi
et al. (2022) [22] proposes a deep learning-based framework using street-level imagery to
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automatically classify urban tree species and estimate structural parameters (e.g., height
and diameter), combining YOLO object detection, semantic segmentation, and graphical
analysis to generate urban tree profile inventories with a mean average precision of 0.564.

In parallel, foundation models for image segmentation, such as the Segment Anything
Model (SAM), introduced by Meta Al in 2023 [24], allow for flexible segmentation of objects
using zero-shot or few-shot approaches, reducing the need for extensive labeled datasets
and offering new opportunities for urban environmental analysis [25,26].

Despite these advances, there is still a lack of studies that jointly evaluate detection-
based and segmentation-based deep learning approaches for identifying potentially in-
vasive tree species in urban environments using street-level imagery. Comparative as-
sessments of task-specific detection models and foundation segmentation models remain
limited, particularly for species such as Leucaena leucocephala, which pose significant chal-
lenges for traditional remote sensing approaches.

To address these gaps, this study provides a comparative assessment of detection- and
segmentation-based deep learning approaches for mapping a single potentially invasive
tree species (Leucaena leucocephala) in urban streetscapes. Unlike prior work that typically
focuses on either (i) a single street-level source or (ii) a single computer-vision task, we
explicitly evaluate cross-domain variability by contrasting Google Street View and mobile
phone images (on-site acquisitions with higher variability in viewpoint, illumination, and
background clutter). We further compare task-specific object detectors (YOLOvS and DETR)
against a foundation segmentation model (SAM in zero-shot mode), highlighting practical
trade-offs for urban vegetation monitoring when training data are limited. The results
aim to contribute to urban environmental monitoring, invasive species management, and
landscape planning by demonstrating the potential of street-level imagery combined with
deep learning techniques.

2. Materials and Methods
2.1. Experimental Workflow

Figure 1 shows the workflow with the steps taken in this study to verify the effi-
ciency of the detection and segmentation networks to identify the Leucaena tree species in
urban areas.
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Figure 1. Workflow illustrating the steps performed in this study using YOLOvS8, DETR, and SAM
(zero-shot) to detect and segment Leucaena in a total of 422 street-level images from Google SV
and MP.
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2.2. Study Area

To conduct the tests in this study, images of the city of Presidente Prudente (Figure 2),
in the state of Sao Paulo, Brazil (latitude 22°07'21.06” S and longitude 51°23'17.71"” W),
were used. Presidente Prudente is a medium-sized city with an estimated population of
225,668 in 2022 [27]. This city has an area of approximately 230.05 km?, including the
urban and rural perimeters [28] and 60.83 km? of urbanized area [29]. Presidente Prudente
has a high quantity of the tree species Leucaena distributed throughout the urban area,
representing a pattern commonly observed in other Brazilian cities and in tropical and
subtropical regions worldwide. In this study, it was possible to identify points in the city
where Leucaena is present to later collect images from Google SV and MP (Figure 2).
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Figure 2. Location of the study area: Presidente Prudente, Brazil. The figure shows maps at the
national, state, and city levels for Brazil, the state of Sao Paulo, and the city of Presidente Prudente.
The figure also shows the points with the presence of Leucaena in the city where the 422 SV and MP
images were collected.

2.3. Data Collection and Preparation

In this study, a total of 422 images were collected. Of the total images, 205 correspond
to Google SV images (3328 x 1664), and 217 correspond to MP images (3000 x 3000). SV
images are obtained by cars equipped with 360-degree cameras and have advantages as
they are frequently updated by the Google platform [30]. In addition to facilitating the
collection of images of urban areas around the world, SV helps to identify the characteristics
of trees in more detail, including the species Leucaena.

The images collected from Google SV of the city of Presidente Prudente correspond to
the years 2021 and 2022 (the most recent years at the time of collection). The MP images
were collected by the authors and corresponded to the years 2023 and 2024. The camera
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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.

The image annotation process was performed using the LabelMe software. Different
labeling strategies were adopted according to the deep learning task and the specific re-
quirements of each model architecture. For image segmentation, reference annotations
were manually created in the LabelMe software by delineating irregular polygon masks
corresponding to individual Leucaena trees. These polygon annotations represent the
ground truth (GT) used for performance evaluation. For the SAM zero-shot experiments,
the polygon-based GT annotations were converted into bounding boxes, which were used
as box prompts to guide the model during segmentation. The SAM output consists of
pixel-level segmentation masks, which were subsequently compared with the original
polygon-based GT annotations to compute the evaluation metrics. As the SAM zero-shot
configuration does not require a training phase [26] and was assessed as an initial segmen-
tation test, a subset of 40 street-level images was considered sufficient for this analysis.

For object detection experiments, annotations were created using bounding boxes.
The full dataset of 422 street-level images, including SV and MP images, was labeled in
LabelMe, considering two classes, namely Leucaena and Other, where the latter includes
other tree species present in the urban environment. These annotations were used to
train/validate and test the YOLOv8 and DETR networks. Figure 3 presents examples
of the annotation process for both segmentation (polygon-based labeling) and detection
(bounding box-based labeling).

(b)

Legend:
(a) Polygon Labeling SV Images D Leucaenas
(b) Box Labeling [] MPImages ]:l Other (trees)

Figure 3. Examples of image annotations performed using the LabelMe software: (a) Polygon-
based labeling of Leucaena for image segmentation using SAM. (b) Bounding box-based labeling
of Leucaena for object detection using YOLOvS8 and DETR. Images outlined in yellow correspond
to SV imagery, while images outlined in purple correspond to MP imagery. In the bounding box
annotations, two classes were considered: Leucaena (shown in red) and Other (shown in green),
which includes other tree species present in the images.
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2.4. Segmentation and Detection Tasks with Deep Neural Networks
2.4.1. Segment Anything Model (SAM)

The Segment Anything Model (SAM) is a model for image segmentation introduced
by Meta Al in 2023, designed to generate object masks across diverse image domains
without requiring task-specific training [25]. The model is prompt-based and can perform
segmentation using inputs such as points or bounding boxes, enabling zero-shot, one-shot,
or few-shot learning [26]. Due to its strong generalization capability, SAM has shown
potential for applications where annotated data are limited, including environmental and
remote sensing studies.

In this test, 40 street-level images were selected for the segmentation experiments
and manually annotated to enable the calculation of evaluation metrics and to support a
quantitative assessment of the SAM zero-shot performance. As the zero-shot configuration
of the SAM does not require a training phase [26], a limited number of annotated images
was sufficient for this initial segmentation evaluation.

Image annotation was performed using the LabelMe software (Figure 3), which has
been widely adopted in computer vision and remote sensing studies for object delineation
and segmentation tasks [31-33]. The annotation process involves identifying and group-
ing pixels that represent the target object within the image, forming distinct regions for
subsequent analysis [34,35]. In this study, polygon-based labeling was employed, as it
allows precise delineation of object boundaries and provides an efficient and compact
representation for pixel-level segmentation. Accordingly, individual Leucaena trees were
delineated using polygon shapes in LabelMe.

For both qualitative and quantitative analyses, the SAM zero-shot model was im-
plemented using the official Meta Al GitHub repository (accessed in February 2024) and
adapted following the methodology proposed by Osco et al. 2023 [26]. The experiments
were conducted on the Google Colaboratory platform, where the SAM model was guided
by box prompts to perform segmentation on street-level images. The adaptation included
reading annotation files in JSON format generated by LabelMe and enabling the com-
parison between the SAM-predicted masks and the reference polygon annotations for
metric computation.

Two inputs were required for the segmentation workflow: (i) the street-level image in
PNG or JPG format, acquired from Google Street View or mobile phones, and (ii) a JSON
file containing the polygon-based ground-truth (GT) annotations of Leucaena. Within
the processing pipeline, the irregular polygon annotations were automatically converted
into regular bounding boxes, which were used as box prompts to guide the SAM zero-
shot model. The model output consists of pixel-level segmentation masks, which were
subsequently compared with the original polygon-based GT annotations to quantitatively
evaluate the segmentation performance through the calculation of evaluation metrics.

For the SAM zero-shot experiments, three datasets were defined: DS1 with 20 SV
images, DS2 with 20 MP images, and DS3 with a total of 40 images combining SV and MP
data. The combined dataset (DS3) was included to evaluate the overall robustness of the
SAM zero-shot model when applied to heterogeneous street-level imagery, allowing for the
assessment of its generalization capability across different acquisition sources and urban
visual conditions.

2.4.2. You Only Look Once (YOLO) and Detection Transformer (DETR)

YOLOVS is an object detection algorithm that has gained prominence in computer
vision due to its high detection accuracy and real-time performance [36,37]. Released by
Ultralytics in January 2023, YOLOVS represents an advancement over previous versions
of the YOLO family by incorporating architectural improvements that enhance feature
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extraction and detection efficiency. The network follows a standard detection pipeline com-
posed of an input module, a backbone for feature extraction, a neck for feature aggregation
at multiple scales, and an output head for object prediction. These design choices enable
YOLOVS to effectively detect objects of varying sizes in complex scenes.

YOLOVS provides different model scales by adjusting network depth and width,
including YOLOv8n (nano), YOLOvS8s (small), YOLOv8m (medium), YOLOVSI (large),
and YOLOvS8x (extra-large) [36,38]. In this study, the YOLOv8m model was selected as a
compromise between detection accuracy and computational efficiency, making it suitable
for urban street-level imagery with heterogeneous visual conditions.

The Detection Transformer (DETR) represents a pioneering transformer-based ap-
proach for object detection, reformulating detection as a direct set prediction problem [39].
DETR consists of three main components: a convolutional neural network (CNN) back-
bone for feature extraction, an encoder, a decoder transformer for global reasoning, and
a feedforward network for final object predictions. Unlike traditional object detectors,
DETR eliminates the need for hand-crafted components such as anchor boxes and non-
maximum suppression, simplifying the detection pipeline while enabling robust object
localization [40]. In this study, DETR was implemented using a ResNet50 backbone.

Both YOLOv8 and DETR were trained and evaluated using the full dataset of
422 annotated street-level images, comprising SV and MP images. The dataset was divided
into 70% for training, 15% for validation, and 15% for testing. Details of the hyperparam-
eters used for each model are provided in Table 1. For the object detection experiments
with YOLOvS8 and DETR, a total of 422 street-level images were annotated using bounding
boxes in the LabelMe software.

Table 1. Hyperparameters adopted for training and evaluating the YOLOv8 and DETR networks
using street-level images.

Hyperparameters YOLOvS DETR
Batch Size 16 8
Image Size 640 x 640 pixels 640 x 640 pixels
Epochs 100 100
Learning Rate 0.01 0.0005
Optimizer AdamW AdamW
Inference Time 0.01s 0.7s

For the object detection experiments using YOLOvS and DETR, in the MP images, a
total of 490 samples of the ‘Leucaena’ class and 270 samples of the ‘Other’ class were anno-
tated. In contrast, the SV dataset contained a substantially larger number of instances, with
2044 ‘Leucena’ samples and 2519 ‘Other’ samples. This difference is primarily attributed to
the characteristics of the image acquisition platforms. MP images capture a more limited
field of view, typically focusing on a smaller portion of the urban scene and often containing
one or a few trees per image. Conversely, Google SV images are panoramic (360°) and cover
a much wider spatial extent, frequently including multiple trees and surrounding vegeta-
tion within a single frame, which increases the number of annotated instances (Figure 4).
Despite differences in labeling between MP and SV images, all performance metrics were
computed consistently across datasets, allowing for a comparison of model behavior under
distinct urban imaging conditions.

The joint use of SV and MP datasets enhances the representativeness of urban con-
ditions, providing complementary information that reflects both large-scale streetscape
patterns and localized urban variability. Since the main objective was to assess model
behavior across distinct image acquisition domains rather than to compare balanced class
distributions, preserving the natural instance density allowed a more realistic evaluation of
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domain-dependent performance. Although some dataset splits contain a limited number of
test images, evaluation metrics were computed at the instance level, where each annotated
tree was treated as an individual object. This increases the effective number of evaluation
samples beyond the image count alone.

Figure 4. Examples (a—f) of segmentation results obtained with the SAM zero-shot model for Leucaena
SV images. The segmentation was guided by box prompts, highlighting the ability of the model
to delineate individual trees under different urban contexts and background conditions. For each
example, the image on the left shows the delimited box, and the image on the right shows the
segmentation done by SAM.

All experiments were conducted under the same hardware conditions to ensure
comparability, using a Ryzen 7 5700X CPU, an NVIDIA RTX 3090 GPU, and 32 GB of DDR4
RAM. The training time was approximately 2 h for YOLOvS and 3.5 h for DETR.

The images were divided into 3 datasets: Dataset 4 = 205 SV images; Dataset
5 =217 MP images; Dataset 6 = 422 images (sum of Dataset 4 and Dataset 5).

2.5. Evaluation Metrics

The performance of the deep learning models was evaluated using a set of widely
adopted segmentation and object detection metrics, including accuracy, precision, recall, F1-
score, mean average precision at 50% intersection over union (mAP50), and mean average
precision from 50% to 95% IoU (mAP50-95). Accuracy, precision, recall, and F1-score
were used to assess the overall segmentation performance, capturing different aspects of
prediction correctness, class discrimination, and the balance between false positives and
false negatives.

For object detection performance, mAP50 and mAP50-95 were employed as standard
evaluation metrics. The mAP50 metric measures the average precision across object classes
considering a fixed IoU threshold of 50%, where detections are regarded as correct when the
overlap between predicted and ground-truth bounding boxes exceeds this threshold [41,42].
In contrast, mAP50-95 provides a more stringent and comprehensive evaluation by av-
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eraging precision over multiple IoU thresholds ranging from 50% to 95% in increments
of 5%, thereby assessing the robustness of the model under varying levels of localization
accuracy [41,42].

For object detection (YOLOvS8 and DETR), metrics were computed at the instance level,
considering each tree as an individual object defined by a bounding box. Performance
was evaluated using loU-based matching between predicted and ground-truth bounding
boxes, which supports the computation of recall, mAP50, and mAP50-95. For segmentation
(SAM zero-shot), evaluation was performed at the pixel level. Ground-truth polygon
annotations (LabelMe JSON) were rasterized into binary masks and compared against
predicted SAM binary masks. The masks were flattened into one-dimensional arrays to
compute pixel-wise confusion matrix elements, from which accuracy, precision, recall, and
F1-score were derived.

Together, these metrics offer a comprehensive assessment of model performance
by jointly evaluating detection accuracy, localization precision, and the balance between
correctly identifying relevant objects and minimizing false detections. The mathematical
formulations of the evaluation metrics used in this study are presented in Table 2.

Table 2. Evaluation metrics used to evaluate the networks.

Metric Equation
— __ TP+TN
Accuracy Accuracy = tprrNTFPTEN
. ision — —LP
Precision Precision = 1ppp
_ _TP
Recall Recall = 1pyry

2 (Precisionx Recall)

Fl-score F1 — score = Precision+Recall

TP = true positive; TN = true negative; FP = false positive; FN = false negative [43].

3. Results
3.1. Segmentation with SAM

The experiments were conducted using the SAM zero-shot model implemented in
Google Colaboratory. In these experiments, segmentation was guided exclusively by box
prompts. Evaluation metrics were computed individually for each of the 40 annotated
images, and the average values are summarized in Table 3. Given that SAM was evaluated
in a zero-shot configuration without training, a subset of 40 annotated images (20 SV and
20 MP) was selected to provide a controlled comparative assessment between acquisition
domains. This exploratory design aimed to analyze domain-dependent behavior rather
than to establish large-scale statistical inference.

Overall, the SAM zero-shot model exhibited better segmentation performance when
applied to street-level images acquired from Google SV compared to MP images. As
shown in Table 3, the average accuracy and F1-score obtained from street view images were
approximately 29% and 27% higher, respectively, than those derived from MP imagery.
These results indicate a greater robustness of SAM zero-shot when applied to SV data.

Visual inspection of the segmentation outputs further supports the quantitative results.
Figures 4 and 5 illustrate representative examples of SAM zero-shot segmentation using
Google SV images. In these cases, the model successfully delineated Leucaena trees,
including scenarios in which multiple individuals of the target species were present in
the same image. In addition, SAM demonstrated the ability to segment Leucaena even in
complex environments where the trees were surrounded by other vegetation types, such as
shrubs and grasses.
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Table 3. Average of the evaluation metrics calculated using 40 street-level images segmented by SAM
zero-shot using the box prompt.

Metric Street View Images Mobile Phone Images All Images

(20 Images) (20 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

-
.(b)

Figure 5. Examples (a-h) of segmentation results obtained with the SAM zero-shot model for
Leucaena using MP street-level images. The segmentation was guided by box prompts, illustrating
both successful delineations. For each example, the image on the left shows the delimited box, and
the image on the right shows the segmentation done by SAM.
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In contrast, segmentation performance on MP images was notably lower, with some
evaluation metrics reaching values around 0.35 (Figure 6). In several cases, regions belong-
ing to non-target objects, such as buildings and vehicles, were incorrectly included within
the segmented masks when box prompts were defined around Leucaena trees. These
misclassifications are likely associated with the presence of complex backgrounds, occlu-
sions, and overlapping objects commonly found in mobile phone imagery. Such factors
can introduce visual ambiguity, leading the SAM zero-shot model to incorrectly segment
portions of the scene and resulting in reduced accuracy and F1-score values compared to
those obtained from SV images.

Source Image Segmented Image

Accuracy 0.35
F1-score 0.41
Precision 0.48

Recall 0.35
Accuracy 0.30
Fl-score 0.32
Precision 0.36

Recall 0.30

Figure 6. Examples of segmentation results obtained with the SAM zero-shot model for Leucaena
using MP street-level images, illustrating cases of lower performance. The figure shows the original
images, the corresponding segmented outputs, and the associated evaluation metrics (accuracy,
F1-score, precision, and recall) computed for each image.

Although the SAM demonstrates strong generalization capabilities, in highly com-
plex urban scenes, such as those captured by MP, this limitation can hinder the model’s
ability to precisely discriminate the target species from visually similar elements in the
surrounding environment when multiple arboreal species with similar visual characteristics
coexist in the same scene. Consequently, portions of the scene that share texture, color, or
structural similarities with tree canopies may be erroneously segmented as the species of
interest, leading to reduced accuracy and F1-score values compared to those obtained from
SV images.

These results suggest that, while SAM zero-shot is effective for initial and rapid seg-
mentation assessments, additional model adaptation is likely required to achieve more
robust and consistent performance in challenging street-level scenarios. Approaches such
as one-shot, as well as the incorporation of task-specific training data, may improve seg-
mentation accuracy by enabling the model to better capture the visual characteristics
of Leucaena under diverse urban conditions. Therefore, the findings highlight both the
potential and the limitations of SAM zero-shot for urban vegetation segmentation, empha-
sizing the importance of tailored training strategies for applications involving complex and
heterogeneous imagery.
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3.2. Object Detection with YOLOv8 and DETR

The performance of the YOLOv8 and DETR networks was evaluated using three
different datasets, and the average results are summarized in Table 4. Dataset 4 consisted
of 205 street-level images acquired from Google SV, Dataset 5 comprised 217 MP images,
and Dataset 6 combined all 422 images from both sources (SV + MP).

Table 4. Average values of recall (R), mAP50, and mAP50-95 obtained for the YOLOvS8 and DETR
networks across three datasets: Dataset 4 (SV), Dataset 5 (MP), and Dataset 6 (SV + MP).

YOLOvV8 Recall mAP50 mAP50-95
Dataset 4-SV 0.749 0.830 0.517
Dataset 5-MP 0.751 0.849 0.614

Dataset 6-SV + MP 0.766 0.844 0.540
DETR Recall mAP50 mAP50-95
Dataset 4-SV 0.218 0.455 0.169
Dataset 5-MP 0.684 0.847 0.563
Dataset 6-SV + MP 0.219 0.355 0.130

For YOLOVS, consistent and robust performance was observed across all datasets, with
recall values ranging from 0.749 to 0.766 and mAP50 values exceeding 0.83 in all cases. The
best overall performance was achieved with the combined dataset (Dataset 6—SV + MP),
yielding the highest recall (0.766) and a competitive mAP50-95 value (0.540). These results
indicate that YOLOVS8 benefits from the inclusion of heterogeneous street-level imagery, as
the combination of SV and MP images enhances the model’s ability to learn and generalize
the visual characteristics of Leucaena across diverse urban conditions, including perspective
distortions, illumination variability, and differences in image quality.

In contrast, DETR exhibited more variable performance depending on the dataset.
While the model achieved relatively high results when trained exclusively on MP images
(Dataset 5), with a recall of 0.684 and mAP50 of 0.847, its performance declined substantially
when trained on SV images alone (Dataset 4) and when combining datasets (Dataset 6). In
these scenarios, recall values dropped to approximately 0.22, and mAP50-95 values fell
below 0.17. This reduction in performance suggests that DETR is more sensitive to domain
heterogeneity, with a more pronounced degradation observed in datasets containing SV
images, likely associated with panoramic distortion. However, additional experiments are
required to further investigate and confirm this behavior.

Overall, the quantitative results demonstrate that YOLOvVS8 provides more stable
and reliable detection performance across heterogeneous street-level datasets, whereas
DETR exhibited lower performance in datasets containing street view imagery and showed
improved results under more homogeneous data conditions, such as mobile phone images.
These findings highlight the importance of model architecture and training strategies when
dealing with diverse urban imagery sources.

Figure 7 presents the confidence-based performance curves for the YOLOvS8 network
across the three datasets, including recall-confidence, precision—confidence, precision—
recall, and F1-score—confidence curves.
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Figure 7. Performance curves obtained for the YOLOvVS object detection model using three datasets:
Dataset 4 (SV), Dataset 5 (MP), and Dataset 6 (SV + MP). (a) Recall-confidence curves, (b) precision—
confidence curves, (c) precision-recall curves, and (d) Fl-score-confidence curves for the three
datasets, illustrating the model performance under different confidence thresholds and data sources.
The evaluated classes correspond to Leucaena (Leucena in Portuguese) and Other (trees).

https:/ /doi.org/10.3390/urbanscil0040192


https://doi.org/10.3390/urbansci10040192

Urban Sci. 2026, 10, 192

14 of 23

According to Figure 7, for Dataset 4 (SV images), the curves indicate a balanced
trade-off between precision and recall, reflecting the model’s ability to consistently detect
Leucaena in panoramic street-level scenes. For Dataset 5 (MP images), a slight reduction
in recall at higher confidence thresholds is observed, which is consistent with the greater
variability and complexity of MP imagery. Nevertheless, the precision-recall and F1-
score—confidence curves demonstrate that YOLOvV8 maintains competitive performance,
indicating effective discrimination between the target species and other arboreal classes.

The curves corresponding to Dataset 6 (SV + MP) show improved stability across
all metrics, particularly in the precision—recall and Fl-confidence plots. This behavior
corroborates the quantitative results presented in Table 4 and highlights the advantage of
combining images from different sources to enhance the robustness of the YOLOv8 model.
Together, these visual analyses reinforce the conclusion that YOLOVS is capable of learning
discriminative features for Leucaena detection under diverse urban imaging conditions.

Figure 8 presents visual examples of object detection results obtained exclusively with
the YOLOVS network. The examples illustrate the model’s behavior during the training
phase as well as its performance when applied to street-level images acquired from different
sources. Overall, YOLOv8 demonstrated a consistent ability to detect Leucaena leucocephala
across diverse urban scenarios, including panoramic SV images and conventional MP
images. The bounding boxes generated by the model effectively delineated the target
species even in complex scenes containing multiple trees, occlusions, and perspective
distortions, indicating robust feature extraction and generalization capabilities.

Figure 8. Visual examples of object detection results obtained with the YOLOv8 network for Leucaena
leucocephala in street-level images: (a) Examples illustrating the YOLOVS training phase; (b) detec-
tion results using SV images; and (c) detection results using MP images. All examples consider
two classes: Leucena (Leucaena, in Portuguese), highlighted in red bounding boxes, and Other (trees),
representing other arboreal species present in the images in green.
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Figures 9 and 10 provide additional qualitative comparisons by presenting detection re-
sults obtained during the testing phase using both the YOLOv8 and DETR models. Figure 9
shows examples based on SV images, while Figure 10 illustrates results derived from MP
images. These figures highlight differences in detection behavior between the two models,
particularly in terms of bounding box coverage and sensitivity to background complex-
ity. While YOLOvVS generally produced more stable and comprehensive detections across
varying conditions, DETR exhibited greater variability, especially in scenes characterized
by heterogeneous backgrounds and overlapping vegetation. This behavior can be partly
explained by the transformer-based architecture of DETR, which relies on Vision Trans-
formers (ViTs) and typically requires larger and more diverse training datasets to achieve
robust generalization when compared to convolutional neural network-based models.

GROUND TRUTH

YOLOv8

DETR

Figure 9. Example of detection results obtained during the testing phase using an SV image. The
figure compares the ground-truth annotations with the predictions generated by the YOLOvS8 and
DETR models, illustrating their performance in detecting Leucaena in street-level imagery.
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GROUND TRUTH YOLOv8 DETR

Figure 10. Visual comparison between ground truth and detection results produced by the YOLOvS
and DETR models during the testing phase using an MP image. The boxes in red represent only the
Leucaena class. Other species are not represented in the figure.

Together, these visual analyses complement the quantitative results presented in
Table 4, reinforcing the observed performance trends and demonstrating the strengths
and limitations of each model when applied to street-level imagery for urban tree
species detection.

4. Discussion

The application of artificial intelligence has become fundamental for the analysis and
segmentation of urban imagery, enabling the accurate identification and delineation of
multiple landscape elements, including vegetation types [44,45]. Deep learning-based
approaches allow for the extraction of discriminative visual features from complex ur-
ban scenes, supporting urban planning, environmental monitoring, and natural resource
management [16,17].

The results obtained with the SAM applied to Google SV images for the segmentation
of Leucaena validate the effectiveness of this approach as a low-cost and scalable solution
for identifying tree species in urban environments. The wide availability of street view
imagery in cities worldwide represents a major advantage for large-scale monitoring
applications. In this study, the box prompt proved to be an effective strategy for guiding
the SAM zero-shot model, corroborating findings reported in previous studies [46,47].

Despite its innovative potential, SAM is not free from limitations. The segmenta-
tion results obtained with mobile phone images revealed reduced performance in some
cases, particularly in scenes characterized by strong illumination variability, shadows,
background clutter, and overlapping objects. Similar challenges have been reported in the
literature, where shadows and visual ambiguities caused segmentation errors even when
SAM achieved high overall accuracy and intersection over union (IoU) values [48,49]. These
limitations are inherent to the zero-shot configuration, which relies solely on pre-trained
representations without domain-specific adaptation.

Previous studies have highlighted additional constraints of SAM, especially when
applied beyond its primary RGB training domain. Although SAM has demonstrated
strong generalization capabilities, it may struggle with multispectral or hyperspectral data
and complex environmental scenes [26,50]. Applications in medical imaging have also
reported issues related to ambiguity and modality imbalance in segmentation, reinforc-
ing that SAM performance can be affected when standard parameters are used without
fine-tuning [51,52].

Nevertheless, SAM represents a significant advance in computer vision by promoting
foundation models that reduce the need for extensive data annotation while maintaining
good generalization performance [26,53,54]. In the context of urban vegetation, the use
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of SAM for identifying potentially invasive species such as Leucaena enables the map-
ping of priority areas for conservation and supports decision-making processes aimed at
sustainable urban landscape management.

The integration of deep learning and image segmentation allows environmental man-
agers to accurately map and monitor invasive species distribution, prioritize control actions,
and guide restoration efforts in compliance with environmental regulations, as invasive
species can disrupt ecosystem services and biodiversity. Continuous monitoring fur-
ther ensures that restored areas remain resilient to reinvasion, contributing to long-term
biodiversity conservation.

Regarding object detection, the YOLOvVS8 network demonstrated superior performance
compared to DETR, achieving faster inference times and higher detection accuracy. In
this study, YOLOvVS8 was approximately 70 times faster than DETR. YOLOVS, released in
2023, represents an architecture optimized for both speed and accuracy [36,55] and has
been widely applied in environmental and agricultural contexts, including tree, leaf, and
crop detection [56-58]. YOLOvV8 showed more stable performance under the experimental
conditions adopted in this study, likely due to its convolutional architecture and multi-
scale feature aggregation, which are well-suited to heterogeneous urban imagery. In
contrast, DETR and SAM performance should be interpreted within the context of dataset
size, training configuration, and scene complexity, rather than as indicators of inherent
architectural superiority.

Previous studies using YOLO-based models have highlighted their effectiveness in
street view imagery, despite challenges associated with panoramic distortions [59,60]. In the
present study, distortions inherent to 360° street view images posed additional difficulties
for object detection, particularly because Google vehicles capture imagery from a single
travel direction, causing asymmetrical distortions [61]. In this study, attempts to mitigate
these effects through geometric corrections and image cropping did not lead to performance
improvements, suggesting that robustness to distortion must be addressed at the model
or training level. Although differences in instance density were observed between the SV
and MP datasets, the domain-specific evaluation demonstrated that YOLOv8 maintained
stable performance across heterogeneous image sources. Future research may investigate
weighted loss functions or resampling strategies to further explore the impact of instance
distribution on cross-domain generalization.

DETR, although innovative in introducing transformer-based object detection, ex-
hibited limitations in this study, especially when trained on heterogeneous datasets and
considering the use of SV images. While acceptable performance was achieved using only
MP images, the presence of panoramic distortions in SV imagery negatively affected DETR
accuracy. This behavior aligns with previous findings indicating that DETR suffers from
slow convergence and reduced performance in complex scenarios [62]. Recent advances
such as DA-DETR, OW-DETR, AO2-DETR, and Semi-DETR have demonstrated improved
performance through domain adaptation and enhanced training strategies [63-66], in-
dicating promising directions for future work. It is important to note that DETR may
benefit from extended training schedules or larger datasets, as reported in the literature.
Future studies should explore optimized training configurations and advanced transformer-
based detection variants to further investigate convergence behavior in heterogeneous
street-level imagery.

In other studies, YOLOvV8 demonstrated strong performance for tree detection and
counting using UAV RGB imagery. For example, recent studies on Camellia oleifera
showed that YOLOVS outperformed other YOLO variants, with performance strongly in-
fluenced by dataset design and image preprocessing strategies [67]. These results reinforce
that detection accuracy is highly domain-dependent and sensitive to data characteristics,
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supporting our observation that model behavior varies according to image source and
dataset configuration.

Recent studies have also explored hybrid architectures combining detection and
segmentation models. For instance, FM-SAM integrates YOLOv10 and SAM for tree crown
delineation in UAV imagery, demonstrating the advantages of coupling real-time detection
with strong segmentation capabilities [68]. While that framework focuses on forest canopy
structure in aerial imagery, our study evaluates architectural behavior in heterogeneous
street-level urban imagery and species-specific invasive detection contexts.

Overall, the results confirm that deep learning-based detection and segmentation
models are powerful tools for urban vegetation analysis. YOLOvVS8 proved particularly
effective for detecting Leucaena in street-level imagery, while SAM zero-shot offered a
flexible and low-cost solution for segmentation, albeit with limitations in complex scenes.
From a practical perspective, the spatial identification of potentially invasive trees can
directly support public managers by enabling the creation of georeferenced urban tree
inventories, an essential resource that many municipalities still lack. Such databases can
guide monitoring programs, prioritize field inspections, and support decision-making
related to biodiversity conservation and urban infrastructure planning. Future studies
should explore one-shot or few-shot training strategies for SAM, as well as advanced
transformer-based detection architectures, to further enhance performance under diverse
urban imaging conditions. In addition, upcoming research may incorporate individual tree
health assessment and silvicultural management needs, such as pruning interventions to
prevent branch falls and conflicts with overhead power lines and public lighting systems,
which remain common challenges in many cities.

In the present study, model adaptation to street-level imagery was primarily achieved
through supervised training using domain-specific data for YOLOv8 and DETR, while SAM
was evaluated in a zero-shot configuration to assess its intrinsic generalization capacity.
Although no advanced data augmentation or domain adaptation techniques were applied,
future research could incorporate distortion-aware augmentation, photometric variability
simulation, domain adaptation strategies, or fine-tuning approaches to further enhance
robustness in panoramic and heterogeneous urban scenes.

5. Conclusions

This study evaluated the potential of combining street-level imagery and deep learning
to support the monitoring of Leucaena leucocephala, a potentially invasive tree species
in urban landscapes. The results confirm that street-level images provide a valuable
complementary perspective for urban vegetation assessment, particularly for species that
are difficult to distinguish using aerial or orbital remote sensing.

Under the evaluated conditions, YOLOvV8 showed stable detection performance
(mAP50 > 0.83; recall up to 0.76), whereas DETR exhibited domain sensitivity (mAP50 = 0.45
in SV and 0.84 in MP imagery). For segmentation, SAM achieved higher performance in
SV images (accuracy 0.92; F1-score 0.93) but lower results in MP imagery (accuracy 0.63;
F1-score 0.66), highlighting the influence of image source on model behavior.

The SAM zero-shot model showed promising segmentation performance, especially
when applied to street view (SV) images, achieving higher accuracy and F1-score compared
to mobile phone (MP) images. Qualitative analyses demonstrated that SAM was able
to delineate individual Leucaena trees under diverse urban contexts. However, reduced
performance in MP images highlights limitations of the zero-shot configuration in highly
heterogeneous scenes, where shadows, occlusions, and visually similar background ele-
ments increase segmentation ambiguity. These results indicate that, while SAM zero-shot
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is suitable for rapid and low-cost initial assessments, more robust performance in complex
urban scenarios will likely require one-shot or few-shot fine-tuning or task-specific training.

For object detection, YOLOVS consistently provided the most stable and robust perfor-
mance across datasets, benefiting from heterogeneous training data and showing strong
generalization across SV and MP imagery. In contrast, DETR achieved satisfactory results
only under more homogeneous conditions and performed worse on datasets containing
SV images, suggesting higher sensitivity to panoramic distortion and domain variability.
This behavior indicates that transformer-based detectors may require additional adaptation
strategies to effectively handle heterogeneous street-level data.

From an applied perspective, the integration of publicly available SV imagery and MP
data offers a scalable and cost-effective framework for urban invasive species monitoring.
This approach demonstrates potential to support urban vegetation monitoring initiatives.
However, its effective application in urban planning and biodiversity conservation would
require integration with spatial analysis frameworks and decision-support systems.

Although the dataset size limits broad generalization, this study provides controlled
experimental evidence on architectural behavior for species-level detection under het-
erogeneous street-level conditions. Future studies should expand spatial coverage and
incorporate domain-adaptive training strategies, distortion-aware data augmentation, and
fine-tuned segmentation approaches (e.g., one-shot or few-shot learning) to enhance robust-
ness and support large-scale deployment in panoramic and complex urban environments.
These improvements may further strengthen GeoAl applications for urban invasive species
monitoring and sustainable landscape management.
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Abbreviations

CPU Central Processing Unit
DETR  Detection Transformer

DL Deep Learning
DS Dataset

FN False Negative
FpP False Positive

GB Gigabyte

GPU Graphics Processing Unit
MP Mobile Phone

R Recall

RGB Red Green Blue

SAM Segment Anything Model

SV Street View
TN True Negative
P True Positive

YOLO  You Only Look Once
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