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Abstract—The vast area of forests in Brazil, along with the
biodiversity of the flora, poses a challenge to the identification of
tree species. This process can be time-sensitive due to the nature of
certain projects; therefore, the use of leaves for the identification is
ideal in such cases. In order to assist this process, automated tools
that use deep learning can be an aid in the conservation efforts.
This study evaluates and compares two YOLO (You Only Look
Once) models, the nano versions of YOLOv11 and YOLOv12, for
the task of identifying species using their leaves. For this, a custom
dataset was created with 26 species under varied conditions; the
images also have a complex background to guarantee the model’s
efficiency in fieldwork. Overall, YOLOv11 achieved higher recall
(56.746%) and mAP@50 (72.634%), YOLOv12 demonstrated
superior precision (86.054%) and better per-class performance.
The results show that both models’ performance varies due to
the dataset annotation and the leaf morphology, as both models
struggled with species exhibiting compound leaves. This work
contributes to the development of practical tools for biodiversity
monitoring and supports future advancements in automated
species identification, highlighting the potential of lightweight
models for tree species identification.

Keywords—Instance segmentation; YOLO; species identifica-
tion.

I. INTRODUCTION

Brazil currently has the second largest forest area in the
world, corresponding to 12% of the world’s forest [1]. Ac-
cording to the latest country report on forest genetic resources,
submitted by Brazil to the Food and Agriculture Organization
of the United Nations (FAO), the nation faces a significant
challenge in protecting its forest area while cataloging its
biodiversity. This issue stems from the large diversity of forest
species in the country, with many being unidentified despite
research [2].

This happens because there are many dense forest areas that
are difficult to access, coupled with the rigorous process of
correctly identifying a species. Precision in this step is crucial
for conservation, where the management of forest resources
is essential [3]. The standard botanical identification process
usually involves collecting samples, such as leaves, flowers,

and fruits. This is followed by the verification with herbarium
specimens, which are dried and already identified. Lastly, if
there is no certainty about the species, specialists in that group
or area are called for consultation.

Given that Brazil encompasses a vast territory with six
major biomes, each presents unique species compositions and
conservation concerns. This biodiversity presents a significant
challenge in species identification, particularly due to the
scarcity of specialized personnel with both the taxonomic
expertise and the availability to conduct extensive fieldwork [4].
This lack of human resources makes it difficult to monitor and
catalog biodiversity at the scale needed, particularly in remote
or understudied areas.

In this context, technological tools have emerged to assist
in the effort to support species identification. Recent advances
in instance segmentation enable not only the classification of
plant species but also the precise delineation of key morpho-
logical features, such as leaves. They are known as vegetative
characters and are available most of the time; therefore, using
them is best for time sensitive projects. [5]. These tools can
serve as a bridge between fieldwork and expert validation,
aiding both specialists and non-specialists in accelerating initial
identification and focusing expert attention where it is most
needed.

However, most existing models are trained on datasets with
controlled conditions, limiting their applicability in real-world
scenarios with complex backgrounds and high interspecies
variability. To address this gap, this work evaluates multiple
YOLO-based instance segmentation models trained on a locally
curated dataset containing native and foreign species under
varied environmental conditions.

The study proposes a comparison of different YOLO (You
Only Look Once) models trained for instance segmentation.
These models can then be used for deployment in practical
applications, such as a mobile identification tool, which could
assist both researchers and conservationists in the field. Ad-
ditionally, the dataset and model comparisons will serve as a
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foundation for future work, facilitating further improvements in
automated species recognition. As such, this research aims to
support future efforts in biodiversity documentation and forest
conservation.

II. RELATED WORK

Various approaches have been proposed for instance seg-
mentation applied to plant leaves. Yang et al. [6] introduced a
method for segmentation and classification in images with com-
plex backgrounds. Their approach locates and segments leaves
in images. Their results demonstrate a 1.89% improvement in
average precision compared to the original Mask R-CNN.

Meanwhile, Guo et al. [7] presented LeafMask, an anchor-
free model specifically designed for delineating and counting
plant leaves. Their work highlights the importance of precise
leaf segmentation for plant phenotyping in agricultural appli-
cations, particularly for assessing leaf growth stages.

Focusing on forest species identification, studies often rely
on features such as trunk, fruit, flower, and plant structure. The
dataset introduced by Yang et al. [8] encompasses all these
aspects, containing a total of 41,467 images of 50 tree species.
Of these, only 9,763 are annotated for instance segmentation.
The dataset includes images captured under varying lighting
conditions and across different seasons and is available for use1.

Kumar et al. [9] proposed a hybrid approach combining
Convolutional Neural Networks (CNNs) and edge-based seg-
mentation to identify medicinal plants. Their model outper-
forms traditional methods, achieving 98% accuracy. The study
uses the Flavia dataset2, which includes 33 species with a
simple, white background. Their work explores the application
of CNNs and segmentation techniques for species recognition,
addressing challenges posed by morphological variations and
reinforces the use of robust neural networks.

Wang et al. [10] modified the YOLOv5 neural network for
forest species identification by incorporating a Squeeze-and-
Excitation (SE) module. They used a custom dataset containing
eight common Chinese species, featuring leaves in urban set-
tings with seasonal, size, and lighting variations. The authors
emphasize the importance of complex backgrounds for accurate
feature learning and employ an object detection approach,
leaving instance segmentation for future exploration.

These studies demonstrate the effectiveness of instance
segmentation in both leaf localization and species identifica-
tion, particularly in datasets featuring complex backgrounds
and diverse environmental conditions. These works showcase
the potential of deep learning-based segmentation for species
recognition, particularly when handling morphological vari-
ations and challenging imaging conditions. The success of

1https://ytt917251944.github.io/dataset\ jekyll/
2https://flavia.sourceforge.net/

earlier YOLO-based approaches also suggests opportunities for
extending these frameworks to instance segmentation in future
research.

III. MATERIALS AND METHODS

With the goal of comparing two YOLO architectures, Fig-
ure 1 illustrates the methodological workflow adopted in this
study, which consists of three main phases: dataset prepara-
tion, model training, and performance evaluation. The initial
phase involves the creation and curation of a custom dataset
containing annotated images of plant leaves. Subsequently, the
two most recent YOLO architectures available at the time of
experimentation were trained using this dataset. The final phase
entails a comparative evaluation in which both models are
tested on identical image sets to ensure fair benchmarking. Key
performance metrics are collected and analyzed to assess the
model’s efficacy in instance segmentation tasks. This structured
approach enables a systematic comparison of the model’s
performance within the study’s specific context.

Fig. 1. Flowchart of the work’s execution

A. Dataset

The dataset creation process began with a survey of tree
species located within the campus and urban forest area of
UTFPR in Medianeira, Paraná, Brazil (25°17’43” S, 54°05’38”
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W). This area contains an urban forest fragment of Seasonal
Semideciduous Forest according to previous studies [11]. Due
to constraints of time and accessibility, the current study fo-
cused on a subset of these species, utilizing existing taxonomic
records where available and consulting botanical specialists for
unidentified specimens to ensure accurate species identification.

The image acquisition process followed a systematic pro-
tocol designed to capture natural variability in both subject
and environmental conditions. To account for environmental
variability, the images composing the dataset were captured
across different days with varying natural lighting conditions
and weather. The process stretched for one year to account for
the variation in appearance across seasons. For species with
multiple individual specimens, photographs were taken from
different trees to capture phenotypic variations caused by the
environment, such as the soil composition where the tree was
planted.

The photographs were taken using smartphone cameras, with
particular attention to maintaining multiple leaves within each
frame to ensure instance-rich images. The collection strategy
intentionally incorporated three distinct image types: leaves on
a branch, handheld leaves, leaves on grass, and high-contrast
backgrounds, like concrete, to enhance model robustness. These
different image types are showcased in Figure 2.

Image annotation was performed using the Computer Vision
and Annotation (CVAT) tool, where each leaf instance was
precisely delineated with polygonal masks. In the case of
compound leaves, the smallest morphological unit (leaflet) was
annotated. With the exception of Parapiptadenia rigida and
Cojoba arborea, whose leaflets were too small to annotate indi-
vidually. Each mask was assigned to its corresponding species
class, ensuring accurate taxonomic representation throughout
the dataset. Note that some images don’t have all the leaves
annotated, due to the extensive manual work required for the
task; the annotation prioritized more prominent leaves.

The final dataset was partitioned into training (70%), valida-
tion (20%), and test (10%) subsets using a stratified approach
that maintains proportional representation of all classes across
all partitions, preventing any class imbalance that could affect
model performance evaluation. In total, there are 1,415 images
distributed among 26 species. Table I shows the distribution of
species and their corresponding image count.

B. YOLO

Ultralytics released You Only Look Once (YOLO), an archi-
tecture for solving object detection problems in real-time exe-
cution. The original YOLO follows a straightforward pipeline:
input images are resized to 448×448 pixels, processed by a
CNN for feature extraction, and refined using Non-Maximum
Suppression (NMS) to filter detections. This design achieves

TABLE I
SPECIES AND IMAGE RELATION

Scientific name Image amount

Anacardium occidentale 72

Annona squamosa sp. 64

Aspidosperma polyneuron 80

Brunfelsia uniflora 135

Campomanesia xanthocarpa 76

Casearia decandra 101

Cecropia sp. 103

Citrus sp. 51

Coffea arabica sp. 102

Cojoba arborea 89

Cordia trichotoma 63

Crescentia cujete 73

Grevillea robusta 113

Guarea kunthiana 78

Inga sp. 71

Machaerium paraguariense 64

Nectandra lanceolata 67

Nectandra megapotamica 89

Parapiptadenia rigida sp. 60

Paubrasilia echinata 136

Persea americana 76

Plinia cauliflora 79

Prunus serrulata 67

Psidium cattleyanum 82

Quercus robur 84

Syzygium cumini 123

faster inference speeds while maintaining higher accuracy than
other real-time detection systems [12].

Since its release, the YOLO architecture has undergone
significant evolution, with twelve major versions released at
the time of this study. A key advancement was introduced with
YOLOv5, which offered a scalable framework with multiple
model sizes (e.g., nano, small, medium, large, and extra-large)
to balance speed and accuracy. Smaller variants, such as the
nano model, prioritize computational efficiency with faster
inference times but reduced precision, while larger models
(e.g., extra-large) maximize detection accuracy at the cost of
increased computational resources. Subsequent versions have
maintained this scalable design philosophy, further refining the
trade-offs between performance and efficiency across different
application requirements.
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