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Abstract

This study addresses the identification of individuals of the Araucaria angustifolia species in urban forest fragments,
specifically in the Mixed Ombrophilous Forest (FOM) in Curitiba, Parang, Brazil. The aim of the study is to use UAV
images and the computer vision technique of the YOLOv7 model to detect individuals of A. angustifolia. The FOM is
essential for local biodiversity conservation and human well-being but faces challenges due to urban sprawl and the
conversion of land use to agriculture. The species is critically endangered, requiring actions and strategies for its
conservation. The study highlights the role of Unmanned Aerial Vehicles (UAVs) and deep learning techniques, such as
Convolutional Neural Networks (CNNs), in identifying tree species in urban ecosystems. YOLOv7, an architecture based
on CNNs, was chosen because of its detection capacity. YOLOV7 is especially effective at detecting a wide variety of
objects, including people, vehicles, animals, household objects, road signs and much more, making it an ideal choice for
identifying tree species in urban environments. The data was obtained by a DJI Mavic 3 UAV. Utilizing a UAV, the study
area of the urban forest was flown over, generating an orthomosaic that was subsequently divided into 14 parts for
training, validation, and testing. The YOLOv7 model was trained with the images to detect A. angustifolia trees present in
the area. The results show that model achieved a precision of 79.3%, recall of 86.8%, and Mean Average Precision of
87% during training. Comparative analysis with forest inventory data reveals promising performance in detecting A.
angustifolia trees. The average confidence of the model's classification was 76.18 + 12.88%, with 80.81% being the most
frequent classification for the median result. The present study uses the effective integration of UAV technology, YOLOv7
model with deep learning technique to detect and assess tree species in urban ecosystems. This approach provides an
important tool for conservation strategies aimed at assessing and managing the tree biodiversity in urban forest
remnants.

1. Introduction

Urban forest fragments are remnants of native forests that have been altered by real estate expansion and human
activities (HADDAD et al., 2015). These remnants represent vestiges of the original vegetation and play a crucial role in
preserving local biodiversity, constituting the remnants of the native vegetation cover that once dominated the
landscape (LINDENMAYER; FISCHER, 2013). The existence of these fragments offers the opportunity to understand how
nature can adapt and coexist in urbanized environments, as well as highlighting the importance of conserving these
locals for the well-being of communities and environmental sustainability (MULLANEY; LUCKE; TRUEMAN, 2015).

The Mixed Ombrophilous Forest (FOM), also known as the Araucaria Forest, is one of the main formations of the Atlantic
Forest biome that has been heavily impacted throughout the 20th century (DE DEUS MEDEIROQS, 2005). This forest
occupied extensive areas of the plateaus in southern Brazil, representing approximately 200.000 km?, 40% of which is
located in the state of Parana (MAACK, 1949; KLEIN, 1960). Araucaria angustifolia (Bertol.) Kuntze, popularly known as
araucaria, is the dominant tree species in the upper stratum of the FOM and can reach over 30 m in height (SCHEEREN
et al., 1999; CHASSOT et al., 2011; FEDRIZZI, 2018).

However, over the last century, A. angustifolia has been extensively exploited due to the quality of its wood for
construction and its high cellulose content, which is widely used in papermaking (EIRA et al., 1994). It is estimated that
between 1930 and 1990, around 100 million A. angustifolia trees were logged (BRASIL, 2005). In the state of Paran3,
Southern Brazil, an inventory revealed that primary or untouched Araucaria Forests do not exist, with only 0.8% (66,109
hectares) of forested areas in an advanced stage of succession remaining, which are of significant environmental and
scientific importance (CASTELLA; BRITEZ, 2004). These factors led to the inclusion of A. angustifolia on the list of
endangered species by the International Union for Conservation of Nature and Natural Resources — IUCN, where it is
classified as critically endangered (FARJON, 2006). The species is also on the Official List of Endangered Species of
Brazilian Flora (BRASIL, 2008).
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Therefore, the accurate diagnosis and continuous monitoring of A. angustifolia in forest remnants are crucial for
environmental preservation. With technological advances, Unmanned Aerial Vehicles (UAVs), or drones, have
increasingly become versatile and accessible tools for research in this field, enabling the mapping and monitoring of
trees and forests (SAAD et al., 2021; ECKE et al., 2022; CUNHA NETO et al., 2023). Additionally, computer vision
techniques used to analyze images from remote sensors, particularly those based on deep learning, more specifically
Convolutional Neural Networks (CNNs), have shown their potential in recognizing tree species in forest regions
(KNAUER et al., 2019; SANTOS et al., 2019). These techniques involve applying machine learning models capable of
extracting characteristics from images and classifying objects, such as trees, according to their species (ALBUQUERQUE
et al., 2022; WAGNER et al., 2022). Such techniques offer the advantage of processing images in real-time and with high
precision, outperforming traditional methods based on manual or statistical analysis.

The YOLO (You Only Look Once) is an example of computer vision techniques based on deep learning, which uses a
CNN to segment images into smaller regions and estimate bounding boxes, as well as the probabilities of the presence
of objects in these boxes and their specific identification (REDMON et al., 2016). YOLO has demonstrated an ability to
detect a wide variety of objects in images and video frames, while maintaining a high level of accuracy (REDMON et al.,
2016).

Several researchers have applied these techniques to: crown detection and measurement (WU et al., 2020; SUN et al.,
2022; CHEN, 2023); tree species classification (KNAUER et al., 2019; SANTOS et al., 2019; WANG et al., 2019; HAMRAZ
et al., 2019; CAO; ZHENG; FANG, 2023); tree counting (HANI et al., 2023; PUTRA; WIJAYANTO, 2023); and identification
of tree diseases (JEMAA et al., 2023; MAMALIS et al., 2023; WU et al., 2023). These studies represent a wide range of
applications and indicate the versatility and usefulness of these techniques for various purposes, contributing to
improvement of monitoring and conservation practices in forest ecosystems.

In summary, FOM remnants in urban ecosystems face significant conservation challenges, in which computer vision
techniques, such as CNNs and YOLO, are emerging as tools to identify and monitor tree species, contributing to the
assessment and management of forest remnants. The integration of Unmanned Aerial Vehicle (UAV) technology with
the YOLOV7 identification method presents and innovative approach to conservation, offering promising prospects for
protecting biodiversity and promoting environmental sustainability (DIAZ-DELGADO; MUCHER, 2019; ZHAOQ; ZHU, 2023;
MOU et al., 2024). In this context, the main aim of this work was to obtain high-resolution images of a FOM in urban
forest using a UAV to detect individuals of A. angustifolia with the YOLOv7 computer model. This research provides an
integration of technological advances with an application that can contribute to broader preservation efforts and the
formulation of public plans to guarantee the ma intendance of urban forests.

2 Material and methods
2.1 Study area

This study was carried out in a remnant of Mixed Ombrophilous Forest (FOM) located on the urban limits of the
municipality of Curitiba, state of Parang, Brazil, with approximate coordinates of 25°26'50" - 25°27'33" S and 49°14'16" -
49°14'33" O and an altitude of 900 masl. The total area is estimated at 15.24 hectares, of which 12.96 hectares
correspond to Montane Mixed Ombrophilous Forest, while 2.28 hectares are occupied by early succession vegetation,
with a predominance of bamboos (Merostachys spp.). Figure 1 shows the location of the study area.

The local climate is classified as Cfb according to the Koppen classification, with humid subtropical mesothermal,
characterized by cool summers, winters with frequent frosts and no dry season. The average annual temperatures
during the hot and cold months are below 22°C and 18°C, respectively, with an average annual temperature of 17°C. As
for relative humidity and average annual rainfall, values of approximately 85% and 1,300 to 1,500 mm are recorded,
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respectively, with a water index ranging from 60 to 100 mm, with no occurrence of water deficiency throughout the year
(MAACK, 1981).

Figure 1 — Localization of the study area

2.2 Data collection

The data were collected through aerial images captured using a DJI Mavic 3 UAV, which has the following technical
specifications: speed of up to 21 m/s, image resolution of 20 MP, FOV (Field Of View) lenses of 84° (equivalent to 24
mm) f/2.8 to f/11, generating images of 5280 x 3956 pixels, with a weight of 899 g (including battery and propellers) and
focus accuracy of 1 meter vertically and horizontally, respectively. The UAV's remote control operates on the 5.725-5.850
GHz frequencies. The UAV images consist of bands
from the visible electromagnetic spectrum, operating in the RGB (Red, Blue, and Green) system for color composition.
Data collection was carried out in favorable weather conditions, with a flight close to midday, to minimize shadows due
to the solar angle.

Processing was carried out using OpenDroneMap software (WebODM) to generate georeferenced orthomosaics. The
orthomosaics were then divided into smaller sections using QGIS software version 3.18, as shown in Figure 2. The cut in
orthomosaic was necessary due to its size, since the platform used later to identify the individuals has limitations
regarding the number of pixels for processing. The size for the polygons was therefore determined to be approximately
100 m x 100 m. Another approach adopted in the study was to avoid cutting out the treetops, to prevent them from being
separated into distinct polygons. Thus, the polygons were adjusted to encircle them, minimizing potential issues in
subsequent analysis steps.

Figure 2 — Splitting the orthomosaic into smaller sections in QGIS for processing in Roboflow

The images were processed to train the YOLOv7 model using the Roboflow platform (DWYER et al., 2022), which offers
resources for creating customized computer vision models. In the platform, training of the model was conducted, which
included the creation of bounding boxes for the identification of A. angustifolia individuals using the YOLOv7 model, as
well as the assignment of labels to specific categories.

The training and test of the YOLOv7 model used to detect the trees was carried out using Roboflow Train's AutoML
(Automated Machine Learning) tool. This AutoML tool enabled not only the efficient training of the model, but also its
implementation for the detection of A. angustifolia trees (personalized object) in the dataset.

To train the YOLOv7 model in Google Collaboratory, the essential packages were installed, including Roboflow. Roboflow
data was accessed and imported from the platform for analysis. The YOLOv7 method was used to identify the images,
and the results were stored in spreadsheets for later analysis. This procedure involved setting up the environment,
integrating with Roboflow and applying the YOLOv7 model, ensuring the effectiveness of the identification process.

2.3 Model training

We trained the model on the Roboflow platform after loading the images obtained during the field survey. A total of 3,261
araucaria labels for training the model were made referring to the trees present in 300 images, selected from the 848
images covering the mapped area. The labels were distributed as follows: 2,252 for the training set, 687 for validation
and 322 for the test set, as illustrated in Figure 3. The model was trained on approximately 160 epochs. Epochs are the
The epochs refer to a complete pass of the training data through the YOLOv7 model.
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The Box Loss indicates how well the YOLOv7 model can locate the center and bounding box of the A. angustifolia in the
classification process. Class Loss indicates the classification accuracy of the YOLOv7 model in predicting the classes of
araucarias. Object Loss indicates the probability of A. angustifolia being in a proposed region of interest.

In addition, the YOLOv7 model's precision, recall, mAP50, and mAP50-95 performance metrics are presented, which are
the most important metrics for evaluating the model's performance (Figure 7). The Box Loss, Class Loss, and Object
Loss curves showed a similar tendency the training stage, indicating efficient convergence of the model. The curves are
expected to decline until they reach a stagnation point (CASAS et al., 2023).

During the pre-processing, we transformed the images to reduce training time. At this stage, we applied the following
parameters: automatic orientation of the images in different directions and resizing to 640 x 640 pixels. Automatic
orientation disregards the EXIF (Exchangeable Image File Format) data of the images, providing a consistent view
regardless of the original orientation determined by the EXIF data. This EXIF data usually indicates the orientation of a
specific image. As for resizing, this process adjusts the dimensions of the images while maintaining the proportionality
of the annotations. Although this results in square and slightly distorted images, it is important to note that data from
the original image were not lost during this procedure.

In the next step, we increased the number of images to improve the model's performance. This was achieved by applying
90° and 180° anticlockwise and clockwise rotations to the existing images. This approach has the potential to improve
the model's ability to generalize, resulting in more effective performance when confronted with previously unseen
images. During this process, the increments are sequentially chained together with randomization in the settings and
values for each setting being applied to each expanded image. Any duplicates identified during this procedure are
filtered out of the final version created. In this way, the number of images in the model went from 300 to 659,
representing a significant improvement in the model's performance. Figure 3 details the labeling, training, validation, and
testing procedure.

Figure 3 — YOLOv7 model labeling, training, validation and testing procedure

2.4 Image georeferencing

After classifying the orthomosaics using the YOLOvV7 model, the classification results were generated in the form of
bounding boxes. These bounding boxes are polygons that surround the A. angustifolia trees identified by the YOLOv7
model, without a coordinate system. To deal this situation, the pixels from image were converted to UTM coordinates
using the georeferenced orthomosaic. To perform this transformation, the bounding boxes coordinates were converted
into geospatial coordinates (UTM) though conversion operations using the osgeo library (MIARA, 2019) in Python.

2.5 Description of field data and comparison with the model

The database used for comparison with the classification data from the YOLOv7 model comes from a forest inventory
carried out in 2021, containing information on 12,836 individuals, 342 of which represent A. angustifolia. In turn, specific
filtering was carried out for this species, allowing the coordinates of the respective trees to be extracted. These
coordinates can be associated with the coordinates of the centroid of the bounding boxes obtained from classifying the
images with the A. angustifolia individuals identified in the forest inventory.

Since the UAV aerial survey captured images exclusively of the upper canopy of the forest, trees in the lower stratum
were not sampled. As a result, the number of individuals detected in the training was lower than that recorded in the
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inventory. To adjust for this discrepancy, a Python command was implemented to integrate the inventory data with the
geoprocessing data, considering the shortest distance between the coordinates of both sets.

2.6 Model performance metrics

The model performance metrics used and provided by the Roboflow platform were precision, recall, mAP (Mean Average
Precision), confusion matrix, and F1 score. The definitions of each of the metrics used are presented below. We also
present some additional metrics specific to the YOLOv7 model provided by Roboflow, such as Box Loss, Class Loss, and
Object Loss.

mMAP can be described as a metric that evaluates the performance of object detection models. The mAP encompasses
precision and recall in a single measure, providing a comprehensive view of the model's effectiveness. The annotations
mAP50 and mAP50-95 indicate the confidence intervals associated with the metric. mAP50 refers to the average
precision considering only detections with a minimum 50% overlap between the predicted bounding box and the
reference bounding box. The mAP50-95 expands this analysis to overlap intervals of 50% to 95%.

Accuracy is a metric that assesses the quality of the positive predictions made by a classification model. It is calculated
as the ratio between the number of true positives (PV) and the sum of true positives and false positives (FP). Accuracy
measures the proportion of instances classified as positive by the model that are positive. A high precision indicates
that the model is effective in avoiding misclassification of negative instances as positive. Precision is given by Equation
1.

True Positive (TP) (1)
True Positive (TP) + False Positive (FP)

Precision =

Recall is a metric that assesses the model's ability to correctly capture all positive instances. It is calculated as the ratio
between the number of true positives (PV) and the sum of true positives and false negatives (FN). Recall measures the
proportion of positive instances that were correctly identified by the model in relation to the total number of positive
instances in the dataset. A high recall indicates that the model can identify most positive instances. The recall is given
by Equation 2.

True Positive (TP) ()

Recall = — -
True Positive (TP) 4+ False Negative (FN)

Both metrics are important, but they can be contradictory to each other. Increasing precision often reduces recall and
the other way around. Therefore, when evaluating the performance of a model, it is crucial to consider both metrics. The
confusion matrix (Figure 4) provides four crucial pieces of information about the classifier's performance. True Positive
(TP) occurs when an image is correctly assigned to its corresponding class. False Positive (FP) occurs when an image is
wrongly identified as containing something that is not actually present in the image. True Negative (TN) represents an
image correctly identified as not belonging to a particular class. Finally, the False Negative (FN) refers to an image
wrongly classified as not belonging to a specific class, when in fact it does belong to that class. However, in the case of
object detection, it is not taken into account. Based on the confusion matrix, it is possible to derive essential information
for calculating precision and recall.

Figure 4 — Confusion matrix of the YOLOv7 model
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The F1 score is a metric that combines the precision and recall measures into a single value, providing a balanced view
of the performance of a classification model. It is particularly useful in situations where it is important to consider both
false positives and false negatives. F1 ranges from 0 to 1. A score of 1 indicates the best possible performance,
indicating an ideal balance between precision and recall. The F1 score is given by Equation 3.

Precision * Recall (3)

Fl=2#
Precision + Recall

The methodological procedure is illustrated in Figure 5, covering everything from obtaining the real data to evaluating the
model's performance. This includes flying the UAV, processing the orthomosaics, training the YOLOv7 model and
analyzing the performance metrics.

Figure 5 — Flowchart of the work methodology

3. Results
3.1 Model Performance

The training process ended at around 160 epochs. As can be seen in Figure 6, the mAP did not improve from epoch 60
onwards. Training the YOLOv7 model required approximately 24 hours to complete. During the training stage, the model
achieved precision of 79.3%, recall of 86.8%, and mAP of 87%. These metrics provide information on the model's
performance in detecting araucarias in the images.

Figure 6 — Performance of the YOLOv7 model in relation to the mAP metric during the training periods

Figure 7 illustrates the results of different performance curves for the YOLOv7 model in identifying A. angustifolia in the
training and validation stages. With a mAP of 87%, the model showed a low rate of false negatives and false positives,
indicating precision and recall in its predictions. This score suggests that the model has a robust ability to correctly
identify objects of interest, minimizing cases of non-detection and incorrect detection (KUZNETSOVA, 2021; SHI, 2021).

Figure 7 = YOLOv7 model performance curves during the training and validation stages

Figure 8 shows a scatter plot representing the F1 scores for each image in the YOLOv7 model. Each point in the plot
corresponds to an image from the test and validation of the model, with semantically similar images (similar
characteristics) grouped close together. The coloring of the dots reflects the F1 scores associated with each

image. When analyzing the F1 scores, it was observed that around 91.01% of the images achieved a score above 60%,
while only 8.99% were below this value. The average F1 score was 77.16%.

This metric provides a clear understanding of the relative performance of the images, highlighting those that showed
significant agreement between the true labels and the model's predictions. In addition, this metric makes it easier to
identify specific patterns or characteristics that can influence the model's performance on various types of images. This
analysis offers valuable insights for improving the effectiveness of the YOLOv7 model in other locations for detecting A.
angustifolia.

Figure 8 — F1 score of YOLOv7 model for detecting A. angustifolia

The minimum deviation refers to the difference between the center point of the bounding box generated by the YOLOv7
model and the actual coordinate identified in the A. angustifolia forest inventory. The largest minimum error found was
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around 5 m between the actual point and the one estimated by the YOLOv7 model. On average, the error was 1.86 + 1.18
m. The data obtained from the forest inventory also reveals the crown area (m?) and the diameter at breast height (DBH,
cm).

The graphical representation of the crown area, as well as the descriptive statistics (Figure 9), is shown in Figure 10. The
average crown area was 205.52 + 69.64 m?, in a range from 52.81 m? to 427.36 m2. The APC is presented in a range of
colors in Figure 10-A. The average APC of the A. angustifolia was 65.20 + 11.42 cm, ranging from 34.47 cm to 102.81
cm.

Figure 9 — Descriptive statistics for minimum error, crown area and DBH

The final comparison between the trees of A. angustifolia identified in the forest inventory and those classified by the
YOLOv7 model is shown in Figure 10. The red dots indicate the actual position of the trees. The squares in Figure 10-A
indicate the actual position of the trees with variation in crown size. By comparison, the circles indicate the araucaria
identification by the YOLOv7 model, including the variation in crown size.

Figure 10-B shows in color the classification confidence of the YOLOv7 model for identifying the A. angustifolia trees.
The result obtained from the classification indicates a predominance of confidence, as can be seen in most
classifications in red. The average classification confidence of the YOLOv7 model was 76.18 + 12.88%, with 80.81%
being the typical classification for the median.

The classification of the YOLOv7 model proved satisfactory for identifying A. angustifolia individuals in an urban forest.
The generalization of the model can contribute to public management for conservation and monitoring of endangered
species), and their sustainable management (SUHS; GIEHL; PERONI, 2018; ORELLANA et al., 2021; FINGER et al., 2023).

Against this backdrop, this work significantly expands the applications of computer vision, especially in the context of
YOLO, by identifying a tree of critical importance, the species A. angustifolia, which appears on lists of endangered
species. The approach adopted, inspired by the advances and insights provided by previous studies, stands out as a
valuable contribution to the preservation and monitoring of endangered species.

4. Discussion

Our study builds upon the advancements in computer vision techniques, particularly the utilization of YOLOv7, to detect
and monitor tree species, with a specific focus on Araucaria angustifolia in an urban forest environment. The
performance of our model was evaluated using various metrics, demonstrating its effectiveness and reliability in
identifying target trees in urban ecosystems

Comparing our results to previous studies employing YOLO for tree species detection, we observed comparable or
superior performance. Prasvita et al. (2023) achieved mAP50 and mAP95 values of 85.1% and 45.7%, respectively, in
detecting oil palm trees using YOLOVS. In contrast, our model achieved a mAP of 87%, indicating similar levels of
accuracy. Similarly, Singh et al. (2023) achieved an F1 score of 81% in detecting cassava stems with YOLOv4, whereas
our model achieved an F1 score of 87%. These comparisons highlight the robustness and effectiveness of our approach
in identifying tree species.

Furthermore, our analysis of F1 scores revealed that 91.01% of the images achieved a score above 60%, with an average
F1 score of 77.16%. This suggests strong agreement between true labels and predicted results for most images,
indicating the reliability of our model.
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In addition to localization accuracy, our model exhibited satisfactory performance in terms of minimum deviation, with
an average error of 1.86 = 1.18 m between predicted and actual coordinates of the trees. This level of accuracy is crucial
for applications requiring precise spatial information, such as forest inventory and management.

Moreover, our study contributes to the growing body of research demonstrating the potential of computer vision
techniques in ecological monitoring and conservation efforts. By providing accurate and efficient methods for identifying
endangered tree species like Araucaria angustifolia, our approach holds promise for enhancing biodiversity conservation
and promoting sustainable forest management practices.

Our findings align with those of previous studies that have utilized YOLO for tree species detection. Jemaa et al. (2023)
achieved an F1 of 86.24% for detecting apple trees and an overall accuracy of 97.52% for assessing tree health.
Similarly, Abeyrathna et al. (2023) obtained mAP50 values of 84%, 86%, 90.5%, and 77.5% for different YOLO algorithms
in counting apples. These results collectively underscore the versatility and applicability of YOLO in tree detection tasks
across diverse ecological settings.

In summary, our study demonstrates the efficacy of YOLOvV7 in identifying Araucaria angustifolia trees in an urban forest
environment. The robust performance of our model, as evidenced by various metrics, highlights its potential for
supporting ecological research, conservation initiatives, and sustainable forest management practices.

Figure 10 — YOLOv7 model classification for A. angustifolia trees in the urban forest located in Curitiba, Parang, Brazil

5. Conclusion

Trees identification in urban forest fragments, particularly Araucaria angustifolia, represent a significant challenge to
environment management. The scarcity of resources, the time required in the field and the need for trained personnel
stand out as major obstacles. However, the importance of accurately identifying A. angustifolia for conservation is
undeniable, especially considering the threat of extinction hanging over the remnants of the species, which are limited to
restricted areas. In this context, the application of advanced computer vision and machine learning techniques,
exemplified by the YOLOv7 model, is emerging as a promising solution. These tools not only have the potential to reduce
the operational costs associated with identifying species in urban forest fragments, but can also increase the efficiency
of the process, providing reliable results within a short timeframe.

The focus of this study involved a novel approach to identifying A. angustifolia in an urban forest fragment. The use of
aerial images obtained by drone to capture high-resolution georeferenced data, along with the combined utilization of
the YOLOv7 model and the Roboflow training platform, proved effective by simplifying the process and eliminating the
need for complex pre-processing.

When comparing the results obtained with the data from the forest inventory, there was remarkable consistency in the
identification of A. angustifolia. Even though some trees recorded in the inventory were in lower forest strata, the
YOLOv7 model proved its ability to detect them effectively. It is therefore concluded that the application of advanced
technologies, such as aerial images and deep learning, represents a powerful tool not only for assessing and preserving
A. angustifolia, but also for making a significant contribution to the identification and conservation of other species in
urban forests.
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Figure 1

Localization of the study area

Page 13/18




Figure 2

Splitting the orthomosaic into smaller sections in QGIS for processing in Roboflow
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YOLOv7 model labeling, training, validation and testing procedure
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Figure 4

Confusion matrix of the YOLOv7 model

Figure 5

Flowchart of the work methodology
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Descriptive statistics for minimum error, crown area and DBH
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