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Abstract: This study addresses the urgent need for effective methods to monitor and
conserve Araucaria angustifolia, a critically endangered species of immense ecological and
cultural significance in southern Brazil. Using high-resolution satellite images from Google
Earth, we apply the YOLOv7x deep learning model to detect this species in two distinct
urban contexts in Curitiba, Parand: isolated trees across the urban landscape and A. angus-
tifolia individuals within forest remnants. Data augmentation techniques, including image
rotation, hue and saturation adjustments, and mosaic augmentation, were employed to
increase the model’s accuracy and robustness. Through a 5-fold cross-validation, the model
achieved a mean Average Precision (AP) of 90.79% and an F1-score of 88.68%. Results
show higher detection accuracy in forest remnants, where the homogeneous background
of natural landscapes facilitated the identification of trees, compared to urban areas where
complex visual elements like building shadows presented challenges. To reduce false
positives, especially misclassifications involving palm species, additional annotations were
introduced, significantly enhancing performance in urban environments. These findings
highlight the potential of integrating remote sensing with deep learning to automate large-
scale forest inventories. Furthermore, the study highlights the broader applicability of
the YOLOvV7x model for urban forestry planning, offering a cost-effective solution for
biodiversity monitoring. The integration of predictive data with urban forest maps reveals
a spatial correlation between A. angustifolia density and the presence of forest fragments,
suggesting that the preservation of these areas is vital for the species’ sustainability. The
model’s scalability also opens the door for future applications in ecological monitoring
across larger urban areas. As urban environments continue to expand, understanding and
conserving key species like A. angustifolia is critical for enhancing biodiversity, resilience,
and addressing climate change.
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1. Introduction

Araucaria angustifolia (Bertol.) Kuntze, popularly known as araucaria, pine, Parana
pine, and Brazilian pine, is the only species of the genus Araucaria that occurs naturally
in Brazil [1], specifically in the Mixed Ombrophilous Forest (MOF) of the Atlantic Forest
biome. The trees of this species can reach up to 30 m in height and 150 cm in diameter at
breast height (DBH), with ecological, socio-economic, and cultural relevance, especially in
the southern region of Brazil [2,3]. Its seeds are widely used in human food [4,5], in the
pharmaceutical industry [6], and in the feeding of wild animals [2,7]. Its branches have
shown high energy potential [8], and its wood is of high quality [9], acting as important
natural reservoirs of atmospheric carbon dioxide (CO;) [10-12] and soil organic carbon [13].
The area of natural occurrence of the species in Brazil has significantly decreased in recent
years [14,15]. In 2005, this area originally covered 25,379,316 ha; however, it is estimated
that only 12.6% of this original extent remains as forest remnants [16]. More recent reports
indicate an even more alarming scenario, with further reductions in the species” habitat. In-
tensive logging for timber exploitation, as well as agricultural expansion and urbanization,
have contributed to this scenario [14,15,17,18].

To curb logging of the species, the first governmental efforts began in Brazil in 1995
with the publication of State Law No. 11,054/1995 [19]. However, only in 2014 did the
species become fully protected throughout Brazil by Federal Ordinance No. 443/2014 [20],
which includes it in the “Official National List of Endangered Flora Species” as Endangered
(EN). According to the International Union for Conservation of Nature (IUCN), the species
is classified as Critically Endangered (CE) [21], making the monitoring of remaining trees
extremely important. In this context, it is essential to understand the distribution of
remaining individuals to enable the monitoring and preservation of the species, and this
understanding can be achieved through forest inventories.

Several studies have estimated the density of A. angustifolia in MOF, ranging from
158 to 777 individuals per hectare in native forest fragments [22-24]. In contrast, in urban
fragments, the observed density ranged from 17.11 to 33.30 individuals per hectare [25-27].
These estimates were obtained through in loco data collection, which is often based on
limited sample sets, making inferences for larger populations and/or areas. In addition,
the traditional data collection process is time-consuming and expensive [28]. Given these
limitations, there is growing interest in alternative methods that can offer greater efficiency,
in terms of both cost and effort, such as remote sensing technologies, which promise to
revolutionize how forest inventories are conducted.

In this context, remote sensing combined with deep learning techniques based
on Convolutional Neural Networks (CNNs) has proven adequate for identifying tree
species [29-32]. CNNs can store spatial and morphological characteristics of an image,
and require minimal pre-processing, making them widely used in pattern recognition in
images. Some methods can identify different classes of objects in images, while others are
based on segmentation, where each pixel is categorized by location, color, intensity, texture,
and size [33]. Furthermore, various object detection methods have been applied to detect
tree crowns, such as Faster R-CINN [30]; RetinaNet [34,35]; YOLOv2, YOLOvV3, YOLOvV4,
YOLOVS5, and Yolov7 [29,32,36,37]; and Mask R-CNN [38]. In general, the object detection
method is faster and more robust compared to other tree crown detection methods, allow-
ing scalability to large areas [30]. Object detection methods require high-spatial-resolution
images due to the complexity of natural or built landscapes. Remotely piloted aircraft
can provide the necessary resolution but are limited to small areas. For example, Ref. [37]
successfully applied an enhanced version of YOLOV? to detect individual tree crowns and
extract their widths in Metasequoia glyptostroboides forests in China. Although Unoccupied
Aerial Systems (UASs) offer unparalleled flexibility and detailed imagery at a localized
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scale, manned aircraft extend coverage to larger areas with moderate resolution. Satellites,
on the other hand, can be an alternative for vast regions, but free images do not provide
the necessary landscape detail. In contrast, digital globes such as Google Earth™ have
democratized geospatial science [39,40] by providing very high-resolution images and
geospatial accuracy [41-43].

The application of these technologies is crucial for understanding the spatial distri-
bution of A. angustifolia, both in natural areas and urban contexts, where these trees also
play important ecological roles. Urban green spaces play a pivotal role in maintaining
the environmental balance within cities, offering a suite of ecosystem services indispens-
able for human well-being and urban sustainability. These services include local climate
regulation, air pollution control, and protection of aquatic systems [44,45]. Trees, such
as A. angustifolia, are particularly significant in sequestering atmospheric carbon dioxide
(COy), functioning as critical carbon sinks and contributing to climate change mitigation
efforts. Furthermore, green areas provide essential habitats for many species, enhancing
biodiversity and fostering ecological resilience [46]. They also improve urban quality of life
by creating opportunities for recreation, social interaction, and psychological well-being.
In the context of urban areas, where greenhouse gas emissions are a significant concern,
understanding the carbon sink potential of these trees can inform urban forest practices
and policies aimed at mitigating climate change. Insights gained from studying araucarias
can further inform urban planning and green infrastructure design. By understanding
their spatial requirements, ecosystem contributions, and maintenance needs, planners can
integrate these trees more effectively into urban landscapes. Prioritizing these investments
underscores the vital role of green infrastructure in addressing environmental challenges
and promoting long-term urban health.

Therefore, this research develops and assesses a framework for detecting A. angustifolia
in urban settings by applying YOLOv7x, a method based on convolutional neural networks,
to optical imagery available on Google Earth Pro 7.3 (Google LLC, Mountain View, CA,
USA) [47]. Our objective is to investigate the effectiveness of tree detection, in a complex
urban setting with scattered forest remnants and isolated trees, as a way to support decision-
making and municipal management of urban green areas.

2. Materials and Methods
2.1. Study Area Location

The study was conducted within the urban perimeter of the city of Curitiba (25°25'47"'S
49°16’19""W), located in the state of Parand, southern Brazil (Figure 1). Curitiba covers an
area of 434.892 km?, with 78% of this area classified as urban [48]. The region’s climate is
classified as humid subtropical mesothermal (Cfb) with no defined dry season [49]. Based
on historical data from 1991 to 2020, the average temperature is 23.8 °C in the hottest month
and 13.8 °C in the coldest month, with an average annual rainfall of 1591.1 mm [50]. The
predominant vegetation in the region is classified as Mixed Ombrophilous Forest (MOF)
(Figure 1), dominated by Araucaria angustifolia (Bertol.) Kuntze, which are present in the
landscape, constituting parks, squares, nurseries, street trees, and residential areas.

In order to encompass the landscape diversity of the region, six neighborhoods were
selected for model training: Batel, Centro, Jardim das Américas, Jardim Botanico, Rebougas,
and Santa Felicidade (Figure 1). These neighborhoods present significant diversity in terms
of land use and urban characteristics. Batel and Centro are predominantly commercial
areas, with a concentration of large buildings and high-rise condominiums. Reboucas
is a transitional area, featuring a mix of residential and commercial buildings, as well
as industrial zones. Meanwhile, Santa Felicidade is a mostly residential neighborhood
with low-density constructions and fewer high-rise buildings. Jardim das Américas and
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Jardim Botanico, on the other hand, stand out due to the presence of green areas, with a
large diversity of plant species and preservation areas, providing a contrast to the more
urbanized areas of the other neighborhoods. Given this diversity, we divided the data into
two classes for our database—isolated araucarias and araucarias in forest fragments—and
we evaluated the detection performance in these two distinct contexts. This diversity
of urban and environmental characteristics was crucial to ensuring a varied dataset for
model training.
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Figure 1. Location of the study area in the city of Curitiba, Parand, Brazil. The highlighted neigh-
borhoods (Batel, Centro, Jardim Botanico, Jardim das Américas, Rebougas, and Santa Felicidade)
were used to train and test the YOLOv7x model. The gray area indicates regions where the available
images did not have the same quality as the others and, therefore, were not included in the study.

2.2. Pre-Training
2.2.1. Acquisition of RGB Images

The images used in the study were obtained from Google Earth (GE) through the
HCMGIS plugin [51] for QGIS [52], using the Basemap Satellite section. The advantage
of using GE is that it provides mosaics of images from various satellites—such as SPOTS5,
LANDSAT, IKONOS, QUICKBIRD, GeoEye-1, Worldview-1, and Worldview-2—in addition
to aerial photographs, which ensure high spatial resolution (GSD, Ground Sample Distance).
A grid with dimensions of 100 m x 100 m (1.0 ha~!) was generated over the study area,
serving as a base to crop the orthomosaic derived from the basemap. Each image was
saved with a spatial resolution resampled to 0.1 m per pixel, resulting in dimensions of
1000 x 1000 pixels, using the nearest neighbor resampling method.

2.2.2. Field Data Collection and Data Labeling

To validate the obtained results, the annotations of A. angustifolia in the images were
compared with information from field inventories. However, considering the time gap
between the field inventories, which were divided into isolated individuals and those
present in forest fragments (forest), and the date of acquisition of the satellite images, we
performed a complementary analysis using Street View images. This approach allowed
us to accurately verify the presence of A. angustifolia in the studied areas, facilitating the
annotation and confirmation of the species’ existence.

For data labeling, the images were loaded into the labellmg software [53] to generate
the labeled files in the YOLOV7 neural network input format. The annotation involved
creating a bounding box around the A. angustifolia individuals in the image (Figure 2),
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allowing the identification of the bounding box location in relation to the image in which it
is inserted. A total of 1097 images were labeled, discarding those that did not contain trees

of the species under study, resulting in 4660 labeled A. angustifolia individuals.
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Figure 2. Components of a bounding box. (bx, by) represent the X and Y coordinates of the center of

the bounding box; w represents the width and h the height of the bounding box.

2.3. Training

2.3.1. Data Customization

For the training, the YOLOv7x object detection architecture was used, one of the

latest versions of the YOLO family, which accepts variations in input sizes. The larger

the input size, the higher the computational cost. Based on this, images with a resolution

of 640 x 640 pixels were used as the default input. Therefore, each input image was
resized from 1000 x 1000 pixels to the final size of 640 x 640 pixels. Table 1 describes the
configurations defined for the training.

Table 1. YOLOvV7x configuration applied to the A.

angustifolia detection model training.

Settings Value Settings Value
batch 8 anchor_t 4.0
width 640 fl_gamma 0.0
height 640 hsv_h 0.015
channels 3.0 hsv v 04
momentum 0.937 hsv_s 0.7
decay 0.0005 degrees 0.0
warmup_momentum 0.8 translate 0.2
warmup_bias_lr 0.1 scale 0.5
Ir0 0.01 shear 0.0
Irf 0.1 perspective 0.0
box 0.05 flipud 0.0
cls 0.3 fliplr 0.5
cls_pw 1.0 mosaic 1.0
obj 0.7  mixup 0.0
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Table 1. Cont.
Settings Value Settings Value
obj_pw 1.0 train_size 878
iou_t 0.2 wvalidation_size 219

batch—batch size; width—image width in pixels; height—image height in pixels; channels—RGB channels;
momentum—momentum, how much the history affects the subsequent change in weights; decay—eliminates the im-
balance in the dataset; warmup_momentum—gradual increase in the learning rate; warmup_bias_Ir—gradual increase
to standard values in epochs; Ir0—initial learning rate; lrff—maximum learning rate; box—box loss gain; cls—class loss
gain; obj—object loss gain; iou_t—IoU training threshold; anchor_t—multiple anchor threshold; fl_gamma—focal
loss gamma; hsv_h—HSV-Hue image enhancement; hsv_v—HSV-Value image enhancement; hsv_s—HSV-Saturation
enhancement; degrees—randomly rotates images clockwise and counterclockwise; translate—image translation
enhancement; scale—scaling factor; flipud—flips the image up and down; fliplr—flips the image left and right;
mosaic—combination of images; train_size—training dataset size; validation_size—validation dataset size.

2.3.2. Data Augmentation

The accuracy of Supervised Deep Learning models” predictions depends on the quantity
and diversity of data available during training. Therefore, during training, the data aug-
mentation technique was applied to modify the training dataset images, generating a larger
synthetic dataset than the original and consequently improving the model’s performance.

Initially, random rotations (angle) were applied to the images, both clockwise and
counterclockwise, to allow for greater variation in camera positioning. Additionally, the
saturation and hue values were adjusted relative to the reference values of the original
image, enabling the detection of lighting differences during image capture and variations
in colors when detecting new individuals. Finally, the mosaic augmentation technique was
used, combining four training images into one, which allows the model to learn how to
identify objects at a smaller scale than usual.

2.3.3. Experimentation Environment

For computing, Google Colaboratory (Google Colab) was used. Processing was
executed in Google Colab on a Google Chrome web server. Google Colab operates on
Ubuntu 22.04 LTS (Canonical Ltd., London, UK) (64-bit) and consists of an Intel Xeon
processor (Intel Corporation, Santa Clara, CA, USA) with two 2.3 GHz cores and 83.5 GB of
RAM. A 40 GB NVIDIA Tesla (NVIDIA Corporation, Santa Clara, CA, USA) A100-SXM4
GPU was used. To optimize the training process, YOLOv7x was initialized with pre-trained
weights from the MS COCO dataset [54]. The pre-trained weights were used for the first
convolutional layers of the model, ensuring a processing gain. YOLOv7x was trained for
300 epochs, and the images were subdivided into batches of size 8 (batch_size = 8).

2.4. Metrics
2.4.1. Intersection over Union

To evaluate the training results, several metrics were used. One of the most fundamen-
tal metrics related to object detection is Intersection over Union (IoU), also known as the

Jaccard Index (Equation (1)):
Overlap Area

IoU =
° Union Area

(1)

Some terms are widely known in the training and testing of neural network models,
referring to learning and predictions. True Positive (TP) corresponds to the optimal results
the model should aim for during training, i.e., the number of A. angustifolia correctly
detected. False Positive (FP) corresponds to incorrect predictions made by the model, i.e.,
when the model detects an A. angustifolia in the wrong location. False Negative (FN) refers
to all TPs that the model failed to detect.
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The TPs are typically determined using a minimum IoU threshold. The threshold
defines the desired minimum spatial accuracy to consider a prediction as correct. We chose
an IoU threshold of 0.5 (50%) for our model, as suggested by [55].

2.4.2. Recall and Precision

Recall and precision are widely used metrics to evaluate the results of machine learning
experiments [56]. Recall (Equation (2)) refers to the probability that bounding boxes are
correctly detected, while precision (Equation (3)) indicates the probability that a detected
bounding box classified as an A. angustifolia is, in fact, an A. angustifolia. Precision is
calculated as the ratio between the number of correctly detected boxes and the number of
boxes predicted by the detector as A. angustifolia.

TP
Recall; = ———— 2
el = TP EN @)
.. TP
Precision; = TP + FP 3)

2.4.3. F1-Score

To evaluate the generalization capability of the YOLOv7x model, the F1-score metric
(Equation (4)) was used, which corresponds to the harmonic mean of Precision and Recall.
This metric provides a balance between these two indicators and is particularly useful in
cases of class imbalance:

F1 o 2 x Precision x Recall )
—SCOTe = b ecision + Recall

2.4.4. Average Precision

The Average Precision (AP) was determined by constructing a precision/recall curve,
organizing predictions by confidence score. We followed the methodology by [57] which cal-
culates AP by averaging precision at eleven equally spaced recall points between zero and
one, facilitating the interpolation of precision at each recall point (Equations (5) and (6)).

1
AP = 71 2 pinterp (I') (5)
re{0,0.1,0.2,...,0.9,1}
Pinterp (1) = maxp(r’) ©)

2.4.5. K-Fold Cross-Validation

For the validation stage, k-fold cross-validation was performed [58]. The dataset was
randomly divided into five equal-sized subsets. The training was conducted five times
(k = 5). In the first training, one of the subsets was selected for validation (20%) and the
remaining four subsets (80%) were used for training. In the second training, a different
subset was selected for validation and the remaining subsets for training. This procedure
was repeated five times, ensuring that all data passed through the validation set exactly
once. This helped reduce the bias that may occur during detection.

2.4.6. Uncertainty

To handle uncertainties, YOLOv7x calculates the box confidence, which reflects both
the certainty that a bounding box contains an A. angustifolin and the accuracy of that
bounding box in terms of IoU with the ground truth. Additionally, class confidence
evaluates the likelihood that the detected object belongs to the A. angustifolia class. For each
predicted box, the model generates an objectness score (p,, the probability of containing an
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object) and a distribution of probabilities across the possible classes (p., maximum value
among the class probabilities). The confidence score is then calculated by multiplying these
two values (Equation (7)):

Confidence = p, x max(p,) (7)

In this case, class confidence essentially confirms the presence of the single class, and
the overall confidence score is primarily determined by the box confidence.

3. Results
3.1. Training and Validation

In this study, 1097 images were used to apply the YOLOv7x model using the 5-fold cross-
validation approach, with an average training time of 2.08 h for every 300 iterations. The results
of the mean Average Precision (AP) for the detection of A. angustifolia are presented in Table 2.

Table 2. Performance of YOLOv7x in the detection of A. angustifolia: Average Precision (AP), precision,
recall, and F1-score per fold in the 5-fold cross-validation process.

Metrics 1-Fold 2-Fold 3-Fold 4-Fold 5-Fold Average
Precision 0.8963 0.9319 0.8951 0.9149 0.8972 0.9071
Recall 0.8355 0.8671 0.8610 0.8757 0.8989 0.8676
F1-score 0.8648 0.8983 0.8777 0.8949 0.8980 0.8868
AP (%) 0.8883 0.9119 0.9041 0.9095 0.9257 0.9079

AP—Auverage Precision for all training considering all labels; F1-score—Harmonic mean of precision and recall.

The YOLOvV7x object detector successfully predicted the presence of the species A.
angustifolia in the study area (Table 2). The species was detected with 90.79% accuracy, and
the model demonstrated good generalization capability (F1-score = 88.68%). In Figure 3, the
AP values and loss curve throughout the 300 epochs of model training can be observed. The
AP was calculated at each epoch, and the weights were saved whenever a new maximum
precision value was reached.

-0.020
0.8-
0.6- -0.015
I Metrics
—— Fold 1-0.89
3 Fold 2 - 0.91 @
& | " Fold 3 - 0.90 S
0.4- i1 Fold 4-0.91 -0.010
:’V —— Fold 5-0.93
|
0.2- N’} -0.005
0.0- M’ L -0.000
0 50 100 150 200 250 300

Epochs

Figure 3. Learning curve performance of YOLOv7x in the detection of A. angustifolia in the city of
Curitiba, Parand, Brazil.

3.2. Test

In the initial phase of implementing YOLOv7x for the detection of A. angustifolia, out
of the 5335 ground truth individuals, 5081 were true positives, suggesting that when the



Remote Sens. 2025, 17, 809

90of 16

model predicts the presence of A. angustifolia in the image, it is correct 95.24% of the time.
Meanwhile, 254 individuals were not identified by YOLOv7x (FN = 4.76%). At the same
time, 729 false positives were observed, meaning the model predicted that A. angustifolia
individuals were present in the image when, in fact, they were not. Among the 729 false
positives, 13.58% of the confusion of A. angustifolia individuals occurred with palm species
(Arecaceae). To increase the model’s precision, a supplementary annotation strategy was
implemented. This involved carefully annotating additional data specifically for palm
trees, which were then included in the training set. This refinement aimed to increase
the representativeness of the target class, allowing the model to develop a better capacity
for discriminating between A. angustifolia and palm trees. The subsequent retraining of
the model with the refined dataset resulted in a significant reduction in false positives
(Figure 4), demonstrating the effectiveness of the approach to improve detection accuracy.

To better understand the prediction behavior of A. angustifolia, we divided the study
area into forest areas (forest individuals) and non-forest areas (isolated individuals). The
precision, recall, and F1-score results for both scenarios are presented in Table 3. Since the
goal of data refinement was to evaluate the impact on false positives, we only considered
the precision metric in the analysis of the detection for the dataset refined with palm trees.

Table 3. Precision, recall, and F1-score for different scenarios of A. angustifolia detection.

Scenario Precision Recall F1-Score
Isolated 0.8379 0.9432 0.8874
Forest 0.9129 0.9614 0.9365
Isolated + Palm Refined 0.8543 - -
Forest + Palm Refined 0.9136 - -

The uncertainty associated with the predictions is presented in Figure 4, which allowed
for an accurate assessment of the model’s performance at different confidence levels across
various environments.

800

B TP Forest 2
TP Isolated

700 —e— TP% Forest
TP% Isolated

—— FP% Forest 20
FP% Isolated

--+- FP% Forest + Palm Refined

600

FP% Isolated + Palm Refined

500 15

400

10
300

Frequency of A. angustifolia

200

Jo oo § QQ\<> QQ@ o
~ R RS o & A & qb,\/
Confidence

Figure 4. Frequency distribution of individuals classified as forest and isolated individuals.

When analyzing the prediction results considering the uncertainty level (Figure 4), it
was observed that most correctly predicted A. angustifolia individuals were detected with
more than 70% confidence, both in the forest individuals context (TP = 61.7%) and in the
isolated individuals context (TP = 72.2%). Additionally, the results shown in Table 3 and
Figure 4 suggest that YOLOv7x performed better in forest remnant areas than in built-up
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areas, which may indicate that the complexity of the background in areas with buildings led
to greater difficulty for the model to learn; whereas, in forest remnant areas, the background
has a more homogeneous texture.

Moreover, the model detected a considerable number of true positives, even with low
detection confidence, highlighting the importance of considering these areas. In contrast,
the number of false positives detected increases as uncertainty rises, which suggests caution
when considering these individuals. Furthermore, the model did not detect false positives
in the 90% to 100% confidence range.

We concluded our analysis by evaluating the density and spatial distribution of A.
angustifolia in the city of Curitiba to demonstrate the applicability of the proposed method
on a larger scale in the species’ natural occurrence region (Figure 5).

(a) (b)

[ curitiba's boundary
"] Neighborhood's boundaries
I urban forest fragments
Kemel Density (Tree/ha)
I 0.0000 - 4.8817
48817 - 9.7634
9.7634 - 14.6451
14,645 - 19.5268
I 195268 - 24.4085

[ curitiba's boundary
[] Neighborhood's boundaries
@ Predicted trees
Uncertainty (%)
I 20-30%
I 30-40%
40- 50%
50- 60%
60-70%
70-80%
B 80-90%
Bl 90-100%

Figure 5. Overview of A. angustifolia distribution by YOLOv7x in Curitiba, Parand. (a) Forest areas.
(b) Kernel Density Map (trees/ha). (c) Predicted trees. (d) Uncertainty distribution for predicted trees.
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In the comprehensive analysis of the A. angustifolia distribution in Curitiba conducted
by the YOLOv7x model, we identified a total of 97,232 individuals with approximately
90% accuracy. Figure 5 illustrates these results in detail, showing the tree distribution in
urban forest fragments (Figure 5a) and the specific tree density per hectare (Figure 5b).
These forest areas are significantly denser in A. angustifolia, as evidenced by both the Kernel
Density map (Figure 5b) and the spatial distribution of the predicted trees (Figure 5c).
Additionally, Figure 5d presents the uncertainty distribution of the predictions, where the
highest confidence coincides with areas of higher tree density, suggesting a high level of
model reliability in areas with a greater concentration of native vegetation.

4. Discussion

In general, the performance of deep learning techniques tends to improve as the
dataset size increases [59-62]. Although data augmentation was applied in our study, the
initial amount of data still imposed limitations, which may have directly impacted the
detection accuracy of A. angustifolia, which reached 90% (Table 1 and Figures 1 and 2). This
rate is considered adequate, especially in the challenging contexts proposed by this study.
For comparison, the MS COCO dataset [54] contains 328,000 images, with an average of
4000 images per category, which contrasts sharply with our dataset, which is only a quarter
of this size.

The overall performance of YOLOv7x in detecting A. angustifolia is consistent with
previous studies that highlight the efficiency of convolutional neural networks in object
recognition tasks [63-65]. The Average Precision of 90.70% suggests that the model is highly
effective in identifying A. angustifolia; although, the presence of false positives, especially
in non-forest areas, indicates that the complexity of the urban background can challenge
the model’s accuracy. This phenomenon is supported by studies such as [66], which show
that urban areas often introduce visual noise that can confuse detection models. This
complex urban context is exacerbated by the presence of shadows cast by buildings, as the
composition of images from GE obtained from different sensors may lack Sun-synchronous
alignment, preventing uniform lighting across image captures, representing an additional
challenge in identifying A. angustifolia through satellite images (Figure 6).

These shadows, often projected by buildings, can partially or fully obscure tree
canopies, complicating image interpretation and occasionally resulting in false negatives
by generating patterns that resemble other objects. Furthermore, the shadows of the arau-
carias themselves can cause false positives, erroneously increasing the tree count. Bai
et al. [67] highlighted that lighting and image quality are often more critical challenges
than the machine learning model’s limitations. Image quality worsens in situations where
both buildings and isolated trees cast shadows, adding further complexity to the correct
detection process.

Although image quality may affect detection, our results using YOLOv7x have shown
remarkable effectiveness, achieving an average global F1-score of 0.8868. This performance
is an indication of YOLOV7x’s robustness—particularly in terms of precision and speed,
which are essential characteristics for large-scale data analysis—and it also highlights
the generalization and applicability of the proposed method for large-scale studies. In
comparison, the study conducted by [68] used Faster R-CNN, achieving notable F1-scores
for specific species, such as Picea abies (F1-score = 0.86) and Pinus sylvestris (F1-score = 0.92)
in multi-species configurations. Additionally, both studies observed an increase in detection
accuracy as new species were added to the models. In our case, the inclusion of palm trees
improved the detection of A. angustifolia (Figure 3), while [68] reported improvements for
Pinus sylvestris with the expansion of new species in the model. This similarity reinforces
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the idea that models trained with a greater diversity of species may exhibit more effective
generalization, resulting in higher accuracy in complex environments.

(e)

True Positive Bounding Box ©  True Positive Centroid
False Positive Bounding Box ® False Positive Centroid

Street View Capture Point False Negative Centroid

Figure 6. Examples of prediction results: (a) Detection in the context of isolated trees. (b) Detection in
forest fragments. (c) Example of a false negative caused by building shadows. (d) Example of a false
positive due to confusion with palm trees. (e) Example of a false positive caused by confusion with
the shadow projection of an A. angustifolia.

After optimizing and selecting the best set of weights, the YOLOv7x model was
applied to the entire urban area of Curitiba, aiming for a comprehensive analysis of the
distribution and density of A. angustifolia individuals (Figure 4). The model identified a
total of 97,232 A. angustifolia individuals, with an estimated accuracy of approximately 90%.
This result not only underscores the model’s effectiveness in detecting this species on a
large scale but also provides valuable insights into the population distribution of araucarias
in the city, which is essential for future conservation initiatives and urban planning.

Additionally, the integration of prediction data with the map of urban forest fragments,
as illustrated in Figure 4a, highlights a clear spatial relationship between the density of
araucarias and the presence of urban forest remnants. The analysis reveals that the density
of A. angustifolia individuals tends to be higher in forest fragments. This observation
is crucial because it suggests that the preservation policies for these fragments may be
essential for maintaining or even increasing populations of A. angustifolia, a species of
great ecological and cultural importance to the region. The observed correlation also
points to the need to consider the structure and distribution of green urban spaces in city
planning. Preserving and expanding forest fragments not only supports urban biodiversity
but also amplifies environmental benefits, such as improved air quality and microclimatic
regulation, which are vital ecosystem services provided by these areas. It is important to
note that these areas also serve as significant carbon sinks, helping mitigate climate change
by absorbing substantial amounts of carbon dioxide CO,. Studies such as [10-13] reinforce
the vital role these ecosystems play as natural carbon reservoirs, emphasizing the need for
conservation strategies that recognize and value these functions.
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Although the results obtained so far are promising for the detection of A. angustifolia,
we acknowledge that the model’s accuracy could be further improved with the use of
higher-resolution satellite imagery. Higher-resolution images could provide more detailed
data, especially in urban areas with complex landscapes, helping to reduce detection errors
and improve the overall accuracy of the model. Additionally, the use of UAV data, even for
smaller areas, could offer superior spatial resolution and more focused coverage, allowing
for more precise tree crown detection, especially in regions where satellite imagery may
have limitations. We encourage future research to explore these avenues, as combining high-
resolution satellite imagery and UAV data could further enhance the model’s performance
and contribute to more accurate and reliable species detection. Furthermore, comparing
the performance of different versions of YOLO or other object detection methods could
provide additional insights into model efficiency and accuracy, potentially advancing the
development of more robust approaches for tree crown detection and classification.

5. Conclusions

The combination of canopy structure and automatic image identification technology
has enabled the accurate and automatic identification of A. angustifolia individuals. In
this research, we described the process of automatically identifying images from GE using
CNN with YOLOv7x and validated them using field data and Street View. Our results
not only confirm YOLOvV7x’s effectiveness in detecting A. angustifolia at scale, achieving
a precision of 90.70% and an F1-score of 88.68%, but also offer valuable insights into the
distribution and density of araucarias across Curitiba’s urban landscape. The integration of
these predictive data with urban forest maps illustrates a clear spatial correlation between
araucaria density and the presence of forest fragments. This correlation is crucial for
informing conservation strategies, suggesting that preserving urban forest remnants could
significantly enhance the sustainability of A. angustifolia populations in the city.

The study’s findings underscore the potential of automatic image-based inventories
for urban forestry planning, offering a cost-effective solution for monitoring biodiversity
and guiding conservation efforts. Furthermore, the model’s ability to scale to larger urban
areas provides an opportunity for future applications in broader ecological monitoring.
As urban environments continue to grow, understanding and conserving key species like
A. angustifolia becomes ever more critical for maintaining biodiversity, improving urban
resilience, and addressing climate change challenges.

Looking ahead, further refinement of detection accuracy, particularly in complex
urban environments, and expanding the model to include other species, are vital next steps.
These improvements will contribute to more comprehensive automated inventories and
the development of strategic conservation policies that support both urban biodiversity
and ecosystem services.
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