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Abstract: The precise identification and classification of tree species in young forests during their
early development stages are vital for forest management and silvicultural efforts that support their
growth and renewal. Yet, achieving accurate geolocation and species classification is often a labor-
intensive and complex task through field-based surveys. Remote sensing technologies combined with
machine learning techniques present an encouraging solution, offering a more efficient alternative to
conventional field-based methods. This study aimed to detect and classify young forest tree species
by employing remote sensing imagery and machine learning techniques. The study involved mainly
two different objectives: first, the tree species detection using the latest version of You only Look
Once (YOLOv12) and second, semantic segmentation (classification) using random forest,
Categorical Boosting (CatBoost) and Convolutional Neural Network (CNN). To the best of our
knowledge, this marks the first exploration utilizing YOLOv12 for tree species identification, along
with the groundbreaking study that integrates digital aerial photogrammetry with Planet imagery to
achieve semantic segmentation in young forest. The study utilized two remote sensing datasets: RGB
imagery from UAV ortho photography and RGB-NIR from PlanetScope. For YOLOv12-based tree
species detection, only RGB from ortho photography was used, while semantic segmentation was
performed with three sets of data: (1) Ortho RGB, (2) Ortho RGB + canopy height model (CHM) +
Planet RGB-NIR (8 Bands), and (3) ortho RGB + CHM + Planet RGB-NIR + 12 vegetation indices (20
Bands). With three models applied to these datasets, a total of nine machine learning models were
trained and tested using total of 57 images (1024x1024 pixels) and their corresponding mask tiles. The
YOLOV12 model achieved 79% overall accuracy, with Scots pine performing best (precision: 97%,
recall: 92%, mAP50: 97%, mAP75: 80%) and Norway spruce showing slightly lower accuracy
(precision: 94%, recall: 82%, mAP50: 90%, mAP75: 71%). For semantic segmentation, the CatBoost
model with 20 Bands outperformed other models, achieving 85% accuracy, 80% Kappa, and 81%
MCC, with CHM, EVI, NIRPlanet, GreenPlanet, NDGI, GNDVI, and NDVI being the most influential
variables. These results indicate that a simple boosting model like CatBoost can outperform more
complex CNNs for semantic segmentation in young forests.

Keywords: tree species detection; semantic segmentation; digital aerial photogrammetry;
PlanetScope; vegetation indices; YOLO; random forest; CatBoost; CNN

1. Introduction

Tree species identification and classification using remote sensing and machine learning (ML)
has become vital in forestry. The detection and classification is essential for ecosystem evaluation,
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biomass and biodiversity monitoring, and effective utilization of forest resources [1,2]. This provides
essential perspectives into environmental health, supports conservation efforts, and promotes
sustainable forestry management practices. Tree species (object) detection is a powerful tool that
enables the geolocation and identification of individual trees while utilizing data from diverse tree
species, making these models highly adaptable for use in various regions [3]. There are many object
detection methods depending on architecture, computational speed, efficiency, and accuracy; for
example, You Only Look Once (YOLO) [4], RetinaNet [5], region-based convolutional neural
networks (R-CNN) [6], faster R-CNN [7], Mask R-CNN [8], etc. Previous studies have demonstrated
the success of various machine learning methods in detecting forest tree species using remote sensing
data, such as Light Detection and Ranging (LiDAR) and Digital Aerial Photogrammetry (DAP) [9-
16]. The YOLO framework is a popular type of real-time object detection model that’s been carefully
built to focus on accuracy, speed, and efficiency. Introduced by Joseph Redmon in 2016 [4], the YOLO
framework has notably altered the field of computer vision by reconceptualizing object detection as
a unified regression task, allowing the model to predict bounding boxes and class probabilities
concurrently from a single input image in one evaluation. This technique illustrates considerable
distinction from established object detection methods, such as R-CNN or Faster R-CNN, which
require a series of processing steps. Previous studies also found that the YOLO model has higher
detection accuracy than Mask-R CNN and U-Net [13], or Faster R-CNN and Retina Net [15] in tree
species segmentation and detection. In recent years, various versions of the YOLO model have been
successfully applied to forest species detection, consistently demonstrating high levels of accuracy
[13,15,17-22]. With these substantial improvements, the majority of earlier YOLO applications has
primarily targeted the detection of tree crowns, rather than examining the species-level classification.
Relatively few studies [13,15,17,19] have explored the more specific task of tree species identification,
including one on the classification of species such as Pinus koraiensis and Abies holophylla [13] and
another identifying Populus bolleana, Ulmus pumila, Elaeagnus angustifolia, etc. [19]. Additionally, only
a few studies have been dedicated to the detection of young tree species, stressing the need for further
research in this area. These highlight the capabilities of deep learning model like YOLO for species-
level identification, while also emphasizing the need for further research in distinguishing individual
tree species within complex forest environments, including young forest, mixed stand age, and
different biogeographic environments. Addressing this gap is also essential for improving the
applicability of YOLO models to these diverse forest conditions for tree species detection. The latest
version, YOLOV12 [23] (released in February 2025), has not yet been employed for the purposes of
detecting and classifying forest tree species. Clearly, considering the recent launch of this specific
version, we assert that, at the very least, no empirical investigations have been conducted employing
it within field of forestry. Therefore, one of the objectives of this study is to utilize the YOLOv12
algorithm for the identification of tree species within young boreal forest, significantly enhancing
precision and operational efficacy compared to its previous versions [23].

Semantic segmentation is a classification and computer vision technique, entailing the organized
classification of each individual pixel within an image into established classes or labels. Unlike
conventional methodologies for image classification, which assign a singular label to an entire image,
or object detection methods that outline and confine objects using bounding boxes, semantic
segmentation provides a detailed classification of the scene at the pixel level [24]. Advancements in
ML - specifically, deep learning (DL) — have created new possibilities for automating the processing
of remote sensing data, including sources such as PlanetScope (hereafter referred to as Planet)
imagery, LiDAR, and DAP [9-14,25,26], and have expanded the possibilities for effectively classifying
the forest species at pixel level [27-32]. Previous studies have conducted forest species classification
at the pixel level (semantic segmentation) using ML models like random forest (RF), support vector
machines (SVM), and convolutional neural networks (CNNs) [13,25,33-36]. The most frequent
machine learning models for tree species classification are RF, SVM and CNNs. Only a limited
number of studies have explored tree species classification using boosting methods such as
LightGBM, XGBoost, and CatBoost, despite their superior or competitive performance compared to
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decision trees, support vectors, k-nearest neighbors (KNN), and other ensemble methods [37-39].
Although boosting algorithms have proven their superior accuracy and efficiency, we have yet to
fully unlock their potential in the classification of tree species. Furthermore, previous research on
semantic segmentation largely centered around specific remote sensing data types, such as LiDAR,
DAP, Sentinel, etc. Few studies have combined different data sources such as, high-resolution RGB
imagery with satellite multispectral data [38,40-43]. Nonetheless, the combination of different data
sources is proven to significantly enhance classification accuracy, elevating results from 73% with
RGB alone to 92% when utilizing RGB + Hyperspectral + LiDAR [40]. An extensive review of the
literature on tree species classification reveals that most studies have focused on three primary areas:
(1) individual tree detection (ITD) using LiDAR and/or DAP data in combination with ML and DL
models, (2) forest species classification using RGB DAP, where each image tile corresponds to a
specific class, and (3) classification of tree species using high resolution unmanned aerial vehicle
(UAV) images at pixel level. Apart from LiDAR and DAP, commonly used satellite remote sensing
data for forest species classification include multi/hyperspectral imageries, the Landsat and Sentinel.
It is evident that the current literature lacks adequate coverage on the utilization of other remote
sensing data, like Planet, for classifying forest species [44]. Although Planet lab operates as a
commercial service and its multispectral data is not freely accessible to the public, it offers the Planet
Education and Research Program (ERP), which grants limited free access to researchers, students,
and institutions for non-commercial scientific research. The multispectral data provided by Planet,
covering red, green, blue, and near-infrared bands, offer an optimal balance of high temporal (daily)
and spatial (3 m) and temporal resolution, making it highly suitable for tress species classification
studies. A previous study has employed Planet imagery and high-resolution aerial photographs for
forest species classification [45], and the fusion of these different data sources could further enhance
accuracy by combining their spectral and structural attributes. This indicates that coarse-resolution
satellite data can be integrated with high-resolution DAP data by resampling the coarse data and
applying a classification model [42]. Moreover, many studies have mainly focused on mature trees,
where fully developed branches and leaves create distinct spectral characteristics for different tree
species. This clear differentiation makes it easier for models to learn during training, ultimately
leading to higher classification accuracy. On the contrary, at the early growth stages, tree species
exhibit similar spectral characteristics due to their comparable crown structure, height, and diameter
at breast height (dbh). Different young boreal tree species, such as Picea, Pinus, and Abies, exhibit
nearly the same reflectance, transmittance, and albedo characteristics at wavelengths below 700 nm
[46]. This similarity makes it more challenging for models to distinguish between species accurately.
Hence, our second objective of this research was to classify (semantic segmentation) young forest tree
species by integrating RGB-NIR Planet lab data, RGB DAP, and their derived spectral indices
(vegetation indices) using ML models. Furthermore, incorporating the canopy height model (CHM)
into the dataset is anticipated to improve the accuracy of the models by offering valuable structural
insights about tree height, which complements spectral and spatial data. The overall approach of this
study was, first, to carry out tree species detection using the YOLOvV12, second, to compare model
classification accuracy at different levels of data complexity: (1) DAP RGB, (2) 8-band data (DAP RGB
+ CHM + Planet RGB-NIR), and (3) 20-band data (DAP RGB + CHM + Planet RGB-NIR + 12 spectral
indices), and third, to prepare a forest species classification map from the best-performing model.

2. Materials and Methods
2.1. Study Area

The study was conducted in a young private forest located in Pieksdmaki, Finland (62°21'0" N,
27°6'32" E) (Figure 1). The site comprises two forest stands, part of which underwent their first
commercial thinning in 2021. The study site covered a total of 16 hectares of young boreal forest,
predominantly composed of Scotch pine (Pinus sylvestris), Norway spruce (Picea abies), and Silver
birch (Betula pendula). The area also included other Deciduous tree species, such as European aspen
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and Downy birch. In 2024, the region recorded a mean annual precipitation of 608 mm and an average
temperature of 5.4°C [47]. The two stands were specified within the young forest developmental
category and were categorized to the drained heath fertility and mesic heath classifications in both
stands. The average height and dbh of the trees in the forest are 13 m and 14 cm, respectively [48].

2.2. Digital Aerial Photogrammetry

The DAP scan was conducted on June 16, 2020, utilizing a 42 MP Sony RX1R II camera (Sony,
Tokyo, Japan) mounted to the unmanned aerial vehicle (UAV) GEODRONE X4L (Geotrim Oy,
Vantaa, Finland) (Figure 1). The drone, engineered to endure wind speeds of up to 18 m/s and capable
of traversing distances of up to 2500 m, performed a singular flight for the purpose of image
acquisition. The flight trajectory of the UAV for the DAP was directed by a pre-established ground
control system, while its IMU and GNSS components recorded the spatial coordinates (longitude and
latitude), altitude, and angle of each image in real time. The flying height was 140 meters with an
average flying speed of 7 meters per second. The distance between the flight lines was 27 meters. We
used Trimble real time kinetic (RTK) technology for establishing accurately positioned five ground
control point within the study area. The RGB images achieved a spatial resolution of 4 cm per pixel,
with overlaps of 80% longitudinally and 65% laterally. A total of 812 images in JPEG were obtained,
covering a broader area that includes the specific study site, all with a photo resolution of 7952 x 5304
pixels.

(@

% [ Deciduous A
I Forest floor

(d)

0 375 75 300
meters

Figure 1. the location of the study area.

The JEPEG images were subsequently transformed into digital maps and three-dimensional
point clouds utilizing Pix4D software [49], which, through its structure-from-motion algorithm,
produced dense point clouds from aerial imagery with an average density of 732 points per square
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meter. To assess tree heights, a digital surface model (DSM) was initially created from the point cloud
to depict the highest surface elevations, encompassing tree canopies and other objects. A digital
terrain model (DTM) was derived by classifying and filtering the ground points within the point
cloud, and the CHM was calculated by deducting the DTM from the DSM, thereby accurately
illustrating the vertical extent of vegetation above the ground surface. The complete RGB
orthomosaic and CHM of the study area were produced with the pixel sizes of 4 cm and 20 cm,
respectively. The CHM has been resampled into 4 cm using a bilinear method to make both the RGB
and CHM resolutions uniform in ArcGIS Pro, version 3.3.1.

2.3. Preparation of Reference Data

The training data was prepared in ArcGIS Pro, version 3.3.1. The process started with the manual
delineation of different tree crowns and Forest floor boundary polygons in an orthomosaic (Figure
1d). This necessitated extensive working hours, as a total of 6011 polygons were delineated.
Approximately 25% of the study area has been allocated for training and testing data in the models.
Given the distinctiveness of the Forest floor and the assumption of effective training across all classes
in any ML model, we polygonised the Forest floor with minimal representation—only 13% of the
total delineated area. Nonetheless, class balance techniques were implemented during the training
phase in all machine learning models. Further details of the delineated polygons are presented in
Table 1. Additionally, an orthomosaic RGB image of the study area was also available from spring
2020 (Figure A1), as two different drone scanning campaigns were conducted during the spring and
summer of 2020. The orthoimage of spring 2020 was used to differentiate Deciduous tree species from
evergreen ones in a crown delineation process in ArGIS pro.

Table 1. The details of manually prepared reference datasets.

Species Number of Total area % of total % of total study
polygons (m?) delineated area area

Scots pine 1261 11650 29.45 7.33

Norway spruce 1622 8850 22.37 5.57

Deciduous spp. 2755 13816 34.93 8.69

Forest floor 373 5240 13.25 3.30

Total 6011 39556 100 24.89

2.4. Planet Data

The RGB-NIR planet data [44] were collected for the date of 16 June 2020, aligning with the
acquisition period of DAP RGB imagery for the study area. The cloud free four bands with 3-meter
pixel resolution images were downloaded from the Planet lab database. An orthorectified,
atmospherically corrected, and radiometrically calibrated surface reflectance (Level 3B) image was
employed from Dove Classic PS2. As a result of differing pixel resolutions, images of Planet data
were resampled to 4 cm using bilinear interpolation in ArcGIS Pro.

2.5. Vegetation Indices

Twelve vegetation indices were derived from three and four spectral bands using DAP and
Planet data, respectively. Six different indices for each DAP and planet were calculated for input data.
The vegetation indices calculated were DAP: ExG= Excess of Green, GLI= Green Leaf Index, MGRVI=
Modified Green Red Vegetation Index, NGRDI= Normalized green-red difference index, RGBVI=
Red Green Blue Vegetation Index, VARI= Visible atmospherically resistant index, Planet: ARVI=
Atmospherically Resistant Vegetation Index, EVI= Enhanced Vegetation Index, GARI= Green
Atmospherically Resistant Index, GNDVI= Green Normalized Difference Vegetation Index, NDGI=
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Normalized Difference Greenness Index, and NDVI= Normalized Difference Vegetation Index. The
formula and references are provided in Table 2.

Table 2. The vegetation indices and their formula used in this study.

Data  Vegetationindex Formula Reference
DAP  ExG 2+G—R—-B [50]
GLI (2*G)—R-B) [51]

(2+G)+R+B)

MGRVI G2 — R? [52]

G*>+R?
NGRDI (G—R) [53]

(G+R)
RGBVI G>*— (B*R) [52]

G2+ (B *R)
VARI (G—R) [54]
((G+R)—B)
Planet ARVI NIR—(R—1%(B—R) [55]
NIR+ (R—1%(B—R)
EVI . ( NIR — R > [56]
' (NIR+ (6*R)— (75xB)) +1
GARI NIR — (G — (B —R)) [57]
NIR + (G — (B —R))

GNDVI NIR -G [57]

NIR + G
NDGI G—-R [58]

G+R

NDVI NIR — R [59]

NIR + R

2.6. Preparation of the Input Data

In total, 20 raster channels were created by combining all individual bands (DAP: 3 channels +
Planet: 4 channels), the CHM (DAP:1 channel), and vegetation indices (12 channels) from both DAP
and Planet. For each channel, 57 raster tiffs were created, each having 1024*1024 rows and columns.
In order to conduct species identification through the YOLO framework, dataset containing 57 RGB
raster images, paired with their relevant annotated data, was applied in the analytical evaluation. For
semantic segmentation, every pixel in corresponding masks should be classified with the predefined
labels Pine, Spruce, Deciduous and Forest floor. Pixels that were excluded from the manual
classification labels were classified utilizing the integrated U-Net model available in ArcGIS Pro 3.3.1
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[60]. About 50% of unlabeled pixels were classified with the U-net model, in which most were
assigned to the Forest floor. Each set of tiles has image tiles and their corresponding mask layer of
1024*1024 rows and columns with four classes of information, i.e., Pine, Spruce, Deciduous, and
Forest floor. Finally, we prepared the complete dataset and categorized into three sets for modelling
purposes: 1. 3 channels: RGB only (DAP), 2. 8 channels: RGB+CHM (DAP) + RGB+NIR (Planet) and
3. 20 channels: RGB+ CHM+ 6 VIs (DAP) + RGB+NIR+ 6 VIs (Planet). The input and labeled mask
raster including DAP and Planet RGB-NIR, the canopy height model, and some of their vegetation
index maps (merged 57 raster tiles) are presented in Figure 2.

Planet-RGB-NIR
DAP-RGB (False color composite) DAP-CHM

CHM in meters
32

Labelled mask Raster

I Pine
M Spruce

Deciduous
I Forest floor

Figure 2. The input rasters and labeled mask of the study area. From ExG to GNDVI are the example of
vegetation indices calculated for DAP (first two) and Planet (last three) for the study area. There were 12
vegetation indices (6 each) calculated for DAP and Planet.

2.7. Tree Species Detection and Classification

The species detection was carried out using YOLOv12. The primary objective of the species
detection using YOLO was to assess the capability of the latest version of YOLO for individual tree
detection in young forest. Since the delineation of tree crowns was carried out manually, we believe
that the YOLO detection accuracy will meet expectations, thereby confirming that the training and
validation datasets created are appropriately annotated and representative of all the species. The
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classifications were then carried out using a random forest, categorical boosting, and convolutional
neural networks.

2.7.1. YOLOvV12

The YOLOV12 model is the newest addition to Ultralytics’ YOLO series of real-time object
detection tools [23]. This version is considered better among other versions in terms of accuracy for
object detection (Figure 3). The manually delineated DAP-RGB region (total crown delineation area)
was systematically cropped to dimensions of 1024x1024 pixels to establish a standardized dataset for
all semantic segmentation algorithms; however, these images were subsequently resized to 640x640
pixels to comply with the requisite input specifications for the YOLO framework. A distinct format
is required for the YOLO model, necessitating the partitioning of the dataset into training, validation,
and testing subsets, adhering to an allocation ratio of 80/10/10 for both the images and their
corresponding labels. The image and label data were prepared in .tif and .txt formats respectively.
The training of the model was performed with a batch size of 25, covering a total of 300 epochs. The
model was trained using Google Colab Pro T4 GPU with high ram and Ultralytics 8.3.78, Python-
3.11.11, torch-2.5.1+cul24 CUDA:0 (NVIDIA A100-SXM4-40GB, 40507MiB), model=yolo12s.pt.

56 56
54+ . 54
-
<52t e =52
S r” S
& 50 ,' & 50
< / < g
eE88r ) <7 ) [k YOLOV6-3.0 £ 48 4 - ,///'/ ————— YOLOV6-3.0
e |\ ¥ <« /) |e- YOLOV? =] S ——e— YOLOV7
o46r f L | e YOLOVS O 46 /, 77 4 e YOLOVS
iy +— RT-DETRV2 - }( IS +— RT-DETRv2
- —— /OLO-MS - I | /OLO-MS
Y} z.:)lil(i:::o =4 /II / v ’ :-:»)IZ(:?::()
40 | | ——== YOLOVIO 40 " 0 -—e-- YOLOVI0
- YOLOVI1 ‘Jj, ——e— YOLOVI1
38t —e— YOLOVI2 (ours) 38 / —e— YOLOVI2 (ours)
2:5 50 7.5 10.0 125 150 17.5 20.0 0 20 40 60 80 100 120 140 160 180 200
Latency (ms) FLOPs (G)

Figure 3. The comparisons of different YOLO versions for latency (left) and FLOPs (right) trade-offs [23].

2.7.2. Random Forest

A random forest constitutes an ensemble method for classification, which is comprised of
numerous weak decision trees, each of which is constructed utilizing randomly chosen predictors
derived from various subsets of the training dataset. The conclusive prediction or classification
outcome is determined through majority voting among the trees [61]. In this approach, decision trees
are built independently, with no pruning applied during their construction. The splitting at each
node is guided by a randomly selected subset of features, determined by the user-defined
min_sample_split and max_depth. This method creates trees characterized by high variance but low
bias, resulting in a collection, or “forest,” of multiple trees specified by the Ntree parameter (also
called n_estimators). To classify new data points, the model combines the predictions from all the
trees using a majority voting system, ensuring robust and accurate classification. We used the sklearn
Python library to run a random forest classifier with optimized parameters: n_estimators=500,
max_depth=10, min_sample_split=5, minsamples_leaf=2, max_features= sqrt, class_weight=
class_weight_dict. The 5-fold cross validation (CV) grid search hyper parameters tuning was
performed using GridSearchCV (param_grid = {'n_estimators’: [50, 100, 500],'max_depth”: [5,10,20]
‘min_samples_split”: [2, 5, 10], ‘'min_samples_leaf”: [1, 2, 4]}) from sklearn library.

2.7.3. Categorical Boosting

Categorical boosting is a powerful algorithm in the field of machine learning, fundamentally
based on the concepts of gradient boosting over decision trees [62]. The algorithm uses ordered target
encoding to prevent data leakage and improve generalization during training. Its symmetric tree
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structure accelerates the training process and ensures consistent splits across all trees. This design
also enhances regularization, reducing the risk of overfitting. The CatBoost ordered boosting
technique processes data sequentially, making it robust and accurate for diverse datasets. It
automatically handles missing values, further simplifying the data preparation process. Overall, it
delivers competitive accuracy with faster inference compared to other gradient boosting models, such
as XGBoost and LightGBM [63]. We used the Python library “catboost” with iterations=3000,
depth=10, learning rate= 0.1, and loss function= multiclass for this classification. The 5-fold cross-
validation (CV) grid search hyperparameter tuning was performed using GridSearchCV (param_grid
= {'iterations’: [1000, 2000, 3000],’depth’: [5,10,20] 'learning_rate’: [0.01, 0.1]}) from the sklearn library.
We used GPU acceleration with a CUDA backend through the PyTorch framework to train the
CatBoost model.

2.7.4. Convolutional Neural Networks

Convolutional neural networks (CNNs) are distinct category of neural networks designed with
care for the analysis of structured grid-like datasets, such as images [64]. These networks skillfully
utilize convolutional layers to extract spatial features from the input data, significantly reducing the
need for manual feature engineering. CNNs achieve this by applying convolutional filters across an
input image, detecting patterns such as textures, edges, and more complex shapes. Pooling layers are
subsequently employed to diminish the dimensions of the feature maps, thereby decreasing their size
whilst preserving critical information, which enhances computational efficiency. The network
generally comprises numerous convolutional and pooling layers, facilitating the acquisition of
hierarchical feature representations. Fully connected layers positioned towards the conclusion of the
architecture integrate the features to facilitate predictions.

In the current study, we utilized a deep convolutional neural network (CNN) to enable pixel-
wise classification in semantic segmentation tasks, whereby each pixel of an input image is assigned
a corresponding class label. A 2D CNN architecture with ResNet50V2 [65] based encoder-decoder
backbone was implemented and run in a Python environment using Keras with a TensorFlow
backend for model execution. The dataset consists of either RGB or 8-band or 20-band raster images,
all exhibiting a resolution of 1024x1024 pixels. The ResNet50V2 model was used as the feature
extractor with pre-trained weight (“imagenet”) for RGB and without pre-trained weights for 8-band
and 20-band, ensuring compatibility with our input.

The encoder extracts multi-scale hierarchical features from the input, progressively reducing
spatial dimensions while increasing feature complexity. The decoder consists of multiple upsampling
layers to restore the original image resolution. The upsampling process is performed in five stages,
progressively increasing the spatial dimensions from 32x32 to 1024x1024. Each upsampling step is
succeeded by a convolutional layer incorporating ReLU activation and a kernel dimension of 3x3,
with filter sizes gradually decreasing from 512 to 32 as the spatial resolution is restored. The final
output layer applies a 1x1 convolution with the number of filters aligned to the total count of classes,
subsequently utilizing a softmax activation function to generate probability distributions at the pixel
level. The model was constructed using the Adam optimization algorithm and the categorical cross-
entropy loss function, which is suitable for multi-class segmentation tasks. Sample weights were
reshaped to align with the batch size and averaged across the dataset to address class imbalances.
The training of the model spanned 300 epochs, using a batch size of 4 to ensure optimal learning
given the high-resolution input images. The model’s performance was assessed using a test data,
with test loss and accuracy metrics recorded to assess semantic segmentation performance.

2.8. Model Evaluation

The evaluation of the models was conducted using 20% of the testing data, with the exclusion of
YOLO species detection. Five metrics from the confusion matrix were employed to measure the
effectiveness of the model: overall accuracy, precision (user’s accuracy), recall (producer’s accuracy),
Kappa [66], and the Matthews correlation coefficient (MCC) [67]. The performance of the models was
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assessed using 20% data from the test set except for YOLO species detection. Five evaluation metrics
derived from the confusion matrix were used to measure model effectiveness: overall accuracy (OA),
precision (also referred to as user’s accuracy), recall (known as producer’s accuracy), and the
Matthews correlation coefficient The complete workflow from creating reference and training
datasets using Planet and DAP to the final classification map is presented as a chart in Figure 4.

Planet
Resampled RGB+NIR _|

(VIs)

Vegetation Indices
DAP J

| RGB+CHM]

Labelling: Tree
canopy delineation

[Vector] DAP RGB DAP RGB+CHM+ DAP RGB+CHM+
| [3 channels] Planet RGB+NIR Planet RGB+NIR
Reference Data: [8 channels] (8 chlazn\r;lels) +
Labelled images and s
masks [20 channels]
|
[Eatey] Classification
Map
Semantic Segmentation
|| Species Detection: (Classification):
YOLOv12 Random Forest
CatBoost
CNN

Figure 4. The workflow chart of forest species classification in this study.

The training environment for YOLO is presented in section 2.7.1. For all classification models,
the training platform was Intel Xeon Gold 6230. The random forest model was run in CPU using 2x20
cores @2.1 GHz. The CatBoost and CNNs were run using GPU partitioning, NVIDIA Volta V100
GPU. The Jupyter Notebook with Python version 3.10-24.04 was utilized for all the classification
training and output.

3. Results
3.1. Tree Species Detection

The confusion matrix (Figure 5) shows three determined categories: Pine, Spruce, and
Deciduous and their classification by the YOLOv12 model. Pine achieves a high level of accuracy,
with 512 instances correctly identified out of 543, demonstrating minimal misclassification into other
categories. In a similar fashion, Spruce attained considerable classification performance, with 407
accurate predictions out of 477 instances. Deciduous achieved substantial classification performance,
with 1518 accurate predictions out of 1,646 instances. In CNN models such as YOLO, the presence of
the background class as a non-detected object is common. In this context, the total instances detected
as background are distributed among the different classes in the reference dataset. Notably, 80% of
these non-detected objects were classified as Deciduous, with the remaining instances divided
between Pine and Spruce. An important observation in this model is that misclassifications into the
Background class are less critical than misclassifications into other class labels, such as Pine being
predicted as Spruce or Deciduous [68]. Fortunately, our model demonstrates strong performance in
this regard, with very few instances incorrectly classified as another class. To provide a deeper
assessment of the model’s performance, additional metrics are presented in the accompanying Table
3.
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Figure 5. The confusion matrix of YOLOv12 model.

The evaluation metrics for the YOLOv12 model are summarized in Table 3. The validation
dataset comprises 30 images with a total of 2,696 annotated instances across three classes: Pine,
Spruce, and Deciduous. The model revealed a precision of 95% and a recall of 87%, alongside a mean
average precision (mAP) of 93% at a 50% intersection over union (IoU) threshold and 75% across
various IoU thresholds from 50% to 95%. Among the three classes, Pine exhibited the highest
detection performance, with a precision of 97%, recall of 92%, mAP50 of 97%, and mAP50-95 of 80%.
In contrast, Spruce showed the lowest recall (82%) and mAP50-95 (71%), indicating potential
challenges in detecting all instances accurately, especially at stricter IoU thresholds. These findings
emphasize the model’s effectiveness in identifying Pine and Deciduous species, while also indicating
areas where Spruce tree detection can be enhanced. The overall accuracy calculated from the
confusion matrix (total number of correct prediction/ total number of prediction) was 79%.
Additionally, the Kappa and MCC matrices were 66% and 67%. More information on precision and
recall is provided in the form of a precision-recall curve in Figure A3.

Table 3. The accuracy assessment of tree species detection from YOLOv12.

Class Images Instances Precision Recall mAP50 mAP50-95
All 30 2696 0.95 0.87 0.93 0.75
Pine 20 543 0.97 0.92 0.97 0.80
Spruce 25 477 0.94 0.82 0.90 0.71
Deciduous 30 1676 0.93 0.87 0.93 0.73

Figure 6 provides a detailed visualization of the spatial distribution of three tree species—Pine,
Spruce, and Deciduous—within the study area, overlaid with reference polygons and YOLOv12-
detected bounding boxes. This visual approach facilitates a detailed evaluation of the model’s
effectiveness in detecting and classifying tree species. The insets reveal cases of correct detections,
where bounding boxes align with reference polygons, alongside instances of misclassification and
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missed detections. The Figure A4 provides an elaborate illustration of a small segment within the
study area. The findings indicate that YOLOV12 effectively recognizes tree species in isolated or
conspicuous regions. However, the model is challenged by areas with dense seedling vegetation
(upper-right and lower-left corner in the Figure 6), where visual complexity obstructs the
identification of individual trees.

Reference (Polygons)
1 Pine N
L1 Spruce

L1 Deciduous

YOLOv12 (Bounding boxes)

3 Pine

[ Spruce

3 Deciduous

Figure 6. The species detection from YOLOvV11 for the study site.

3.2. Classification

The classification process employed three types of models: random forest, CatBoost, and
convolutional neural network. Each of these models was further tested in three configurations,
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utilizing raster tiles with 3 channels (RGB), 8 channels, and 20 channels. Our analysis focused on
evaluating the impact of incorporating additional channels on model accuracy, comparing their
performance in various configurations. The classification task extended to include the Forest floor,
enabling a comprehensive categorization of the study area. This approach resulted in four distinct
classes: Pine, Spruce, Deciduous, and Forest floor, ensuring that the entire study area was represented
within the classification framework.

3.2.1. Performance of the Models

Figure 7 shows confusion matrices (calculated from 20% test data) of three models: random
forests, CatBoost, and CNNs when varying input features are applied: RGB, 8 bands, and 20 bands.
Both random forests and CatBoost demonstrate a clear trend of improved classification accuracy as
the number of spectral bands increases. For example, CatBoost’s accuracy for Deciduous rises from
47% with RGB to 91% with 20 bands, while the random forest shows a marked improvement for
Forest floor, moving from 60% with RGB to 83% with 20 bands. However, CNNs exhibit inconsistent
patterns; significant performance gains are noted for all classes except Pine. Pine’s performance
slightly declines from 75% (RGB) to 72% (8 bands) and 71% (20 bands), whereas Spruce improves,
oscillating between 60% (RGB), 65% (8 bands), and 60% (20 bands). Deciduous demonstrates a steady
improvement from 73% (RGB) to 73% (8 bands) and 75% (20 bands). Similarly, the forest floor class
declines from 83% (RGB) to 77% (8 bands) but rises to 85% (20 bands), indicating a significant benefit
from enhanced spectral information. These findings suggest that the improvement of CNN
performance attributable to additional spectral bands is dependent on the class. These findings
highlight that random forest and CatBoost effectively utilize the supplementary spectral data, while
CNNs demonstrate limited adaptability to complexities beyond RGB bands.
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Figure 7. The confusion matrices (%) using RGB to 20 channels in all three models. Each row contains the same

model, and each column has the same channel, i.e., RGB or 8 bands or 20 bands.

Likewise, Table 4 shows the different performance matrices calculated using a confusion matrix
derived from 20% test datasets. Both random forests and CatBoost demonstrate a consistent
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improvement in all classification performance with increasing input channels, as reflected by higher
overall accuracy, precision and recall, F1 scores, MCC, and Kappa values. For example, in random
forest, the precision for Spruce improves from 0.29 with RGB to 0.49 with 20 bands, and the overall
score increases from 0.54 to 0.70. Similarly, CatBoost shows a substantial increase in performance,
with the recall for Deciduous rising from 0.47 (RGB) to 0.91 (20 bands), and the overall score
increasing from 0.55 to 0.85. In contrast, CNN demonstrates less consistent improvement in
performance when increasing from RGB channels to 20 channels. There is a precision imporvement
from 81% (RGB) to 88%(20 bands) for Pine. Other than this, there is no any significant improvement
in any matrices while adding the spectral channels into RGB in CNN model. The overall score
remains constant at 0.74 for RGB and 20 bands for CNN, suggesting reduced advantages from
supplementary spectral channels in comparison to random forest and CatBoost.

Table 4. Performance metrics produced by all three models.

Model Channels Species Precision Recall F1Score Overall score Kappa MCC

Pine 0.59 0.61 0.60
Spruce 0.29 039 033
RGB Deciduous 0.56 0.51 0.53
Forest floor 0.69 0.60 0.64

0.54 0.38 0.38
Pine 0.76 0.63  0.69
Spruce 0.47 040 043
Random forest 8 Bands  Deciduous 0.60 0.70 0.64
Forest floor 0.77 0.81 0.79

0.66 0.54 0.54
Pine 0.72 070 071
Spruce 0.49 049 049
20 Bands Deciduous 0.68 0.66 0.67
Forest floor 0.77 0.83 0.80

0.70 0.60 0.60
Pine 0.62 0.60  0.61
Spruce 0.29 045 0.36
RGB Deciduous 0.61 047  0.53
Forest floor 0.68 0.64 0.66

0.55 0.40 0.40
Pine 0.85 0.76 0.80
Spruce 0.80 055  0.65
CatBoost 8Bands  Deciduous 0.70 0.89 0.78
Forest floor 0.87 0.86 0.87

0.79 0.71 0.72
Pine 0.88 0.84 0.86
Spruce 0.85 0.71 0.77
20 Bands Deciduous 0.80 0.91 0.85
Forest floor 0.91 0.89 0.90

0.85 0.80 0.81

RGB Pine 0.81 0.75 0.78
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Spruce 0.65 0.60  0.62
Deciduous 0.74 0.73 0.74
Forest floor 0.73 0.83 0.78

CNN 0.74 0.65  0.65
Pine 0.86 0.72 0.78
Spruce 0.52 0.65  0.58
8 Bands Deciduous 0.69 0.73 0.71
Forest floor 0.80 0.77 0.78

0.72 0.62 0.63
Pine 0.88 0.71 0.79
Spruce 0.60 0.60  0.60
20 Bands Deciduous 0.73 0.75 0.74
Forest floor 0.73 0.85 0.79

0.74 0.65 0.65

Figure 8 summarizes the overall accuracy, Kappa and MCC for all nine models. The overall
accuracy demonstrated a significant improvement of 30% for random forest and 55% for CatBoost
when transitioning from the RGB model to the 20-band model. For Kappa scores, random forest
achieved 58%, while CatBoost reached 100% with an MCC of 103%. However, the CNN exhibited no
accuracy enhancement when shifting from RGB to 20 bands model . Based on the output from all
models across different input channels, CatBoost with 20 bands emerged as the best-performing
model, achieving an overall accuracy of 85%, a kappa value of 80%, and an MCC of 81% in this study.
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Figure 8. The Overall accuracy, Kappa and MCC matrices for all models.
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3.2.2. Feature Importance

The variable importance score is presented as a percentage for the random forest and CatBoost
models (Figure 9). Since RGB has only 3 channels, we calculated the feature importance score for 8
and 20 bands. In the 8-band random forest model, the blue band from DAP stood out as the leading
feature, comprising 63% of the model’s training. Moreover, the 8-band random forest model
determined that blue and red bands from DAP and Planet datasets were significant variables,
whereas CHM showed no contribution. Conversely, in the 20-band random forest model, CHM alone
accounted for 43% of the total contribution. Other important indices, including EVI, GNDVI, VAR]I,
and NDVI, each contributed approximately 8-10% to the model.

In the CatBoost model, the 8 bands again highlighted the blue from DAP as the most influential
variable, contributing approximately 19%. However, unlike random forests, the contributions of
other variables were more evenly distributed, ranging from about 5% to 19%. This balanced
contribution of variables could be one of the key reasons for the higher accuracy observed in the
CatBoost model. Red, NIR, and green bands from planet, along with CHM, were the second, third,
fourth, and fifth most important spectral indices, each contributing around 14-17%. Similar to the
random forest model, CHM (15%) and EVI (12%) were the top two contributing variables in the 20-
band CatBoost model. Notably, spectral indices from Planet, such as NIR, green band, NDGI, GNDV],
NDVI, and blue band, played a major role in model training. Across all four models, it appears that
aside from CHM and the blue band, the models primarily relied on spectral indices derived from
Planet for classification.
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Figure 9. The feature importance score (%) for the random forest and CatBoost model.

3.3. Classification Map

Among nine model combinations, CatBoost with 20 bands proved to be the most accurate,
clearly outpacing others in all evaluation metrics, including precision, recall, and MCC. Additionally,
this model achieved the highest accuracy for all four classes. The classified raster map using the
CatBoost 20 bands model is shown in Figure 10. It is important to highlight that the model exhibited
remarkable competence in the classification of the Forest floor, while also demonstrating
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praiseworthy performance in the categorization of Pine and Deciduous. However, some classification
errors were observed for Spruce, where the model frequently confused it with Deciduous. This
misclassification was also evident in other models, particularly in random forests with RGB and
CNNs with 8-band inputs. Overall, the CatBoost 20-band model definitively demonstrated a strong
ability for semantic segmentation of young boreal forest.
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Figure 10. The classification map predicted from the CatBoost model for the whole study area. The predicted
map with all classes of 50% transparency is placed right above the orthomosaic image of the study area.

4. Discussion

In this study, we successfully demonstrated that automated identification, classification and
geolocation of three key tree species in young mixed boreal forests is possible using deep learning
object detection and semantic segmentation, consistent with findings from previous studies
[13,15,17,19,21,25,29,35,42]. However, our study adds the implication of integrating Planet and UAV
for better classification of young boreal tree species. Moreover, to the best of our knowledge, this is
the first study to apply the latest version of YOLO (version 12) for detection of young boreal tree
species — namely, Scotch pine, Norway spruce and Deciduous species. This study also involved
labeling and training models for over 6,000 annotated individual trees, including the Forest floor,
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which were highly time-intensive processes. There are numerous well-established, publicly available
labeled image datasets for deep learning applications in object detection, segmentation, and
classification across various fields. Examples include MNIST for handwritten digits and fashion
products, COCO, PASCAL VOC, Openlmages for general object detection, and medical datasets such
as chest X-rays, CT scans, and MRIs. Additionally, datasets exist for plant disease detection in leaves
and crop and weed classification. However, when it comes to tree species detection and classification,
there is a significant lack of open access labeled datasets. To address this gap, it is crucial to gather
and share as much labeled tree species data as possible, ensuring that future researchers do not have
to manually label data from scratch. Our study contributes to expanding the tree species dataset pool,
providing a valuable resource for future research in forest monitoring and classification. This large
dataset and the trained models will also provide additional inputs to the database stated in a previous
study [12] for future research in tree species detection and classification.

The tree species detection using YOLOvI12 in our study is comparable to previous studies
[13,15,19]. Our results show that young tree species — Scotch pine, Norway spruce and Deciduous
trees (Silver birch, etc.) — can be detected with overall accuracy rates of 79% using the YOLOv12
model. The overall precision, recall and mAP are higher than those of [15] and vice versa with the
prior studies [13,19]. The study by Zhong et al. [15] explored the possibility of different models,
including Retina Net, Faster R-CNN and YOLO versions 5 and 8, for tree species identification and
found YOLOVS outperformed others (precision=0.74 and recall=0.72). One reason our study achieved
better performance could be the use of the latest YOLOv12 model for tree detection. Previous studies
also explored a wide range of spatial resolutions (from 2.7 cm to 80 cm) and found that tree species
detection accuracy remained stable between 2.7 cm and 8 cm [15]. A similar trend is also found in a
study conducted for tree crown detection using UAV RGB imagery and deep learning methods [14].
However, beyond 8 cm, accuracy began to decline significantly, with the sharpest drop occurring
specifically between 15 cm and 80 cm. In contrast, another study [13] used 10 cm resolution image
tiles (1024*1024) and found an overall precision of 99% in tree species detection using YOLOvS. While
spatial resolution is always a contributing factor in detection accuracy, it is not the sole determinant.
Other study for tree species detection in sherbelts [19] used YOLOv7 with
Kmeans++_CoordConv_CBAM (YOLOv7-KCC), meaning that the model was improved adding
input data augmentation, K-means clustering, Coordinate Convolution and convolutional block
attention module and found mAP50-95 of 0.78. Whereas our study found mAP50-95 of 0.75 without
data augmentation and modification. In the same study [19], the YOLOvV7 found only 0.67 of mAP50-
95. The intricate background of the shelterbelts adversely affected the precision of identifying tree
species [19].

This indicates the performance power of YOLOv12; however, it always depends on the
characteristics of the input data, background of the images, architecture and parameters of the model.
The key differences in accuracy among studies, including ours, could be attributed to background,
forest type, UAV scanning period, the preparation of ground truth data and the type of model. Our
study focused on a mixed coniferous-broadleaf young boreal forest, where the average dbh (14 cm)
and height (13 m) made tree species detection particularly challenging in comparison to fully
matured [15,19] or sparse and matured tree stands [13]. The scanning period also played a role in
detection accuracy. Studies conducted around the fall season showed higher accuracy compared to
our study, which was performed during the summer. Research on tree species classification across
multiple seasons has also found that autumn is the ideal time for acquiring the UAV imagery, as it
leads to the best performance of the model [69]. This might be due to seasonal changes in leaf color,
canopy structure, and reduced foliage density, which may enhance spectral differentiation between
species, specifically between evergreen and Deciduous species leading to improved classification
accuracy.

Moreover, we compared the classification accuracy from three machine learning models for
utilizing additional channels and spectral indices from DAP and planet. The results indicate that
random forest and CatBoost made better use of the additional information from multispectral bands,
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leading to improved performance. In this study, there was a significant increase in overall accuracy
when the number of stacked input channels was expanded from RGB to 20 bands, with random forest
improving from 54% to 70% and CatBoost rising from 55% to 85%. A similar trend was observed in
the study by Immitzer et al. [35], where the overall accuracy increased from 87% to 96% when the
number of input channels was expanded from four to eight using a random forest pixel-based
classification model. However, increasing the number of features from 16 to 33 led to only a slight
improvement in overall accuracy, rising from 82% to 83% when using the random forest classifier
[31]. Additionally, limiting the input features to 20 was a practical choice in our study, as processing
larger datasets would have required significantly more computing resources to run efficiently in any
model. In our study, only structural (CHM) and spectral channels were used for classification,
without incorporating textural matrices, which may have been a limiting factor, particularly for the
random forest model. Since the random forest model typically performs better when combining
spectral and structural indices [42], this omission may explain why it had the lowest accuracy among
the models. Incorporating textural features, such as gray level co-occurrence matrix (GLCM) features,
could potentially increase the complexity of the CNN model, requiring modifications to its
architecture. Specifically, a dual-branch or two-parallel ResNet50V2 encoder setup (one for spectral
and one for textural features) would need to be implemented in a 2D CNN. However, this would not
only make the model more complex but also demand significantly higher computing resources.
Additionally, previous studies have also found that adding structural features did not necessarily
improve the performance of random forest, support vector machine, or CNN models[70-72].
Therefore, to maintain a balance between machine learning and deep learning input datasets, we
decided to use only spectral input features across all our models.

In our study, CHM and EVI were the most influential variables in both the higher-performing
(20-band) random forest and CatBoost models. Additionally, Green (Planet), GNDVI, NDGI, NDVI,
and VARI also played a significant role, contributing to the improved performance of both models.
In the best-performing model (CatBoost, 20-band), the most significant features were CHM, EVI, NIR
(Planet), Green (Planet), NDGI, GNDVI, and NDVI, contributing between 6% and 15% to the
performance of the model. A similar pattern was observed in the study of tree species classification
using DAP and LiDAR [42], where height metrics related to CHM (H95, H50, etc.), GNDVI, and
NDVI were identified as key contributing variables , aligning with the findings of our study. The
significance of CHM in tree species classification must be highlighted, as it introduces a crucial
additional dimension—tree height—which spectral indices alone cannot provide. Some tree species
may exhibit similar spectral signatures but differ in height or canopy structure. For instance,
Deciduous and coniferous trees may have overlapping spectral characteristics but can be
distinguished by their height or crown shape. Incorporating CHM alongside spectral indices
significantly improved semantic segmentation, particularly in the random forest and CatBoost
models in our study. The similar results found in the study of tree species classification using random
forest by integrating CHM with Sentinel-2 data [73], where they found up to 7% increase in the overall
accuracy.

In contrast, CNN showed less sensitivity to the increase in input features, resulting in no
accuracy gains. But there is an accuracy increasement in specific tree species such as Scots pine. A
possible reason why CNN accuracy did not improve with the addition of vegetation indices could be
its architecture with a backbone of ResNet50V2, which is originally pre-trained on ImageNet, a
dataset containing millions of RGB images. In addition to this, lacking advanced backbones such as
AlexNet, Resnet152, or EfficientNet that could typically enhance feature extraction and performance
of the CNN model. Incorporating pre-trained advanced backbones can significantly enhance
classification performance, boosting overall accuracy from 44% to 83% in tree species classification
with random forest [36]. Alternatively, exploring different architecture, such as U-Net have provided
outstanding overall accuracy of 89% in classifying forest tree species using UAV RGB of 2 cm spatial
resolution with the inclusion of normalized digital surface model (nDSM) [25]. Therefore,
incorporating advanced CNN models such as U-Net and DeepLabV3 could further enhance model
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performance and is also recommended for future semantic segmentation for tree species studies.
However, for semantic segmentation, preparing ground truth data was particularly challenging, as
it required manual classification of every pixel to create mask data. In our case, manually labeling all
57 mask tiles (each with a 1024x1024-pixel size) was impractical due to the young forest, where many
of the small tree species were difficult to distinguish with the human eye. To address this, we used a
pretrained U-Net model from ArcGIS Pro to annotate pixels that were not manually classified. This
was a key constraint in our study —had we been able to manually label all mask tiles, the performance
of all the models would likely have been stronger in the classification.

In the recent development of deep learning models such as neural networks which are seemingly
outperforming to all other models in most of the classification and regression tasks including tree
species classification. However, the possibility of boosting methods such as CatBoost, XGBoost and
LightGBM is still underrated/undermined in the forest species classification. We also suggest that
future studies in tree species segmentation and classification using diverse models from simple
machine learning such as SVM to advance deep neural networks. Deep learning does not always
outperform machine learning methods, as performance depends on various factors. Deep neural
networks typically require well-defined object boundaries for accurate classification, but in DAP
images, tree crown edges often blend into the background, making it difficult for the model to extract
clear spatial patterns. In contrast, boosting algorithms operate differently, as they do not rely on
spatial structure but instead classify each pixel based on its spectral values, avoiding issues with
blurry or mixed boundaries. Therefore, model performance is not solely determined by its
architecture but also by factors such as the available input data, ground truth quality, and the
morphological characteristics of forest tree species.

5. Conclusions

Our study demonstrates the successful utilization of the newest version of YOLO (version 12)
model with an accuracy of 79 % for detecting young boreal tree species. The precision and recall
values revealed that the 95% of the trees (true positives) were correctly detect and 13% (false
negatives) were missed to detect by the model. The model achieved overall precision of 75 % on
stricter IoU scale (0.50-0.95), which is a very good result. Moreover, the model performed
exceptionally well for Pine, with precision of 97% and mAP50-95 of 80%. Whereas the model slightly
underperformed for detecting Spruce trees with precision of 94% and mAP50 of 90%. For both Spruce
and Deciduous species, the model performed well, however, mAP50-95 of 71% and 73% respectively
suggest that bounding boxes may be slightly off from the detection of the trees.

Likewise for semantic segmentation, CatBoost model with input data of 20 channels performed
the best with overall accuracy of 85 %. There was a maximum of 55% increase in the overall accuracy
in CatBoost model with the addition of 17 spectral indices into RGB image. There is also a high
improvement in accuracy up to 33% with the inclusion of additional spectral data from planet in DAP
RGB using random forest model. However, the CNN performed well with the overall accuracy of
74% even in RGB data, feeding more features did not add value for semantic segmentation. The
contributing features in random forest and CatBoost models were mainly CHM, EVI, NIR (Planet),
Green (Planet), NDGI, GNDVI, and NDVI. Hence, from our study, we conclude that Catboost model
with addition of canopy height model and spectral indices calculated from both DAP and planet lab
would be best choice for sematic segmentation in young boreal forest.
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Appendix A
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Figure Al. The RGB Orthomosaic of the study area captured from drone in spring 2020.
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Figure A2. Visualization of YOLOV12 training and validation losses and performance metrics (Precision, Recall,

and mAP) over 300 epochs.
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Figure A3. The precision-recall curve produced from YOLOv12.
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Figure A4. The bounding box visualization output from YOLOv12.
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