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It is worth noting that the number of states (classes) of pest-affected A. sibirica and P. sibirica
trees differs due to distinct anatomical and physiological characteristics between the two tree species.
These differences, coupled with the specific targeting of the pests P. proximus and 1. amitinus, induce
varying pathophysiological alterations in trees, resulting in distinct visual signatures of tree crowns.

3.3. Datasets

The open-source image manipulation program, GIMP, was used to annotate the trees in the
images based on the previously defined classes. A domain expert assigned numerical labels to the trees
in the UAV images, indicating the health status of each A. sibirica tree. Then, another expert used
the assigned numerical labels (Fig. 4, @) as a reference to accurately delineate the trees using colors
representing the respective classes (Fig. 4, b). This process resulted in the generation of segmentation
masks, which accurately depict 4. sibirica trees belonging to four distinct classes and “Background”.

Healthy Dying Fresh dead wood 0Old dead wood

(a) (b)

Figure 4. Panorama fragment of 4. sibirica trees labeled by classes (a) and its corresponding segmentation
mask (b)

Four images were selected for training and validation, and one for testing. To build the training,
validation and test datasets, we have split the images and reference segmentation masks into fragments
of size 256 x 256 pixels with an overlap of 128 pixels. To avoid data leakage, we applied Boolean
masks to the original images. This approach prevented duplication of features between training and
validation fragments. In order to augment the training and validation samples the images were rotated
at different angles. In total, the A. sibirica datasets consisted of 2004 training fragments, 672 validation
fragments, and 96 test fragments.

Healthy R. Colonized Dry treetop Fresh dead wood  Old dead wood

(a) (b)

Figure 5. Orthomosaic fragment of P. sibirica trees labeled by classes (a) and its corresponding segmentation
mask (b)
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The same methodology as in the case of A. sibirica was followed to create the datasets of
P sibirica trees (Fig. 5). In total, the P. Sibirica datasets consisted of 10,455 training fragments,
2880 validation fragments, and 84 test fragments.

Furthermore, during training, online augmentation including changes in the scale of images,
brightness, contrast, reflections along the vertical axis and elastic transformations were applied [Simard,
Steinkraus, Platt, 2003].

3.4. Exploratory data analysis

In order to gain a deeper understating of the data, the number of trees present in the training,
validation and test datasets before data augmentation were counted. To further understand the training
data and assess class separability, we studied the color characteristics of the 4. sibirica and P. sibirica
tree crowns using the Uniform Manifold Approximation and Projection (UMAP) algorithm, which is
a powerful dimensionality reduction technique that preserves the original topological structure of the
data and can be utilized for data visualization purposes [Mclnnes et al., 2018]. We employed UMAP to
reduce the dimension of the data (feature vectors) into a two-dimensional space. Two key parameters
of the algorithm, the number of nearest neighbors in the topological structure of the data (n_n) and
the minimum distance between points in the resulting low-dimensional representation (min_dist), were
adjusted in order to visualize the local and global features of the data distribution.

Additionally, we used silhouette analysis to assess the separability of the classes by calculating
the relative distances between feature vectors. Silhouette coefficients allow one to evaluate class
separability based on the calculation of relative distances between feature vectors. The silhouette
coefficient for a particular instance (feature vector) was calculated as the difference between the
average distance from this instance in feature space to all instances of the nearest neighboring class
and the average distance from this instance to all other instances within its class, divided by the
maximum of these distances. Silhouette coefficient values close to one indicate instances that are well
separable from the nearest neighboring class; negative values indicate that they most likely belong
to the nearest neighboring class, and values close to zero indicate the proximity of an instance to
the decision boundary. Within each class, instances are sorted by the silhouette coefficient value and
plotted on a silhouette diagram, where the classes are displayed along the vertical axis and the silhouette
coefficient values for the instances are displayed along the horizontal axis [Rousseeuw, 1987].

In order to handle the large amount of data being analyzed, we extracted feature vectors from
every tree by generating brightness histograms with 15 bins for each of the RGB channels. Thus, each
tree was represented by a feature vector comprising 45 ordered numerical values.

3.4.1. A. sibirica dataset analysis

As shown in Table 1, there is a significant imbalance in the number of trees by class: the least
represented in the samples were trees of the intermediate classes “Dying” and “Fresh dead wood”.

In Fig. 6, a, two large clusters can be observed, where one mainly consists of points belonging
to the “Healthy” and “Dying” classes, and the other to the “Fresh dead wood” and “Old dead wood”
classes. The decision boundaries for separating classes within these clusters are not clear. In terms of
global features, Figure 6, b indicates a continuous transition of classes in the order of health status
improvement of trees. In addition, the silhouette plot (Fig. 6, ¢) indicates that the separability of
classes in the A. sibirica training dataset is generally low, with an average silhouette coefficient value
of 0.063, and a significant proportion of trees belonging to the “Dying”, “Fresh dead wood”, and “Old
dead wood” classes having negative values.
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Table 1. Number of 4. sibirica trees by class
Dataset | Healthy | Dying | Fresh dead wood | Old dead wood | Total
Training 319 44 147 2290 800
Validation 107 14 63 110 294
Testing 148 22 64 91 325
Total 574 80 274 491 1419
o
.‘. Ows‘(; ﬁg’%‘;&&%@.
5 } .'§O\ 2 A cquj@‘% 01d degd wbod
o%ed D 08 %00, &
- S pah S
i, 1 gu ob T AE v/ e
Sty o e )
o ° .. o @ A o o 8% oo
Lo, .:J&‘o é @ 8 o o.o¥ 4:.,. ) %”Q‘&?@E’ogo
@ Healthy ® Cf °o g:).g': *‘&:}:’ &%& 50% °
O Dying ‘cp 5% £ :0# :. ‘\o' ® ‘o. e, df‘) goé)o?é’@
Fresh dead o 00l " Eqp 0 © ¢ 0 mb o000 2%
® yood e Foo, TR 6 'j"::" o® co &
o Old dead ° %%ﬁ' .-’s¥ o 0° ® o$p, g
W0O % gﬁ 0 ‘i-" oD P Average
o Yed © %00 3° sikhouette:
o £p 0.063
min_dist: 0.2, n_neighbors: 10 min_dist: 1.0, n_neighbors: 50 0.6 =03 0.0 03 0.6
(a) (b) (c)

Figure 6. A. sibirica training data distribution and classes separability visualization. (a) UMAP projection of the
local features of the data structure. (b) UMAP projection of the global features of the data structure. (c) Silhouette
plot, where the red dotted line indicates the average silhouette score

3.4.2. P. sibirica dataset analysis

Exploratory data analysis of the P. sibirica training dataset, revealed similar trends as those
observed in the 4. sibirica training dataset. Table 2 indicated a significant low proportion of the
intermediate classes “Recently colonized” and “Fresh dead wood”.

Local features of the data distribution (Fig. 7, a) revealed two distinct clusters, with the first
containing mainly tree crown segments of the “Healthy”, “Recently colonized” and “Dry treetop”
classes, and the second containing mainly “Fresh dead wood” and “Old dead wood” classes. The
UMAP projection of global features (Fig. 7, ) shows a continuous transition of classes in order of
health status deterioration of P. sibirica trees. The average silhouette coefficient value is low (—0.016),
with significant proportions of segments from the “Old dead wood”, “Dry treetop” and “Recently

colonized” classes having negative values (Fig. 7, ¢).

The exploratory data analysis of each of the datasets showed that there is a class imbalance,
with trees of intermediate classes being the least represented. Based on these results, it is noticeable
that classifying A4. sibirica and P. sibirica trees damaged by pests is not a trivial task and represents
a challenge.

The use of color characteristics of tree crown pixels is insufficient for achieving high separability
of tree classes. Furthermore, the comparison between tree crown pixels and “Background” pixels may
complicate the pixel-wise classification task, as their color characteristics are similar, thereby limiting
the accuracy of classification algorithms. Hence, it is evident that CNNs are essential to address the
given tasks, as they have the ability to take into account the texture and shape of tree crowns while
conducting automated feature extraction.
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Table 2. Number of P. sibirica trees by class
Dataset | Healthy | Recently Colonized | Dry Treetop | Fresh Dead Wood | Old Dead Wood | Total
Training 659 320 424 197 641 2241
Validation 283 120 100 60 181 744
Testing 205 48 63 74 123 513
Total 1147 488 587 331 945 3498
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Figure 7. P, sibirica training data distribution and classes separability visualization. (a) UMAP projection of the
local features of the data structure. (b) UMAP projection of the global features of the data structure. (c) Silhouette
plot, where the red dotted line indicates the average silhouette score

min_dist: 1.0, n_neighbors: 50

3.5. Proposed CNN models

To solve the problems of multiclass classification of pest-affected A. sibirica and P. sibirica trees,
three modifications of the classic U-Net model were proposed. Below we delve into their architecture
and characteristics.

3.5.1. Mo-U-Net model

The developed modified U-Net (Mo-U-Net) model is based on one of the most well-known
architectures — the classic U-Net. This architecture was originally designed for biomedical image
segmentation tasks, where it demonstrated high quality results. A distinctive feature of the U-Net
model is the presence of skip connections, which connect sets of feature maps from the encoder to
sets of feature maps from the decoder in order to increase the detail of the resulting segmentation
map [Ronneberger, Fischer, Brox, 2015]. Figure 8 shows the architecture of the proposed Mo-U-Net
model based on the classic U-Net. The rectangles correspond to tensors or multidimensional arrays
representing sets of feature maps, the numbers indicate the sizes of the corresponding tensors, and the
arrows indicate the following operations:

1) convolutions (Conv3x3, Convlx1);

2) computation of the exponential linear unit (ELU) activation function [Clevert, Unterthiner,
Hochreiter, 2015];

3) batch normalization (BN) [loffe, Szegedy, 2015];

4) downsampling of the feature map by taking the maximum value over a 2 X 2 pixels window
(Max-Pooling);
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5) scale with the help of the nearest neighbor method (UpSampling);
6) copy of tensor and its concatenation with another tensor (Copying + Concatenation);

7) Ignore random nodes by nullifying them (Dropout) [Srivastava et al., 2014].
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Figure 8. Customized U-Net architecture

Finally, the output of the network is converted into a vector of probability distributions
of the potential classes for every pixel by applying a generalization of the logistic function to
multiple dimensions — SoftMax activation function. The customized architecture incorporates several
modifications to the original classic U-Net model, including:

1) the input image is represented by a 256 X 256 X 3 tensor, corresponding to an RGB fragment;
2) convolutions do not reduce the feature maps size;

3) Cropped feature maps are not used for skip connections;

4) batch normalization is applied after each nonlinear function;

5) Rectified linear unit (ReLU) is replaced by ELU activation function.

The output tensor is calculated by applying C convolutions with 1 x 1 filters, allowing one
to directly classify pixels as one of the C classes (four classes of A. sibirica health status and
“Background” or five classes of P. sibirica health status and “Background”).

3.5.2. MSC-U-Net model

The second of the proposed models is Multiscale-U-Net (MSC-U-Net). It is based on the Mo-U-
Net model (Fig. 8), although it has significant architectural modifications, including:

1) instead of one, three inputs of different size are used (256x256x3, 128x 128 x 3, and 64X 64 x 3);
2) there are three outputs of different sizes;
3) the Dropout layer is replaced by the spatial Dropout layer.

Figure 9 shows the proposed MSC-U-Net architecture. During training, the loss is computed for
all three outputs, resulting in the learning algorithm attempting to minimize the sum of the three losses.
After training, the smaller-scale outputs and their corresponding nodes in the computational graph can
be disregarded, as they are used only for optimization purposes.
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Figure 9. MSC-U-Net architecture

MSC-U-Net can be thought of as an ensemble of three U-Net models with varying depths,
where the resulting architecture shares a portion of the weights and analyzes the image simultaneously
at different scales. This suggests that MSC-U-Net could be able to learn more robust latent data
representations and may yield consistently improved segmentation results.

3.5.3. MSC-Res-U-Net model

The last of the proposed CNN models is the novel Multiscale-Residual-U-Net, abbreviated as
MSC-Res-U-Net. This model shares all the characteristics of the MSC-U-Net. Additionally, MSC-Res-
U-Net integrates residual blocks [He et al., 2016], as depicted in Fig. 10, within its architecture. By
including residual blocks, the model has the potential to learn more efficient representations of the
data, which could lead to improved segmentation results.
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Figure 10. MSC-Res-U-Net architecture

To ensure a stable learning process and enable smoother gradient backpropagation, it should
be noted that the projection operations (Convlxl) in the main branches of the residual blocks in the
MSC-Res-U-Net model do not contain nonlinearities or biases. Such residual blocks are expected to
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enhance stability during the learning process, leading to improved gradient flow and better training
outcomes.

3.6. Training and evaluation metrics

The training phase revolved around the semantic segmentation of A. sibirica and P. sibirica
trees in UAV images. Each of the proposed CNN undergoes 100 training cycles, each fine-tuned with
a distinct set of hyperparameters through Bayesian optimization, utilizing the Adam optimizer.

To avoid overfitting, an early stopping mechanism was integrated into the training process.
Specifically, if the model failed to demonstrate improvement after 11 epochs on the validation dataset,
the training was stopped, ensuring the model’s adaptability to unseen data in practical scenarios.

Post-training, the models underwent an evaluation on the validation datasets, aiming to identify
the optimal models for semantic segmentation of A. sibirica and P. sibirica trees.

The training process involved the utilization of two distinct loss functions. Initially, the models
underwent 100 training iterations with the mean Intersection over Union loss function (mloULoss) in
a soft formulation known for its efficacy in capturing fine-grained segmentation details. Subsequently,
an additional set of 100 iterations were trained using the Focal Loss function, addressing class
imbalance and emphasizing challenging classes in the dataset.

Adam, a widely adopted optimization algorithm, was employed to fine-tune the model weights
during training. The hyperparameters included batch size, learning rate, and a suite of image
transformations. These transformations included rotation angle, saturation, contrast, brightness, and
sharpness, contributing to the model’s ability to robustly handle diverse scenarios and variations present
in the UAV images.

This comprehensive training process was repeated for both the 4. sibirica and P. sibirica datasets.
The training process extended across three distinct models for each dataset. This approach not only
amplified overall performance but also offers valuable insights into the generalization capabilities of
different CNN architectures for both tree species.

To assess the performance (semantic segmentation quality) of the proposed models for classifying
damaged trees in UAV images, we adopt the Intersection over Union (IoU) metric. It is considered one
of the most used and accepted evaluation metrics for image segmentation [Rahman, Wang, 2016;
Bertels et al., 2019]. The IoU of each class ¢ can be calculated as follows:

TP

IoUc = ,
TPc+ FPc+ FNc

where T Pc, FPc, and FNc denote the number of True Positives, False Positives, and False Negatives
for class c, respectively. The mloU metric was also used. It is calculated as the average of IoU values
for all classes. loUc and mloU values exceeding 0.5 denote high segmentation quality, suggesting that
CNN models capable of achieving such accuracy have practical applications in the forestry industry.
To assess the effectiveness of the developed models, the metrics Precision, Recall and F-score were
also used. These metrics are determined for each class ¢ as follows [Hossin, Sulaiman, 2015]:

. TPc
Precision, = ———,
TPc+ FPc
TPc
Recall, = ———,
e = Tpe ¥ FNe

Precision,. - Recall,.

F-score. =2 - — .
¢ Precision, + Recall,
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4. Results

4.1. A. sibirica trees multiclass classification results

Figure 11 depicts the outcomes of semantic segmentation achieved through the utilization of the
mloULoss as the chosen loss function. A comprehensive visual examination of the test area (Fig. 11, a),
ground truth (Fig. 11, b), and the segmentation maps generated by the models (Fig. 11, ¢, d, and e)
reveals that they effectively reproduce tree boundaries and accurately classify a substantial proportion
of 4. sibirica trees pixels.

Upon visual inspection, it was noted that there was minimal disparity between the results
presented in Fig. 11 and those obtained when employing the Focal Loss function. This similarity
allows for the formulation of analogous conclusions regarding the demarcation and categorization of
trees.

Background Healthy Dying

) ™ oy
‘ V2 2T L/
&3 g ’
! =
3 k

Figure 11. Semantic segmentation results for the A. sibirica test area. (a) Test area. (b) Ground truth. (¢) Mo-U-
Net. (d) MSC-U-Net. (¢) MSC-Res-U-Net

In Table 3, the performance of the proposed models trained using the mloULoss function in
terms of Precision, Recall, and F-score metrics are presented. In Table 4, the results are presented in
terms of the IoUc and mloU metrics for both the test and validation datasets.

For comparison purposes, Tables 3 and 4 also include the results of the classical U-Net model
in [KepueB u np., 2021] applied to classifying A. sibirica trees, using the same test dataset as in
this study. Additionally, Table 4 displays the results in [MapkoB, Macios, 2021], which examined
the classification quality of 4. sibirica trees using the Gradient Boosting algorithm. The results from
both tables collectively indicate that, overall, the MSC-Res-U-Net model demonstrates the highest
classification quality. Specifically, it achieves an mloU value of 0.71 on the test dataset. The Mo-U-Net
model ranks second, and the MSC-U-Net model ranks third across most metrics. Furthermore, from
Table 4, it is evident that the developed models surpass the 0.5 threshold for the IoUc metric in the
“Background”, “Healthy”, “Fresh dead wood”, and “Old dead wood” classes.

In addition, it is noticeable that the values of all metrics for all models regarding the intermediate
class of trees, “Dying”, are significantly lower compared to those for other tree classes and the
“Background” class. This issue can be attributed, firstly, to the limited number of such trees in the
training dataset. Secondly, the exploratory analysis results suggest that achieving high accuracy in tree
classification requires the CNN to extract a big number of features (texture and geometry), in addition
to color features. However, the morphological characteristics of the trees of “Dying” class, such as
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Table 3. Performance metrics of the models trained using the mloULoss function for 4. sibirica trees

Model Metric | Background | Healthy | Dying Fresh dead | Old dead Mean value
wood wood

Mo-U-net 0.93 0.85 0.72 0.80 0.81 0.82
MSC-U-Net Recall 0.92 0.85 0.72 0.80 0.76 0.81
MSC-Res-U-Net 0.92 0.85 0.73 0.85 0.78 0.83
U-Net 0.91 0.84 0.48 0.78 0.81 0.76
Mo-U-net 0.91 0.88 0.52 0.94 0.77 0.80
MSC-U-Net Precision 0.92 0.84 0.53 0.87 0.78 0.79
MSC-Res-U-Net 0.92 0.89 0.53 0.93 0.82 0.82
U-Net 0.91 0.81 0.50 0.91 0.76 0.78
Mo-U-net 0.92 0.86 0.60 0.86 0.79 0.81
MSC-U-Net F-score 0.92 0.85 0.61 0.84 0.77 0.80
MSC-Res-U-Net 0.92 0.87 0.61 0.89 0.80 0.82
U-Net 0.91 0.83 0.49 0.84 0.78 0.77

Table 4. Semantic segmentation quality of the models trained using the mloULoss function for 4. sibirica trees

Model .IoUc (Test) mloU
Background | Healthy | Dying | Fresh dead wood | Old dead wood | Test | Val.
Mo-U-net 0.86 0.76 0.46 0.76 0.63 0.69 | 0.82
MSC-U-Net 0.87 0.77 0.39 0.72 0.59 0.67 | 0.83
MSC-Res-U-Net 0.87 0.77 0.49 0.76 0.65 0.71 | 0.87
U-Net 0.84 0.72 0.38 0.72 0.65 0.66 | —
Gradient Boosting 0.76 0.55 0.05 0.62 0.50 049 | —

branch arrangement, resemble those of “Healthy” class trees and Siberian spruce trees Picea obovata
Turcz. belonging to the “Background” class. Consequently, the limited number of distinct features
in the crowns of “Dying” class trees impedes the models from generating detailed feature maps and
ultimately hinders accurate classification of trees in this category.

Tables 5 and 6 present the results of the developed models trained with the Focal Loss function.
Analysis of these results highlights that both the Mo-U-Net and MSC-Res-U-Net models demonstrate
superior performance across all metrics for the “Healthy”, “Fresh dead wood”, and “Old dead wood”
classes. The MSC-U-Net model consistently ranks third across all tree classes and metrics, except for
Precision metric in the “Healthy” class and Recall metric in the “Dying” class.

Table 5. Performance metrics of the models trained using the Focal Loss function for 4. sibirica trees

Model Metric | Background | Healthy | Dying Fresh dead | Old dead Mean value
wood wood

Mo-U-net 0.91 0.88 0.71 0.84 0.86 0.84
MSC-U-Net Recall 0.91 0.84 0.81 0.82 0.79 0.83
MSC-Res-U-Net 0.91 0.86 0.77 0.85 0.83 0.84
Mo-U-net 0.94 0.83 0.62 0.87 0.72 0.80
MSC-U-Net Precision 0.93 0.84 0.48 0.83 0.74 0.76
MSC-Res-U-Net 0.94 0.81 0.58 0.90 0.77 0.80
Mo-U-net 0.93 0.85 0.66 0.86 0.78 0.82
MSC-U-Net F-score 0.92 0.84 0.60 0.83 0.76 0.79
MSC-Res-U-Net 0.93 0.83 0.66 0.87 0.80 0.82

It is noticeable that when employing the Focal Loss function, the metrics, except for Precision,
are equal to or higher than those achieved with the mloULoss function. Table 6 illustrates how the Focal
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Table 6. Semantic segmentation quality of the models trained using the Focal Loss function for 4. sibirica trees

Model .IoUc (Test) mloU
Back-ground | Healthy | Dying | Fresh dead wood | Old dead wood | Test | Val.
Mo-U-net 0.86 0.74 0.51 0.75 0.65 0.70 | 0.78
MSC-U-Net 0.85 0.73 0.50 0.71 0.63 0.68 | 0.88
MSC-Res-U-Net 0.86 0.72 0.53 0.76 0.67 0.71 | 0.86

Loss function enables each developed model to achieve high classification quality of pixels belonging
to the “Background”, “Healthy”, “Fresh dead wood”, and “Old dead wood” classes, with IoUc values
surpassing the 0.5 threshold. In addition, in the intermediate “Dying” class, in contrast to the negative
results shown in Table 4, both the MSC-Res-U-Net and Mo-U-Net models exhibit improved IoUc
values of 0.53 and 0.51, respectively. Furthermore, the MSC-Res-U-Net model achieves the highest
mloU metric value of 0.71, with the Mo-U-Net model following closely at 0.70, in second place.

4.2. P. sibirica trees multiclass classification results

The trained models were assessed on the test dataset, and Figure 12 illustrates an example
of segmentation results for the test orthomosaic using the mloULoss function. All three models
successfully replicate the boundaries between trees and segment a substantial portion of tree crowns.
However, segmentation errors are evident for intermediate classes. Similar outcomes were observed
when employing the Focal Loss function, with visually slightly improved results compared to the
mloULoss function.

Figure 12. Semantic segmentation results for the P, sibirica test area. (a) Test area. (b) Ground truth. (¢) Mo-U-
Net. (d) MSC-U-Net. (¢) MSC-Res-U-Net

Table 7 displays the results of the studies, presenting the IoUc and mloU metric values for both
the validation and test datasets when utilizing the mloULoss function. Additionally, the bottom row
includes results from research on the classical U-Net model using the same loss function and the same
test dataset obtained in [MapkoB u np., 2022]. While we also calculated Precision, Recall and F-score
values for the proposed CNN models, they are omitted here due to the absence of comparative results
from other researchers. It is worth noting that the trends in these metrics across classes align with those
observed for the IoUc metric, with the MSC-Res-U-Net model yielding the best results across all tree
classes.

From Table 7, it is evident that the MSC-Res-U-Net model achieves the best results in terms of
both the IoUc and mloU metrics across all tree classes, with the Mo-U-Net model following closely
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Table 7. Semantic segmentation quality of the models trained using the mloULoss function for P. sibirica trees

Model ToUc (Test) mloU
Back- Healthy Receptly Dry Fresh dead | Old dead Test | Val.
ground colonized | treetop wood wood

Mo-U-net 0.85 0.72 0.47 0.47 0.56 0.71 0.63 | 0.82
MSC-U-Net 0.83 0.71 0.47 0.44 0.58 0.68 0.62 | 0.77
MSC-Res-U-Net | 0.85 0.73 0.48 0.49 0.57 0.73 0.64 | 0.76

U-Net 0.80 0.70 0.46 0.46 0.55 0.71 0.61 | —

in second place. However, it is noteworthy that each of the proposed CNN models and the classical
U-Net model effectively classify pixels belonging to four out of six classes, with the loUc metric values
exceeding 0.5. Although the IoUc for the “Fresh dead wood” class exceeds 0.5, it is not as high as that
of other classes.

The models faced difficulties in accurately classifying pixels belonging to trees in the
intermediate classes “Recently colonized” and “Dry treetop”, failing to achieve the desired quality.
These suboptimal classification results can be attributed to the complexity of the task. CNN models
need to capture a wide array of features (texture and geometry) in addition to color features of P. sibirica
tree crowns. Moreover, the crowns of trees in these three classes share similar characteristics, likely
due to the ongoing deterioration caused by pests. For instance, the morphological characteristics of
trees in the “Recently colonized” class resemble those of trees classified as “Healthy” and Scots pine
trees Pinus sylvestris L. from the “Background” class. Consequently, the limited distinct features in the
tree crowns from these classes hinder the models’ ability to generate detailed feature maps, resulting
in reduced accuracy in their classification.

Table 8. Semantic segmentation quality of the models trained using the mloULoss function for P. sibirica trees

Model ToUc (Test) mloU
Back- Healthy Receptly Dry Fresh dead | Old dead Test | Val.
ground colonized | treetop wood wood

Mo-U-net 0.85 0.74 0.51 0.52 0.62 0.72 0.66 | 0.82
MSC-U-Net 0.82 0.73 0.48 0.49 0.57 0.70 0.63 | 0.86
MSC-Res-U-Net | 0.84 0.75 0.52 0.51 0.61 0.73 0.66 | 0.85

Table 8 displays the metrics obtained from the test dataset when using the Focal Loss function to
train the proposed models. A comparison with the results from Table 7 indicates improvements across
all classes. Specifically, the MSC-Res-U-Net model achieves the best results according to the IoUc
metric for the “Healthy”, “Recently colonized”, and “Old dead wood” classes, with the Mo-U-Net
model in second place. Conversely, for the “Background”, “Dry treetop”, and “Fresh dead wood”
classes, the Mo-U-Net model outperforms the MSC-Res-U-Net model. Both models exhibit a high pixel
classification quality as shown by an mloU of 0.66. The MSC-U-Net model ranks third in classification
accuracy for all tree classes. Notably, for the “Recently colonized” and “Dry treetop” classes, in contrast
to the suboptimal results observed in Table 7, both the MSC-Res-U-Net and Mo-U-Net models achieve
IoUc values exceeding the threshold value of 0.5.

5. Discussion

As was noted at the stage of exploratory data analysis, the main difficulty for segmenting
coniferous trees A. sibirica and P. sibirica in UAV images was represented by classes of trees in
intermediate states (states between a “Healthy” tree and “Old dead wood”). This is confirmed, first of
all, by the classification results (Table 3 and 4) of 4. sibirica using the mloULoss function. For example,
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from Table 4 it follows that none of the proposed CNN models and the classical model U-Net achieve
a satisfactory segmentation quality for the intermediate class “Dying”. Similar suboptimal results
(Table 7) were obtained for the same models for the intermediate classes “Recently colonized” and
“Dry treetop” of P. sibirica trees. However, recognition of coniferous trees in intermediate states, and
primarily at the early stage of infestation, is of high importance for cutting down individual damaged
trees in order to regulate the number of pests and localize outbreaks of forest pests. Therefore, in the
case of the mloULoss loss function, for practical purposes in the forestry industry when recognizing
these coniferous tree species at various infestation (damage) levels, none of the proposed CNN models,
as well as the classical U-Net model, are suitable.

The results from Tables 6 and 8 demonstrate that when utilizing the Focal Loss function, both
the MSC-Res-U-Net and Mo-U-Net models achieve high pixel classification quality across all classes
of coniferous trees, as indicated by the IoUc metric, in contrast to the MSC-U-Net model. These results
are of practical importance for forestry specialists, since they allow identifying trees of these species
at an early stage of pest damage. The use of the Focal Loss function when training CNN models
allows these models, unlike the case of the mloULoss function, to extract more detailed features of
tree crowns, and ultimately allows increasing the classification accuracy.

A comparative analysis of our research findings, contrasted with those of other researchers
(Tables 3 and 4), highlights the lower classification accuracy of the classical U-Net model compared
to the proposed CNN models in classifying pixels of 4. sibirica trees. However, noteworthy alignment
occurs with the Mo-U-Net model regarding Recall metric for the “Old dead wood” class, Precision
metric for the “Background” class, and with the MSC-Res-U-Net model regarding the loUc metric
in the “Old Dead Wood” class. Similarly, Table 7 underscores the classical U-Net model inferior
classification accuracy across all tree classes for P. sibirica trees compared to both the MSC-Res-U-
Net and Mo-U-Net models. Although it outperforms the third proposed model, MSC-U-Net, in terms
of the IoUc metric for the “Dry treetop” and “Old dead wood” classes, its accuracy falls short for
other tree classes and in terms of the mloU metric. Furthermore, the developed models outperform
the Gradient Boosting algorithm proposed in [MapkoB, Macmos, 2021] in classifying all classes of
A. sibirica trees. This machine learning approach exhibited complete inability to segment the crowns
of trees in the “Dying” class (IoUc = 0.05) and failed to meet the threshold for acceptable segmentation
quality with an mloU of 0.49. These results underscore the superiority of deep learning models over
machine learning methods in accurately classifying pest damaged trees in UAV images.

Tables 4, 6, 7, and 8 collectively indicate that the mloU metric values for each proposed CNN
model on the validation datasets are significantly higher than those obtained on the test datasets. This
disparity in results is attributed to the limited size of the test samples used in our study. Addressing
this challenge can be partially achieved by preparing larger test datasets. Consequently, this adjustment
holds promise for enhancing the accuracy of classifying affected coniferous trees.

The architecture of the proposed CNN models significantly influences the classification accuracy.
From Tables 3, 4, 5, and 6 it follows that the Mo-U-Net model consistently ranks second in
classification accuracy across all metrics for most tree classes when classifying A4. sibirica trees. It
follows closely behind the MSC-Res-U-Net model and outperforms both the MSC-U-Net and U-Net
models. Regarding P. sibirica trees, from Tables 7 and 8 it follows that the Mo-U-Net model shares
the first position in classification accuracy with the MSC-Res-U-Net model. The high classification
accuracy achieved by the Mo-U-Net model can be attributed to several architectural modifications
introduced to the classical U-Net model. In particular, the replacement of the ReLLU activation function
with the nonlinear ELU function and the utilization of BN after each ELU function had a significant
positive impact. The subtle increase in classification accuracy observed in the MSC-Res-U-Net model
can be attributed to the incorporation of residual blocks into its architecture. On the other hand, the
MSC-U-Net model ranks third (not being able to surpass the 0.5 threshold IoUc value for several
classes), its architecture involves constructing an ensemble of three Mo-U- Net models with varying
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depths. However, this approach did not improve the classification, likely because analyzing trees at
different scales does not facilitate the extraction of additional features.

The practical applicability of the proposed CNN models is evaluated through the adoption of the
Focal Loss function, with focus on loUc and mloU metrics surpassing the threshold of 0.5. Analysis of
Table 6 reveals that for A. sibirica trees, the MSC-Res-U-Net model achieves the highest mloU metric
at 0.71, with the Mo-U-Net model closely trailing at 0.70. Moreover, across all 4. sibirica tree classes
except “Healthy”, the MSC-Res-U-Net model demonstrates superior classification accuracy in IoUc
metrics compared to the Mo-U-Net model. Thus, these models prove to be applicable in forestry for
multiclass classification of 4. Sibirica trees affected by the P. proximus insect pest. The MSC-U-Net
model ranks third in these metrics, limiting its practical applicability due to the model failing to surpass
the ToUc metric threshold of 0.5 for the “Dying” class.

Table 8 reveals the MSC-Res-U-Net model superiority in classifying pixels of the “Healthy”,
“Recently colonized”, and “Old dead wood” classes for P. sibirica trees, with the Mo-U-Net model
following closely. Conversely, for the “Background”, “Dry treetop”, and “Fresh Dead Wood” tree
classes, the models exhibit reversed rankings. Both models demonstrate a high mloU value of 0.66.
Thus, each model proves to be applicable in forestry for multiclass classification of P. sibirica trees
affected by the /. amitinus insect pest. However, the practical utility of the MSC-U-Net model is limited,
as it fails to surpass the 0.5 IoUc metric threshold for intermediate classes like “Recently colonized”
and “Dry treetop”.

Given the substantial algorithmic complexity difference between the MSC-Res-U-Net and
Mo-U-Net models, when analyzing UAV images of A. sibirica or P. sibirica coniferous trees under
production volumes or computational resource-constrained conditions, it is advisable to prioritize the
Mo-U-Net model. This consideration is crucial when developing novel and applicable (in practice)
forestry technologies for classifying coniferous trees at various damage levels in satellite and UAV
images.

The similarity of results on the accuracy of classification of pest-affected coniferous trees of two
different species A4. sibirica and P. sibirica, which primarily differ in the number of intermediate states,
and the consistency of the conclusions drawn from these results highlight the applicability of the MSC-
Res-U-Net and Mo-U-Net models with the Focal Loss function for solving multiclass classification
tasks of other pest-affected tree species, such as pines and spruce trees, in UAV images.

Moreover, the MSC-Res-U-Net and Mo-U-Net models with the Focal Loss function can be used
for multiclass classification tasks of coniferous trees in UAV images of high spatial resolution, as well
as images of lower resolutions. For instance, low-resolution satellite images of large forest areas are
often used in practice. However, based on our results and existing research [Lee, Lee, 2022], it can be
assumed that the proposed models may not achieve high accuracy in classifying coniferous trees at the
initial stage of pest infestation in low-resolution images of large forest areas. Further research is needed
to determine the applicability limits of the proposed CNN models for classification tasks, depending
on the spatial resolution of images of affected coniferous trees.

The crowns of pest-affected coniferous trees in various biotopes may exhibit distinct visual
indicators in images, which can vary depending on the tree’s health status. Therefore, additional studies
of models are needed to identify the influence of such possible differences in characteristics on the
accuracy of classification of coniferous trees belonging to different biotopes.

6. Conclusion

The tasks of multiclass classification, relevant for the forest industry, in images from UAVs of
coniferous trees A. sibirica and P. sibirica, affected by insect pests, are considered. To solve them, we
created two datasets based on UAV images of A. sibirica and P. Sibirica. Our exploratory data analysis
revealed the high complexity of the proposed tasks, since they require taking into account a big amount
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of tree crowns features in order to achieve high separability of affected trees by class. Moreover,
the main difficulty for pixel-wise classification was represented by classes of trees in intermediate
states. Therefore, we developed three CNN models based on the classical U-Net model: Mo-U-Net,
MSC-U-Net, and MSC-Res-U-Net. These models were trained using two loss functions: mloULoss
and Focal Loss.

We conducted comprehensive studies of the effectiveness of each trained model for the
classification of A. sibirica and P. sibirica coniferous trees. Analysis of the results allowed us to draw
the following conclusions. First, in the case of using the mloULoss function, none of the proposed
models allowed us to obtain for A. sibirica trees a classification of the intermediate class “Dying”
that exceeds the IoUc threshold value of 0.5. Similar results were obtained for these models for
the intermediate classes “Recently colonized” and “Dry treetop” of P. sibirica trees. Therefore, in
the case of using the mloULoss function, the proposed models are not suitable for practical use in
the forestry industry. Second, in the case of using the Focal Loss function, the MSC-Res-U-Net and
Mo-U-Net models, in contrast to the MSC-U-Net model, for all classes of coniferous trees A. sibirica
and P, sibirica show high classification quality based on the IoUc and mloU metrics. These results
highlight the applicability of MSC-Res-U-Net and Mo-U-Net models, in conjunction with the Focal
Loss function, in forestry tasks, enabling the identification of pest-damaged coniferous trees at various
stages of damage. Additionally, their versatility to encompass other coniferous species and diverse
data sources, such as satellite imagery, broadens their applications in forest health monitoring and
management.

The scientific significance of the article is determined by the results of comprehensive studies
of the three proposed CNN models. Analysis of the results of these studies has revealed that the two
most effective CNN models in terms of classification accuracy were Mo-U-Net and MSC-Res-U-Net.
On the basis of these models, new technologies for recognizing the state of pest-affected coniferous
trees in UAV or satellite images can be developed.
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