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ABSTRACT

The article presents an approach to remote diagnostics of damage to large-scale engineering structures using unmanned aerial
vehicles (UAVs) and convolutional neural networks. The study was conducted to automate the process of detecting structural
defects in the Kyiv TV tower. The research methodology involved the collection and preprocessing of 14187 images and the de-
velopment of a modified architecture of the U-Net neural network for damage segmentation. An experimental study of different
architectural settings of the model demonstrated the effectiveness of the proposed modifications, which allowed reducing the
error of defect detection by 3—5 % compared to the baseline models. It was found that the optimal number of training iterations
is 15-20 epochs. The developed model demonstrated the ability to detect damage that may be missed by the operator, which
confirms the potential of automated diagnostic systems based on artificial intelligence. The study provides new prospects for
improving the efficiency of monitoring infrastructure facilities, especially under conditions of limited access or increased risks

to personnel.
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INTRODUCTION

Systematic monitoring of the technical condition of
large-scale facilities is important for assessing their
structural integrity. Over time, structures undergo
changes caused by corrosion, ageing of materials,
loads and external factors.

For the safe and continuous operation of large-
scale facilities, it is necessary to periodically moni-
tor and timely identify defective areas, determine the
necessary preventive measures and plan priority re-
pairs. This is especially relevant in the military and
post-war periods, when infrastructure facilities suffer
significant damage.

Non-destructive testing (NDT) methods are widely
used as a diagnostic tool for engineering structures to
assess their technical condition [1-4]. Conventional
NDT methods, such as ultrasonic testing [5, 6], mag-
netic particle method [7], acoustic emission [8, 9], in-
frared thermography [10, 11], etc., although showing
a significant progress, have a number of limitations.
In particular, their accuracy depends on external fac-
tors (humidity, temperature, noise level), and the in-
terpretation of the results can be complicated by the
subjective factor of the operator. In addition, such
methods are labour-intensive, require high financial
costs, and envisage direct personnel involvement,
which increases the level of risks, especially when
inspecting large-scale and hard-to-access structures.

One of the most effective ways to visually in-
spect engineering structures is to use unmanned ae-
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rial vehicles (UAVs). Due to the rapid development
of technologies, UAVs have been integrated into the
system of remote monitoring of infrastructure facili-
ties, demonstrating high efficiency in hard-to-access
places where the use of traditional methods is limited
[12—-17]. Compared to traditional methods, surveys
using UAVs are much faster and provide high spatial
resolution of images. This allows obtaining detailed
data with high accuracy, which is important for ana-
lyzing the condition of facilities and making reasoned
decisions [18]. Their use not only improves the accu-
racy and speed of monitoring, but also significantly
reduces the human and time resources, while mini-
mizing the risks to the service personnel [19-22].

Due to the spread and improvement of artificial in-
telligence (AI) and neural networks (NN), the process
of detecting defects in large-scale structures is grad-
ually developing towards automation and intellectu-
alization. This methodology is based on the high effi-
ciency of neural networks in detecting and processing
features, contributing to improving the quality and
accuracy of the process of detecting defective areas.

The use of Al and NN in the field of data analysis
is determined by their ability to automatically train
and adapt to various input conditions, which makes
these technologies promising in the context of im-
proving the reliability and speed of defect localization
processes on large-scale structural elements.

There are approaches to defect recognition based
on the use of different NN architectures, training
methods, and the choice of hyperparameters. The
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NN hyperparameters are set manually or automati-
cally before the training process starts: the number of
layers in the NN, the type of activation function, the
optimizer, etc. The choice of hyperparameters signifi-
cantly affects the model accuracy, training speed, and
quality of the obtained results. In particular, convolu-
tional neural networks (CNNs) are quite effectively
used to solve the problems of classification, segmen-
tation, recognition and detection of defects in images.
With the development of computing capacities and
the growth of image databases [23], CNN architec-
tures continue to improve [24]. Compared to standard
feed-forward NNs, convolutional NNs have signifi-
cantly fewer couplings and parameters, which makes
them less resource-intensive in training. CNNs use
assumptions about the locality of pixel interactions,
which allows them to effectively outline key struc-
tural elements of an image, reducing the number of
parameters that need to be optimized [25].
Convolutional NNs are particularly effective for
image processing tasks, as they automatically iden-
tify various image features at different levels of their
representation. Due to applying the convolutional op-
eration, CNNSs are able to detect structural features in
the input data, which ensures high accuracy in classi-
fication [26], segmentation [27, 28], and object recog-
nition tasks [29, 30].
In recent years, the scientific community has made
a significant progress in the application of machine
training methods in various fields. In particular, NNs
are actively used to detect defective areas based on
images, including crack detection in concrete [31],
exfoliation and surface delamination processes [32],
fatigue cracks [33], and corrosion of steel structures
[34]. The introduced image processing methods can
partially replace the traditional monitoring carried out
by operators in-situ, providing more efficient and ac-
curate detecting features of defects on concrete and
metal surfaces [35-38]. A considerable interest is paid
to studies demonstrating the effectiveness of using
UAVs in combination with deep training methods for
the accurate identification of defective areas [39, 40].
Thus, the introduction of Al into the remote diag-
nostics of large-scale structures is a relevant area of
automated diagnostics development aimed at enhanc-
ing the monitoring efficiency, optimizing resources,
and improving the accuracy, speed, and reliability of
detecting defective areas.

METHODOLOGY. DATA COLLECTION
AND PREPARATION FOR NEURAL
NETWORK TRAINING

The Kyiv TV tower, which suffered structural dam-
age as a result of a missile strike, was chosen as the

object of survey. A UAV with a camera resolution of
5280%3956 pixels was used to conduct remote diag-
nostics of the lower tier of the Kyiv TV tower. Plan-
ning the flight path is an important step that directly
affects the efficiency of remote monitoring and data
collection tasks.

The overflight methodology involved the follow-
ing stages:

e determining a flight path that provides an opti-
mal inspection of the object, taking into account the
requirements for spatial positioning accuracy;

e taking into account the influence of external fac-
tors, such as weather conditions (wind, angle of inci-
dence of sunlight, precipitation), safety rules (altitude
restrictions, restricted flight zones), accuracy require-
ments (resolution, coverage).

The remote monitoring of the lower tier of the
Kyiv TV tower consisted of video scanning of the out-
er surface from bottom to top, trajectory correction by
side movement, and further scanning in the opposite
direction (top to bottom). Taking into account the geo-
metric parameters and configuration of the elevator
shaft, the flight was performed in a circular path. The
closed flight path around the shaft minimizes the risk
of loss of spatial coverage.

To minimize the impact of uneven lighting, the
monitoring was carried out under stable weather con-
ditions with an even distribution of natural light. This
allowed avoiding sharp contrasts and improving im-
age quality for further analytics.

An analysis of possible risks was conducted,
which involved:

e alternative flight routes;

e backup takeoff and landing points;

e algorithms for emergency return of an UAV in
case of loss of communication.

The data was collected at the lowest possible dis-
tance to the object in the “slow flight” mode, which
helped to enhance the spatial resolution and quality of
the obtained images. Optimization of the viewing an-
gle was achieved by dynamically adjusting the camera
tilt to minimize shadowing and ensure a full coverage
of structural elements. The flight height was varied
depending on the size of the structural elements of the
lower tier of the TV tower to obtain highly detailed
images from different angles.

After data collection, the images were processed,
which involved the following steps:

e framing, which resulted in generating a set of
images with a resolution of 5472x3078 pixels;

e size adaptation for further processing by the
neural network, namely, each image was divided into
smaller fragments of 128x128 pixels with an overlap
of 50 % in width and height. This approach ensured a
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uniform coverage of the images and the creation of a
diverse training set. As a result, 14187 segments were
obtained, that were prepared for NN training;

e annotating defective areas, which was carried
out in the Labelme software environment using poly-
gon meshes, which allowed for accurate marking the
contours of objects by approximating with polygons;

e normalization of brightness and contrast in the
Labelme software environment, which allowed for
detection of low-contrast damage that was not clearly
visible in the output images;

e classification of damage in the images into two
types: corrosion and significant structural defects
(holes, cracks);

e creation of masks that were used to segment the
damage and outline the key areas of analysis.

NEURAL NETWORK ARCHITECTURE

Detecting structural defects in images is a segmen-
tation task that involves classifying each pixel of the
input image. Convolutional neural networks (CNNs)
are used to solve such tasks, in particular, the U-Net
architecture and its modifications. Differences be-
tween the U-Net variations: number of layers and fil-
ters, use of normalization, type of activation function,
loss function, etc. [41].

In order to improve the segmentation efficiency, a
series of experiments were conducted with different
configurations of the U-Net architecture (Figure 1).
The following parameters varied: the initial number
of convolutional layer filters, the number of convolu-
tional operation levels, and the activation functions.

To improve the efficiency of the NNs based on
the U-Net architecture, the following improve-
ments were used:

— Encoder i Decoder p—
+ Conv2D(3,3)+ReLU
o 4+  MaxPooling2D o,
H B gl 2
& o {4 UupSampling2D = E g
ol B o fisl= =
E‘ - +» Softmax el f; g_
= 2 .=
o
¥ 2base 2base 4
2 3
t  4base abase 1
~ ~
o~ ™
~ ~”
e ¥ 8base 8base 4
¢l - -
2 ¥ 16base 1

e adding a concatenation mechanism for the cor-
responding encoder and decoder layers to preserve
spatial information;

e doubling of the number of convolutional layers
to improve the model’s ability to extract features;

e normalizing input data to enhance the stability of
the training process.

NEURAL NETWORK TRAINING

The NN models were implemented in Python 3.10.12
using the TensorFlow and Keras libraries, version
2.9.0. During NN training, its parameters were saved
after each training epoch.

The created dataset was divided into training, val-
idation, and test sets in the ratio of 80 to 20 %. The
training dataset (images with corresponding meshes)
was used to train the model, taking into account the
training parameters, such as the number of epochs,
the batch size, the training speed, and the loss func-
tion. Additionally, optimizers were used to adapt the
model weights to minimize the loss function during
training and to ensure efficient training and model
convergence.

Data augmentation was used to enhance the mod-
el’s generalization capability, i.e. its ability to work
correctly on new, previously unseen data. This is an
artificial increase in the diversity of the training set
that improves the model’s stability. For images, aug-
mentation involved such methods as rotation, colour
change, etc.

The parameters were optimized using the Adam
algorithm with the Sparse Categorical Crossentropy
loss function, where Adam is an algorithm that helps
the neural network in finding the optimal weights fast-
er and more accurately during training. Sparse Cate-
gorical Crossentropy is a way to measure NN error in
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Figure 1. Architecture of the U-Net model: @ — baseline model; 5 — model with additional layer coupling
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Table 1. Influence of activation functions on U-Net model with different number of filters and parameters calculated during training

Initial number of filters |Error on the training dataset| Error on the test dataset Number of model param-
Number of epochs
(base) (loss) (val_loss) eters
Linear function for activating the last layer
4 0.0907 0.1131 20/50 49267
8 0.0520 0.0874 33/50 196451
16 0.0761 0.0894 15/50 784579
Activation of the last Softmax layer
0.0561 0.0758 43/50 49267
8 0.0486 0.0824 30/50 196451
16 0.0626 0.1012 16/50 784579

classification when each image or object belongs to
one of several classes.

The influence of different activation functions in
the last layer of the network, including linear and
Softmax was also tested, which allowed evaluating
their effectiveness in recognizing classes of defects
(Table 1).

The Softmax function is an activation function that
is often used in machine learning, especially in clas-
sification tasks with several classes [41]. It converts a
vector of arbitrary numbers (output values of a neural
network) into a probability vector, where each value
corresponds to the probability of belonging to a cer-
tain class. For the vector z = [z,,z,, ... ,z ], where z, is
the output of the neural network for the i-th class, the
Softmax function is calculated by the formula:

e’

Softmax(z,) =

n ez/
J=1

where e“ is the exponent of the i-th element of the

vector z; Zn ]ezf is the sum of the exponents of all
=

elements of the vector z.

Softmax is a probability vector where each value
is in the range from zero to one, and the sum of all
values is 1.

Table 1 shows the results of NN training, where
the influence of the initial number of convolutional
layer filters and the activation function of the out-
put layer on the model accuracy is investigated. The
evaluation is based on the loss function for the train-
ing (loss) and test (val loss) datasets, the number of
epochs required for training, and the total number of
model parameters.

Comparison of the two output layer options (lin-
ear activation and Softmax) shows that using Softmax
provides a lower test error (val loss) in all configura-
tions. This indicates a better generalization ability of
the model, especially with fewer filters.

An increase in the number of filters (from 4 to 16)
leads to an increase in the number of model parame-
ters, which can improve its training ability, but also

increases the risk of overtraining, when the model
demonstrates high accuracy on training data, losing
the ability to generalize on new, previously unseen
test or actual data, especially when using a large
number of filters (base = 16). This is confirmed by
an increase in the error on the test set (val _loss) after
15-20 epochs of training, which indicates a possible
transition from generalization to overtraining.

Figure 2 shows the dependence of the loss function
for the training and test datasets on the number of ep-
ochs during NN training when using a model with a
linear activation function and a base number of filters
of 4 (base = 4).

In the initial stages of training (0-10 epochs), there
is a rapid decrease in both errors (loss and val loss),
which indicates that the model is training effectively.
However, after the 20" epoch, the error on the training
dataset (train_loss) continues to decrease, while the
error on the test dataset (val loss) starts to increase.
This is a sign of overtraining, when the model loses
its ability to generalize to new data. Thus, the optimal
number of training iterations is 20 epochs, which pre-
vents overmemorization of training samples.

One of the main characteristics that determine
the effectiveness of NNs is the segmentation error
(val_loss) on images that were not used to train the
CNN model. As a result of carried out research, it was
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Figure 2. Dependence of the loss function for the training and
validation datasets on the number of epochs during neural net-
work training

31




L.M. Lobanov et al.

Table 2. Testing results of improved U-Net models

Initial number of filters |Error on the training dataset| Error on the test dataset Number of model param-
Number of epochs
(base) (loss) (val_loss) eters
Baseline model + block coupling
4 0.0683 0.0703 36/50 61507
8 0.0601 0.0599 18/50 245411
16 0.0314 0.0656 36/50 980419
Baseline model with a doubled number of convolutional layers + block coupling

0.1335 0.1342 26/50 86107
8 0.0483 0.0841 21/50 343571
16 0.0658 0.0527 10/50 1372579

Baseline model with a doubled number of convolutional layers + block coupling + normalization

0.0403 0.0518 48/50 86587
8 0.0292 0.0575 15/50 344531
16 0.0308 0.0598 14/50 1374499

found that the error of defect detection ranged from 7
to 11 % (Table 1).

The optimal model configuration for generalizing
the results is to use eight filters together with the Soft-
max activation function. This configuration provides
the lowest test error value (0.0824).

The results of testing various modifications of the
U-Net architecture with varying the initial number of
filters, the number of convolutional layers, using nor-
malization, and increasing the number of blocks are
shown in Table 2.

Three variants of the U-Net model architecture
were studied:

e baseline model with additional block coupling;

e baseline model with a doubled number of convo-
lutional layers with block coupling;

e baseline model with a doubled number of con-
volutional layers, block coupling and normalization.

Each of these architectures was tested with a dif-
ferent initial number of filters (base = 4, 8, 16), which
resulted in 9 different model configurations.

The baseline model with an increased number of
blocks shows improved results compared to the ini-
tial architecture, but its accuracy is limited, especially
with a small number of filters. Adding additional con-

volutional layers reduces the error on the training set,
but without normalization, instability is observed on
the test data, which is especially noticeable with the
initial number of filters, base =4 (val loss =0.1342).
The use of normalization in combination with an in-
crease in the number of blocks and convolutional lay-
ers allows achieving a minimum error value on the test
set val loss = 0.0518 with base = 4, which indicates
the effectiveness of this approach for less complex
architectures. Thus, the best option is an architecture
with a doubled number of convolutional layers, in-
creased blocks, and normalization, which minimizes
the error with a controlled model complexity.

Figure 3 shows the dependence of the loss function
for the training and test datasets on the number of ep-
ochs during training of the baseline model with addi-
tional block coupling, as well as the improved U-Net
model with a doubled number of convolutional layers,
block coupling, and layer normalization.

The baseline model with additional block coupling
(Figure 3, a) demonstrates fast training, but it is prone
to overtraining, as evidenced by an increase in the er-
ror on the test dataset (val loss) after 20 epochs.

Compared to Figure 2, a significant decrease in the
difference in error values during training to 3—5 % can
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Figure 3. Dependence of the loss function for the training and test image datasets: « — baseline model with additional block coupling;
b — improved U-Net model with a doubled number of convolutional layers, block coupling and layer normalization
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be seen, which indicates a more accurate calculation
of model parameters compared to using the baseline
U-Net architecture (Figure 3, a).

At the initial stages of training (0—10 epochs) of the
improved U-Net model (Figure 3, ), the values of the
loss function for the training (loss) and test (val _loss)
sets decrease rapidly. The close values of these errors
at the start are explained by the fact that the model has
not yet formed complex patterns and generalizations,
therefore its efficiency on training and test data is sim-
ilar. In the course of further training, the model adapts
to the peculiarities of the training data. After 15-20
epochs, the training and test errors stabilize without
significant differences, indicating good generalization
and lack of overtraining. This indicates that the model
has achieved optimal efficiency and can be effectively
generalized to new data. Thus, the proposed modifi-
cations to the U-Net architecture have improved the
model’s accuracy in detecting defects in images of
structures.

ANALYSIS OF THE OBTAINED RESULTS

Figure 4 shows the results of automatic detection of
damaged areas in the images using the baseline model
with the number of filters base = 4. A visual compar-
ison of the areas marked by the operator (Figure 4,
b) and the segmented areas obtained by the neural

o

network (Figure 4, ¢) shows that the model is able to
detect damage that remained unnoticed by the opera-
tor. However, the segmentation result obtained by the
neural network has a significant error, missing areas,
which indicates insufficient accuracy.

Figure 5 shows the results of applying the im-
proved U-Net model, the number of filters base = 16
and with Softmax activation, which show a more ac-
curate segmentation of defective areas, reducing the
number of false classifications compared to the base-
line version (Figure 4).

Figure 6 shows an example where the NN success-
fully identified a defective area caused by the pene-
tration of debris through the wall of a tubular element
of the TV tower, which was missed by the operator
when creating the annotation. Comparison of the
masks (Figures 6, b and 6, ¢) shows that the predicted
damage areas coincide well with the actual data. This
confirms the effectiveness of the model. The obtained
results confirm the model’s ability to detect damage
that may remain unnoticed, thereby minimizing the
influence of the human factor during the visual diag-
nostics of structures.

The obtained results demonstrate the effectiveness
of the U-Net neural network for automatic damage
detection. However, incomplete or inaccurate mark-
ing of defective areas by the operator in the training

¢

Figure 4. Automatic detection of damaged areas by the model with parameters: base = 4, the last activation layer is linear: @ — frag-
ment of the image with the damaged assembly; b — damaged areas marked by the operator in yellow; ¢ — result of segmentation

obtained by the neural network (green)

a b

c

Figure 5. Automatic detection of damaged areas using the improved U-Net model with parameters: base = 16, the last activation layer
is Softmax: ¢ — fragment of the image with the damaged assembly; » — damaged areas marked by the operator in yellow; ¢ — result

of segmentation obtained by the neural network (green)
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a b
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Figure 6. Automatic detection of damaged areas using the improved U-Net model with parameters: base = 16, the last activation layer
is Softmax: @ — fragment of the image with damaged areas; b — damaged areas marked by the operator; ¢ — result of segmenta-
tion obtained by the neural network. Green colour indicates a corrosion damage, yellow — a hole. Model, number of filters — 16

(base = 16) with the last activation Softmax layer

dataset can negatively affect the quality of the mod-
el, since its training depends on the correspondence
to the meshes marked by the operator. Therefore, the
formation of a high-quality database with complete
and accurate defect marking is an important factor in
creating a highly accurate NN.

CONCLUSIONS

The carried out study confirmed the effectiveness of
using neural networks for automated defect detection,
which helps to improve the diagnostic accuracy and
minimize the influence of the subjective factor.

The analysis of the effectiveness of different
neural network architectures showed that models
with more filters provide an improved defect de-
tection capability, but their use requires significant
computing resources and training time. The modi-
fied U-Net architectures, in particular by adding ad-
ditional blocks and normalization, allowed reduc-
ing the defect detection error to 3—5 %, which is a
significant improvement over the baseline models.
It was found that the optimal number of iterations
for training models with a modified architecture is
15-20, since further training leads to overtraining
and an increase in the error on test data.

The use of modified neural network architectures
with the use of mechanisms for normalization and
adaptive adjustment of hyperparameters is a promis-
ing direction for improving the accuracy and reliabil-
ity of automated defect diagnostics based on image
analysis, which opens up opportunities for further in-
tegration of such systems into the monitoring process.
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KL 118 mashine
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