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ABSTRACT

The use of unmanned aerial vehicles (drones) is increasingly being used in humanitarian demining. Multiple sensors operating on
different physical principles are used simultaneously to search for mines. This increases the probability of mine detection. To expedite the
survey of the area, the initial processing of sensor signals is performed onboard the drone. Therefore, the requirement for sensor signal
processing algorithms not only increases the probability of object detection but also improves the ratio of classification accuracy to the
required computational effort. One of the sensors used is visible-light cameras. A large number of neural networks have been developed
for classifying objects in images. However, a specific feature of their use for humanitarian demining is the lack of large datasets for training
and testing. Therefore, the challenge arises of finding neural networks that offer a high ratio of classification accuracy to the required
computational effort, while also being able to train on very small data sets. This paper compares convolutional neural networks and
networks based on transformers. The networks were trained on a small dataset containing images of anti-tank mines, rocks, and various
backgrounds. The study showed that convolutional neural networks train faster and are more resilient to image quality degradation.
However, their potential is limited; increasing the number of layers does not significantly improve mine classification quality. Transformer-
based neural networks offer greater flexibility and a wealth of options for architectural configuration, resulting in superior performance
compared to convolutional networks. Although they are slower to train and potentially require an expanded training dataset, they are the
preferred choice for implementing image processing on drones.
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1. INTRODUCTION Therefore, the problem of choosing a neural
network that ensures high classification quality with
a small amount of computation, and which can be
trained on a small data set, is extremely relevant for
many new applications.

An important task of this type is the use of drones
for humanitarian demining. Two approaches are
possible. The first involves the drone flying at a high
altitude along a predetermined trajectory and using
algorithms such as YOLO [2] to detect objects. After
an object is detected, its classification result is
recorded by the YOLO algorithm itself, or its image
is cropped and fed to an additional classifier. The
second involves the drone flying at a low altitude and
feeding camera images directly to the classifier. This
approach is preferable, as it allows for the integration
of camera signal processing in the visible, infrared,
ultraviolet ranges with the results of signal processing

Autonomous  unmanned aerial  vehicles
(quadcopters, UAVs) are increasingly used in a
variety of fields to expedite surveys, conduct research
in hard-to-reach places, and replace humans on
dangerous missions [1]. To improve the quality of
surveys, sensors of various physical nature are
typically used, the signals of which are processed and
integrated using neural networks. Some of the most
popular sensors are optical cameras operating in the
visible wavelength range. Very often, new
applications do not have very large data sets that
would allow for the effective training of a neural
network for solving the problems of detecting and
classifying objects in images. An additional difficulty
in solving this problem is the limited computing
power of the processor located onboard the UAV.

from magnetic sensors, ground-penetrating radars,
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of sensors. This combined use of sensors of different
physical nature significantly improves the accuracy
of mine detection and classification. Therefore, the
choice of a neural network for mine detection and
classification in visible images for subsequent
integration with the results of signal classification
from other sensors is relevant.

2. RELATED WORKS

Neural networks used for mine detection and
classification in images must ensure high
classification quality after training on a small dataset
with a low computational effort. By low
computational effort, we mean that the neural
network must be implemented on the UAV's
computer and produce classification results in real
time at a rate sufficient for the UAV to survey a given
area of terrain in an acceptable time.

One approach to reducing computational effort
is pruning [3]. This approach provides a significant
reduction in computational effort while maintaining
classification quality [4] or even improving it [5].
Closely related to this approach are low-rank
factorization [6] and knowledge distillation [7]. A
common drawback of this approach is training neural
networks on relatively large datasets.

Another approach is the development of new
neural networks specifically designed to meet all
requirements. The most commonly used basis for this
is the Visual Transformer (ViT) architecture, adapted
for image processing [8]. It allows the volume of
calculations to vary from a very small amount to
billions of floating-point operations. The Transformer
architecture was initially proposed for processing text
data [9]. Unlike recurrent neural networks, the
Transformer processes the entire sentence/the entire
context at once. Its built-in attention mechanism
focuses on relevant words. For each word, a query (Q
— what is being searched for), a key (K — what the
word represents), and a value (V — what information
the word carries) are formed. The query of a given
word is compared with the keys of other words; the
greater the match, the more attention (weight) this
word receives. The resulting attention of a word is
defined as a weighted sum of the values of other
words. When processing images, it is divided into
patches, the equivalents of words in a sentence. Then
the patches are transformed into flat vectors (Linear
Projection), which are further used in calculations.
While words are encoded by their place in a
sentence/context, patches are encoded by their
coordinates in the image. A special feature of
Transformers is that they scale very well and require
the maximum possible amount of data for training.
Therefore, the effectiveness of video transformers for

processing small images and small training data sets
requires research for each specific dataset.

To ensure a high ratio of classification quality to
computational effort, a number of special
modifications of the Transformer architecture have
been developed. In [10], a modification of the
classical Transformer is proposed in which the
regions into which the original image is divided
(patches) are made overlapping. This allows for
taking into account local image structures located at
the patch boundaries. In [11], the flexibility in object
placement in images is improved by introducing
additional  positional  self-attention into the
Transformer architecture. In [12], a multi-level cross-
attention mechanism extracting low-level features is
proposed. In [13], linear projections at the
tokenization stage are replaced with convolutional
projections. In [14], the self-attention mechanism,
which has quadratic complexity, is replaced with an
extrinsic attention mechanism with linear complexity.
Thus, the Transformer architecture has great
flexibility and allows for numerous modifications.
However, the effectiveness of using certain
modifications requires research and adaptation for
specific target datasets. In [15], such a study was
conducted for the CIFAR-10 dataset [16]. The
following modifications of transformers were
considered. Compact Convolutional Transformer
(CCT) [17] — a convolutional neural network was
added to the transformer at the input to reduce the
patch size and improve the efficiency of training on
small datasets. External Attention Transformer
(EANet) [14] — additional blocks of a multilayer
perceptron (MLP) was used to implement external
attention. FNet [17] — the internal self-attention block
was replaced with a simpler shuffling of tokens using
a Fast Fourier transform. Swin Transformer (SwinTr)
[19] — flexibility in processing objects with different
scales is provided due to the calculation of self-
attention not for the entire image, but only within
shifted windows. In [15], it was shown that on the
CIFAR-10 dataset, the CCT has the best ratio of
classification quality and the amount of
computations. However, for a set of images with
mines, the efficiency of using CCT requires a separate
study.

Unlike transformer-based architectures, which
are sensitive to the size of the training dataset, simpler
convolutional networks [20] are less sensitive to the
size of the training data.

From the literature review, it follows that for
mine detection and classification, taking into account
the implementation on a computer installed on a
UAV, it is advisable to compare the efficiency of
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using convolutional networks such as CCN and
ResNet-18 [20] with transformer-based networks —
CCT and ViT variants with different dimensions.

3. RESEARCH AIM AND OBJECTIVES

The aim of this work is to improve the quality of
mine detection by a mine-detecting drone by selecting
an object classifier architecture in visible-light
camera images.

To achieve this goal, the following objectives
were set:

— parameter selection and comparison of CCN,
ResNet-18, CCT, and ViT neural networks to ensure
the best balance between classification quality and
computational effort;

— analysis of the neural networks' resilience to
input image quality degradation.

4. MATERIALS AND METHODS

To conduct the study, a special dataset was
constructed, containing 1,826 images for training,
186 for validation, and 274 for testing. All images are
color and have the dimensions (64,64,3).

All image groups are strictly balanced. Half
contain images of antitank mines against various
backgrounds. The other half contains only the
background. The mine images were taken from the
Landmines Detection Dataset (by Northumbria) [21].
In this dataset, images are stored in the YOLOv11
format with the coordinates of the object's center and
its dimensions in the image, measuring 640 x 640
pixels. To create the dataset for the study, a 128 x 128
pixel region containing the mine image was cropped
from the image, reduced to 64 x 64 pixels, and
converted to the (64,64,3) format.

Examples of such images are shown in Fig. 1.

Background images were formed in a similar
way from the same images, only the area that did not
contain the mine was cut out (Fig. 2).

To increase the complexity of the classification
task, 120 training background images, 24 validation
background images, and 20 test background images
were replaced with a background containing rocks
that could be mistaken for mines [22]. Examples of
such images are shown in Fig. 3. All images are
labeled: 1 = contains a mine; 0 = does not contain a
mine.

Fig. 1. Examples of images with mines
Source: compiled by the authors
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Fig. 2. Examples of background images

.!'

Source: compiled by the authors

The complete dataset is stored on GitHub [23].
The metric used is:

—accuracy, as the proportion of correctly
recognized images out of the total number of images.

TP+TN

, (D
TP+TN+FP+FN

Accuracy =

- completeness, the number of recognized mines
from the total number of mines in the images,

TP
TP+FN

where TP (True Positive) is correctly detected mines,
TN (True Negative) is correctly classified absence of
mines, FP (False Positive) — indications of mines for
images where they are actually absent, FN (False
Negative) is indications of the absence of mines for
images where they are actually present.

The source code for all neural network programs
used in the study is available on GitHub [23]. During
training, the weight vector that provided maximum
accuracy for the validation data was memorized. This

Recall = )

the

calculate
characteristics for the test data.

5. RESEARCH RESULTS

5.1. A simple convolutional neural network

vector was used to resulting

The network contains two convolutional layers
with Relu activation function. After each of these,
there's a MaxPool layer for dimensionality reduction.
After that, there's a fully connected Dence layer with
a Relu activation function of 64 dimensions, and a
Dence output layer of 1 dimension with a sigmoid
activation function:

# Block 1

x = layers.Conv2D(32, (3, 3), activation="relu")(x)
x = layers.MaxPool2D((2, 2))(x)

# Block 2
x = layers.Conv2D(64, (3, 3), activation="relu")(x)
x = layers.MaxPool2D((2, 2))(x)

# Fully Connected Layers

x = layers.Flatten()(x)

x = layers.Dense(64, activation="relu")(x)

x = layers.Dropout(0.5)(x)

outputs = layers.Dense(1, activation="sigmoid")(x)
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The number of trainable weights in this neural
network 1s 822,337.

The learning curves for accuracy, error, and
ROC curves for the training and validation data are 0.5
shown in Fig. 4, Fig. 5, and Fig. 6, respectively.
Analysis of the learning curves shows that the
network trained in approximately 40 epochs. The area
under the ROC curve (AUC) is 0.99, indicating that
the neural network distinguishes well between classes
(presence of a mine in the image/absence of a mine in
the image). The confusion matrix for the test data is

shown in Fig. 7.

Fig. 3. Examples of background images

Source: compiled by the authors

0.6

Loss

04

03

— Train
—— val

0

20 40 60 80 epochs

Fig. 5. Learning curves for CNN Loss

Source: compiled by the authors
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Fig. 6. ROC curve for CNN
Source: compiled by the authors
ISSN 2617-4316 (Print) Computer science and software engineering 13

ISSN 2663-7723 (Online)



Galchonkov O. M., Baranov A. M., Baskov I. O. /

Applied Aspects of Information Technology

2026; Vol.9 No.1: 9-24

Test CM

120
100
80
- 60
- 40
- 20

0 1
Predicted
Fig. 7. Confusion matrix on test data for CNN

Source: compiled by the authors

Confusion matrix indicates that out of a total of
137 mine images, two were misclassified, meaning
two mines were missed. There were five false
positives.

The model's confidence distribution is shown in
Fig. 8.

The confidence distribution shows that the
classes are fairly well separated, with virtually no
guesswork, though a small amount does occur. It's
also worth noting that the edges of the distribution are
slightly blurred, suggesting a predisposition to errors
when the input images degrade. The images where
errors were made are shown in Fig. 9.

From Fig. 9 it is clear that one omission of the
mine was made on an image with a sparse distribution
of illumination - there were glare from the mine, the
second omission - the mine merged strongly with the
background.

5.2. Convolutional neural network ResNet-18

The input of the convolutional network is an
input convolutional layer, which receives the input
image. Next, there are 8 blocks, each containing two
convolutional layers. The activation function is Relu.
The output of the second convolutional network is
summed with the input of the first convolutional
network (skip connections).

801 [ == mines
mm background
. 60-
=
=
o
C 40
201
0
0 0.2 04 0.6 0.8 1.0
Predicted probability

Fig. 8. Confidence distribution for CNN

Source: compiled by the authors

T:0|P:1

Fig. 9. Images where CNN made errors (T — True, P — Predicted)

Source: compiled by the authors
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def residual_block(x, filters, kernel_size=3, stride=1,
downsample=False):
shortcut = x
if downsample:
shortcut = layers.Conv2D(filters, 1, strides=stride,
padding="same")(shortcut)
shortcut = layers.BatchNormalization()(shortcut)

x = layers.Conv2D(filters, kernel_size, strides=stride,
padding="same", use_bias=False)(x)

x = layers.BatchNormalization()(x)

x = layers.Activation("relu")(x)

x = layers.Conv2D(filters, kernel_size, strides=1,
padding="same", use_bias=False)(x)
x = layers.BatchNormalization()(x)

x = layers.Add()([x, shortcut])
x = layers.Activation("relu")(x)
return x

The output is a fully connected Dence layer with
a sigmoid activation function. The ResNet-18 neural
network contains a total of 18 layers with trainable
weights.

The number of trainable weights in this neural
network is 11,177,921. The learning curves for
accuracy, error, and ROC curves for the training and
validation data are shown in Fig. 10, Fig. 11, and Fig.
12, respectively.
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Fig. 10. Learning curves for accuracy ResNet-18
Source: compiled by the authors
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Fig. 11. Learning curves for ResNet-18 Loss

Source: compiled by the authors
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Fig. 12. ROC curve for ResNet-18

Source: compiled by the authors

Analysis of the learning curves shows that the
network trained in approximately 100 epochs. The
area under the ROC curve (AUC) is 0.99, indicating
that the neural network distinguishes well between
classes (presence of a mine in the image/absence of a
mine in the image).

The confusion matrices for the test data are
shown in Fig. 13.

Test CM

) 1
Predicted
Fig. 13. Confusion matrix ResNet-18 on test data

Source: compiled by the authors

The confusion matrix shows that out of a total of
137 mine images, three were misclassified. There
were three false positives. Despite ResNet-18 having
more than an order of magnitude more weighting
coefficients and an accuracy of 97.81 % (6 errors)
than the simple CNN, three mines were missed. The
CNN missed only two mines.

The model's confidence distribution is shown in
Fig. 14.

The confidence distribution shows that the
classes are fairly well separated, with no guesswork.
It's also worth noting that the edges of the distribution
are significantly less blurry than those of the CNN.

Images where errors were made are shown in
Fig. 15.
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Fig.14. Confidence distribution for ResNet-18

Source: compiled by the authors

T.0|P:1

Source: compiled by the authors

Fig. 15 shows that ResNet-18 missed mines in
the same two images as the CNN. Furthermore,
ResNet-18 missed a mine in the image where the
mine was located behind a fence. Two of the three
false positives were made in the same images as the
CNN.

5.3. Classic vit (vision transformer)

Since the classic video transformer requires a
large amount of training data, and this study is
conducted on a very small data set, several
computationally intensive variants of ViT were
investigated. Given the small image size of 64x64
pixels, small patch sizes of 8x8 and 4x4 were used.
The results are presented in Table 1.

Table 1 show that ViT-Tiny has the best
accuracy-to-computation ratio, but it missed 6 mines
on the test data. ViT-Lite has the second-best
accuracy-to-computation ratio, missing 4 mines. The
remaining two variants, ViT-Robust and ViT-Deep,
provide higher accuracy and fewer missed mines, but
also require significantly more computation.
Therefore, based on the combined parameters, ViT-

Lite provides the best result expected from classic
ViT on the dataset under study.

The general pattern between parameters and
characteristics is evident from Table 1.

Increased ViT accuracy is achieved by:

— increasing the projection dimension (the length
of the vector into which the patch is transformed);

— increasing the number of heads;

— increasing the number of Transformer layers;

— decreasing the patch dimension.

However, it's important to note that Transformer
parameters don't change arbitrarily, but rather in
specific increments. For example, the dimensions of
the vectors into which patches are transformed must
be evenly divisible by the number of heads used.

ViT-Lite's learning curves for accuracy, error,
and ROC curves for the training and validation data
are shown in Fig. 16, Fig. 17, and Fig. 18,
respectively.

The confusion matrix for the test data is shown
in Fig. 19.
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Table I. Parameters of the classical ViT variants

Parameter ViT-Tiny (Basic) | ViT-Lite ViT-Robust ViT-Deep
(Reinforced)
Projection Dim 64 128 192 128
Heads 4 4 6 8
Transformer Layers 2 4 6 12
Patch Size 8x8 8x8 8x8 4x4
Label Smoothing 0.05 0.1 0.15 0.1
Advantage Very fast, does not | Balanced in speed | Better resistance Maximum
overfit on small and accuracy to noise and fog | extraction of small
data features
Risk May not capture Standard option Requires more High risk of
complex mine memory and overfitting
textures training time
Trainable params 328705 563201 1856705 3667521
Accuracy 0.9635 0.9416 0.9526 0.9708
Recall 0.9562 0.9708 0.9854 0.9854
FN 6 4 2 2
Accuracy/ 2.93*10° 1.67*10°¢ 0.51*10° 0.26*10°
Trainable params
Source: compiled by the authors
1.0 >
— lr;in V/J\JJ\W'W o5 P L
0.9 N o :
R { g -
05 ;) W P 0.61
=1 o e
= = 0.44
go7 2
02
0.6
O 4 —— AUC =0.98
051 \ 0 02 04 06 0.8 1.0
0 20 40 60 80 100 epochs False Positive Rate
Fig.18. ROC curve for ViT-Lite
Fig. 16. Learning curves for accuracy ViT-Lite Source: compiled by the authors
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Fig. 17. Learning curves for ViT-Lite Loss

Source: compiled by the authors

Fig. 19.

Confusion matrix ViT-Lite on test data
Source: compiled by the authors
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Analysis of the learning curves shows that the
network trained in approximately 110 epochs. The
area under the ROC curve (AUC) is 0.98, indicating
that the neural network distinguishes well between
classes (presence of a mine in the image/absence of a
mine in the image).

The confusion matrix indicates that out of a total
of 137 mine images, four were misclassified. There
were 12 false positives. The model confidence
distribution is shown in Fig. 20.

The confidence distribution shows that the
classes are fairly well separated, but a small amount
of guesswork still occurs. It's also worth noting that
the edges of the distribution are slightly blurred,
suggesting a predisposition to errors when the input
images degrade.

The 15 images where errors were made are
shown in Fig. 18.

5.4. Compact convolutional transformer
(CCT)

To ensure higher classification accuracy while
reducing computational overhead, the following
changes were made to the CCT architecture compared
to the classic ViT [17]:

1. Patch embedding has been replaced with a
convolutional tokenizer. The tokenizer uses two
convolutional layers with overlapping filters, a GELU
activation function, and BatchNormalization. This
allows for more efficient extraction of low-level
features and takes into account local relationships
between pixels.

80
L 60
5
340+

201

0- ; . ===
0.2 0.4 0.6 0.8 1.0
Predicted probability

Fig. 20. Confidence distribution for ViT-Lite

Source: compiled by the authors

ViT-Lite made errors (T — True, P — Predicted)

Source: compiled by the authors
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2. Global Average Pooling has been replaced
with Sequence Pooling. In ViT, all tokens are equally
weighted. CCT, using attention, learns to determine
which parts of the image (tokens) are most important
for classification (e.g., the location of a mine) and
assigns them greater weight.

3.The MLP block expansion factor was
increased from 2 to 3. This increases the number of
weights in each layer processing features extracted by
the tokenizer.

4. Warmup was introduced—a gradual increase
in the learning rate followed by cosine decay. This
allows the model to better learn on small datasets.

The learning curves for accuracy, error, and
ROC curves for the training and validation data are
shown in Fig. 22, Fig. 23, and Fig. 24, respectively.
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Fig. 22. Learning curves for accuracy CCT
Source: compiled by the authors

Analysis of the learning curves shows that the
network trained in approximately 90 epochs. The area
under the ROC curve (AUC) is 0.98, indicating that
the neural network distinguishes between classes
(presence of a mine in the image/absence of a mine in
the image) well. The confusion matrix for the test data
is shown in Fig. 25.

2.5 — Train

—— Val

2.04

0 20 40 60 80 100 epochs
Fig. 23. Learning curves for CCT Loss

Source: compiled by the authors
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Fig. 24. ROC curve for CCT

Source: compiled by the authors
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Fig. 25. Confusion matrix CCT on test data

Source: compiled by the authors

The confusion matrix indicates that out of a total
of 137 images, three were misclassified. There were
four false positives. The model's confidence
distribution is shown in Fig. 26.

The confidence distribution shows that the
classes are fairly well separated, but a small amount
of guesswork remains. It's also worth noting that the
edges of the distribution for CCT are significantly
less blurred than for ViT-Lite.

The seven images where errors were made are
shown in Fig. 27.

Two of the three mine-missing errors were made
on the same images that produced errors in other
neural networks. To illustrate the operation of the
CCT, Fig. 28 shows an example of an input image
with a mine and the attention map for this image in
the first CCT layer. Fig. 29 shows the same image,
but with stones instead of mines.

Lighter colors on the attention map indicate
locations in the image where a mine is most likely to
be located. The lighter the color, the greater the
probability. Accordingly, these locations are
weighted more heavily than others.
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Fig. 26. Confidence distribution for CCT

Source: compiled by the authors

Fig. 27. Images where CCT made errors (T — True, P — Predicted)

Source: compiled by the authors

Fig. 28. Input image with a mine (left) and the
attention map in the first layer of CCT (right)

Source: compiled by the authors

Fig. 29. Input image with stones (left) and
attention map in the first layer of CCT (right)

Source: compiled by the authors

5.5. Analysis of the stability of neural
networks to deterioration in the quality of input
images

To test the neural networks' resilience to input
image quality degradation, the following conditions
were simulated for the test images:

— 15 % noise;

— cloudy day (40 % brightness reduction);

— fog (light haze, white content reduced to 20%).

An example of the original image and the
degraded images is shown in Fig. 30; the accuracy
values for the test data are presented in Table 2.

Table 2 shows that convolutional networks
exhibit higher robustness than Transformer-based
networks. This can be explained by the larger number
of trainable coefficients. However, it should be noted
that operation under degraded conditions is not the
primary mode, as the probability of missing mines
increases significantly.

5.6. Resulting comparison of neural networks

The resulting parameters of the compared neural
networks on the test data set are given in Table 3.

Table 3 shows that transformer-based neural
networks have a higher accuracy-to-computation
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ratio. Given that ViT-Lite has lower accuracy and a
higher number of missed mines, using CCT are the
best option.

Comparison of the performance of CNN and
ResNet-18  suggests that the potential of
convolutional networks in this application is limited,
since a radical increase in the number of trainable
weight coefficients did not lead to a significant
increase in accuracy, but only to an increase in
confidence in the decisions made.

6. DISCUSSION OF THE RESULTS OF THE
STUDY ON THE EFFECTIVENESS OF USING
VARIOUS NEURAL NETWORKS FOR
DETECTING MINES BY DRONES

The study showed that the potential of simple
convolutional networks is limited. Significantly
increasing the number of layers used does not
significantly improve accuracy. This is because

convolutional neural networks are designed to search
for image details using small filters. This mechanism
allows them to quickly learn on small datasets. This
is clearly evident in the obtained learning curves.
However, when the potential limit is approached,
adding additional layers to ResNet-18, compared to
CNNs that search for even larger details, does not
significantly improve classification quality.

Neural networks built on Transformers differ
from convolutional networks in that they process all
image patches simultaneously and attempt to find
connections between them, regardless of whether
they are adjacent or on opposite sides of the image.
This architecture results in such neural networks
learning more slowly and requiring a large amount of
training data. While CNNs study all image
components without prioritizing any particular areas,
Transformers generate attention maps, allowing them
to identify areas of the most probable object locations.

Table 2. Accuracy for comparable algorithms

Conditions CNN ResNet-18 ViT-Lite CCT

No deterioration 97,45 % 97,8 % 94,16 % 97,45 %
Noise 96,0 % 97,1 % 92,0 % 90,9 %
Nasty day 83,2 % 89.8 % 80,3 % 83,2 %
Fog 91,6 % 94,2 % 84,3 % 83,6 %

Source: compiled by the authors

Fig. 30. An example of a mine image, original image (a), with noise (b), cloudy day (c), fog (d)

Source: compiled by the authors

Table 3. Resulting parameters of neural networks

Parameters CNN ResNet-18 ViT-Lite CCT

Accuracy 97,45 % 97.8 % 94,16 % 97,45 %

Number of trainable weight 822337 11177921 563201 737858

coefficients

The ratio of accuracy to the number 1.19%10° 0.087*%10° | 1,67*10° | 1.32*10°

of trainable weights

FN 2 3 4 3

Confidence in the decisions made | Reduced, fortune | Increased Reduced Increased
telling is possible

Resistance to image degradation Increased Increased Reduced Reduced
Source: compiled by the authors
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When processing small datasets, this leads to
both CNNs and Transformers failing to provide a
sufficiently high classification performance to
computational effort ratio. However, while CNNs can
generally only increase the number of layers used,
Transformers offer significantly more flexibility in
architectural modifications. This is evident in the
CCT characteristics. The introduction of two
convolutional layers in the tokenizer and division into
overlapping patches ensures a high classification
performance to computational effort ratio with high
accuracy.

An analysis of images where the neural networks
made errors shows that in some images, all networks
made errors. This suggests that the dataset does not
adequately represent all possible variations of mine
images against different backgrounds. Expanding the
dataset with similar images should improve mine
recognition accuracy.

An analysis of the robustness of test images
shows a higher dependence of Transformers on the
dataset they were trained on. Convolutional networks
are less sensitive to noise, illumination, and fog
thanks to their feature-extracting architecture. By
expanding the dataset to include images with
degraded quality, we can expect an increase in the
accuracy of all neural networks.

A limitation of the study is the small size of the
dataset used. Nevertheless, this allowed us to identify

the most promising architecture — the Compact
Convolutional Transformer (CCT). By varying the
nomenclature and number of additional architectural
elements introduced into the Transformer, it is
possible to significantly improve both the accuracy
and the ratio of classification accuracy to the required
computational effort. Combined with an increased
number and variety of mine images against various
backgrounds, this will enable the highest possible
performance in the important field of humanitarian
demining.

7. CONCLUSIONS

1. A comparison of convolutional neural
networks and transformer-based networks revealed
that the Compact Convolutional Transformer (CCT)
architecture is the most promising architecture for use
on mine-detection drones. It provides both high mine
classification accuracy and a high accuracy-to-
computation ratio. This is a result of the use of both
the Transformer architecture itself and additional
architectural components.

2. An analysis of the robustness to test image
quality degradation demonstrated the superiority of
convolutional neural networks. This necessitates
increasing the number and range of images for
training, which should improve the robustness of all
the neural networks studied.
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AHOTALIA

BukopucTanHs O€3MiNIOTHUX JHTATBHUX amapaTiB (JIPOHIB) 3HAXOMUTh BCE WIMPIIEC 3aCTOCYBaHHSA TNPH TyMaHITapHOMY
po3MiHyBaHHI. [|JIs TOIIyKy MiH 3aCTOCOBYIOTH OZHOYACHO KiTbKA JAaTYHKIB, IO MPALIOIOTh 32 PI3HUMH (i3HIHMME npuHIMIamy. [le
JIO3BOJIA€ TiJBUIINTH MOXKIMBICTh BHABIEHHS MiH. [ pHCKOpPEHHS OOCTEXEHHSI TepUTOpii MepBUHHA 00poOKa CUTHAIIB JATYHKIB
MIPOBOIUTECS Ha O0pTy ApoHY. ToMy 10 anropuTMiB 0OpoOKH CHTHATIB IATYHKIB MPE ABIETHCS BUMOTA SIK 320e311e9yBaTH MiJBUIICHY
WMOBIPHICTh BUSBIICHHS 00'€KTiB, TaK 1 iIBUIIICHE CITiBBIIHOIICHHS TOYHOCTI Kiacudikallii Ta HeoOXiTHOTro 00csry o04ncieHs. OMHIM
i3 BUKOPUCTOBYBaHHX JATUYHKIB € KaMEepH Y BUANMOMY Aiana3oHi. Ha nannit MOMeHT po3po0iieHO BENUKY KiJbKiCTh HEHPOHHUX MEpex
s kinacudikaiii 00'exTiB Ha 300pakeHHAX. OmHAK OCOONMBICTIO X BHKOPHCTAHHS U1 TYMaHITAPHOTO 3aBAAHHS PO3MIHYBaHHS €
BIICYTHICTh BENMKHX HAaOOpiB JaHWX Ul HaBYaHHSI 1 TeCTyBaHHA. TOMy BHHHKAae 3aBJaHHsS IIOIIYKy HEHPOHHUX MEpex, II0
BiZIPI3HSIOTHCS BUCOKUM CITiBBITHOIICHHSM TOYHOCTI KJIachdiKaIlii Ta HeoOXiHOT0 00CATY OOUYHCIICHB 1 B TOM K€ 9ac 371aTHUX HABYATHCS
Ha JIy)Ke HEBEJHMKUX o0csrax AaHuX. Y poOOTi MPOBEACHO MOPIBHSAHHS 3TOPTKOBIX HEHPOHHHX MEPEX 1 Mepex, HoOyaoBaHuX Ha 0asi
TpaHchopmepiB. HapuaHHS Mepex MpoBOIMIIOCS Ha HEBETMKOMY HA0OPi JaHHX, IO MiCTHTh 300pa’KeHHS MPOTUTAHKOBHUX MiH, KAMiHHS
Ta pi3He T0. JIOCHIDKEHHS IMOKa3alo, IO 3rOPTKOBI HEHPOHHI Mepeki IIBHIIIE HABYAIOTHCS 1 CTIMKIMI O MOTIPIIEHHS SKOCTI
300pakeHb. AJle X MOTEHITIaT OOMEKEHNUH, 301TBIIICHHS KUTBKOCTI IIapiB HE MPU3BOAUTH JI0 CYTTEBOTO IMTiIBUICHHS SKOCTI Kinacudikariii
MiH. HeiipoHHi Mepesxi Ha 6a3i TpaHC(OpPMEpiB MAIOTH OUTBITY THYYKICTD 1 pO3MAiTTS MOKIMBOCTEH 1Tl KOH(DITYpallil apXiTeKTypH, 0
3a0e3nedye OUTBII BHCOKI XapaKTEPUCTHUKH, TOPIBHSIHO 31 3rOPTKOBAMH MepeXaMmy. He3Bakaroum Ha Te, IO BOHM IOBLUIBHIIIE
HABYAIOTHCS 1 TIOTCHIIHO BUMAraloTh PO3IIMPEHHs BUKOPHCTOBYBAHOT'O /ISl HABYAHHS HA0OPY JaHMX, BOHM € KPAIIMMH MPH peatizamil
00poOKH 300pa’keHs Ha GOPTOBOMY 0OJIaTHAHHI APOHIB.
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