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This paper addresses the challenges and key principles of designing domain-specific datasets that can
be used especially for automation of unmanned aerial vehicles. Such datasets play a key role in building
intelligent systems that enable autonomous operation and support data-driven decisions. The study presents
approaches we used for data collection, analysis and annotation, highlighting their importance and practical
impact on real-world application. The preparation of a domain-specific dataset for automating unmanned
aerial vehicles operations (such as navigation and environmental monitoring) is a challenging task due to
frequently low image resolution, complex weather conditions, a wide range of object scales, background
noise and heterogeneous terrain landscapes. Existing open datasets typically cover only a limited variety of
unmanned aerial vehicles use cases, which restricts the ability of deep learning models to perform adequately
under non-standard or unpredictable conditions.

The object of the study is video data acquired by unmanned aerial vehicles for creating domain-specific
datasets that enable machine learning models to perform autonomous object recognition, navigation, obstacle
avoidance and interaction with an environment with minimal operator involvement. The subject focuses
on the collection, preparation and annotation of video data acquired by unmanned aerial vehicles. The
purpose of the study is to develop and systematize workflow for creating specialized datasets to train
robust models capable of autonomously recognizing objects in real-time video captured by unmanned aerial
vehicles. To achieve this goal, a workflow was designed for collecting and annotating video data, raw video
data were acquired from unmanned aerial vehicles sensors and manually annotated using the Computer
Vision Annotation Tool.

As a result of this work, we developed a domain-specific dataset (UAeroNet) using an open-source
annotation tool for object tracking task in real scenarios. UAeroNet consists of 456 annotated tracks and a
total of 131 525 labeled instances that belong to 13 distinct classes.

Keywords: unmanned aerial vehicles, UAeroNet, object detection, autonomous navigation, computer vision.

1. Introduction

Unmanned aerial vehicles (UAVs) are increasingly being used to collect data in the form of video
streams, which is of great importance in many areas, such as agriculture, environmental monitoring,
territory protection and rescue operations. Effective use of this data requires the implementation of a
system that automates the processes of collecting, processing and annotating images obtained from
UAV sensors like visible light cameras and infrared (IR) video cameras.
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A large amount of reliable and accurate data is required to create automated methods of UAV
operation based on artificial intelligence and edge computing [1-4]. Such data can ensure effective
training of deep neural networks and guarantee high accuracy of model predictions when UAVs
perform navigation, environmental monitoring, rescue operations [5, 6], etc.

The relevance of this topic is that UAVs generate massive amounts of visual data, and developing
automated systems for processing and analysing this data is essential for improving operational
efficiency, enabling real-time decision-making, which is critical for a wide range of applications.

In conclusion, research on automated processing of UAV-acquired data is highly relevant, as it
enhances the accuracy and speed of decision-making across various fields and provides a foundation
for the further development of intelligent autonomous UAV systems.

2. Literature review and problem statement

The preparation of domain-specific datasets, particularly for UAV applications, where
computational resources are limited [7], is a challenging task due to factors such as low image
resolution, complex weather conditions, variable object scales, environmental noise and diverse
terrains. The data volume of the prepared dataset is usually the key to reaching better model
accuracy and generalisation.

We have identified common problems that most often arise when preparing a high-quality dataset
for autonomous UAV operations:

1. Traditional machine learning models lack contextual understanding. Understanding the context
would allow the UAV to take into account the specifics of each situation and extrapolate the knowledge
gained to make the right decisions. Thus, for some tasks, it may be necessary to take into account
the context of the scene during data preparation (see Fig. 1).
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Fig. 1. Prerequisites for creating a high-quality dataset

2. Models derived from supervised learning can’t self-correct true label errors that may have been
made during the data preparation stage, so once the model learns the template for object recognition,
this knowledge (whether it is wrong or not) remains embedded in the model parameters. Therefore,
the more accurately and clearly the data is annotated, the better the model’s predictions will be, which
will enable the UAV to perform its mission more efficiently and provide a higher level of autonomy
and safety.

3. The limited variety of available data is a key challenge in creating a comprehensive, specialized
dataset for UAV use. Existing datasets often do not cover all possible use cases, which limits the
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ability of models to perform adequately in non-standard or unpredictable conditions. This poses a
challenge in ensuring the versatility and robustness of machine learning algorithms in real-world field
conditions [8-10].

The reverse engineering of the UAV-based object perception model may allow to determine which
data preparation errors are acceptable and which are not, as well as to identify best practices for
annotating data obtained from UAV sensors.

The unresolved problem is the lack of freely available, comprehensive, context-aware and accurately
annotated datasets for training robust machine learning models, which may be used in UAV-specific
scenarios. Traditional approaches lack contextual understanding of the scene and it’s difficult to
correct label errors introduced during annotation, which reduces prediction reliability. Furthermore,
the limited diversity of available datasets restricts model adaptability to real-world, non-standard
conditions, including variations in the technical characteristics of the sensors used in the UAV, the
altitude and speed of the UAV| the type of terrain, lighting conditions, time of year, weather factors
such as wind, snow and rain as well as the presence of various types of obstacles.

3. The aim and objectives of the study

The aim of this study is to develop and systematize a workflow for creating and processing
specialized datasets to enable the training of models capable of autonomously recognizing objects in
real-time video captured by UAVs. The usage of such models will help to increase the level of
autonomy and efficiency of UAV tasks by integrating machine learning algorithms into UAVs that
will identify, track and classify objects of interest during the mission. This is especially important
for autonomous systems that need to follow a target, avoid obstacles and interact with the
environment without or with minimal operator involvement.

To achieve this goal, the following objectives were defined:

— design a workflow for annotating and processing UAV-acquired video data;

— identify relevant data sources;

— acquire raw video data from UAV sensors;

— perform manual annotation of the data using Computer Vision Annotation Tool (CVAT) for
object detection and tracking tasks.

4. The study materials and methods of the development of a domain-specific dataset

A high-performance data annotation pipeline requires a strategic combination of labor force with
the technical knowledge, tools and operations that can ensure the high quality of the data produced.
Fig. 2 summarizes the key elements of a data annotation organization process. Effective coordination
between these components enables consistent, accurate and scalable annotation outcomes.
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Fig. 2. Key elements of the data annotation process
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4.1. Annotation tool

An annotation tool (specialized software) is a necessary component of any data labeling process.
There are specialized tools (open source or commercial software) for different types of annotation, so
it becomes obvious that the choice of a particular tool will depend on its usability and compliance
with the standard requirements of the task to be solved.

The choice of an annotation tool should be guided by several important considerations. First,
available tools must be evaluated for their relevance to the specific annotation task. Another key
decision concerns whether to develop a custom solution, purchase a commercial product or use an
existing open-source software. Developing a tool from scratch or adapting an existing one offers greater
flexibility for managing changes, customizing it to the task’s specific needs and ensuring maximum
control and data security. In addition, effective annotation tools typically offer seamless integration
with modern technologies, allowing import and export of annotations in widely used formats such as
You Only Look Once (YOLO), Common Objects in Context (COCO), PASCAL Visual Object Classes
(VOC), as well as compatibility with popular machine learning and computer vision frameworks
including TensorFlow, PyTorch and Open Source Computer Vision Library (OpenCV). Finally,
an intuitive and well-designed interface remains essential to ensure efficient and accurate annotation.

4.2. Security

Data security during annotation is an important aspect, especially when it comes to sensitive,
confidential or personal information. The data annotation service must meet regulatory and other
requirements depending on the level of security the data requires. There should be a facility where
the work can be done safely, with proper employee training, processes, policies and procedures to follow
during data annotation. Proven and secure platforms that maintain security and quality standards
should be used for data annotation. Additionally, data must be encrypted during both transmission
and storage.

Data security during the annotation process can be reinforced through a combination of
organizational and technical measures. Annotators are typically required to sign non-disclosure
agreements or equivalent documents specifying data handling obligations. In addition, providing
training on data security protocols and monitoring compliance helps maintain adherence to security
standards. Technical safeguards, such as disabling write access on annotation devices, further reduce
the risk of data leakage. For on-site operations, physical security measures, including video
surveillance of the annotation workspace, provide an additional layer of protection.

4.3. Remuneration

Another important component of data annotation is labor pricing. The model that is used to
determine the price of labor can affect the overall cost and quality of the data produced. Pricing is a
complex process that must take into account the type and quality of data to be annotated, the type of
annotations to be performed (segmentation, bounding boxes, labels, etc.), the number of classes, the
timeframe and the amount of data. More data usually means more cost. This can be the number of
images, videos or other information. If the data requires detailed annotation, it will affect the overall
cost of the project. Different types of annotation have different levels of complexity and therefore
different prices. Projects with high requirements for the accuracy of the prepared data may include
quality checks, which will increase the overall cost of data preparation. More experienced labelers can
perform tasks more accurately, but their services may be more expensive. Some projects may require
specialized knowledge to prepare accurate data, which will affect the cost of data annotation services.

In practice, the most commonly employed pricing models are based either on the volume of
annotated units (e.g., objects, frames) or on an hourly rate, which is preferred when data volume or
annotation complexity is uncertain.
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4.4. Data quality

The quality of labels is the most important part of the data annotation process, affecting the quality
of the entire prepared dataset. Optimizing the data annotation process to obtain the highest quality
with the available resources is a continuous process as the quality of the annotation depends on
various factors: the functionality of the tool used to annotate the data, ambiguity in the data labeling
instructions, the experience of the labelers, the workflow for ensuring the quality of data preparation,
and the type and nature of the data to be labeled.

Data annotation guidelines are extremely important to ensure the proper quality of the data
produced. They serve as a guide for labelers, helping them to correctly interpret and process data in
accordance with project requirements. Instructions help ensure that all labelers follow the same
rules and principles, which is especially important when working with a large team. The use of
uniform guidelines helps to reduce the number of errors and achieve a unified approach to
annotation, regardless of who is doing the work.

4.5. Labor force

A large volume of data that need to be prepared for further training of machine learning methods
require the involvement of an adequate amount of labor to meet the needs of the project. Efficiency
and scalability in annotation are influenced by the relationship between workforce size and dataset
volume, as well as by the allocation of personnel according to labeling frequency. Evaluating
annotator performance in terms of speed and accuracy provides insights into process effectiveness,
while continuous refinement based on feedback and error analysis contributes to improved
annotation quality.

When selecting personnel for data annotation, institutions may rely on several approaches.
Internal employees can be engaged to perform labeling tasks, providing direct control over the
process. Alternatively, institutions may employ external groups of annotators, such as cloud workers,
or contract specialized third-party data labeling companies. Another option involves leveraging
online crowdsourcing platforms to access distributed annotators for large-scale labeling tasks.

Thus, the first step is to recruit people with the appropriate skills and knowledge to annotate the
data. These can be either internal employees or freelancers. New annotators are trained on
established rules and standards with illustrative examples of correct and incorrect annotations to
ensure clarity. Consistent processes and standards are critical for maintaining annotation quality
and continuous improvement. Quality assurance procedures, including repeated verification of
labeled data, support the provision of constructive feedback to annotators, fostering higher accuracy
in subsequent work. Coordination of the labeling team, task assignment, and monitoring of task
completion further contribute to the efficiency and reliability of the annotation process.

4.6. Active learning strategy

The most time-consuming, but the most reliable approach to annotating data to improve model
accuracy is to manually label all available data (creating ground truth labels for the machine learning
model). Data annotation efficiency can be enhanced through the use of specialized annotation tools
with intuitive interfaces that minimize labeler workload, regular audits to maintain labeling accuracy
and the integration of the active learning method [11] that identify the most informative samples
from unlabeled data.

Active learning is a machine learning method in which the model has the ability to choose which
data to use for training. This can significantly reduce the cost and volume of data that needs to
be annotated manually, while maintaining high model accuracy. The main idea of active learning is
for the model to identify examples from the dataset with the least number of labels represented in
the dataset, or examples for which the model is least confident in its predictions (see Fig. 3). These
examples should be annotated manually to improve the overall performance of the model. The active
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learning algorithm should be repeated starting from step 3 (see Fig. 3) until the model reaches the
required accuracy.

S Step 1
5 Annotate the raw data
. Step 2
Train the model on prepared data
® Step 3
5 Identify samples with a low level of confidence
. Step 4
Annotate each sample manually and add it to the training set
Y Step 5
: Retrain the model with new data
_ Step 6
o P

Control annotation process and model accuracy

Fig. 3. Active learning algorithm [11]

This approach is especially useful in cases where data annotation is an expensive and
time-consuming process. However, active learning requires an initial set of labeled examples to
initiate the selection process. If this initial dataset is unrepresentative or biased the model may
iteratively select suboptimal samples.

5. Results of the development of a domain-specific dataset for UAVs automation
5.1. Workflow for data acquisition, annotation and preprocessing

The workflow (Fig. 4) illustrates the sequential process of acquiring, labeling and preprocessing
data for UAV automation tasks. It begins with assessing data availability and the possibility of using
external or synthetic sources to ensure sufficient volume and diversity. Next, the data undergoes
annotation and quality improvement. Depending on dataset size and available resources, labeling
may involve semi-supervised learning, weak supervision or crowdsourcing.

The final stage involves preprocessing, including data cleaning to reduce noise, data transformation
to meet model input requirements and feature engineering to improve model learnability.

5.2. Data sources and collection of UAV data

We conducted a search for, collected and analyzed visual data for further training and development
of machine learning models for UAV onboard applications. The search for relevant data included open
sources: groups and channels on social media platforms and cross-platform instant messaging systems
(Facebook, YouTube, WhatsApp, Instagram, Telegram, etc.), the data science competition platform
(Kaggle), Papers with Code, the developer platform (GitHub), etc.

Collected data were evaluated in terms of type (educational, competition, raw), data volume,
representativeness of real-world scenarios and suitability for labeling (see Tab. 1). Based on this
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Fig. 4. Flowchart of data acquisition, annotation and preprocessing

Table 1. General characteristics of datasets: advantages and disadvantages

Dataset type Advantages Disadvantages
Educational Limited data sample, overly simplified,
. Clear data, easy to use | results are not always transferable to real-
(academic) i
world conditions
Still simplified data and available only for hot
Competition Data is close to real topics, the results are not always transferable
to real-world conditions
Raw data Great flexibility It takes a lot of effort to prepare

evaluation, raw data that meet the project requirements were chosen and annotated, while model

training on these data is planned in a future study.
Below are several academic and competition datasets for civilian use of UAVs for various purposes,

including research, development and testing of UAVs. Each dataset was assessed in terms of its

relevance, coverage of use cases, data quality and suitability for integration into the project workflow.
5.2.1. The UAV123 dataset

The videos captured from UAVs at low altitude [12] are inherently different from videos from

popular object tracking datasets such as 0TB50, 0TB100, VOT2014, VOT2015, TC128, and ALOV300++.
Therefore, a new dataset (UAV123) for long-term aerial object tracking (UAV20L) was proposed [12].
The UAV123 dataset contains a total of 123 video segments and more than 110 thousand frames,

making it the second largest object tracking dataset after ALOV300++. All videos are annotated with

upright bounding boxes. A few examples from the dataset are shown in the Fig. 5.
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Fig. 5. Examples of images from the UAV123 dataset [12]

5.2.2. The UAVDT dataset

This dataset contains images and videos captured from UAVs in urban and rural areas, annotated
for object detection and tracking tasks [13].

N ey

Fig. 6. Examples of images from the UAVDT dataset [13]

In total, the UAVDT dataset includes 77819 frames featuring 835879 annotated objects belonging to
four distinct categories: car, vehicle, truck and bus. Several examples from the dataset are shown in
the Fig. 6.

5.2.3. The DAC-SDC dataset

Design Automation Conference System DesignContest 2022 Dataset (DAC-SDC) [14] is a dataset
for object detection and identification tasks. It is used in the field of search and rescue (SAR). The
dataset consists of 93520 images and 93520 object labels belonging to 12 different classes, including:
person, car, riding, boat, group, wakeboard, drone, truck, paraglider, whale, building, and horseride
[14].
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Fig. 7. Examples of images from the DAC-SDC dataset [14]

The dataset was published in 2022 by the University of Notre Dame, USA, Peking University, China
and the University of Pittsburgh, USA [14]. A few examples from the dataset are shown in the Fig. 7.

5.2.4. The VisDrone2019-DET dataset

Drone2019-DET [15] is a dataset for object detection tasks. Some examples from the dataset are
shown in the Fig. 8.

Fig. 8. Examples of images from the VisDrone2019-DET dataset [15]

The dataset consists of 10209 images and 471266 labels belonging to 13 different classes, including;:
car, pedestrian, van, motor, person, truck, ignored region, bicycle, bus, tricycle, awning tricycle, other
and people [15].

5.2.5. Raw data

Academic and competition datasets (see Table 1) can’t fully satisfy the requirements for
developing robust models capable of deployment in real workflows. Although integrating multiple
academic datasets could partially mitigate data limitations, differences in data preparation pipelines
often hinder such integration and reduce data consistency. Consequently, harmonization and reuse of
these datasets remain challenging. Another potential approach is the generation of synthetic data.
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However, this method has several drawbacks, as generating synthetic data can be challenging and
may not always capture the full diversity and complexity of real data. In addition, producing
high-quality synthetic data can be computationally expensive, particularly for domain-specific
environments. Therefore, academic and competition datasets, as well as synthetic data generation,
are treated as supplementary options, since none of them can serve as a reliable basis for developing
models intended for deployment in the wild.

The conditions of data acquisition for UAVs depend on several factors, including the technical
characteristics of the sensors used in the UAV | the altitude and speed of the UAV, the terrain, lighting
conditions, time of year, weather conditions (such as wind, snow and rain) and artificial obstacles. For
applied, domain-specific Al tasks, engineers must rely on raw data collected under real conditions.
Raw data represent features in their original form of acquisition, often unstructured. Using raw data
for annotation ensures that the trained artificial intelligence (AI) model, once deployed, will process
input data in the same format as during training. Such consistency provides a solid foundation for
achieving high model adaptability and performance.

However, for this project, there are currently no publicly available datasets containing
UAV-acquired video data collected under aggressive environmental conditions. Therefore, the most
appropriate approach was to search for raw data obtained in challenging conditions using aerial
drones operating at different altitudes, under various weather and lighting conditions, across diverse
landscapes and with different types of onboard equipment. To accomplish this task, we researched
open sources: groups and channels on social media platforms and cross-platform instant messaging
systems (Facebook, YouTube, WhatsApp, Instagram, Telegram), a data science competition
platform (kaggle), paperswithcode and a developer platform (github). As a result, more than 247
videos were collected, which were filmed from the UAV using an optical camera and more than 55
videos using an IR camera.

It is worth noting that not all collected videos are presented in good resolution, some videos
contain additional attributes, captions on the frames, some of which were added by the authors of
these videos during additional processing, which negatively affects the overall quality of the data and
can complicate the process of label preparation.

5.3. Annotation tool used for object detection and tracking tasks

We used CVAT [16] to centrally store UAV sensor images, preprocess them (adjust brightness,
contrast, color balance) and create datasets with manual or automated markup. CVAT is an
open-source tool developed by Intel and distributed under the MIT License [16], which allows to
freely use, modify and redistribute this software for both commercial and non-commercial purposes.
CVAT supports multi-user mode, offers easy integration with modern technologies and provides tools
for creating polylines, polygons, rectangles, and other geometric shapes necessary for accurate
object labeling in computer vision applications.

The CVAT interface includes the following main components: the navigation and menu bar, the
control panel, the workspace and the object panel (see Fig. 9).

5.4. Prepared dataset

We have performed object detection using bounding boxes in Track mode (each new object is
accompanied by a bounding box until the end of the episode).

The prepared dataset consists of 52 videos, 456 tracks, 131525 annotated objects belonging to 13
unique classes. During annotation, 19 classes (objects of interest) were used.

5.5. Annotation guidelines

We followed the following rules when annotating the data:
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1. Don’t create a bounding box for a completely overlapping object. If an object is completely
covered by another object, do not draw a bounding box.

2. When an object is partially covered by another object or when part of the object is off-screen,
turn on the occluded property.

3. If an object disappears from view and is not visible for several frames and then reappears, use
the Merge function to combine several separate tracks into one.

4. The bounding box should cover the entire object of interest with the smallest possible area.

5. Remove video fragments (frames) that do not contain objects of interest: Alt 4+ Del.

6. Discussion of results

While preparing the specialized dataset, we faced with some challenges. Some videos were of low
quality due to poor weather or lighting conditions, which made annotation difficult. UAVs capture
complex scenes from different heights and angles, covering urban, rural and natural environments that
is why objects such as persons, buildings, vehicles and so on look different depending on the conditions
of the video recording, which makes annotation difficult too. Accurate annotation of objects in highly
cluttered environments (e.g., forests and cities) requires high skill and experience of the labeler.
Usually, annotating small objects is very challenging due to low video resolution or object distortion.
Sometimes, due to poor video quality or small size of the object, it was difficult to determine the true
label. Analysis of the prepared dataset shows that some classes are much less represented compared to
others. This can lead to problems when training Al models, which may overly focus on more frequent
classes and fail to cope with rare classes. Further improvements will involve expanding the dataset and
increasing the number of examples for underrepresented classes to partially compensate and address
the imbalance in the data.

Conclusions

The study aimed to develop and systematize a workflow for creating and processing specialized
datasets to enable the training of models capable of autonomously recognizing objects in real-time
UAV video. This goal was successfully achieved through the design and implementation of a structured
process covering data acquisition, preparation and annotation.

A workflow for annotating and processing UAV-acquired video data was designed and practically
applied. Relevant data sources were identified through an extensive search of open platforms, and
raw video data were collected from UAV sensors operating under diverse real-world conditions. The
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acquired data were manually annotated according to established rules to ensure consistency and
accuracy. Annotation was performed using CVAT for 19 objects of interest. As a result, a specialized
dataset (UAeroNet) was prepared, containing 52 videos, 456 object tracks and 131525 annotated
objects across 19 classes of interest.

The developed workflow and dataset provide a foundation for further research aimed at training
deep learning models capable of autonomous object recognition and tracking in real time. Future
work will focus on expanding the dataset, balancing underrepresented classes and integrating trained
models into UAV systems to enhance their autonomy and operational efficiency.
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Harmionanpuunit Texuivnuii yaHiBepcuTeT Y KpaiHu
«KuiBebkuii momirexuigauii iHcruTyT iMeni Iropst Cikopebkoros, Kuie, Ykpaina

V wiit cTaTTi PO3TJISIIAI0THCS KJIOYOB] aCIIEKTH Ta IIPUHIUIIN PO3POOKH CIIeriai30BaHuX HADOPIB JIaHUX, sIKi MOXKYTh
BUKOPHUCTOBYBATHUCH, 30KPEMA JIJIsi ABTOMATH3AIN] OE3MIOTHUX JITAJBHAX armapariB. Y JIOCIIiI2KEHH] OIMUCAHO ITiIXOIH,
fAKI MU BUKOPHUCTAJIN I 300Dy, aHAJI3Y Ta AHOTAI] JAHUX, 30KPeMa IXHIO 3HAUYIIICTh Ta IIPAKTUIHE 3aCTOCYBAHHS Y
peajibHUX yMOBax.

IlinroToBKa cremniaaizoBaHOro HAOOPY JAHUX JIjIs aBTOMATHU3AIll orepariiit 0e3MmJJoTHUX JTAJIbHUX AalapaTiB
(naBiraiiisi, MOHITOPHHI JOBKULIsI) € CKJAQJHUM 3aBJAHHSM dYepe3 9acTO HHU3bKY PO3JIIbHY 3JATHICTH 300parkeHb,
CKJIaQJIHI TIOTOJHI YMOBHU, BEJUKHUI [iama3oH MacmTady o0’eKTiB, (oHOBmil myMm Ta pi3HOpPiAHiCTH JaHmmadTIB
wmicneBocti. HasiBri BikpuTi maracetn 3a3BHYaii OXOILTIOIOTH JIMIle OOMEYKeHe PIZHOMAHITTS CIIEHAPilB BUKOPUCTAHHS
6e3MIOTHAX JITAJbHAX alapaTiB, M0 OOMeXKYye€ 3JATHICTH Mojeseil rIMOOKOro HaBYAHHS aJIEKBATHO IIPAIIOBATH Y
HEeCTaHJAPTHUX ab0 HemepeadatyBaHUX yMOBaX.

O06’eKTOM JIOCJII/IKEHHSI € BifeoiaHi, OTpUMaHi 3a JOIMOMOIO0 Oe3IJIOTHUX JITAJbHUX AllapaTiB JJjis CTBOPEHHSI
CIeIia/li30BaHnX HaOOpIB JaHWX, sIKi JO3BOJISIOTH MOJEJISM MAIIUHHOTO HAaBYAHHS BHUKOHYBATH aBTOHOMHE
posmisHaBaHHS O00’€KTIB, HABIramiro, YHUKHEHHsI IIEPEMIKOJl Ta B3a€MOJII0 3 HABKOJMINHIM CEPEJOBUINEM 3
MiHIMAJTBHAM BTPYYaHHSAM omepaTopa. lIpeamer mMoCTimKeHHS 30CepeazKeHnit Ha 300pi, MArOTOBII Ta aHOTAIl
BitleoTaHnx, OTPUMAHUX 34 JOIOMOrOI0 Oe3MJIOTHUX JITAJbHUX amapariB. MeTa JOCHTiKEHHS — PO3POOUTH Ta
CUCTEMATHU3YBATH POOOUMII TPOIEC Jijisi CTBOPEHHS CIIEIiasIi30BaHUX HAOOPIB JAHUX, SKi MOXKHA BHUKOPUCTOBYBATU
JJIsl HABYAHHS HAJIIHWX MOJeJjeil, 3JJaTHUX aBTOHOMHO PpO3Ii3HaBaTH O0’€KTH B PEXKUMI peajbHOTO 4acy Ha Bijieo
3HSTOMY 3a JONOMOIOK Oe3miIoTHUX JiTaabHuX amapariB. as mocsarnenHs 1iel metm Oys0 po3pobseHo poboumit
poriec i 300py Ta aHOTYBaHHS Bifeomanux, 3i0paHo cupi BifeomaHi 3 JATYINKIB OE3MIIOTHUX JITAJILHUX AlTApATiB
Ta BUKOHAHO PYYHY aHoTarliio 3a jormomoroio Computer Vision Annotation Tool.

Pozpobitennit mamu crierniasizoBanuit HabIp JaHUX I aBTOMATHU3aIlil O€3MIOTHUX JITAJPHUX allapaTiB B 33/1a9ax
BijICTEXKEeHHsT 00’€KTIB y MPaKTUYHUX CIleHapisix orpumas Ha3By UAeroNet. UleroNet ckiaaeTbest 3 456 aHOTOBAHUX
TpekiB Ta 131 525 po3MiveHNX €K3eMILISPiB, IO HAJIEXKATH 0 13 OKpeMuX KJacCiB.

Kirouosi cioBa: Gesmiytorsi jitanbai anaparu, UAeroNet, BusiBiennst 06’€KTiB, aBTOHOMHA HABITaIlis, KOMII TOTEPHUN

3ip.
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