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The task of creating and developing custom datasets for training convolutional neural networks (CNNs) is essential due to
the increasing adoption of deep learning across industries. CNNs have become fundamental tools for various applications, including
computer visfon, natural language processing, medical imaging, and autonomous systems. However, the success of a CNN depends
heavily on the quality and relevance of the data it is trained on. The datasets used to train these models must be diverse,
representative of the task at hand, and of sufficient quality to capture the underlying patterns that the CNN needs to learn. Thus,
building custom datasets that align with the specific objectives of a neural network plays a critical role in enhancing the
performance and generalization capability of the trained model.

This paper focuses on developing a method and subsystem for generating high-quality custom datasets tailored to CNNs.
The aim is to provide a framework that automates and streamlines the processes involved in data collection, preprocessing,
augmentation, annotation, and validation. Moreover, the method integrates tools that allow the dataset to evolve over time,
incorporating new data to adapt to changing requirements or environments, making the system flexible and scalable.

The process of creating a dataset begins with the acquisition of raw data. The data can come from various sources such
as images from cameras, videos, sensor feeds, open data repositories, or proprietary datasets. A key consideration during data
collection is ensuring that the samples cover the full range of conditions or classes the CNN will encounter in production. For
example, in an object recognition task, it is essential to collect images from diverse environments, lighting conditions, and angles to
train the model effectively. Ensuring variability in the dataset increases the model's ability to generalize, reducing the risk of poor
performance on unseen data.

Data augmentation is a critical step in building a robust dataset, particularly when the size of the dataset is limited.
Augmentation techniques introduce variability into the dataset by artificially modifying the existing samples, thereby simulating a
wider range of conditions. This helps the CNN generalize better and prevents overfitting. In essence, it allows the model to
experience different perspectives and distortions of the same data, strengthening its adaptability to real-world scenarios.

Annotation involves labeling the data samples with the correct class or category information. Depending on the task,
annotations may include bounding boxes for object detection, segmentation masks for semantic segmentation, or class labels for
classification tasks. The importance of well-annotated data cannot be overstated, as CNNs rely on this labeled information to
understand the relationships between input data and the desired output predictions.
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XMeNbHUIBKUH HalliOHAIBHUH YHIBEPCHTET

METO/ CTBOPEHHS CIIEHIAJII3OBAHOI'O HABOPY JAHUX JJIA
TPEHYBAHHS 3rOPTKOBUX HEMPOHHUX MEPEX

3aBAaHHS 3i CTBOPEHHS Ta PO3POOKY CIIEL/IbHUX HAOOPIB AaHNX A/15 HABYAHHS 3ropTKOBUX HEUPOHHWX Mepex (CVIN) €
HAaA3BNYaNHO BaX/MBUM YEDE3 3POCTAIOYE BUKOPUCTAHHS [JIMOMHHOMO HaBYaHHS B pi3Hux rany3sx. CNN cTam OCHOBHUMM
IHCTPpYMEHTamMu [/15 6araTboX 3aCTOCYBaHb, BK/IIOYAIOYM KOMITIOTEDHMU 3D, OBPOOKY MPUPOAHOI MOBM, MEAUYHY BI3yanizauito 1a
aBToHOMHI cucremn. Oarak ycriix CNN 3HaYHOO MIPOIKO 3a/IEXNUTL Bif SKOCTI Ta PENEBAHTHOCTI AGHNX, Ha SIKMX BOHA HABYAETHCA.
Habopu parnx 415 HaBYaHHS LUMX MOJEIEU MOBUHHI ByTv PI3HOMAaHITHUMY, BIAMOBIAATH CEUMPILI 3aBAAHHS Ta Matyu [OCTaTHIO
SKICTb, LJO6 3axonnTy MPUXOBAaHI NaTEPHU, SKi MOAESTb MAE OraHyBat. TakuM YyHOM, CTBOPEHHS CIIELIIa/IbHUX HAOODIB AaHuX, O
BIAINOBIAGIOT KOHKPETHUM LIi/IIM HEVPOHHOI MEPEX, BIAIDAE KITIOHYOBY PO/Ib Y ITOKPALYEHH] EPEKTUBHOCTI Ta 34aTHOCTI MOAENI A0
y3arasnbHeHHs. L{g pobota 30cepeskeHa Ha po3pobli METoZy Ta IMACUCTEMU L[S CTBOPEHHS BUCOKOSIKICHUX CrieLiasli30BaHnx
Habopis farmx 419 CNN. Metowo € HagaHHs CTPyKTypy, Ska aBTOMaTw3yE Ta CrPOLYYE MpoLec 360py Aanux, ix rnonepesHbor
06pobKy, ayrmeHTauli, aHotauii 1@ Banifauli. binblwe Toro, yed METO4 BK/IOYAE IHCTPYMEHTW, SIKi AO3BOSISIOTH AATaceTy
EBOJIIOLIOHYBaTH 3 YacoM, IHTErpyroYn HOBI gaHi 415 agantauii 40 3MIHHUX BUMOr abo yMOB CEPEAOBMLLE, O POobUTL cUCTEMY
THYYKOK Ta MaclTaboBaHolo.

[povuec cTBOpeHHs Habopy JaHnX MOYUHAETLCS 3 OTPUMAHHS CUPUX AaHUX. [aHI MOXYTb HAAXOANTU 3 PISHUX IKEDES,
TaKkuX SK 306Pa)KeHHS 3 KaMEp, BIAEO, CEHCOPHI IMOTOKY, BIGKDUTI pENo3uTopii garmnx abo B/IACHI KOpropatTvBHI AaTaceTw.
BaxsmBuM acrieKToM i 4ac 360py € 3abe3rnedyerHHs1 Toro, Lob BUOIpKa OXOM/IoBaaa BECh CIIEKTP yMOB abo Ki1acis, 3 sikumu CNN
3YCTPIHATUMETLCS 11i4 4ac eKcriiyaTayii. Harpukiaag, y 3aBaaHHi po3rii3HaBaHHs 00 €KTIB BaXX/IMBO 3i6patn 306PaXKeHHS 3 PI3HNX
cepenoBuLl, rpu Pi3HOMy OCBIT/IEHHI Ta 1i4 PI3HUMU KyTamu /15 €QPEKTUBHOIO HaBYaHHS MOJENT. 3a6E3Me4YeHHS PI3HOMaHITHOCTI y
Aartacerti nigBuLLye 34aTHICTb MOJEST 0 y3arabHEHHS Ta 3HWKYE PUNK [TOraHnx pe3y/ibTatiB Ha HEBIAOMUX AaHMX.

AYrMeHTaLisi AaHnX € KDUTUYHUM KPOKOM Y CTBOPEHHI HaAIHOro AaTaceTy, OCOO/IMBO KO/ HOro pPo3Mip OBMEXEHM.
TexHiku ayrMeHTauii BHOCATb PIBHOMAHITHICTL y BUBIDKY, LUTYYHO MOAN@IKYIOYN HASIBHI MPUKIEAN, IMITYIOYM LIMPLLMK [iarna30H
ymos. Lle goriomarae CNN Kpaiye y3ara/ibHioBaT 1a 3arobirac nepeHaByqaHHro. 1o cyTi, e [03BO/ISE MOAENi BUpoboByBaTH pisHi
NIEDCIIEKTUBU Vi CIIOTBOPEHHS OHUX | TUX CaMUX AGHUX, 3MILIHIOIOYM iT 34aTHICTb a4aITyBaTUCS 40 PEA/IbHUX CLIEHADIIB.

AHOTaUis NEPEABAaYAaE MPHUCBOEHHS MITOK 3Da3KaM A3HUX I3 MpaBu/IbHOK K/I3COBOK 360 KaTeropiiHow iH@OopMaLiero.
3anexHo B 3aBAAHHS, AHOTaUii MOXYTb BKOYATH PaMku U1 BUSIB/IEHHST OO '€KTIB, MAacku CerMeHTauii A5 CEMaHTUYHOI
cermeHTauii abo Knacosi MITku 47159 Kaacuikauii. BaX/mBiCTb SIKICHO aHOTOBAHMX AaHWX BaXKO MeEpeoliHnTy, amkxe CNN
10K/18AaI0TLCS HA Ui MITKU [U15 PO3YMIHHS B3aEMO3B S3KiB MK BXIJHUMMU AaHUMU Ta OYIKYBaHUMM [IPOMHO3aMA.

Kmoyosi cioBa: CNN, Habip Aarnx, HeMpoHHa Mepexa, Roboflow, ronepegHs o6pobka farHux, AONOBHEHHS AaHux,
MAapKyBaHHS.
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Introduction

In recent years, there has been a rapid increase in the need to create custom datasets for training
convolutional neural networks (CNNSs) to solve practical tasks in various domains. This growth is largely driven by
the availability of frameworks that allow users to design and train neural networks without requiring deep
mathematical expertise [1-3]. Therefore, building custom datasets to meet specific objectives has become an
essential task in the development of neural network models, enabling these systems to perform accurately across
diverse applications.

The goal of this work is to develop a method for creating custom datasets and to design a system that
optimizes the training process of convolutional neural networks.

To achieve this goal, the following tasks must be done:

— create a training dataset tailored to the specific neural network task;

— design and test a CNN model using the custom dataset;

— implement the dataset creation pipeline in a scalable and automated system.

Custom datasets are fundamental in training neural networks, as the quality of a model’s performance
depends heavily on the data it learns from. Each dataset must contain samples that represent the real-world
conditions the model will encounter. Depending on the domain, these datasets may include images, videos, or sensor
data tailored to tasks such as object recognition, sentiment analysis, or medical diagnosis.

In the field of computer vision, datasets often consist of labeled images that help neural networks learn to
detect patterns. Creating such datasets involves not only data collection but also careful preprocessing,
augmentation, and annotation to ensure the samples are both varied and representative. This ensures that the trained
model generalizes well and performs accurately when exposed to new, unseen data.

One widely-used tool for building datasets is Roboflow, a platform that simplifies the process of dataset
creation, management, and deployment. Roboflow allows developers to easily collect, organize, and label data for
neural networks. It also offers features for data augmentation, such as adjusting brightness, contrast, or rotation,
which helps increase dataset diversity and prevents overfitting during model training.

Key Components of the Dataset Creation Method:

1) data collection: Collecting raw data from relevant sources such as cameras, public repositories, or
proprietary databases. This step ensures that the dataset reflects the conditions and scenarios the neural
network will encounter;

2) preprocessing and augmentation: Applying transformations to improve data quality and simulate
different real-world conditions. With Roboflow’s tools, images can be scaled, rotated, flipped, or have
noise added, making the dataset more robust and varied;

3) annotation and labeling: Tagging each sample with the appropriate class labels. For tasks like object
detection or emotion recognition, this could involve drawing bounding boxes or assigning specific
categories to images. Accurate labeling is crucial for the CNN to learn meaningful relationships
between inputs and outputs.

A custom dataset must be diverse and well-balanced to avoid bias. For example, if one class of images is
overrepresented, the CNN may learn to favor that class, resulting in poor performance on other categories.
Roboflow helps address this issue by tracking class distribution and suggesting ways to balance the dataset. This
ensures the model generalizes well across all categories [7-8].

Creating custom datasets tailored to specific CNN tasks plays a vital role in ensuring the success of neural
network models. By using Roboflow, developers can streamline the data collection, preprocessing, and annotation
processes, leading to more efficient and scalable workflows. This method not only ensures higher accuracy in model
predictions but also enhances the network's ability to generalize across different environments and tasks. As deep
learning technologies continue to evolve, the demand for high-quality, task-specific datasets will remain a critical
factor in the development of intelligent systems.

One of the key advantages of Convolutional Neural Networks (CNNs) is their ability to automatically
extract relevant features from data. This means that instead of requiring a manual selection of features or a detailed
analysis of how the input variables are related, CNNs learn to identify the most important patterns and relationships
by themselves during training.

For example, in traditional machine learning approaches, a lot of time and effort might be spent analyzing
data to understand which characteristics (or features) are most important. In image classification, this could mean
manually deciding if color, shape, or texture should be prioritized. With CNNSs, this step is not necessary. The
network uses its layers to progressively learn which features matter most for the task at hand.

Because of this capability, CNNs reduce the need for a pre-analysis of data correlations. Instead of
manually identifying what might be important, the network "learns" by itself through exposure to the training data.
This automatic feature extraction saves time, minimizes human error, and often leads to better model performance
since CNNSs can uncover subtle patterns that may not be immediately obvious to a person.
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Analysis of Existing Solutions

The increasing integration of technology in various fields has led to the emergence of numerous online
platforms for compiling and sharing diverse datasets, greatly enhancing accessibility and participation for
researchers globally. The rise of artificial intelligence, particularly in the domain of image recognition, has made it
feasible to automate processes such as the classification of objects, including ancient artifacts. This advancement has
prompted the exploration of machine learning techniques for various applications, including the study of historical
items, artworks, and even natural specimens. Currently, automating the classification of ancient artifacts often serves
more as an academic pursuit than a practical solution due to several key factors:

1) many existing datasets are limited in size, with most models requiring thousands of samples to achieve
reliable accuracy. Datasets with fewer than 1,000 images often lead to overfitting, where the model
learns noise rather than the underlying patterns;

2) no single method guarantees complete accuracy in classification. This uncertainty is compounded by
the variability in the quality of images, including differences in lighting, angles, and backgrounds,
which can adversely affect the model's performance;

3) many models struggle with recognizing items that were not included in their training sets. This
limitation highlights the importance of diverse training data that encompasses various types,
conditions, and contexts in which artifacts may appear;

4) the need for such systems is not commercially driven; collectors or museums often prefer expert
analysis over machine learning solutions that still require human verification. This reliance on
expertise underscores the complexities involved in understanding the historical context and
significance of each item, which cannot always be captured by algorithms.

Despite these challenges, several innovative systems have been developed for classifying various artifacts.

For example, a research group from the University of Tokyo designed a CNN specifically for categorizing ancient
pottery shards. Their dataset comprised over 15,000 images of pottery, organized into multiple classes based on
historical significance, material, and decorative styles. The team employed the VGG16 architecture, utilizing
transfer learning to leverage pre-trained weights. After 150 epochs of training, they achieved an impressive
classification accuracy of 94%, demonstrating the effectiveness of their approach and contributing valuable insights
into the pottery's historical context [21].

In another instance, researchers from Stanford University created a classification model for identifying
different species of ancient coins, combining state-of-the-art machine learning with archaeology. They compiled an
extensive dataset of 20,000 high-resolution images of coins from various eras, meticulously categorized by
denomination, material, and design features. This dataset formed the backbone of their project, enabling the team to
train their model using the EfficientNet architecture, chosen for its optimal balance between computational
efficiency and accuracy. EfficientNet, with its scalable design, allowed the researchers to efficiently process and
analyze the intricate details of each coin, such as inscriptions and fine engravings. Their model achieved a
classification accuracy of up to 90%, showcasing how advanced deep learning techniques can provide valuable tools
for traditional fields like archaeology. This breakthrough not only aids historians and numismatists in identifying
and cataloging ancient coins but also serves as a template for similar studies in cultural preservation, facilitating the
digitization and analysis of other historical artifacts.[22]

Furthermore, a team of data scientists in Canada demonstrated the practicality of convolutional neural
networks (CNNs) in modern financial systems. Their project focused on identifying and classifying contemporary
currency notes, addressing challenges like fraud detection and authenticity verification. Using a dataset of 10,000
images of various currency denominations, they employed techniques such as data augmentation, normalization, and
the generation of synthetic data through computer graphics to enhance the dataset’s diversity and robustness. Data
augmentation introduced variations in lighting, angles, and backgrounds, simulating real-world conditions. As a
result, their CNN achieved an impressive 97% accuracy on validation sets, highlighting the potential of deep
learning to improve reliability and efficiency in applications requiring high precision, such as banking and
security.[23]

Similarly, a notable project on the collaborative platform Medium focused on developing a mobile
application aimed at helping collectors identify rare and valuable coins. This project adopted a user-centric
approach, relying on community contributions to build a dynamic dataset. Users uploaded images of their
collections, which were then annotated to create a growing dataset tailored to the recognition of rare editions and
minting errors. The lightweight CNN architecture powering the app was designed to operate efficiently on mobile
devices, balancing computational constraints with robust performance. With a preliminary classification accuracy of
92%, the application not only provides immediate value to collectors but also encourages active user participation,
enriching the dataset over time and ensuring the model remains relevant and effective.

Another innovative approach gaining momentum is the use of generative adversarial networks (GANS) to
augment limited datasets. GANSs, with their ability to generate realistic synthetic data, are proving to be a game-
changer for artifact classification tasks. Researchers have employed GANSs to create high-quality images of artifacts
that mimic real-world conditions, such as varying levels of wear and lighting. This synthetic data complements
existing datasets, allowing models to learn from a broader range of inputs and reducing the risks of overfitting.
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Preliminary studies using GAN-augmented datasets have reported significant improvements in classification
accuracy, as models trained on these datasets demonstrate enhanced generalization to unseen data. This method has
the potential to revolutionize the field, particularly for niche applications where acquiring large volumes of real-
world data is challenging.

In summary, the field of artifact classification through deep learning is experiencing rapid advancements,
but challenges remain. Current research underscores the importance of tailored approaches, with researchers
leveraging standard CNN architectures, efficient preprocessing techniques, and cutting-edge innovations like GANs
to achieve high performance. However, the lack of a universal solution highlights the need for continued
experimentation and refinement. The integration of diverse, high-quality datasets and the exploration of novel
methodologies will play a crucial role in overcoming existing limitations. As these technologies mature, their
application promises to not only automate classification tasks but also deepen our understanding of cultural artifacts,
creating opportunities to preserve and appreciate the richness of human history.

Creating Dataset using Roboflow to train custom model
Creating a custom dataset using Roboflow for an emotions dataset involves a series of methodical steps,
from data collection to model training:

1) define objectives;

2) data collection;

3) organize images;

4) create or log into Roboflow account;

5) set up a new project;

6) click on "New Project," provide a project name, and select the appropriate project type ;
7) upload images;

8) label images;

9) apply data augmentation;

10) export the dataset;

11) download additional annotation files, such as CSVs, for better class training.

Initially, first step is to define the objectives of the project. It is necessary to determine the purpose of the
emotions dataset, specifically whether to classify emotions in images, videos, or text. For the purposes of this
example, it was decided to focus on images representing various emotions, such as happiness, sadness, anger, and
surprise.

Next, step is to gather a collection of images that depict these different emotions. During this project it was
decided to use authors' own images by taking screenshots from webcam to gather various images. It is essential to
ensure that there is a balanced number of images for each emotion class to avoid bias in the model.

Once the step of collecting images is done, it is essential to organize them into folders, each labeled with
the corresponding emotion. For instance, creating folders named “happy,” “sad,” “angry,” “surprised,” and
“neutral.” This systematic organization facilitates the subsequent labeling process.

After organizing the images, we need to create a Roboflow account by visiting their website and signing
up, if we do not already possess an account. Once logged in, click on the “New Project” button, choosing a project
name and setting the type of project to “Image Classification,” as this aligns with our current project on emotions
dataset (Fig. 1).

@ roboflow

Let's create your project.

CELTI tangerine

Creste Pubic Proct

Fig. 1. Settings for creating dataset in Roboflow service

In the project dashboard, find the option to upload images. We can either drag and drop my image folders
or use the upload button to select the folders. Roboflow supports bulk uploads, allowing us to upload all the images
simultaneously (Fig. 2).
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Once the images have been uploaded, proceed to the labeling phase. Roboflow provides tools for labeling
images, enabling users to assign labels to each image based on the emation it represents. This step is critical, as it
defines the categories from which the model will learn (Fig. 3).

Drag and drop images, annotations, and videos. ) Select Files [J Select Folder

ITREREEERR
EERERRERERRERE

| [ | | >
BT T R R e e e e e

Fig. 2. Process of downloading images to Roboflow

Fig. 3. Process of labeling images

After all images are labeled, advance to the dataset augmentation phase. Roboflow offers various
augmentation techniques, such as rotation, flipping, and color adjustments. These techniques enhance the robustness
of model, used in this paper, by increasing the diversity of the training data (Fig. 4).

Once we have applied the desired augmentations, we can export the dataset. Roboflow allows users to
choose the format for exporting, such as TensorFlow, PyTorch, or YOLO. Users can select the format that is
compatible with the framework they intend to use for training custom model model (Fig. 5).

Additionally we can download marking file to help model better determine classes and help it to train more
accurately (Fig. 6).

With the dataset exported, the training process begins. Users can import the dataset into their machine
learning framework, set up the model architecture, and configure the training parameters. During training, the model
learns to classify emotions based on the labeled images that was created using Roboflow and custom method.

Finally, after completing the training, next step is to evaluate the model's performance on a separate
validation set to ensure it generalizes well to unseen data. Depending on the results,users may need to fine-tune the
model or gather additional data to improve its accuracy. This process of creating a custom dataset using Roboflow
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provides a streamlined approach to preparing data for machine learning tasks focused on emotion recognition.
Additionally, it is very easy to add new images to the dataset using Roboflow platform.

@ Preprocessing

) What can preprocessing do?

Decrease tramning time and increase performa

transformations 1o all ima ges | this gatase
Auto-Orient Edit x

Resize

Stretch to 640=640

© Add Preprocessing Step

@ Augmentation

© Add Augmentation Step

Fig. 4. Augmentation settings of Dataset

Export
Format
[ Tensorflow Object Detection ~ ]
Pascal VOC -
TXT

¥OLO Darknet
YOLO v3 Keras
YOLO w4 PyTorch
Scaled-YOLOv4
YOLOvS QOriented Bounding Boxes
meituan/YOLOvE
YOLO v5 PyTorch
YOLO v7 PyTorch
YOLOv8
¥OLOv8 Oriented Bounding Boxes
YOLOvS
CSV
Tensorflow Object Detection

RetinaMet Keras
Multi-Label Classification
Other
OpenaAl Clip Classification
Tensorflow TFRecord -

Fig. 5. Process of choosing model to download custom dataset
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Fig. 6. Additional CSV file for better training

Conclusions

The custom dataset creation process using Roboflow for emotion recognition provides an end-to-end
solution that ensures high-quality data preparation for training machine learning models. It begins with uploading
and organizing raw images, followed by accurate labeling of emotions, which lays the foundation for building robust
models. Data augmentation techniques applied through Roboflow enhance dataset diversity, improving the model’s
ability to generalize to real-world scenarios. Once labeled and augmented, the dataset can be exported in multiple
formats, compatible with different machine learning frameworks, ensuring flexibility in model development.

This structured approach supports efficient and seamless preparation of data for further training and
validation. The system ensures that researchers can focus on optimizing their models rather than dealing with data
inconsistencies or formatting issues. Additionally, by enabling integration with frameworks like TensorFlow,
PyTorch, or YOLO, Roboflow simplifies the transition from data preparation to model training and deployment.

With the prepared dataset, the trained model can reliably classify emotional states, addressing the challenge
of recognizing nuanced human emotions. Such models find applications in areas like sentiment analysis, mental
health monitoring, and human-computer interaction. Overall, Roboflow provides a streamlined solution to manage
the complexities of dataset creation, contributing to the development of more accurate and reliable emotion
recognition models and opening new opportunities for real-world use cases.

It is planned to research and implement dataset, created in this manuscript, using known models to check
the results and compare it to different datasets in later works.
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