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A B S T R A C T

In the rapidly evolving field of machine learning engineering, access to large, high-quality, and well-balanced
labeled datasets is indispensable for accurate product classification. This necessity holds particular significance
in sectors such as the ceramics industry, in which effective production line activities are paramount and deep
learning classification mechanisms are particularly relevant for streamlining processes; but real-world image
samples are scarce and difficult to obtain, hindering dataset building and consequently model training and
deployment. This paper presents a novel approach for dataset building in the context of the ceramic industry,
which involves employing synthetic images for building or complementing datasets for image classification
problems. The proposed methodology was implemented in CeramicFlow, an innovative computer graphics
rendering pipeline designed to create synthetic images by employing computer-aided design models of ceramic
objects and incorporating domain randomization techniques. As a result, a fully synthetic image dataset named
Synthetic CeramicNet was created and validated in real-world ceramic classification problems. The results
demonstrate that synthetic images provide an adequate basis for datasets and can significantly reduce reliance
on real-world data when developing deep learning approaches for image classification problems in the ceramic
industry. Furthermore, the proposed approach can potentially be applied to other industrial fields.
1. Introduction

Computer Vision (CV) is a field focused on enabling machines to
interpret and analyze digital images and video (Voulodimos et al.,
2018; Chai et al., 2021). In recent years image classification has made
remarkable advances, thanks to the progress in graphical processing
units (GPUs) and deep learning (DL) – which has proven to be ex-
tremely effective in image classification tasks (de Melo et al., 2022;
Gaidon et al., 2018) – and the availability of open source libraries like
PyTorch (Paszke et al., 2019). Nevertheless, DL approaches typically
rely on large amounts of data for training, even when applying transfer
learning techniques (Sun et al., 2017; Dawson et al., 2023), and are
often hindered by the unavailability of adequate samples that can be
used to build datasets for specific problem areas.

While CV enables the easy classification of pieces, it also poses
challenges, particularly in the data required for DL techniques. To
ensure the accurate classification of new types of ceramic pieces, it be-
comes essential to capture new images to retrain the machine learning
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(ML) model; unfortunately, acquiring these images is a time-consuming
and challenging task, which can significantly impede the production
workflow. Additionally, the process involves the labor-intensive task of
labeling and organizing the captured images.

The proposed approach for mitigating the challenges posed by
the difficulty of acquiring real-world images for building DL datasets
involves the integration of CAD 3D models; by leveraging the available
3D data files, synthetic images (artificially generated images that sim-
ulate the characteristics and variations present in real-world images)
of products can be generated and used as training data for image
classification models — without the need for physically producing the
products or manually capturing real-world images.

As shown in Fig. 1, CAD 3D models are employed not only for the
production of real-world ceramic pieces (that can be photographed and
labeled for posterior inclusion in DL datasets) but also, and most im-
portantly, for the generation of synthetic images that can be employed
as training samples — complementing or even replacing real-world
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Fig. 1. Abstract representation of a classification process in a ceramic industry relying on synthetic data.
images. Thus, Real-world images are obtained on location, by pho-
tographing real ceramic pieces in a controlled environment; whereas
synthetic images are generated automatically with basis on CAD 3D
models using the computer graphics rendering pipeline developed for
this purpose. This study demonstrates that synthetic images can sig-
nificantly reduce the time and cost associated with collecting and
labeling data for DL problems while improving the accuracy of classifi-
cation models, and ultimately leading to more efficient and productive
production lines in the ceramic industry.

A real-world set of images was made available for the purpose of
research by a ceramic industry representative (Section 3.1), as well as
the 3D CAD models utilized for generating those pieces (Fig. 7). How-
ever, the common scenario quickly became apparent in this industry;
the number of real-world images available was insufficient to support
the training of DL models as the limited quantity of images is very likely
to lead to overfitting; What is more, the process of acquiring further
real-world images is laborious, time-consuming, and even inexecutable
in the early stages of the production process as no real-world ceramic
pieces exist at that point.

Several relevant contributions to the field of CV linked to the use of
synthetic data for solving a real-world problem are presented, namely:

1. the development of a computer graphics rendering pipeline de-
signed for the creation of synthetic data;

2. the creation of a synthetic dataset for the purpose of image
classification in the ceramic industry, which provides a top-down
perspective of ceramic products;

3. the validation of the proposed approach by training state-of-the-
art DL models using the synthetic dataset, and assessing their
performance when classifying real-world industrially manufac-
tured ceramic images obtained in a production environment.

This article is divided into six Sections. Section 2 provides an in-
depth analysis of related research that has explored synthetic data and
the techniques that have been applied in these contexts; Section 3
provides a description of the scenarios created to evaluate the proposed
solution; Section 4 explains the CeramicFlow computer graphics ren-
dering pipeline, as well as the techniques applied and the assembled
architecture to create and classify ceramic pieces; Section 5 describes
the synthetic ceramic dataset as well as the techniques applied to its
creation; and Section 6 discuss the obtained results, comparing the
different techniques used; finally, in Section 7 highlights the benefits
that the use of synthetic data brings to the ceramics industry.
2 
2. Related work

The lack of data in industries has become a significant challenge
that hinders the development and deployment of effective ML models
and systems.

Synthetic and simulated data has become increasingly popular in
recent years due to its potential to overcome the limitations of tradi-
tional data collection methods, such as cost, time, privacy concerns, and
data quality issues (Nikolenko, 2019; Xu et al., 2022, 2023). This type
of data can be used in various ML tasks, such as image classification,
object detection, text generation, and others.

In the context of image classification, synthetic data can be used
as standalone training data or as a data augmentation technique to
improve the performance of the model. One approach is by using game
engines along with scripting and 3D models, which provide a virtual
representation of real-world objects. This technique has been used in
various studies from different domains and has shown promising results
in improving the classification accuracy of models (Öztürk and Erçelebi,
2021; Müller et al., 2018; Abu Alhaija et al., 2018; Solovyev et al.,
2022; Gaidon et al., 2016; Melo et al., 2020; Osinski et al., 2020).
Another approach to synthetic data generation is the use of generative
models such as Generative Adversarial Networks (GANs); however, this
approach requires a large and diverse training dataset to produce high-
quality synthetic images (Aranha et al., 2019; Jain et al., 2022; Rather
and Kumar, 2024).

Recent research has also placed significant emphasis on harnessing
high-quality synthetic images for diverse applications (Mahmood et al.,
2018; Spindler et al., 2020; Barth et al., 2020). In Shrivastava et al.
(2016), an unsupervised model was utilized to elevate the authenticity
of synthetic images produced by a simulator incorporating unlabeled
real data, while ensuring the retention of annotations information from
the simulator. Similarly, in another study (Ren and Lee, 2017), an
unsupervised feature space domain adaptation method based on adver-
sarial learning was employed, enabling the assimilation of insights from
synthetic images and facilitating the adaptation to real images.

Moreover, several methodologies have been introduced to support
the precision and resilience of image classification models when inte-
grating synthetic data. One notable approach involves a two-stage clas-
sification technique, where objects are categorized as ‘‘parents’’, and
viewing angles images generated via domain randomization techniques
are considered as ‘‘children’’, empowering the model to effectively
manage instances of overclassification (Iwasaki and Yoshioka, 2019).
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Furthermore, some researchers have focused on developing specific
layers to improve the accuracy of image classification. One such layer
is the corner detection and nearest point search (CDNTS), as introduced
by Öztürk and Erçelebi (2021), which improves feature extraction from
both synthetic and real images, ultimately enhancing the performance
of DL networks.

Our approach for the generation of synthetic images is adapted for
the ceramic industry, emphasizing the significance of only requiring
the ceramic pieces’ CAD files that are used in the industry for their
production, unlike other methods that still rely on a substantial amount
of real-world data to produce high-quality synthetic images. While it
is adapted to the ceramic, it also offers the versatility to be utilized in
other scenarios. Unlike previous methods that relied on complex setups
and specialized hardware, our approach is entirely self-contained. It can
be used with any device, eliminating the need for dependencies and
making it highly practical for ceramic manufacturers of all scales.

One of the key advantages of the proposed approach is its ability
to generate high-quality synthetic images on demand in a short period
of time. This fast generation process enables manufacturers to have an
immediate and diverse group of images at their disposal for training
and testing ML models, improving the accuracy and effectiveness of the
models in ceramics manufacturers. With a vast number of images cov-
ering a wide range of ceramic variations, ML models can start learning
more quickly and effectively which translates to faster deployment and
implementation of improved models, leading to enhanced productivity
and quality control. Additionally, the flexibility of our approach allows
for the customization and adaptation of synthetic images according
to specific requirements and characteristics. By providing immediate
access to a diverse dataset of synthetic images in real-time, our ap-
proach expands the knowledge base and advances the field of ceramics
manufacturing and ML applications within it.

3. Collecting ceramic images in real-world scenarios

The conventional methods of capturing and labeling ceramic piece
images pose significant challenges and conditions for training ML mod-
els, often resulting in time-consuming delays in production. Typically,
this task is carried out manually, necessitating human intervention to
photograph and label each ceramic piece. Consequently, employees
must invest substantial effort and attention to detail, leading to po-
tential bottlenecks in the production line. These issues are a cause for
concern within various industries.

The monotonous nature of the task can also play a role in slowing
down the production process. As humans repeat the same actions
repeatedly, their efficiency can decrease, leading to longer processing
times and ultimately causing delays.

Furthermore, the possibility of errors during manual image labeling
is a common problem. When mistakes occur, it can result in confusion
and wasted time as the mislabeled pieces need to be identified and
corrected, further contributing to production delays.

This section aims to provide an overview of scenarios and tech-
niques commonly employed in real ceramic industries helping in the
understanding of the CeramicFlow framework and in the need for an
automated approach.

3.1. Industrial scenario

In Fig. 2, a real-world representation of an industrial scenario is
presented that highlights the critical need for an automated process
for ceramic classification. Apart from the previously discussed chal-
lenges, this scenario poses numerous complex tasks related to image
classification within the ceramic industry; even though all types of ce-
ramic pieces are manufactured in the same environment using identical
materials, generating a diverse dataset that comprehensively covers
all possible variations in ceramic appearance presents significant dif-
ficulties. These variations include different textures, colors, and defects
3 
Fig. 2. Industrial scenario layout.

such as cracks or chips. Moreover, the images captured during this
process may exhibit various lighting conditions and shadows, further
complicating the classification task.

Additionally, there is the issue of data imbalance, as not all ceramic
pieces are produced at the same rate or in similar quantities. This
imbalance can impede the system’s ability to effectively categorize new
or distinct types of ceramic pieces, underscoring the importance of a
fair and balanced dataset for accurate classification.

In this scenario, real-world ceramic pieces are used; they are trans-
ported using an industrial treadmill, which serves as the carrying
system for the different distribution points. To capture high-quality
images of the produced ceramic pieces, an industrial camera is posi-
tioned 56 cm above the carrying system. In terms of illumination, it
utilizes the natural ambient light present in the environment and a
spotlight pointed toward the surface of the treadmill, ensuring clear
and well-defined images of the ceramic pieces.

3.2. Simulation scenario

To better understand the problem and conduct preliminary tests,
we recreated the industrial scenario (Fig. 2) by developing a simulation
scenario (Fig. 3). We ensured the authenticity of our setup by acquiring
actual ceramic pieces from the ceramic industry, guaranteeing that the
pieces utilized in our simulation scenario accurately represent those
encountered in the industrial one. For the carrying system, we opted
for black cardboard to simulate the background of an industrial setup.
To capture the images, we employed an RGB camera positioned 56 cm
above the carrying system. In terms of illumination, we aimed to
replicate the lighting conditions of the industrial environment; thus,
we utilized the natural ambient light present in the surroundings and
we incorporated a spotlight with the same color temperature as the one
used in the industrial scenario.
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Fig. 3. Simulation scenario layout.

One of the challenges in capturing images in this synthetic scenario
was the dust generated by the ceramic pieces settled on the 1 m by
1 m cardboard surface, which could potentially affect the quality of
the images. To address this, the cardboard surface was managed and
cleaned regularly to maintain similarity with the larger treadmill used
in the industrial setting. Within the construction of the simulation
model, it is essential to acknowledge the potential disparities that
may arise between the simulated scenario and the authentic industrial
setting. While both the industrial and simulation scenarios undergo
regular maintenance to manage dust accumulation and diligent efforts
have been made to replicate the camera characteristics, positions,
illumination, and other conditions of the industrial setting, differences
may persist.

Despite the nuanced disparities, this scenario remained a valuable
source for preliminary testing of multiple aspects of this research.

4. Creating synthetic images — the CeramicFlow framework

To reduce reliance on real-world images in the ceramic industry,
a virtual scenario named CeramicFlow was created with the objective
of generating synthetic images of ceramic products, greatly reducing
the dependence on extensive real-world image datasets as explained in
Section 3.

CeramicFlow (Fig. 4) can be easily accessed from anywhere, at any
time, and is low in resource demands, making it a practical solution for
the industry engineers. It was built using Three.js,1 a popular library
that utilizes a Web Graphics Library to create 3D graphics-powered
apps straight from web browsers that allow real-time rendering of
complex 3D scenes, making it an ideal solution for the production of
synthetic images.

1 https://threejs.org/.
4 
Fig. 4. CeramicFlow scene layout.

CeramicFlow is designed to compile a varied selection of images
modeling various conditions common in industrial environments. This
is accomplished by dynamically changing the characteristics of various
elements using domain randomization techniques. It is crucial to point
out that using these domain randomization approaches does not com-
promise data quality. Instead, it increases the dataset’s diversity and
composition through the inclusion of controlled variations within the
ceramic environment’s established standards. CeramicFlow’s necessary
components for its functionality include firstly, the CAD models of
ceramic pieces as the visual representation of the objects to be recog-
nized and used for generating synthetic images. The carrying system
is represented with a geometric plane designed to simulate a real
industrial treadmill and, as usual, serves as the platform upon which
the ceramic pieces are positioned.

Furthermore, a perspective camera is used and set up at a height
that replicates real-world industrial conditions enabling the capture
of images within the simulated scenario with a top-down perspective.
CeramicFlow also incorporates virtual ambient lighting in the environ-
ment, along with a virtual spotlight that illuminates the surface of the
treadmill.

The following subsections will elucidate CeramicFlow’s approach in
applying domain randomization techniques, as well as the proposed ce-
ramic pipeline for a more automated process. The pipeline is structured
into two main processes and further divided into multiple sections, each
dedicated to serving a specific purpose.

4.1. Domain randomization

When generating synthetic data, the concept of the reality gap
arises (Tobin et al., 2017a; Valtchev and Wu, 2021). This refers to the
challenge of creating synthetic data that perfectly mimics real-world

https://threejs.org/
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Fig. 5. Domain randomization example of synthetic data in a fixed placement industry
environment with CeramicFlow.

data. Achieving photorealism in synthetic data requires significant
computational resources and time (Movshovitz-Attias et al., 2016).
To narrow this reality gap and achieve desired results, CeramicFlow
must generate a wide range of quality synthetic images according to
industrial needs and user preferences, while introducing diversity to
optimize the performance of DL models. To address this requirement,
we have incorporated the concept of Domain Randomization (Tremblay
et al., 2018; Tobin et al., 2017b). This technique helps create varied
synthetic datasets that improve the robustness and generalization of the
models.

In order to generate synthetic data for ceramic applications, it
is essential to consider various factors, such as variations in color,
texture, defects that exist among ceramic pieces, and others. As previ-
ously discussed, even when utilizing the same material to manufacture
identical ceramics, individual pieces may have distinct characteristics.
Furthermore, during the fabrication process of ceramics, the presence
of dust is common, and it can settle on both the surfaces of the pieces
and the carrying systems, ultimately affecting their appearance.

To start using CeramicFlow, the user is required to import the 3D
file (.obj file extension) of the ceramic piece into the framework. This
file contains the 3D model of the ceramic object, which serves as
the foundation for generating synthetic images. Once the model is
imported, the user has the option to apply textures to both the ceramic
piece itself and to the treadmill on which it will be placed. The variation
of treadmill textures serves a dual purpose: it not only allows for the
realistic simulation of dust residues left on the ceramic but also helps
prevent potential issues associated with a static background, which can
lead to a mistrained model (Elhabian et al., 2010).

Moreover, users have the flexibility to choose from a diverse range
of material types for the ceramic piece, including options for roughness,
reflectivity, metalness, and more. They can fine-tune the illumination
intensity and specify the position of the lighting source to achieve
the desired visual effects. For added versatility, the dynamic lighting
feature can be enabled, allowing the light source to dynamically change
its position during the image generation process. This creates a variety
of lighting conditions that simulate different times of the day, resulting
in varying shadow effects as well (Fig. 5). Additionally, users must also
choose how the division of the dataset is done, between training and
validation data, according to their specific requirements.

In typical industry scenarios, there are two possibilities to consider
with the placement of ceramics in the carrying system. Fixed place-
ment where ceramic pieces are always positioned in the exact same
place on the treadmill; or random placement where ceramic pieces
are spread randomly along the treadmill. CeramicFlow has this into
account, making it possible to create synthetic images for both types. In
the first scenario, the position of the ceramic pieces is static and only its
rotation can change. The second scenario involves placing the ceramic
piece objects on top of the treadmill randomly and rotating it to create
different perspectives.
5 
The incorporation of randomization techniques, such as motion,
rotation, surface attributes, materials, lighting changes, and ceramic
defects, provides a viable route for generating a broad range of images.
Ensuring the quality of synthetic images is vital in this challenge, as
these images will be used as real-world virtual representations to train
classification models used in the categorization of real-world produc-
tion. Therefore, these images must be generated in controlled settings
to ensure error-free data, which is achieved by maintaining precise
information about all virtual components and scene details, such as
bounding boxes. This procedure involves the setup of the camera,
including optimal positioning and distance from the ceramic piece, and
adjustment of the camera field of view to capture realistic perspec-
tives that mimic industrial scenarios. Additionally, the ceramic element
is randomly but accurately placed along positions of the geometric
plane (representing the carrying system) within the defined capturing
boundaries, ensuring complete object capture. Randomly incorporated
elements, such as the ceramic piece and treadmill textures, are selected
from a predefined set that approximates realistic appearances. Surface
properties, including metalness, roughness, and reflectivity, are care-
fully adjusted to achieve accurate texture representation and lighting
variations are meticulously controlled, resulting in shadows that closely
approximate those in a real environment. Although generated in con-
trolled settings, once the images are produced, they undergo a thorough
visual inspection to ensure they meet the necessary quality standards
and conditions.

By fine-tuning these characteristics these virtual environments can
accurately represent real-world circumstances in accordance with the
restrictions and expectations of ceramic manufacture. Because of this
adaptability, they may accommodate the individual needs of different
industries, resulting in the generation of high-quality datasets designed
for real-world CV applications.

The pseudo-code for CeramicFlow can be found in Algorithm 1,
providing a more comprehensive understanding of its behavior.

Algorithm 1 CeramicFlow process.
1: function generateSamples(𝑛𝑢𝑚𝑏𝑒𝑟𝑂 𝑓 𝑆 𝑎𝑚𝑝𝑙 𝑒𝑠)
2: 𝑖𝑚𝑎𝑔 𝑒𝐴𝑟𝑟𝑎𝑦 ← []
3: for 𝑖 ← 1 to 𝑛𝑢𝑚𝑏𝑒𝑟𝑂 𝑓 𝑆 𝑎𝑚𝑝𝑙 𝑒𝑠 do
4: RandomTexture(𝑐 𝑒𝑟𝑎𝑚𝑖𝑐 𝑃 𝑖𝑒𝑐 𝑒)
5: RandomTexture(𝑡ℎ𝑟𝑒𝑎𝑑 𝑚𝑖𝑙 𝑙)
6: if 𝑇 𝑦𝑝𝑒 = 𝑅𝑎𝑛𝑑 𝑜𝑚𝑝𝑙 𝑎𝑐 𝑒𝑚𝑒𝑛𝑡 then
7: RandomMove(𝑐 𝑒𝑟𝑎𝑚𝑖𝑐 𝑃 𝑖𝑒𝑐 𝑒)
8: end if
9: RandomRotation(𝑐 𝑒𝑟𝑎𝑚𝑖𝑐 𝑃 𝑖𝑒𝑐 𝑒)

10: RandomMove(𝑎𝑚𝑏𝑖𝑒𝑛𝑡𝐿𝑖𝑔 ℎ𝑡)
11: 𝑖𝑚𝑎𝑔 𝑒𝐴𝑟𝑟𝑎𝑦[𝑖] ← CaptureImage()
12: end for
13: DownloadDataset(𝑖𝑚𝑎𝑔 𝑒𝐴𝑟𝑟𝑎𝑦)
14: end function

The combination of movement, rotation, textures, materials, light
variations, and defects on the ceramics allows the creation of multiple,
unique, and diverse virtual scenarios that closely emulate real-world
conditions in the industry. The use of these techniques can result not
only in more realistic images but also in the creation of a synthetic
dataset for defect classification and tracking. To create more realistic
synthetic images of the produced ceramic objects, effects like dust, and
defects such as cracks and chips can be added to the model and to the
virtual treadmill without affecting their physical properties. To do this
firstly a UV mapping technique is used to map the 3D geometry of an
object to a 2D texture representation, and then a normal mapping (a
technique used to add surface detail to a 3D object without increasing
the complexity of its underlying geometry) is applied on top of this one.
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4.2. Creation of the ceramic classification model

The process shown in Fig. 6(a) depicts the required steps when
introducing CeramicFlow for the first time in the industry or when
introducing a new type of ceramic piece to the production line. The
main steps are the following:

1. Materials and Data Acquisition: The Materials and Data Acqui-
sition step involves utilizing CAD 3D models, used by the CAM
to produce ceramic pieces. These 3D models serve as the input
for CeramicFlow to generate multiple scenarios through domain
randomization techniques. This technique enables the creation
of new synthetic images, which are subsequently utilized for
model training purposes.

2. Model Training: In this step, various NN architectures use the
newly generated images from the previous step to develop a
model capable of accurately classifying the different ceramic
pieces in production. During this process, careful consideration
is given to multiple hyperparameters, including the selection of
the optimizer, determination of the optimal number of epochs,
appropriate learning rate, and other factors.

3. Model Creation: After completing the preceding stages, the
model exhibiting the highest performance is selected to under-
take the classification task. The chosen model serves as the
starting point for the production of the new ceramics.

4.3. Classification of ceramic pieces

After successfully completing the process detailed in Fig. 6(a), the
lassification model will be generated, enabling the classification of
eal-world ceramic pieces through the implementation of CV strategies
s illustrated in Fig. 6(b).

By implementing this approach the ceramics industry can incor-
porate the production of new pieces alongside their existing product
ines.

Consequently, the manufacturing of current products can proceed
ithout interruption, while newly designed pieces can be quickly pro-
uced once a new model is applied, ensuring efficient and uninter-

rupted workflow. The main steps involved in this are:

1. Materials and Data Acquisition: Through the utilization of
CAD 3D models and CAM, the industry can produce the required
ceramic pieces. After being produced the ceramic pieces will
be transported via the industrial treadmill, while simultaneous
capture of images occurs as the products traverse along.

2. Evaluation: Using the DL model created in the first step
(Fig. 6(a)) the images taken in the previous step will be clas-
sified;

3. Distribution: After successfully classifying the ceramics, they
can be efficiently distributed to their respective destinations.
This means sending them to ovens for baking, allocating them
to designated storage areas, and delivering them to customers or
other appropriate distribution channels based on their intended
locations.

5. The Synthetic CeramicNet dataset

The demand for training ML algorithms with multiple images has
ed to the development of the Synthetic CeramicNet dataset. This com-
rehensive dataset comprises authentic images captured from various
ettings within the ceramic industry. It encompasses 12,000 2D images,
ach generated using CeramicFlow, featuring a resolution of 950 × 950
ixels and maintaining an aspect ratio of 1:1.

The Synthetic CeramicNet dataset offers a wide range of synthetic
images that serve as valuable resources for testing and training diverse
6 
ML models. These images exhibit diverse perspectives of ceramic prod-
ucts, encompassing distinct textures, lighting conditions, and shadow
effects. It classifies into four distinct types of ceramic pieces: PES161,
PEP241, LSS151, and PEP282), as depicted in Fig. 7.

It employs a top-down perspective, commonly referred to as Bird’s
Eye View. This perspective provides a comprehensive overview of
the objects’ contours, shapes, and sizes, effectively facilitating easy
differentiation among them. The dataset construction methodology
involved the random placement of the ceramic pieces, adhering to the
industry-standard practice in our industrial scenario.

Although derived from legal constraints there are no immediate
plans to release the Synthetic CeramicNet dataset, we actively explore
venues to make it available to the research community in the future.

In the meantime, there is the possibility of accessing the dataset upon
request.

In the following sections, we will delve into the techniques em-
ployed for enhancing the quality and consistency of both synthetic
and real-world datasets in Section 6. Additionally, we will discuss the
evaluation metrics utilized to assess the performance of the synthetic
images.

5.1. Preprocessing

In this section, we will delve into the preprocessing techniques
resented in Fig. 8.

These techniques are used with the aim of maximizing the efficiency
of data, ultimately culminating in the acquisition of optimal results

ithin Section 6.

5.1.1. Region of Interest (ROI) selection
In the scenarios mentioned above, captured images often include a

lot of empty space on the treadmill, making it difficult for the model
to accurately classify the ceramic pieces. This step is therefore crucial
in the process, as its integration in the preprocessing pipeline auto-
matically eliminates any distracting information that could potentially
mislead the ML model thus negatively affecting its accuracy. When the
ROI is selected, the model can focus on the relevant features, resulting
in improved recognition rates (Fig. 9) (Chu et al., 2012). To address this
issue, an adaptive threshold algorithm is employed to automatically
elect the images and concentrate solely on the ceramic piece. This type

of algorithm makes this process fast, efficient, and accurate, ensuring
hat the focus remains on the ceramic piece of interest, thus eliminating
he need for manual selecting or even an AI-based image cropping
lgorithm, saving valuable time and resources.

In pursuit of accurate image cropping, multiple techniques involving
he application of a mask to the image to facilitate ROI identification

were employed (Fig. 10). The techniques included defining a global
hresholding value, using an adaptive mean thresholding approach, and

applying adaptive Gaussian thresholding (Mandyartha et al., 2020; Liao
et al., 2020). The global thresholding method uses a single threshold
value for the entire image to differentiate foreground objects from the
ackground. However, this method may not be effective when there are
ariations in lighting conditions and background intensity across the
mage, leading to inaccurate image ROIs. The adaptive mean thresh-
lding technique attempts to overcome this limitation by computing
he threshold value for each pixel based on the mean intensity of its
eighboring pixels. While this approach is an improvement over the
lobal thresholding method, it still may not be effective in images with
on uniform lighting conditions or complex backgrounds. In contrast,
he adaptive Gaussian thresholding approach computes the threshold
alue locally for each pixel, taking into account the local intensity
ariation within the image, making this method more robust and
eneralizable to be applied to other production lines or environments.

For testing these different techniques, we opted to use the Inter-
section over Union (IoU) metric. The IoU metric measures how well
the predicted ROI overlaps with the ground truth ROI by calculating
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Fig. 6. Process architecture: Synthetic image generation, modeling, and real-time classification architecture for ceramic production workflow.
the ratio of their overlapping area to their combined area showing
how accurate the predicted regions match the ground truth ROI. The
IoU score ranges from 0 to 1, where 1 indicates a perfect match. In
preliminary tests, we used a set of images with the best possible manual
cropping for comparison with the predicted ROI. The best performance
was achieved using the adaptive Gaussian thresholding approach with
an IoU of 0.91, followed by adaptive mean thresholding with an IoU of
0.86, and global thresholding with an IoU of 0.62.

Regarding the quality of the images, all images undergo visual
inspection after this pre-processing phase to ensure they meet the
necessary conditions for inclusion in the dataset. This includes verifying
7 
that the element to be classified is clearly visible and has not been
affected by the ROI processing.

5.1.2. Data augmentation
While domain randomization can help increase the diversity of the

training dataset, other types of data augmentation techniques may have
a different impact on the model’s robustness. Data augmentation (Perez
and Wang, 2017; Shorten and Khoshgoftaar, 2019) is a powerful tech-
nique used in ML to increase the diversity and quantity of data available
for training a model. The applied data augmentation techniques to
understand the impact on the model’s performance were the following:
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Fig. 7. Ceramic piece types example images from left to right and top to bottom:
PES161, PEP241, LSS151, and PEP282.

Fig. 8. Preprocessing techniques applied to the data.

Fig. 9. ROI selection of synthetic image rendered in CeramicFlow.
8 
Fig. 10. Comparison of ROI selection techniques.

• Horizontal and vertical flips — Flipping the image can help the
model learn to recognize ceramics that are oriented in different
directions;

• Random cropping — Randomly selecting a portion of the image
and resizing it to the original size can help recognize objects that
are partially visible or occluded (which may occur in ceramic
where the ceramic is randomly placed);

• Color jitter — Randomly adjusting the brightness, contrast, satu-
ration, and hue of the image can help the model learn to recognize
objects in different lighting conditions;

• Rotation — Rotating the image by a certain degree can help the
model learn to recognize objects that are rotated.

5.1.3. Normalization
When using synthetic images, image normalization becomes critical.

Synthetic images mimic real-world data, but may not fully represent the
natural variations found in real images. Therefore, to ensure that the
synthetic images can be used to classify real images accurately, they can
be normalized to match the statistical properties of the real data (Ioffe
and Szegedy, 2015).

To normalize the dataset we used the z-score normalization function
(Eq. (1)) (Anggoro and Supriyanti, 2019).

𝑧 =
𝑥 − 𝜇
𝜎

(1)

This form of normalization includes subtracting the mean value of
the dataset from each pixel value in the picture and then dividing the
result by the estimated standard deviation of the dataset, producing a
normalized picture with pixel values within a specific range Fig. 11.

5.2. Evaluating

A variety of measures were used to assess how well different DL
architectures performed across various test cases using synthetic im-
ages from Synthetic CeramicNet. These metrics are frequently used to
evaluate the performance of multiclass classification models, offering
a comprehensive understanding of the model’s performance by taking
both accurate and incorrect predictions into account.

1. Accuracy (Acc.) — the percentage of correctly classified samples
out of the total number of samples in the dataset (Eq. (2));

𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦 = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹 𝑃 + 𝐹 𝑁 (2)

2. Precision (Prec.) — the percentage of true positives (correctly
classified positive samples) out of all positive predictions
(Eq. (3));

𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃 (3)

𝑇 𝑃 + 𝐹 𝑃
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Fig. 11. Comparison of randomly generated 2D data before and after normalization.

3. Recall (Rec.) — the percentage of true positives out of all actual
positive samples (Eq. (4));

𝑅𝑒𝑐 𝑎𝑙 𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (4)

where, 𝑇 𝑃 means ‘‘True Positive’’, 𝑇 𝑁 ‘‘True Negative’’, 𝐹 𝑃
‘‘False Positive’’, 𝐹 𝑁 ‘‘False Negative’’ respectively.

4. F1-score (F1) — a weighted average of precision and recall,
which provides a more balanced evaluation of a classifier’s
performance (Eq. (5)).

𝐹
𝑠𝑐 𝑜𝑟𝑒 = 2 ⋅ 𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐 𝑎𝑙 𝑙

𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐 𝑎𝑙 𝑙 (5)

6. Experimental results

In order to assess the effectiveness of our solution, we employed
a DL-based approach for testing the neural network’s response to
synthetic images, classifying ceramic pieces across different domain
conditions (de Melo et al., 2022; Tobin et al., 2017b). When using syn-
thetic data to train classification models, there is a risk that the models
may learn patterns and features specific to the synthetic domain. This
can lead to poor generalization to real-world scenarios and different
domains, as the model may not effectively translate synthetic patterns
to real-world variations. Ensuring good generalization requires careful
attention to the realism and representativeness of the training dataset.
This could involve enhancing the quality and diversity of the synthetic
data or incorporating a mix of synthetic and real data. This way, the
study employed two different approaches to assess the performance of
synthetic data:
9 
• Synthetic Modelization: involves using only synthetic images
generated by CeramicFlow as the training data, and only real-
world images from the industrial scenario for testing
(Section 6.1).

• Hybrid Modelization: adopted a hybrid model, incorporating
real-world images (from the industrial scenario) and synthetic im-
ages for training (20% and 80% respectively) and only real-world
images from the industrial scenario for testing (Section 6.2).

For the synthetic images, a distribution of the Synthetic CeramicNet
datasets was created using only three classes (LSS151, PES161, and
PEP282) due to the unavailability of a sufficient number of real-world
images for the PEP241 ceramic class. Both modeling experiments con-
sist of an overall training set of 1800 images, divided into 600 images
for each class, however, each experiment uses different image domains
(synthetic/real) to analyze the impact of using synthetic images in clas-
sification models. The use of 600 images per class is grounded in several
factors. Insights from similar studies where similar amounts of data
are employed; transfer learning from a large-scale dataset (ImageNet)
means the model’s weights are pre-optimized for general visual features
and as the model only requires slight adjustments for the new task; the
classification task involves only three classes, making it not requiring a
large amount of training data; data augmentation generates new data
from the existing training set, augmenting the diversity and robustness
of the training even more (Chatterjee et al., 2022; Manettas et al., 2021;
Bird et al., 2022).

For the classification tasks, several neural network designs were em-
ployed, including: AlexNet (Alom et al., 2018), EfficientNetV2-S (Tan
and Le, 2021), ResNet (He et al., 2016), VGG16 (Simonyan and Zis-
serman, 2015) and ViT-S16 (Dosovitskiy et al., 2020). These models
were chosen based on a set of criteria involving synthetic data in
classification tasks:

• Architectural Variety — To represent a range of architectures
from classical convolutional neural networks (CNNs) to mod-
ern transformer-based models. This includes simpler architectures
like AlexNet and VGG16, more advanced and deeper CNNs like
ResNet18 and EfficientNetV2-S, and a transformer-based model
ViT-S16.

• Performance History — These models have shown strong per-
formance in various benchmarks, making them suitable candi-
dates for evaluating the efficacy of synthetic data in classification
tasks (Öztürk and Erçelebi, 2021; Manettas et al., 2021; Zhu et al.,
2023; Naeem et al., 2024).

• Complexity and Depth — The chosen models vary in terms of
depth and complexity, which is critical for understanding how
model complexity affects performance on synthetic data.

All of the employed NN architectures were pre-trained on the Im-
ageNet dataset (Deng et al., 2009) and transfer learning techniques
were used to fine-tune pre-trained models on our specific dataset.
Transfer learning is an ML technique that leverages the knowledge
acquired from a pre-trained model designed for a specific task to tackle
a related task, resulting in faster training times and improved perfor-
mance (Anvar and Mohammadi, 2023). The process involved using
these pre-trained models with their pre-trained weights, modifying the
final fully connected layer, and retraining it to output classifications for
our three classes.

In practice, this meant that while the majority of the model’s
parameters remained unchanged, the final layers were adapted to the
new task. This adaptation involved a combination of freezing earlier
layers, which retain the learned features from the ImageNet dataset and
fine-tuning the final layers to ensure the model accurately classified our
dataset classes. This approach enabled the model to retain valuable pre-
learned features while becoming specialized in the new classification
task (features that are relevant to the task in the real-world can also be
relevant to synthetic data Tremblay et al., 2018).
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Table 1
Grid search hyperparameters.

Hyperparameters Values

Pretraining dataset ImageNet
Input size 224 × 224
Activation function SoftMax
Loss function Cross-entropy Loss
Optimizer Adam
Batch size 32, 64, 128
Learning rate 0.001, 0.0001
Training datasets augmentations Horizontal and vertical flips, Random cropping,

Color jitter, Rotation
Normalization z-score normalization function
ROI Applied

Fig. 12. Synthetic modelization experiment data distribution.

To enhance models results, we have followed a grid search tech-
nique (Liashchynskyi and Liashchynskyi, 2019) allowing us to explore
multiple hyperparameters (Table 1) based on several studies (Öztürk
and Erçelebi, 2021; Manettas et al., 2021; Kandel and Castelli, 2020).
The SoftMax activation function was employed, and Cross-entropy Loss
was used as the loss function. For optimization, the Adaptive Moment
Estimation (Adam) optimizer (Kingma and Lei Ba, 2015) was employed.
Although tests were also conducted with Stochastic Gradient Descent,
Adam yielded better results. The values for this search ranged between
predefined limits based on previous studies, specifically Batch size (BS)
values of 32, 64, and 128, as well as Learning Rate (LR) values of
0.001 and 0.0001, aiming to determine optimal configurations for the
model and enhance the overall quality of the data. Data augmentation
was applied to the training sets, resulting in an average improve-
ment of 1.7% in accuracy. Additionally, normalization was performed,
yielding an average accuracy improvement of 0.7% based on earlier
tests. Furthermore, all the images used in the experiments underwent
the ROI selection method to ensure focus on the relevant features
(Section 5.1.1).

The machine used in the test cases is composed of an AMD EPYC
7313P 16-core processor, an NVIDIA graphics card A100 80 GB, and
256 GB of RAM.

6.1. Synthetic modelization - Training using solely on synthetic data

In this test case, the objective is to investigate the effectiveness
of using synthetic images as training data in scenarios in which no
real-world data is available for the model’s training (Fig. 12).

The training dataset comprises 600 synthetic images for each eval-
uated class. To assess the model’s performance, the test dataset was
formed by incorporating images from both industrial and simulation
scenarios, resulting in 30 images per class, totaling 90 images. The
rendering capabilities of CeramicFlow were finely tuned to generate
images that closely resemble the testing dataset.

Table 2 presents the mean and standard deviation of results for all
the employed metrics obtained by each of the utilized neural networks.
As can be seen, the results reveal the effectiveness of synthetic images
serving as strong evidence that precisely tuned NNs and synthetic
data can effectively substitute the need to acquire real-world images
in situations where time constraints or difficulties in obtaining such
images arise for classification tasks.
10 
Fig. 13. Hybrid modelization experiment data distribution.

The results indicate that AlexNet, ResNet18, and VGG16 achieved
remarkable results; and that ResNet18 stands out by performing ex-
cellently by correctly classifying all the test images. Additionally,
EfficientNetV2-S demonstrated good performance in the classification
task; ViT-S16 showed relatively lower accuracy and slightly worse
overall results in comparison to the other models.

6.2. Hybrid modelization - Model training using synthetic and real-world
data

Real-world images capture intricate details that are often uniform
in synthetic images and can offer significant benefits when combined
with synthetic data sources (Eversberg and Lambrecht, 2024; Kim
et al., 2024). In synthetic datasets, for example, textures are consistent
across certain parts of an object, varying only in lighting, shadows,
and other environmental factors. While these synthetic images provide
a valuable and scalable means of generating data, they can lack the
natural variability and nuanced detail found in real-world datasets.
In real-world ceramics, even pieces of the same class have different
surface characteristics. Although made from the same materials, factors
such as color composition, minor defects, and imperfections, as well as
variations due to the manufacturing process, contribute to their unique
appearance (Valtchev and Wu, 2021; Hinterstoisser et al., 2017).

With this test case, the objective is to investigate the effectiveness of
using synthetic images as a data augmentation technique in scenarios
where there is a limited number of real-world images, thus being
insufficient for algorithm training (Fig. 13).

The determination of the ideal ratio between synthetic and real data
in hybrid model training depends on several factors, including dataset
size, data quality, and problem complexity. To address the challenge
of limited data availability, we selected an 80–20 ratio of synthetic to
real-world images aligning with the specific challenge of scarce real-
world images in manufacturing, and based on multiple studies (Kim
et al., 2024; Anderson et al., 2022; Khosravi et al., 2024) and tailored
to the quantity of images we had available for testing.

Our goal was not to identify a universally ideal ratio, as the avail-
ability of ceramic images can vary significantly across different pieces.
Instead, we aimed to leverage a larger proportion of synthetic data as
the primary knowledge source while incorporating the limited amount
of real-world data derived from this scarcity to enhance model robust-
ness. This strategy ensures that the model benefits from the diversity
of synthetic images while treating real-world data as another domain
variation. As a result, the classification model’s overall performance
and generalization capabilities improve (Tobin et al., 2017b; Valtchev
and Wu, 2021).

The training dataset counts with a combination of these synthetic
and real-world images consisting of 600 images per class, including 480
synthetic images and 120 real-world images (distribution of 80% syn-
thetic images and 20% real-world images). To ensure a fair comparison
with the first test case (Section 6.1), the test dataset is the same as in
the first test (composed of the same 90 images).

Table 3 presents the mean and standard deviation of results for all
the employed metrics obtained by each of the utilized neural networks
in Section 6.1. The results obtained indicate that the tested NN architec-
tures performed exceptionally well on the classification task, where the
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Table 2
Synthetic modelization test results.
NN Acc. (%) Test loss Prec. (%) Rec. (%) F1 (%)

AlexNet 97.78 ± 4.06 0.39 ± 0.84 98.27 ± 3.05 97.16 ± 4.25 97.73 ± 4.17
EfficientNetV2-S 83.33 ± 3.14 0.41 ± 0.11 88.98 ± 1.45 88.66 ± 1.25 83.58 ± 3.14
ResNet18 100.00 ± 0.00 0.07 ± 0.05 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
VGG16 96.85 ± 1.97 0.13 ± 0.08 97.13 ± 1.74 98.00 ± 1.29 96.83 ± 1.97
ViT-S16 65.93 ± 7.22 1.52 ± 0.56 76.35 ± 12.45 76.72 ± 10.12 58.63 ± 8.18
Table 3
Hybrid modelization test results.
NN Acc. (%) Test loss Prec. (%) Rec. (%) F1 (%)

AlexNet 100.00 ± 0.00 0.01 ± 0.01 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
EfficientNetV2-S 100.00 ± 0.00 0.07 ± 0.08 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
ResNet18 100.00 ± 0.00 0.01 ± 0.02 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
VGG16 100.00 ± 0.00 0.01 ± 0.01 100.00 ± 0.00 100.00 ± 0.00 100.00 ± 0.00
ViT-S16 84.68 ± 8.24 0.36 ± 0.19 87.24 ± 6.89 86.39 ± 8.26 86.51 ± 10.09
a
i

n
(

h
h
i
m
r
m
n
i
h
o
V
S

combination of synthetic and real-world training data appears to have
contributed to their high accuracy and effectiveness, achieving a perfect
accuracy of 100% as can be seen in Table 3. Furthermore, we can see
 major improvement from the tests made in the first case, and even

though some models already had achieved an accurate classification for
all test images (100%); by comparing the loss values, we can infer that
the addition of real-world images helped to reduce the overall error
between the predicted and actual values. It is important to note that
the results from the test using only synthetic data were not necessarily
poor; in fact, the models achieved high accuracy rates. However, the
incorporation of real-world images acted as a complement, enhancing
the performance of the models in situations where data are scarce and
where traditional training algorithms, which rely on large quantities of
data, would not yield satisfactory results.

This demonstrates that real-world data combined with synthetic
data as a data augmentation technique can be an effective strategy
for training DL models, leading to better generalization and enhanced
accuracy in real-world tasks.

6.3. Discussion

Overall, the findings acquired from the two test cases provide
compelling evidence supporting the use of synthetic images as training
data and their complementary role alongside real-world data. As can be
een in Table 2, taking the example of EfficientNetV2-S, by employing
 dataset built solely with basis on synthetic images a high accuracy
f 83% is achieved; also, and more significantly, when employing a
ybrid dataset, which mixes real and synthetic images (in a proportion
f 20/80), a 100% rate was attained. This result highlights not only
he potential of using synthetic images as a viable alternative in the
bsence of real images (which is a common scenario in the industry),
ut also their adequacy to augment real-world datasets that contain

limited real-world data.
Although synthetic data alone has demonstrated exceptional perfor-

ance in the classification task (Section 6.1), with certain NN already
achieving 100% accuracy, there is still room for improvement: by inte-
rating synthetic data with real-world images as a data augmentation
echnique (Section 6.2), we can enhance the results even further. This

combination becomes a highly valuable resource in augmenting the
models’ capabilities to generalize, adapt, and exceed our expectations,
as evidenced in Table 3.

In other experiments, we also tested the DL models using the same
NN and hyperparameters used both in Sections 6.1 and 6.2 but only
with the few real-world images employed in the hybrid approach as
the training set. We found that the problem could be solved using only
the original real-world images, achieving better results than training
with synthetic data alone (synthetic modelization), but worse than
the results achieved by using the hybrid modelization. However, as
mentioned, this method would still require significant time for image
 a
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Table 4
Test cases overall comparison.

NN Synthetic modelization Hybrid modelization

Acc. (%) Test loss Acc. (%) Loss

AlexNet 97.78 ± 4.06 0.39 ± 0.84 100.00 ± 0.00 0.01 ± 0.01
EfficientNetV2-S 83.33 ± 3.14 0.41 ± 0.11 100.00 ± 0.00 0.07 ± 0.08
ResNet18 100.00 ± 0.00 0.07 ± 0.05 100.00 ± 0.00 0.01 ± 0.02
VGG16 96.85 ± 1.97 0.13 ± 0.08 100.00 ± 0.00 0.01 ± 0.01
ViT-S16 65.93 ± 7.22 1.52 ± 0.56 84.68 ± 8.24 0.36 ± 0.19

acquisition and labeling, additionally, the smaller quantity of images
nd the potential for imbalanced datasets – due to the varying availabil-
ty of ceramic images across different pieces – make the model highly

susceptible to overfitting, potentially compromising its generalization
capabilities.

Given the rapid pace of manufacturing in the ceramics industry
and the increasing demand, it is critical that all operations keep pace,
especially when manufacturers introduce new designs, such as bespoke
pieces, where the production line must adapt quickly. Our results
indicate that while a relatively low quantity of real-world images does
provide good outcomes, the synthetic data approach offers significant
advantages in terms of scalability and immediate applicability in an
industrial setting. This way a synthetic approach could be particularly
useful in the initial phase of introducing new ceramic models and
as more images were acquired, a hybrid approach can be adopted,
given that it yields better outcomes than using real images alone.
These outcomes demonstrate that synthetic data can be highly effective
in achieving good results while also facilitating the automation and
streamlining of the production process.

The observed disparities in the performance of different neural
etwork architectures under both synthetic and hybrid modelization
Table 4) can be attributed to several key factors, including architec-

tural differences, capacity to generalize from synthetic to real data, and
the use of real-world data in training.

Firstly, architectural differences play a significant role. ResNet18 ex-
ibited the highest performance across all metrics in both synthetic and
ybrid approaches. Its residual connections facilitate effective learn-
ng and generalization by mitigating issues like vanishing gradients,
aking the model robust in transferring knowledge from synthetic to

eal images. AlexNet and VGG16, despite their simpler architectures,
anaged to capture relevant features effectively due to their significant
umber of layers, which are well-suited for extracting spatial features
n image data. These models showed perfect accuracy scores in the
ybrid modelization, demonstrating their robustness in handling a mix
f synthetic and real data. In contrast, models like EfficientNetV2-S and
iT-S16 displayed varying levels of performance. While EfficientNetV2-
 performed excellently in the hybrid modelization, it exhibited lower
ccuracy and higher test loss in the synthetic approach, indicating
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a need for more real-world data or precise tuning. ViT-S16 showed
he lowest performance in both approaches, with significant drops in
ccuracy and other metrics, suggesting that its complex architecture
ay require extensive fine-tuning or larger amounts of real-world data

to perform optimally.
Apart from that, in terms of hyperparameters, we concluded that a

R of 0.0001 stood out in terms of performance. However, there were
very few differences between the configurations of BS 32, 64, and 128,
with no configuration significantly outperforming the others.

With CeramicFlow, synthetic data becomes an easy-to-get, powerful
option that can effectively simulate and capture the characteristics of
real-world data, enabling the creation of diverse and representative
training datasets for use in a wide range of areas.

The findings align with a growing body of research emphasizing the
otential of synthetic data in ML applications. Similar studies in fields
uch as healthcare, in which patient data privacy is a concern, have

successfully employed synthetic medical images for training diagnostic
models (Chen et al., 2021; McDuff et al., 2023). In robotics, using
ynthetic data has also been instrumental in training robots for various
asks, demonstrating the versatility and effectiveness of synthetic data

in real-world applications (Lips et al., 2022; Lambrecht and Kästner,
2019).

While other industries have explored synthetic data for different ap-
plications (He and Zhou, 2024; Venkataramanan et al., 2023; Ekbatani
t al., 2017), in the context of ceramics and product classification our

work stands as a new approach leveraging synthetic data to address the
challenges of data scarcity.

In summary, the research highlights the potential of using synthetic
data in classification problems, both on its own and in conjunction with
real-world data, serving as an effective data augmentation technique.
This approach can significantly benefit industries such as ceramics
by accelerating production processes, reducing costs, and improving
classification accuracy, making it a notable contribution to the broader
field of ML and its practical applications.

7. Conclusion and future work

The lack of data in industries poses a significant challenge; one
hat hinders dataset building and, consequently, the development and
eployment of effective ML models and systems. Demand for high-
uality images that enable DL classification mechanisms is particularly
igh, as was verified, in loco, when working with the ceramic industry:
eal-world images are scarce, especially at the beginning of the pro-
uction process as, at this stage, no ceramic pieces exist that can be
hotographed and labeled.

We propose tackling this problem by strategically generating high-
uality, synthetic images adapted for the ceramic industry, by means
f a process that involves: the development of a computer graphics
endering pipeline designed for the creation of synthetic data; the
reation of a synthetic dataset for the purpose of image classification
n the ceramic industry; the validation of the proposed approach by
raining state-of-the-art DL models using the synthetic dataset, and
ssessing their performance when classifying real-world industrially
anufactured ceramic images obtained in a production environment.
e emphasize the significance of only requiring the ceramic pieces’

AD files used in the industry for their production — unlike alternative
pproaches that continue to depend heavily on a significant volume of
eal-world data to generate synthetic images.

The experimental studies provided compelling evidence for support-
ng the use of synthetic images as the basis for dataset building: models
rained using solely synthetic images yielded remarkable results; only
urpassed by the performance of models trained with hybrid datasets,
.e., those composed by real-world and synthetic images. These results
emonstrate the adequacy of employing synthetic images, both for data
ugmentation and whole dataset building — lowering the dependency

n real-world images and leading to more efficient production lines.
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Nevertheless, the integration of real data, even if in a reduced ratio,
proved to be relevant for capturing more intricate characteristics.

The unavailability of real-world ceramic images due to the inherent
challenges of the problem constrained the feasibility of some exper-
iments. Future work involves collaborating with industry partners to
gather more real-world ceramic images, allowing us to explore larger
datasets, expand class diversity, and test different ratios to find the
optimal balance for various applications and DL models. Furthermore,
we aim to train models using synthetic images without transfer learning
to assess their generalization capabilities when tested against real-
world images. We plan to investigate few-shot classification techniques
to evaluate how well models can learn from a limited number of real-
world examples compared to synthetic data approaches. In addition, we
also expect to obtain results of ongoing research on embedding depth
information into the generated synthetic images — which, we believe,
will prove to be a crucial enhancement to the dataset and result in more
efficient classification models.
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