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Abstract — This research-to-practice full paper presents a
platform developed to support Al teaching, training, and
evaluation. Artificial intelligence (Al) has revolutionized several
fields, including pattern recognition, natural language processing,
and computer vision. In this context, convolutional neural
networks (CNNs) have been effectively utilized to detect objects in
images. In industry, Al has the potential to optimize processes and
increase efficiency, becoming an essential factor in the evolution of
manufacturing systems. However, the training of Al models is
complex and requires a sophisticated level of knowledge for data
manipulation and an understanding of model training. To simplify
this process, a web-based platform has been proposed to facilitate
the training of YOLO networks. The platform was developed via
the Streamlit library, which provides an interface to guide users
through model training. The platform aims to lead users through
six steps to obtain and deploy a model directly through the
platform, enabling performance evaluation and metric tracking.

Keywords — Education platform, Al in Education, Engineering
Teaching, CNN.

I. INTRODUCTION

Artificial intelligence (Al) is a fundamental tool in various
fields, generating significant advancements in pattern
recognition, natural language processing, and computer vision
[1, 2]. Among Al techniques, convolutional neural networks
(CNNs) have excelled in computer vision because of their
ability to learn complex image patterns [3].

In the industrial context, the application of Al has the
potential to optimize processes, increase efficiency, and reduce
costs [4, 5]. However, training Al models, such as CNNs, can
be challenging, requiring technical expertise and prior
knowledge of data organization and manipulation [6, 7]. To
make this process more educational, accessible, and practical,
this paper proposes a platform that simplifies the training of
You Only Look Once (YOLO) networks, a famous architecture
for object detection in images, which delivers highly
satisfactory and rapid results [8].

We want to investigate how to train engineers in
manufacturing automation efficiently, an open problem
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demanding constant research [9, 10]. In fact, one of the
proposals of this paper to facilitate training and understanding
of the process involves executing six main steps that are
common during Al development. This is achieved through the
integration of Python libraries, such as Ultralytics, for training
and configuration and the use of external tools for data labeling
(in our case, images), such as Makesense. These tools enable
users to label images efficiently and accurately without
requiring advanced image processing or programming
knowledge. This integration and step-by-step guidance
significantly contribute to the learning process.

This work proposes an accessible platform for training object
detection models in images, aiming to provide a solution to
help industry professionals develop and implement automated
inspection systems efficiently and cost-effectively through
networks trained by the platform. To demonstrate the
effectiveness and relevance of the proposed system,
experiments were conducted using didactic plants to obtain a
representative dataset. The results indicated the system's ability
to train Al models with high performance in object detection
during test inference.

This paper is organized into two sections. Section Il presents
the background and provides the necessary concepts for
understanding the platform. Section I1 describes the proposed
system. Section IV details the development of the platform and
its functionality. Section V presents the results obtained in this
work and provides conclusions.

Il. BACKGROUND

This chapter presents the fundamental technologies used in
developing the proposed platform, highlighting their
functionalities and roles within the system.

A. Streamlit: Interactive and Intuitive Frontend



The main advantage of Streamlit lies in its ability to
transform Python scripts into interactive web applications in
minutes [11]. Its simple and intuitive syntax allows developers
to focus on the application logic, whereas Streamlit
automatically manages the rendering and updating of the user
interface.

Streamlit also provides built-in support for running
applications on a local network, making it easy to access and
share the application within an organization. By executing a
command, users can start the Streamlit server and access the
application via the host machine's IP address, ensuring
accessibility to all collaborators on the same network.

B. YOLO (You Only Look Once) and the Ultralytics
library

YOLO is a convolutional neural network architecture widely
used for real-time object detection in images. Its unique
approach divides the image into a grid and simultaneously
predicts bounding boxes and class probabilities for each grid
cell, allowing fast and accurate object detection in images [12].

Implementing artificial intelligence is not a trivial task. To
simplify the implementation of YOLO, both for students and
for use in the system, the Ultralytics Python library was utilized.
This library provides an easy-to-use interface for training,
testing, and using YOLO models, offering ease of use and
support from the Ultralytics repository [13]. It provides
pretrained network implementations of various YOLO versions
and tools for custom training with user-provided datasets.

By integrating YOLO and the Ultralytics library into our
system, we streamlined the training of new object detection
models and implemented real-time detection in our
applications. This contributes to the efficiency and accuracy of
our computer vision solutions.

C. SQL Database:
Management
For the storage and management of pretrained networks
available on the device and the results of their inferences, we
utilize an SQL database. Structured Query Language (SQL) is
a standardized query language used to interact with relational
databases.

Backend for Pretrained Network

The SQL database is a fundamental system component,
enabling secure and organized storage of pretrained networks
and related information such as metadata and performance
metrics. Additionally, the use of an SQL database provides
flexibility in data querying and retrieval, facilitating system
integration and expansion in the future.

One of the critical features of our system is its ability to
register a new network after training automatically. This is
achievable through the integration between the training process
and the SQL database, where the data from the trained model
are automatically recorded and stored for future reference.

I11. PROPOSED SYSTEM
A. Typical Steps in Training an Al Model

Training an artificial intelligence (Al) model consists of three
steps: data preparation, model training, and model evaluation
[14, 15]. Each of these steps, as depicted in Fig. 1, is particularly
important in developing an accurate and effective Al model.
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Fig. 1. Steps of Al training

1) Data Preparation: Data preparation is the first step in
the training process for an Al. In this phase, relevant data for
the problem are collected, organized, and preprocessed to
ensure its quality and usefulness in model training. This may
include data cleaning, normalization, feature selection, and
splitting the data into training, validation, and testing sets. In
this work, we performed only data splitting [16].

2) Model training: the next step is training the Al model
after data preparation. In this stage, the model is fed with the
training data and iteratively adjusted to learn patterns and
relationships within the data. This is accomplished through
machine learning algorithms, which optimize the model
parameters on the basis of a loss function, minimizing the error
between the model predictions and the actual training data
labels [17].

3) Model evaluation: Finally, the trained model is
evaluated on a separate test dataset, which is not used during
training or validation. This step provides a final measure of the
model's performance on entirely new and unknown data,
reflecting its actual ability to generalize and be applicable in
real-world scenarios. The model evaluation may include
performance metrics. In our case, we use the following metrics:
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where TP represents true positive, TN represents true
negative, FP represents false positive, and FN represents false
negative. Given this workflow, we aim to simplify and make it
more accessible and educational for users by abstracting lines
of code, leaving only the practical part of Al training.



B. Platform Operation

The platform was designed to simplify and facilitate artificial
intelligence (Al) training to detect desired objects. Through six
carefully crafted steps, users are guided through an intuitive
process that spans from image capture to evaluation of the
trained model.

The process begins by capturing images of the objects to be
detected, allowing users to gather a representative dataset for
model training. Next, users can split this dataset into the classic
proportions of training, validation, and testing (70%, 15%, and
15%, respectively), allowing for a robust evaluation of the
model's performance.

With the dataset prepared, the platform guides the user to
perform precise annotations on the images through an external
platform, ensuring the quality and accuracy of the training data.
These annotations are stored along with the training images in
a designated folder.

Before training begins, adjustments are made to the model
parameters, such as the number of epochs and image
dimensions, to ensure optimal configuration. With everything
set up, training commences, and the user can monitor the
model's progress in real time.

One distinctive feature of the platform is its ability to
visualize the model in action through a webcam, providing
practical and immediate experience. The results are displayed
in real time, allowing users to assess the model's effectiveness
while running.

Additionally, the platform automates the generation of
performance metrics, such as precision, recall, and accuracy, on
the basis of the results observed by the user. This enables an
objective model evaluation and provides valuable insights for
future refinements.

Fig. 2 visually illustrates the six steps of the Al training
process provided by the platform, emphasizing the simplicity
and effectiveness of the proposed workflow. This approach was
designed to make Al training within the platform more
accessible and understandable, even for users with no prior
experience in machine learning, thus contributing to the
democratization and widespread adoption of artificial
intelligence across various domains.
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Fig. 2. Steps to learn.

IV. PLATFORM DEVELOPMENT

At the core, we have three main modules within the platform.
Fig. 3 and Fig. 5 show these modules.

Within this final project conception, we have three modules
containing the steps mentioned earlier to complete the learning
process.
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Fig. 3. Platform Management

A relational database, specifically MySQL, was utilized for
better record-keeping and result control. The MySQL
Workbench IDE was used to construct the database and tables.
With this, a database was modeled to meet the following
requirements:

e Which models were trained or uploaded to the
platform to monitor and have the option of choosing
the desired model?

e  Results of the human evaluation

e What were the results of the inference, and what was
desired to be obtained:

o Image name.
o Timestamp.
o Result.

o Model used.

In this context, Streamlit has a disadvantage: variables are
reset when reloading or clicking a button. This means that we
could not track which index of the image we were on or the
value of our variable because clicking any button constantly
reset it. To address this, control variables were created in the
database. These variables were managed through updates in the
database itself, and to read them, a select query was executed
to retrieve their values. In this way, the variables retain the
same value even with page refreshes. On this basis, the database
in Fig. 4 was constructed.

The modules presented by the managers represent the
different functionalities and stages of the YOLO network
training process on the platform. Each module is designed to
guide users through a specific part of the process, from dataset
generation to model training and evaluation. The modules
represent the steps.
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Fig. 4. Tables and database

A. Al Management

1) The Al training manager is the central part of the
platform, providing an intuitive and guided interface for users
to follow the necessary steps to train a YOLO network and
evaluate its performance. This module is designed to simplify
the Al training process by dividing it into easily understandable
and executable steps.

2) Dataset Generation: In this process stage, the
platform allows users to capture images directly via an
integrated camera. When the camera is activated, the platform
automatically initiates image capture at 5-second intervals,
which are saved to a designated folder that the user can create
beforehand within the platform. This functionality significantly
simplifies data generation for Al training, making it accessible
and convenient. Users can build a representative and varied
dataset by capturing images of the object of interest at regular
intervals, which is essential for successful model training.
Additionally, the platform provides valuable tips alongside the
page to maximize training effectiveness. For example, it
suggests capturing as many images as possible and varying
lighting conditions, angles, and backgrounds to ensure
comprehensive and robust learning by the model.

3) Dataset Splitting: After dataset generation, users can
split the data into training, validation, and test sets, following
the classic proportions widely used in machine learning
practice. This step is critical to ensure that the model is trained,
validated, and evaluated fairly and robustly, allowing for an
accurate assessment of its performance. Splitting the dataset
into separate sets enables an independent evaluation of the
model on data unseen during training, providing valuable
insights into its generalizability and applicability in real-world
scenarios.
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Fig. 5. Management module.

4) Model training: After dataset preparation, users can
start training the model. Various model parameters can be
adjusted in this phase to optimize the model performance.
Among the most critical parameters are the number of epochs,
which determines how many times the model iterates over the
dataset during training, and the dimensions of the input images,
which can significantly influence the model's ability to capture
relevant details and patterns. This stage requires careful
attention from users, as parameter choices can directly impact
the quality and effectiveness of the final model.

B. Inspection Management

1) Inference and Monitoring Module: We can select
the pretrained model from those in the model folder. With the
chosen model, we can then activate our camera, and upon
enabling it, we can see our model in action. The model
automatically opens within the program and detects the object
of interest.

2)  Storage module: Each inference made at a 5-second
interval is saved. Its image is stored along with its result in a
database, where each image is associated with the model used
to infer it and its result as the main characteristic in the
database.

C. Feedback management

1) Human evaluation and results visualization module: This
module displays the images and results so that a human
evaluator can assess whether the inference has an adequate
result. All this information is extracted from the database,
where we have the name, the image saved, the Al result, and
the model used in its inference, with the images all saved in a
local folder on the disk. From this, the image, along with its



result, will be displayed to an evaluator (human) so that they
can classify it with one of the four possible Al responses:

True positive.

False positive.

True Negative.

False negative.

When one of these options is selected and the classification
is made in the module, a previously empty column, which is the
human evaluation column, is filled. Therefore, we obtained the
Al results and human evaluations on the basis of these results,
allowing us to generate metrics for model evaluation.

3) Metrics Visualization Module: With some human
inspections performed, this module displays our model's
precision and recall on the basis of the results of the previous
module. The now-filled human evaluation column allows us to
calculate these metrics. Here, we will also assess the number of
inferences made per hour (and their results) and the percentage
of each inference made throughout the day, displayed in a bar
chart and a pie chart, respectively.

V. RESULTS AND CONCLUSIONS

The platform's objective is to assist in creating a new YOLO
network model for detection. The platform thus functions as a
guide and a way to abstract lines of code and various steps of
library installation environment configurations, among other
compatibility factors, so that all training can be successfully
executed.

PERSPECTIVE

Fig. 6. Didactic plant: Measuring from Festo

A. Test Scenario

We created two models in a didactic plant that sealed a
piece to assess the platform. In Fig. 6, it is possible to visualize
two perspectives of the plant with two cameras. The didactic
plant from the FESTO company simulates the sealing process
of a lid with three distinct colors: pink, silver, and black. The
plant executes two processes: initially, a gripper brings one of
the pieces in front of a camera and then verifies whether the
product is sealed. If it is sealed, the process directs the product
to the output; otherwise, it is sealed by the robotic arm, which
picks one of the lids and performs this process. After the sealing
process, whether successful sealing was achieved was verified.
Otherwise, it is directed to the press. After this, it is taken to the
exit ramp, and if the robot seals correctly, it is also taken to the
exit ramp.

Given this scenario, two networks were trained through the
platform: one for identifying the sealed piece and the other for
verifying whether the lid was correctly sealed.

D. Steps One and Two: Capturing and Splitting Datasets

In this step, we capture the images and split the dataset.
Here, we can (1) create a new folder if the folder where you
want to save the training images does not exist. Referring to
Fig. 9.
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Fig. 7. Images captured for training.

In section 2, the page can be created and then updated.
Fig. 3 shows the camera selection process. A pressing start
every 5 seconds will save the images within the previously
selected folder. Section 4 divides our database into training,
validation, and testing datasets. By default, it remains at 70-15—
15. When dividing between training, testing, and verification,
two additional folders are created within each folder called
'label' and 'images’, where one contains the labels and the other
contains their respective images so that it is possible to see
images of the database in Fig. 7, following the YOLO notation
standard. This organization can be seen in Fig. 8.

E. Step Three - Image Labeling

In the third step of the tutorial, users were guided through
the process of using Makesense, an online platform for image
annotation. They were instructed to upload their images to the
platform and annotate objects of interest by marking bounding
rectangles around them (see Fig. 10). After completing the



annotation process for all images, users are directed to export
the annotations as text files, usually in formats such as YOLO
or similar formats, containing information about each annotated
object's location and class.

These text files serve as labels for the corresponding
images, providing essential training data for object detection
models such as YOLO. Following these steps, users efficiently
prepared their annotated pictures and labels for further
processing in Al training pipelines.
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Fig. 8. Organization of Folders After Dataset Division.
F. Step Four and Five - Model Parameters and Training:

In this step, there are two processes. First, the directory where
the respective labels of the images are located must be chosen,
as shown in Figure 11, following the order. The model's name,
number of epochs, and image dimensions can also be selected
(Fig. 12). With all these parameters, model training can be
initiated. Upon clicking the button for model training, a Python
subprocess library is used to execute another Python script in
parallel, specifically the training script. Once the training is
complete, a message is displayed indicating successful
completion, after which the new model is uploaded to the
platform (see Fig. 12).

Fig. 9. Step one page.
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Fig. 10. Sep Three - How to use make sense.

Fig. 11. Configuring training parameters
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10
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Training Al model!

Successfully trained Al model!

Fig. 12. Model training was completed.



There is then the option to upload the newly trained model;
see Fig. 13. Once on the platform, this model is automatically
registered in the database with the model's name in the file. The
model can be monitored once in the database and once on the
platform. In this experiment, two created models were
evaluated: one for checking the sealing ability and the other for
verifying whether the model was sealed correctly.

Plataform to training models
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Fig. 13. The model was successfully uploaded to the platform.

E. Step six - Model evaluation

Models can be used in real time with the model trained and
registered on the platform. On the main page, there is an option
at the top to select the number of cameras to be used. If only
one model is to be used, which is more common, the first option
is set to 1. However, in this specific project, two models were
used simultaneously, leading to the addition of this option.
Figure 14 illustrates how the selection is made when only one
camera is used.

In option 2, a single model can be selected for one camera.
However, option 2 allows two cameras to choose a different
model for each camera. The cameras can be modified in option
3 under 'Select Device." In option 4, a common point between
both scenarios is found, allowing the model selection to
determine the quantity and specifics of the inferences per hour
and day.

Process monitoring

Fig. 14 Monitoring screen.

For example, regarding lids, we can observe the number of
items passing through a plant with or without a lid per hour,
along with the percentage of each throughout the day. This
graph can be seen in Fig. 15, where the update button is located.
This button refreshes the chart results, which are not updated in
real time according to the inferences; a click is required to
update them. Additionally, at position 2, we can see that we can
change the model when we see the results.

Hourly statistics

Fig. 15. Monitoring graphics.
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Fig. 16. Data in the database.

Fig. 16 shows the responses saved in the database. During
each of the inferences, images, and results, a human, namely,
the platform user, evaluates whether the model's inference is
correct. Assuming it is accurate or not. The human inspection
page, shown in Fig. 17, displays the images inferred by the
monitoring model, pulling from the table the name of the image
(which is used to open the file). This table can be seen in
position 5, the result of the human inspection, which, if done,
appears to indicate the outcome; if not, it simply suggests that
it has not yet been evaluated, in addition to the actual result
from the Al, which is precisely what we will assess the model
against.

At position 1, it is possible to filter by inferences that have
not yet been evaluated, returning only images from the database
where the human evaluation column is not empty. At position
2, the desired model can be selected. If all the models are



enabled, images from both the "lid" model and the "gap" model
will be available for evaluation, allowing for simultaneous
assessment. However, if only a specific model is considered, it
can be selected, and the images displayed for evaluation will be
exclusively from the chosen model. At position 3, the inferred
image can be viewed, with the image name, human inspection
results, and Al outcome displayed above it for context. Finally,
at position 4, the evaluation can be conducted according to the
Al result.
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Fig. 17. Human evaluation screen

The evaluation system was based on the concept of a
confusion matrix for Al assessment; hence, we have four
options for classification:

1. Correct detection.

2. Incorrect detection.

3. Although it is detected, it does not exist.

4. They are not detected and do not exist.

When an image is evaluated, its evaluation column in the
database is edited, changing from empty to the number
indicating the evaluation.

After inspecting the images, it is essential to remember
that not all photos need to be checked—only enough for the
metrics to begin being generated. The dashboard screen can
then be opened to evaluate the model's performance.

Amount of inferences today

Fig. 18. Dashboard and metrics

In Fig. 18, the option to select the model for which the
metrics are to be viewed is shown, along with the number of
inferences per day at position 1. At position 2, the metrics
calculated from the results generated by human inspection are
displayed, with the main metrics being precision and recall.
Accuracy was not used because only images detected by the
model were analyzed; there were no images that the model
failed to detect, which resulted in an accuracy of 100%.

F. Conclusion

This paper presents a platform that indicates, instructs, and
facilitates the training of a convolutional neural network,
specifically a YOLO model. Through just six steps, it is
possible to capture images, label them, train the model, and
execute it straightforwardly via a computer's webcam. This
allows the newly trained model to be used in real time, with the
ability to monitor its metrics. In an industrial context, detecting
parts, faults, and anomalies is essential for optimizing processes
and ensuring quality. The platform introduces users in a way
that enables them to understand how Al training works and
utilize this tool to foster innovation within a company or similar
setting.

VI. NEXT STEPS

As platform development progresses, there is an opportunity
to explore new areas for enhancement and expansion. One
potential enhancement involves integrating advanced model
evaluation techniques. This could include implementing more
sophisticated methods, such as precision—recall and receiver
operating characteristic (ROC) curves, which offer deeper
insights into the model's performance across various scenarios.

Furthermore, the platform's training capacity should be
expanded to allow users to train more complex and
sophisticated models. This could involve supporting advanced
neural network architectures and integrating their suggestions
and feedback into the platform's future development. This will
enable us to address users' specific needs and ensure that the
platform meets their evolving expectations and requirements.
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