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Abstract: In recent years, the educational field has evolved rapidly owing to the integration of several 
technologies, especially experiments in remote laboratories in the engineering area. Therefore, this article 
addresses the development of an innovation system for automatically correcting experiments in remote 
laboratories in mechatronics using digital twins, convolutional neural networks (CNNs), and generative 
artificial intelligence technologies. This system was designed to overcome the limitations of the availability of 
physical laboratories and teachers and to assist in learning, enabling automatic acquisitions at any time. The 
digital twin captures data from the teacher's and student's experiments, allowing accurate comparisons to 
identify successes and errors. The application of CNNs serves to validate the results of the experiments through 
image analysis, whereas generative AI helps to identify patterns. The system was evaluated in a teaching plant, 
effectively correcting experiments with digital inputs and outputs. In addition, it provides students with 
detailed feedback on their performance, including specific errors and suggestions for improvement. With a 
three-layer architecture, i.e., experiments, didactics, and management, the system efficiently processes data 
from teachers and students, contributing to correcting experiments and optimizing teaching in remote 
environments. 

Keywords: Mechatronic Laboratories; Remote laboratories; Distant learning experiments; Digital 
twins; Convolutional neural networks (CNNs); Generative artificial intelligence (AI); Automatic 
correction 

 

1. Introduction 

Currently, experimental activities and educational resources have undergone several 
transformations that play a fundamental role in the field of educational science [1,2], especially in 
higher education in mechatronics, where experiments in laboratories are an indispensable part of the 
course so that students can obtain effective skills and practical experience [4–6]. The use of 
laboratories is essential, but the use of these environments by students in educational institutions is 
becoming an obstacle, as machines and equipment are not always available to keep up with the 
technological demands of students and the market and are limited in quantity and time [7–9]. 
However, educational institutions, teachers, and students seek tools to help the teaching and learning 
process [10,11]. One of the solutions is the use of remote laboratories with physical equipment 
because, with this type of access, it is possible to practice skills, improve experimental activities, and 
create environments using actual equipment and scenarios [12]. 

The fundamental concepts of remote laboratories are as follows: According to Rodriguez-
Calderón [13], a remote laboratory is a technology composed of software and hardware that provides 
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a real learning experience with remote access via the Internet. Verslype et al. [14,15] described remote 
labs as enabling students to evaluate and monitor the progress of experiments remotely, regardless 
of the availability of physical laboratories and equipment. Similarly, Orduña et al. [16] defined remote 
laboratories as software and hardware tools that allow students to access actual university 
equipment. Zine et al. [17] also highlighted that remote labs serve as educational resources that 
extend beyond the capabilities of virtual laboratories. Moreover, Vries and Wörtche [18] emphasized 
that remote laboratories are natural laboratories where equipment and students are physically 
separated. In summary, remote laboratories are software and hardware tools that generate a real 
learning experience, granting remote access to physical experiments via the internet [19,20]. These 
tools offer several advantages, including equipment sharing between institutions [6,21], flexible 
scheduling [22,23], personalized learning experiences, and fostering self-discipline among students 
to complete tasks [24]. However, most remote laboratories also present challenges, such as a lack of 
standardization, environments that fail to provide flexibility in developing experiments [25,26], and 
insufficient engagement and immersion between students and experiments [27,28]. Remote 
laboratories play a crucial role in student education [29], as they facilitate learning experiences that 
involve high-value technological equipment and provide access to multiple resources, including 
experimental monitoring and correction. To enable the tracking of student experiments, this system 
employs the principles of digital twin technology. Furthermore, artificial intelligence algorithms will 
be integrated with the digital twins of the experiments to automate the correction process in the 
teaching and learning environment within remote laboratories. 

To understand digital twin (DT) technology, its definition is presented by several authors: 
Kuvshinnikov, Kovshov, and Korchagin [30] describe digital twins as a set of heterogeneous data 
processed by software tools. Wang et al. [31] explained that digital twins capture real-world data 
across various disciplines, quantities, scales, and probabilities. Prohaska and Kennes [32] define the 
DT as a continuous connection between a real object or process and its digital counterpart, with data 
transferable in both directions. Espinosa and Escamilla [33] emphasized the concept of dynamic 
replicas of the real environment for achieving a DT, whereas Mihai et al. [34] highlighted DT as an 
emerging and transformative technology with significant potential for the future of industries and 
society. 

This concept is particularly relevant for integrating physical machines into the virtual world 
[35,36], facilitating interactions and analyses in mechatronics applications [37], replicating and 
executing the behavior of experimental peripherals [38], emulating environments across various 
domains [28,39,40], and democratizing and enhancing learning processes in educational platforms 
[41,42]. 

Artificial intelligence (AI) is an intelligent machine designed to perform tasks that typically 
require human intellect, including voice recognition, natural language processing, learning, and 
problem-solving capabilities [43]. With advancements in AI, particularly generative AI utilizing large 
language models (LLMs), applications have expanded across various domains. 

AI has significantly elevated technological support in education, fostering greater interactivity 
and innovation. It has assisted educators in managing their teaching processes more effectively while 
serving as an educational tool that offers students a wide array of learning opportunities [44,45]. 

According to Lundström, Maleki, and Ahlgren [46], an LLM is an advanced machine learning 
tool that leverages text understanding and generation to assist in various tasks, particularly in the 
educational field. Nevertheless, within the education sector, applications involving images have 
benefited from computer vision combined with convolutional neural networks (CNNs), which aid in 
object detection in classrooms and laboratories and in image classification for educational activities. 

In this work, digital twins and remote laboratories are the technological elements contributing 
to the evolution of the teaching and learning process in the field of mechatronics. However, the 
challenge of this proposal lies in how to perform the automatic correction of students' experiments 
in remote laboratories. Consider the following scenario: a student wants to verify whether their 
activity is functioning correctly. This typically depends on the professor’s evaluation to check the 
performance of what the student has accomplished in the didactic experiment. However, what if the 
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student is studying at 3 a.m.? Who will correct this activity? Or who will assist the student in solving 
the activity? 

Given this scenario, the fundamental idea was to utilize digital twin technology as a base tool 
capable of capturing data from the professor’s experiment (Professor’s digital twin) and the student’s 
experiment (Student’s digital twin) and then compare these data to perform automatic corrections. 
In this way, the student’s experiment can be evaluated at any time. While digital twins facilitate data 
capture in remote laboratories, it will also be necessary to leverage convolutional neural networks 
(CNNs) and the GPT chat API to assist in correcting experiments by analyzing the images and data 
captured during the experiment's execution. 

A CNN is a neural network with convolutional, pooling, and fully connected layers designed 
for processing two-dimensional data and is typically used for feature extraction, such as object 
detection and image classification [40,47,48,50]. Generative AI, with ChatGPT being the most famous 
example, is a tool with the potential to enhance higher education by improving and facilitating 
educational experiences for both students and professors [51–54]. 

Therefore, these two technologies assist in the correction of experiments in remote laboratories 
in the system of this work, given that technology-assisted correction has already proven to be helpful 
in distance education school management platforms (e-learning) and that it leaves a digital trail 
where it is possible to transform the data generated during experiments into information [55,56]. 

The article is organized as follows: Section II presents related works involving the topics of 
digital twins in remote laboratories and learning assessment systems. Section III outlines the project 
design. Section IV details the components developed and implemented in the system. Section V 
describes the procedures of the experiments conducted to evaluate the implementation of the 
correction system in remote laboratories within the field of mechatronics and their results. Section VI 
discusses critical aspects of the system, and Section VII presents the conclusions drawn from the 
study. 

2. Related Work 

The works related to this research were divided into two groups: works related to the themes of 
digital twin technologies and remote laboratories and the themes of correction in the educational 
field and automatic assessments in education using generative AI or CNNs. 
A. Digital Twin in Remote Laboratories 

In Fernández, Eguía, and Echeverría [57], the article describes the use of the digital twin to 
validate the control system of a robotic cell. It compares conventional and study methods using the 
developed digital twin in a remote laboratory. A robotic cell and a PLC (programmable logic 
controller) were used for this system, where a digital model of the robot with the PLC was created. 
The OPC-UA protocol was employed to collect and apply information from the digital model to the 
physical model. The students were then divided into groups to evaluate the actual and virtual 
processes. The virtual model was observed to be highly beneficial for taking the first steps in the 
proposed teaching activity. However, the realism of commissioning raised doubts among the 
students, making the actual model essential for the final validation of the process. This research did 
not store student data to display educational progress or provide feedback on whether the proposed 
activity was executed correctly. 

Jungwirth et al. [58] presented the results of an analysis of mechatronics education programs in 
Austria and Taiwan, showing how increased digitization and smart manufacturing applications have 
driven the evolution of these courses. Based on this analysis, the article details the development of a 
digital twin demonstrator designed to teach and motivate students to use digitization and digital 
twin technology to demonstrate practical applications in mechatronics education. This experiment 
used low-cost materials, making them accessible to anyone interested in assembly. Both countries' 
courses utilized this demonstrator; however, if a professor wanted to assign a current activity, its 
assessment would rely on manual verification by the professors. An automatic correction system with 
feedback for the students would be highly beneficial. 
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In Guc, Viola, and Chen [38], a remote laboratory was developed as a complementary teaching 
and learning tool for the ME-142 mechatronics course at the University of California. This study 
employed MATLAB/Simulink to control the position and speed of a motor as an experiment for the 
students. The experiment aimed to encourage students to design their experiments by the end of the 
course. The theoretical framework created by Viola and Chen [38] was used as a reference for the 
construction of the digital twin. Through developing the digital twin, students can upload their 
experiments to a remote-access web application and use it whenever needed. The most notable aspect 
of this work was the use of the framework for developing the digital twin. However, no record of the 
resulting history is stored in remote laboratories, and no corrections have been made to the 
experiments conducted. 

In Martínez, Sanchez, and Chávez [59], a digital twin was developed for the commercially 
available CNC mini-milling machine 3018 PRO. This milling machine was incorporated into a remote 
laboratory, with its virtual model created via the Unity platform. Data exchange between the physical 
and virtual environments was facilitated through the Modbus protocol, and a PLC was implemented 
to acquire the milling machine’s electrical signals, communicating with the Codesys environment. 
This setup created elements to streamline communication and utilize the developed platform. This 
work featured high-precision simulation characteristics, as Unity allows the integration of 
calculations that enhance movement accuracy, closely replicating real-world behavior in the virtual 
environment. However, this study has not yet been evaluated on an educational platform and lacks 
tools for students to conduct academic activities. 

In Mušič, Tomažič, and Logar [3], a distance-learning course on programmable logic controllers 
was implemented during the COVID-19 pandemic. A combination of tools was employed to maintain 
a strong focus on practical experiments, including simulation, remote access to available laboratories, 
and interactive sessions with the instructor. In this course, students could conduct their experiments 
remotely and use the digital twin provided by Festo's Cirus software. This allowed the students to 
view a 3D virtualization of the experiment and practice their activities. However, the course did not 
offer automatic activity correction, as the students had to visually determine whether their 
experiment was successful because of their judgment or with the tutor’s support. 

In Riveros et al. [60], a digital twin of a large-scale industrial process is presented, which is 
available to students to analyze both the physical and virtual models, allowing error verification to 
be implemented. This research uses teaching plans to conduct experiments with students. An 
excellent system was developed, which has its digitization developed in the Unity engine and has a 
virtual reality model for better visualization by students. Students can verify the operation by 
digitization or viewing cameras in the laboratory, but it is up to the teacher to verify whether their 
experiment is correct. 
B. Student assessment in laboratories 

Fletcher et al. [61] presented the implementation of a remote laboratory as part of a computer 
network course offered in a massive open online course (MOOC) format. This lab was implemented 
online because of the excessive costs of a physical laboratory and allows multiple simultaneous 
classes, enabling students to execute network applications via simulators and physical equipment 
through remote access without the need to install specific software. This tool also allows automatic 
evaluation, simplifying the professor's workload, as it enables the control of individual parameters 
defined for each student during the course. For corrections, activity configurations are managed 
through .json files containing the necessary information to initiate the student's task, and a Python 
program is responsible for verifying whether the activity is correct and generating personalized 
reports and feedback. 

In Bachiri and Mouncif [62], a system was implemented to assist in correcting questions in 
massive open online courses (MOOCs). These courses are characterized by many students, requiring 
substantial effort for corrections. While objective questions facilitate automatic correction, open-
ended (subjective) questions pose a significant challenge in such courses. This research aims to 
address the issue of automatic correction for open-ended questions. Since these courses involve 
participants worldwide, translation into English is required before AI processing. To achieve this 
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goal, a learning management system was developed to integrate natural language processing, using 
artificial intelligence techniques to make MOOCs more engaging and personalized. For this purpose, 
language standardization was applied, and the SQuAD v1 database—containing approximately 
100,000 questions generated from Wikipedia articles—was used. Through AI algorithms, responses 
are automatically corrected for MOOCs. Using AI algorithms for text analysis helps verify the 
correctness of the responses. In the system proposed here, data are obtained from digital twins and 
can be transformed into strings for AI analysis. 

In Nalawati and Yuntari [63], a study is shown that applies text mining techniques using the 
Ratcliff/Obershelp algorithm to determine the similarity value between two strings; that is, even in 
the case of open (subjective) responses between the students' responses, it is possible to obtain a 
similarity with the key to the teacher's response. In this research, the Ratcliff/Obershelp algorithm 
was used with sixth-grade students, considering the tolerance of the student's error rate. The research 
presented an average accuracy of 91.00% regarding the correction rate. For this purpose, an 
application in Python was developed for the students to use as a response platform. The 
Ratcliff/Obershelp algorithm can help in this proposal by verifying the teacher's digital twin data 
similarity with the student's digital twin data. This use can be evaluated within the proposal. 

Hassan et al. [64], a study motivated by the pandemic period, demonstrated the LMS (laboratory 
learning management system), a comprehensive laboratory learning system with management 
capabilities. The LLMS provides numerous services for conducting assessments and automatic 
corrections, including storing student behavior data via artificial intelligence (AI) algorithms. This 
system detects whether students are experiencing difficulties and whether they are performing 
experiments based on mouse dynamics (click counts and movements) through AI learning. It also 
features a virtual assistant that describes experiments using audio, text, and video support. While the 
system supports remote access with virtual experiments, it has not been applied to remote 
laboratories involving hands-on activities. 

In Dias, Purnamawati, and Idkhan [65], an e-learning web system with an automatic response 
scoring application for writing correction was developed. This system was based on natural language 
processing (NLP), with the text being processed. The system operates based on a base response, 
frequency calculations, and weight assignment and seeks to calculate the similarity of the student's 
responses. After this writing was corrected, the students' scores were entered. This method can 
analyze data collected from the digital twin to identify similarities between the teacher's and the 
student's responses. 

Tulha, Carvalho, and Castro [66] presented an implementation of a project proposing the 
development of an educational platform with remote laboratories that utilize data mining based on 
learning analytics interventions called LEDA (laboratory experimentation data analysis). This 
approach applies to association rules and clustering techniques using learning data, including clicks, 
the number of controlled components, and the time spent on the activity. For this purpose, a data 
mining technique focusing on association rules and clustering was employed, specifically the Apriori 
algorithm. When students perform a didactic activity, the Apriori algorithm can gather information 
about their progress, highlighting their strengths and weaknesses. Additionally, the K-means 
algorithm was used to focus on individual student experiences. These algorithms can be utilized to 
process the data collected from the digital twin implemented in this work. Furthermore, as image 
capture is implemented, the grouped data can be assessed to evaluate behavior during data mining. 

A summary of the characteristics of the related works can be found in Table 1 - Comparative 
analysis of related works. 

Table 1. Comparison between related works. 
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id you perform

 activity correction 
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D
o you use digital tw

in technology in 
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ote laboratories? 

D
o you provide feedback to students 

(digital or video)? 

Store student data for their 
developm

ent? 

D
id you perform

 autom
atic 

corrections for hands-on experim
ents 

in rem
ote labs? 

Fernández, Eguía e Echeverría [57] No Yes Yes No No 

Jungwirth et al [58] No Yes Yes No No 

Guc, Viola e Chen [38] No Yes Yes No No 

Martínez, Sanchez e Chávez [59] No Yes No No No 

Mušič, Tomažič e Logar [3] No Yes No No No 

Riveros et al. [60] No Yes No No No 

Fletscher et al. [61] Yes No Yes Yes No 

Bachiri e Mouncif [62] Yes No Yes No No 

Nalawati e Yuntari [63] Yes No Yes No No 

Hassan et al [64] Yes No Yes Yes No 

Disa, Purnamawati e Idkhan [65] Yes No Yes No No 

Tulha, Carvalho e Castro [66] Yes No Yes Yes Yes 

Our approach Yes Yes Yes Yes Yes 

3. Concept Design 

The design of this paper will be based on the development of a didactic twin capable of learning 
the experiments developed by the teacher, where these experiments will be conducted in remote 
laboratories in the mechatronics area and automatic correction at the time of use by the students. To 
learn the experiments, this didactic twin uses the concepts of digital twin technology, taking as a 
reference the framework developed by Viola and Chen [36], in addition to works that presented 
essential characteristics about the acquisition and processing of data in experiments with digital 
twins, among these studies, we mention the bidirectional digital twin presented by Protic et al. [67], 
where this research presents a digital model that can be sent to two cobots of different architectures 
and the prediction of failures shown by Classens, Heemels and Oomen [68]. It was also used as a 
reference for the work of Mershad, Damaj, and Hamieh [15], which used IoT sensors and modules to 
evaluate laboratory experiments with the help of learning management systems (LMSs). 

The design of this system is divided into three layers: an experimental layer, a didactic twin 
layer, and a management layer, as shown in Figure 1. 
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Figure 1. This is a general concept. 

In the following subsections, all the layers that are part of the design of this system are presented. 

3.1. Experimental layer 

The experimental layer is the layer of the system where all the experiments are located and have 
didactic plants as the main component, as the plants will have the following elements: 
• Manager Element: 

Its primary function is to acquire data from didactic experiments and send them to the data 
exchange module, as well as to indicate the availability of the Remote Laboratory for executing the 
student's experiments. 
• Controller: 

It controls the didactic process by receiving signals from the input elements of the experiment 
through the controller's input module. After these signals are received, they are processed, and the 
processing results are transmitted to the output module to act on the output elements of the didactic 
experiment. 
• Didactic Experiments: 

These are processes designed to develop students' technical skills through practices that 
combine theoretical and practical concepts. The experiments that make up the didactic plant in the 
field of mechatronics generally have inputs and outputs that transmit and receive control signals 
from the controller. The professor can design these experiments according to the technical and 
academic needs of the student's training. 
• Camera: 

The camera of the didactic plant serves as a tool to verify whether the didactic experiments are 
correct or incorrect according to the activity proposed by the professor. This image-based evaluation 
aids in correcting the activities proposed by the professors and helps the students identify areas for 
improvement in their programming and studies. 

3.2. Didactic Twin Layer 

The didactic twin layer is responsible for processing and organizing the data received from the 
didactic plant, storing the professor's experimental data, and correcting the student's activities. This 
layer is divided into three modules: 
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• Learning Algorithm Module: 
When the teacher executes the didactic experiment, a module is responsible for exchanging data 

with Data Exchanged. It stores the professor's digital twin and learns the experiment being performed 
with the help of generative AI. Additionally, it saves this learning as a proposed activity model for 
the student. 
• Assessment Algorithm: 

The module is responsible for searching for the experimental pattern, being the teacher's digital 
twin, and comparing it with the student's execution, called the student's digital twin, and returning 
the student's activity response. The image collected by the experimental camera at the time of the 
evaluation is applied to the classifier to verify whether the response pattern at the end of the activity 
is correct, with the response of a CNN classifier trained to provide this result. 
• Student Dashboard: 

The module is responsible for showing the response data obtained to the student, in addition to 
graph views and the experimental history. 

3.3. Management layer 

The management layer is the system layer responsible for providing a registration area and 
storing data on students, teachers, experiments, and remote labs. This layer is divided into three 
modules: 
• Data teacher: 

The module is responsible for registering, storing, and managing all teacher data, such as 
experiments created, corrections made, registered laboratories, and activity models proposed for 
students. 
• Data Student: 

The module is responsible for registering, storing, and managing student data, such as 
experimental history, errors, labs accessed, and progress. 
• Data Labs 

The module is responsible for registering, storing, and managing laboratory data, such as 
registered labs, educational institutions, and access points. 

3.4. Data Exchanged Module 

The Data Exchanged module is responsible for exchanging data between layers and storing data 
in the database. 

4. System implementation 

The system was implemented to help with correction activities in remote mechatronics 
laboratories and will follow the design shown in the previous section of the work. Therefore, a 
detailed architecture is presented to help us understand the system flow. This detail is presented in 
Figure 2. 
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Figure 2. Detailed system architecture. 

The following subsections present all the implementations of this experimental correction 
system in remote laboratories in the mechatronics area. 

4.1. Implementing the Experimental Layer 

The experiment layer was implemented via the teaching plans of the Industry 4.0 laboratory of 
the Federal University of Amazonas, specifically the teaching plans of the CP-LAB line of the 
company Festo, where a remote access structure was created to use these plans as Remote 
Laboratories. Figure 3 shows the teaching plan that was used and its actual components. 

 
Figure 3. Didactic plan of the remote laboratory. 

The implementation of the elements of the teaching plan will be presented according to the 
conception of the work where the teaching plan has the following elements: 
• Controller: 

In implementing this system, the industrial controllers can be programmable logic controllers—
PLCs, microcontrollers, or computers. Nevertheless, in this teaching plan, the controller will be the 
Siemens S7-1500 PLC, where a mask for Ladder language was developed to facilitate the capture of 
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data sent to the management element regardless of the communication protocol used. Figure 4 shows 
the mask used when the controller is a PLC because, with this device, the activity code generated by 
the student is not modified in its logic. This mask takes all the PLC inputs and outputs and takes their 
signals to known memories, where these memories can be configured to share their states through 
the communication protocols existing in the PLC. For example, in the PLC of this implementation, 
the OPC-UA protocol was used to share the memory data. Figure 4 addresses Ix and Qx, representing 
the possible inputs and outputs in the PLC. 

 
Figure 4. Mask to use in the PLC controller. 

The student's program is inserted into the remote laboratory controller through the management 
layer in the Lab DATA element, where the student uploads it to the area of each experiment, which 
can be in ladder mode for PLCs or Python in the case of PCs and microcontroller platforms. 
• Didactic Experiments: 

A plant called Mag_front was used to implement this system, which is part of the CP_LAB line. 
The Mag_front plant inserts the rear part of the cell phone into the teaching plant's transport cart. 
This plant has sensors and buttons as input elements of the PLC, and the conveyor belt, pneumatic 
actuators, and signaling devices are output elements to be activated by the PLC. Figure 5 shows the 
virtual drawing of the teaching plant. 

 
Figure 5. Didactic plan of the experiment in the implementation of the system. 

• Manager Element: 
The management element was implemented to monitor and capture experimental data through 

the communication protocol selected when registering information in the management layer. In the 
case of this educational experiment, OPC-UA was chosen to capture the data. The management 
element is a software that was implemented to run on the computer in the remote laboratory where 
the experiments are being conducted, checking the data that were modified during the execution of 
the experiment. The architecture of this element works by waiting for changes in the state of the 
inputs and outputs of the educational experiment. For each modification, the data were captured 
effectively, and the execution of the management element was divided into multiple processes, which 
resulted in increased monitoring speed to capture all the data. Figure 6 shows the capture 
methodology designed to meet the rapid state changes in an experiment and the monitoring flow of 
the management element software. 
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Figure 6. Data capture flow in the didactic experiment. 

The manager element stores the information in the temporary database in the form of steps 
according to the changes taking place in the didactic experiment. In this work, the definition of a step 
is the storage of the status of all the inputs and outputs used in the didactic experiment, and each 
change in one of the inputs and outputs is considered a new step and, again, the element stores the 
step. 
• Camera: 

The camera of the teaching plant was implemented with a webcam connected to the computer 
of the remote laboratory. This camera is activated by the didactic twin layer and by the management 
element at each step of the change in state of the experiment. The image of this camera can also be 
viewed by the student at any time to check the execution of the experiment conducted by his/her 
programming. For example, in this application, it can be seen if the back of the cell phone has come 
down from the magazine in the transport car. 

4.2. Implementing the Didactic Twin Layer 

To implement the didactic twin layer, a web application was developed in Python via the 
Streamlit framework, where this application can be accessed by the student to conduct their 
experiments. This application was developed in the following modules: 

4.2.1. Learning Algorithm Module 

To implement learning about how experiments work, the teacher must perform the didactic 
experiment according to the expected solution for the student's task. When the experiment is 
executed by the teacher, the learn didactic experiment button must be clicked so that the algorithm 
responsible for learning begins execution. The algorithm developed in this module is divided into 
two parts: 
• Preprocessing: 

The preprocessing element was implemented to organize the data in the database, where it has 
a temporary table fed by the management element, and when the experiment is running, the data are 
passed to the learning algorithm module, each change in state that occurs, and the entire step must 
be stored. Figure 7 shows the green markings to show the change in the state of IN1 and OUT0, 
generating a new step and the methodology for organizing the data of the input and output signals 
implemented in the preprocessing element. 
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Figure 7. Organizing the data from the educational experiment. 

Figure 7 shows the steps received in the database with the states of all the inputs and outputs of 
the experiment. For each step, weights are calculated so that each step has a value. This value aims 
to facilitate the search for a pattern for the teaching experiment. Based on the transformation from 
binary to decimal, this method was chosen because the digital inputs and outputs of the experiment 
become a large binary number in which zero represents the inactive state and one represents the 
active state of the system. Therefore, for each step captured, the preprocessing element transforms it 
to an integer (Figure 7), facilitating the learning of the experiment by the generative AI. As the steps 
are generated, the preprocessing element stores the time between the previous step and the new step, 
in addition to a photo being captured to complete the digital twin of the teacher's experiment. The 
preprocessing element only finishes capturing data when it reaches a timeout or when the experiment 
pattern element has a response. Figure 8 is the result of the execution of the preprocessing element 
that stores the experimental data. These data were found by repeating steps or by associating the path 
with the correct answer. S stands for step, where the step is formed by the transformed integer of 
each input and each output; that is, it goes from input I1 to In and Q1 to Qn. When the step occurs 
and is different from the previous step Sn, an image is captured, called in (image), where n represents 
the step number and Tn is the time that the step took to execute, where n is the number of steps that 
are occurring. 

 

Figure 8. Preprocessing element results. 

• Experiment Pattern: 
The experiment pattern element was implemented to take the data organized by the 

preprocessing element and insert it into an API to request help from the generative AI, which will 
show the main sequence that occurred most often in the experiment and the variations according to 
the functioning of each activity performed by the teacher. The generative AI algorithm only receives 
the numbers from each step because it performs well in returning the standard sequence and its 
variations. When a pattern from the experiment is returned, this pattern is called the digital twin of 
the teacher's experiment. For the experimental pattern to be returned, the following question was 
passed to the generative AI API: what is the main pattern of the sequence below? Before this question, 
a numerical sequence that has a pattern will be passed. Figure 9 shows the data that were organized 
by preprocessing and the return given by the API via the generative AI. 
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Figure 9. Return of Generative AI. 

In this element, the teacher also selects images to train a classifier of the results of the student's 
activity. A classifier was implemented via the YOLOv8 architecture to serve as a double check on the 
correctness of the experiments, but for the classifier to be trained, the teacher must classify the photos 
according to his or her experience of right or wrong. Figure 10 shows the screen for the teacher to 
classify the images that were trained automatically. 

 
Figure 10. Image classification environment of the experimental classifier. 

4.2.2. Assessment Algorithm Module: 

The evaluation algorithm module was developed to monitor and evaluate the students’ 
experiments based on the teacher's digital Twin. This application was divided into two elements: 
• Assessment experiment: 

The assessment experiment element occurs when the student starts running the experiment. The 
student's program is inserted into the experiment by clicking the Start My Experiment button, and 
the application begins checking the differences between the teacher's and student's solutions. 
However, to obtain the student's solution, it is necessary to use the same process as the teacher's 
experiment: capture the data from the management element, pass it through the learning algorithm, 
and finish with the pattern returned by the generative AI API. In this correction process, the digital 
twin data from the teacher's and the student's experiments are initially saved in .txt files to be later 
uploaded to the database. This procedure occurs because of the speed of the input and output signals 
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when executed in the experimental process. These files also serve as a backup in case of latency in 
communication with the database and are saved on the local machine of the remote laboratory. This 
application works with three files: one being the correction template (digital twin of the teacher for 
that experiment), the current correction file (student experiment), and a response file. Number 1 (one) 
is stored for equal steps in the response file, and 0 (zero) is stored for each difference; these files are 
uploaded to the database in table form. Figure 11 shows how the experimental correction 
methodology was applied, where TS stands for the teacher step, SS for the student step, and ER for 
the experimental result; all steps are integers that were taken from the AI generative return pattern 
and were compared only, and the response was inserted into the database table to be available for 
the next element. 

 
Figure 11. Element Assessment Experimental Methodology. 

• Assessment Results: 
The Assessment Result element was implemented to come into action when the student clicks 

on the Assess My Experiment button. Then, the experimental response data is collected and prepared 
to show to the student. First, this element checks the response table created by the assessment 
experiment, capturing the differences between the experiments and organizing the images of the 
steps according to the correctness of the experiment. If there are errors, the images of the incorrect 
Steps are retrieved and presented to the student as a form of learning. In addition, red is inserted for 
each incorrect step in the response table shown to the student. If there are correct answers, green is 
inserted for each correct step in the response table. Figure 12 shows the student response screen 
created by the assessment results element. It presents a table with each step, with a column with the 
student's and teacher's data and the colors and words correct and incorrect as a result, in addition to 
presenting the steps in which the student got wrong. 
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Figure 12. Assessment results element screen. 

This correction becomes complete when the formation of the didactic twin is finished. This 
didactic twin stores the characteristics of the student's digital twin, the execution images of the 
student's experiment, and the student's monitoring data. This didactic twin can evolve into a 
comprehensive learning report for the student, which will be incredibly useful for the course teacher 
or educational institution's decision-making. All this information will be available on the Student 
Dashboard module. 
• Data Exchange Module: 

This module was implemented to meet all requests from modules part of the didactic twin layer 
to access database information. All methods were implemented to select, update, insert, and delete 
operations on the system database tables. 

4.2.3. Student Dashboard Module: 

The Student Dashboard module was developed to monitor students' experiments, showing their 
performance in each experiment, their profile, and their history of progress in the activities indicated 
by the teacher. For each experiment, information was made available through graphs created to 
present the student's performance, showing the attempts of the experiment, the number of errors, 
which Steps the student managed to get right in all attempts, and the accuracy of the last experiment. 
Figure 13 shows the graphs available to the students. 

 

Figure 13. Student Dashboard module screen. 

4.3. Implementing the Management Layer 

An application comprising the Web interface and the didactic twin layer was developed to 
implement the management layer. The teacher and the student can also access it, but its primary 
purpose is to manage all the registrations and updates in the system. Therefore, this application was 
developed with the following modules: 

4.3.1. Data Teacher Module: 

The Data Teacher module was developed to register and manage information that is the teacher's 
responsibility, such as data on educational institutions, laboratories, and their experiments. These 
data are part of the teacher's profile. From the registration, it is possible to check the status of each 
laboratory registered in this system. Figure 14 shows the screen of the laboratories registered by the 
teacher and their respective statuses, where green means it is ready for use, yellow means it is 
currently occupied, and red means that the laboratory is not in operation. For each laboratory, a table 
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is created with the information stored in the database. For example, each laboratory is linked to an 
educational institution and has an access point to establish communication between the laboratory 
and the laboratory. 

 
Figure 14. Data Teacher module screen. 

4.3.2. Data Student Module: 

The Data Teacher module was developed to register and manage the information that is the 
student's responsibility. First, the student must enter their personal information to enter the system 
and have a registered profile. After registering, the student can check the inputs and outputs of each 
laboratory and the status of each input and output. 

4.3.3. Data Labs Module: 

The Data Teacher module was developed to register and manage laboratory-specific 
information, such as the laboratory's name, operating hours of the experiments, how many 
experiments there are, type of communication protocols, and description of the experiments. Figure 
15 shows the home page of the laboratories registered and available for remote experiments. 

 

Figure 15. The home screen of the Data Lab module laboratories. 

5. Results and tests 

The scenario created to evaluate this system followed the following steps: 
•1st Step: 

A teaching plant from the Industry 4.0 Laboratory of the Federal University of Amazonas called 
CP-LAB was used. This plant has six modules that form a teaching process for producing cell phones 
(Figure 4). Only the process of inserting the back cover of the cell phone was used to evaluate this 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 December 2024 doi:10.20944/preprints202412.1147.v1

https://doi.org/10.20944/preprints202412.1147.v1


 17 

 

system. Figure 5 shows a scenario called CPLAB_Magfront. This experiment uses a conveyor belt to 
carry the transport pallet, a parts storage unit, a mechanism to carry out production, and sensors to 
indicate the start and end of the process conveyor belt. The back cover is inserted into the parts 
storage unit to begin the cell phone assembly process. 
•2nd Step: 

Through the management layer, the teacher registered a teaching plan in the system called 
CPLAB_Magfront. This registration inserted the inputs and outputs of the teaching plan, 
communication endpoint, and experiment. The teacher created the experiment Teste_magfront. 
Among the registered information, it is necessary to pay special attention to whether the laboratory 
endpoint and the inputs and outputs were inserted correctly for the proper functioning of the activity 
developed by the teacher. After registration, the teacher must execute the proposed experiment and 
click the learning experiment button. 
•3rd Step: 

Neste momento, a aplicação do elemento gerenciador inicia no acompanhamento do 
experimento para realizar a captura dos passos, que verifica as mudanças de estado de cada entrada 
e saída cadastrada para salvar os passos da execução. A cada passo salvo é coletado o tempo do passo 
anterior para o próximo passo, além de ativar a aplicação de captura de imagens. Esse aprendizado 
formar o digital Twin do experimento do professor e as informações foram armazenadas num 
arquivo .txt e no banco de dados como template do experimento do professor para do 
Teste_magfront. 
•4th Step: 

At this point, the application of the management element starts monitoring the experiment to 
capture the steps, which checks the changes in the state of each registered input and output to save 
the execution steps. With each saved step, the time from the previous step to the next step is collected, 
in addition to activating the image capture application. This learning forms the digital twin of the 
professor's experiment, and the information is stored in a .txt file and the database as a template for 
the professor's experiment for Teste_magfront. 

The results of the tests performed will be presented according to the functioning of the two 
programs to verify whether the system can learn the experiment according to the teacher's proposal, 
forming the digital twin of the teacher's experiment and if the correction of the student's experiment 
performed by the system is correct in comparison with the experiment conducted by the teacher. 
Initially, the learning of the teacher's experiment was verified; in this learning, two APIs were 
evaluated, one from Gemini and another from the GPT chat. Both methods did not yield reliable 
results when the input and output values were entered directly to find a pattern; at this point, they 
were evaluated numerous times, and all had the same behavior. Then, it was necessary to input the 
preprocessing element so that the numbers could be transformed into integers and later applied to 
the APIs. This methodology detected no errors in finding a pattern for the experiment via the GPT 
chat API. For the correction of the students’ experiment, it was verified that the comparison was 
satisfactory because the learning was correctly executed. 
• Correct program: 

The learning was carried out via the teacher's program, so the correct program was executed to 
simulate the student's program, remembering that the teacher must register the activity by informing 
the student of the activity's instructions; for example, the treadmill must be turned on, the stop 
actuator must be activated when the transport car reaches the stop, and the back cover of the cell 
phone must be injected and then continue with the cover. Figure 16 shows that the student data and 
teacher pattern columns are the same in all steps, so the experiment is correct. 
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Figure 16. The screen shows the correction of the experimental evaluation with the correct program. 

• Incorrect program: 
Since the incorrect program was made for the same experiment, the standard that already 

existed for the activity of this experiment was used, so the incorrect program was executed to 
simulate the student's program, remembering that the experiment was already registered, and the 
same experimental statement was used. Then, the incorrect program was executed; this operation 
was programmed so as not to inject the back cover of the cell phone. Figure 17 shows the incorrect 
steps and the images with each incorrect step of the student's experiment, where Steps 3, 4, 5, 7, 8, 
and 9 are incorrect, and the comparison table shows which input or output is erroneous at step 4. In 
this example, the sensors were not activated because there was no command to inject the back cover 
of the cell phone. 

 

Figure 17. The screen shows the correction of the experimental evaluation with the incorrect 
program. 

6. Discussion 

The results of this work are essential for verifying that it is possible to integrate technologies 
such as digital twins, convolutional neural networks, and generative AI to correct didactic 
experiments in the mechatronics area. With digital twin technology, the capture of experimental data 
needs to be performed as quickly as possible because of the speed of the actuators and sensors, so the 
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application of the management element was developed in multiprocessors to reduce the latency time 
in data capture. The methodology was a critical point because, in the initial tests, the input and output 
signals were sent directly to the generative AI API, and the return was not satisfactory, so the process 
of using integers to find the experimental pattern was necessary. With the pattern found by 
generative AI, it is possible to compare what was developed by the teacher with the student's 
experiment. It was verified that the tests performed met the correction of didactic experiments with 
digital inputs and outputs, but they were not evaluated with analog input and output experiments. 
Therefore, it is possible to perform these tests and investigate other experimental correction APIs via 
LLM for future work. 

7. Conclusions 

The system proposed in this article achieved its objective, as a test experiment was developed to 
simulate the students' programs, a correct program and an incorrect program that verified whether 
the architecture of this system could help in the automatic correction of experiments in remote access 
laboratories. This system was developed through layers—all layers communicated via a database. 
Nevertheless, this data exchange was essential so that the data from the experiments could be 
analyzed by algorithms that process the data acquired by the experiment layer and then processed 
by the didactic twin layer. The responses and support for these activities are in the management layer. 
In this work, a concept called the didactic twin was also created; this element is nothing more than 
each step of the experiment plus the duration of the step and an image at the time of the step. With 
the didactic twin, it was possible to automatically correct students' experiments by taking the steps 
of the experiment and transforming these steps into an easier way for the generative AI to find the 
pattern of the experiments, even if the experiment had more than one solution in the processes of the 
Mechatronics area. 

The system developed is a proposal that aims to evaluate the result of an experiment and the 
entire path that the student developed to reach the definitive answer. Therefore, this architecture is a 
tool that helps us correct the teachers' experiments automatically. The functioning of this architecture 
with three layers facilitates understanding, helps in the organization of the experiments, and 
contributes to the evaluation process in the remote laboratories of the Mechatronics area. The digital 
twin of the teacher's experiment and the functioning of the student's experiment are compared to 
verify whether the correction is correct or incorrect. However, the teacher can still choose the most 
significant step of the correction to classify the experiment. 

The significant contribution of this article was the development of a system capable of helping 
in the correction of experiments, and that avoids possible data in which the generative AI API finds 
a pattern; this pattern is the learning of the experiment and can always be used when the student is 
going to correct the experiments without the need for the teacher to be present to carry out the 
correction. 
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