

		
TITLE:  
Simulation of a Scaled Assembly Process with Collaboration of a Robotic Arm and Monitoring through a Vision System for Quality Control

AUTHORS AND AFFILIATIONS: 
Lisaura Walkiria Rodriguez Alvarado1, Brenda Lorena Flores Hidalgo1,2, Jesus Jaime Moreno Escobar3*, Jesus Loyo Quijada1

1Departamento de Sistemas, División de Ciencias Básicas e Ingeniería, Universidad Autónoma Metropolitana, Unidad Azcapotzalco, 02128 Ciudad de México, México
2Escuela Superior de Ingeniería Mecánica y Eléctrica, Unidad Zacatenco, Instituto Politécnico Nacional, 07340 Ciudad de México, México
3Centro de Investigación en Computación, Instituto Politécnico Nacional, México

Email addresses of the co-authors:
Lisaura Walkiria Rodriguez Alvarado (lwra@azc.uam.mx) 
Brenda Lorena Flores Hidalgo (blfh@azc.uam.mx and blflores@ipn.mx) 
Jesus Loyo Quijada (lqj@azc.uam.mx)

Corresponding author:
Jesus Jaime Moreno Escobar (jmorenoe@ipn.mx and jmorenoe@cic.ipn.mx) 

KEYWORDS:
Collaborative robotic arm, vision system, manufacturing, simulation, Statistical Process Control, quality.

SUMMARY:
Here, we present a protocol for the simulation and monitoring of a scaled semi-automated assembly process, through the collaboration of a collaborative robot and verification via a computer vision system for quality control.

ABSTRACT:
[bookmark: _Hlk203743074]This protocol describes the semi-automated simulation of a scaled production line for assembling an educational worm gear set, using a collaborative robotic arm and a computer vision system to monitor product quality by evaluating two main criteria: shape and color. The objective of this study is to generate consistent and reliable data to assess the capability, stability, and conformity of the process according to customer specifications. The protocol provides a clear methodological framework for collecting and analyzing key indicators through Statistical Process Control (SPC), using capability indices, such as process capability (Cp), process capability index adjusted for centering (Cpk), upper process capability (Cpu), and lower process capability (Cpl), and graphical tools such as histograms and control charts. These enable the identification of deviations and trends in critical product characteristics. The results of the shape evaluation indicate that the automated process is under statistical control, although with a tendency toward the upper specification limit, suggesting the need to adjust the process mean. In contrast, the color evaluation reveals greater variability, low capability (Cpk = 0.539), and points outside control, indicating instability that requires immediate corrective actions. Based on these findings, it is recommended to implement corrective actions to reduce color variability, such as stricter control of inputs, standardization of lighting conditions, and review of operational methods. In general, the results reinforce the importance of integrating automated technologies with statistical tools such as SPC to identify critical deviations, optimize processes, and ensure product conformity. This synergy between automation and statistical analysis forms a key pillar to maintain competitiveness in increasingly demanding industrial environments. In addition, this protocol provides a solid foundation for implementing improvements in real production lines.

INTRODUCTION: 

Rapid advancement of automation in industrial processes has led to a significant transformation in manufacturing systems. This evolution has significantly improved critical areas, including operational efficiency, cost savings, process standardization, and product quality optimization1. In this context, technological advances have driven the implementation of more complex and specialized solutions, capable of meeting the demands of increasingly agile, precise, and adaptable production2.

One of the most significant advances in this new industrial era is the incorporation of collaborative robots, known as cobots. These devices represent an evolution of traditional industrial robotics, as they are designed to work safely and efficiently alongside human operators in shared environments3-5. Their collaborative nature not only enhances the flexibility of production processes but also increases safety levels in operations, as they are equipped with advanced sensors that enable controlled interaction and environmental awareness6.

Within the framework of Industry 5.0, which encourages a harmonious blend of intelligent automation and human contribution, cobots are becoming essential tools for advancing human-centered manufacturing7. Rather than replacing workers, these systems are designed to increase their skills by efficiently handling repetitive tasks with high precision and flexibly adjusting to shifts in the production environment8, thereby fostering a more integrated and effective work model.

Their versatility allows them to be applied in various industries, such as automotive assembly, logistics, footwear manufacturing, medical devices, and more, where they contribute to improving productivity and process quality9,10. This collaborative dynamic has redefined production systems and presents new challenges in terms of training, technological adaptation, and process redesign7.

In this context, this paper describes the design and implementation of a scaled-down assembly line developed around an educational set of worm gears. This type of line represents a reduced and functional version of an industrial production line, conceived for didactic purposes to simulate, in a controlled manner, the processes, flows, and operations typical of a real manufacturing environment11. 

It is a physical and operational setup that allows for clear observation of production dynamics, testing of automated technologies, and the application of quality assurance methodologies while minimizing the risks and costs associated with direct experimentation in industrial plants. This approach provides a valuable educational tool and a preliminary validation platform for solutions such as collaborative robots and vision systems, supporting strategic decision-making in automation, continuous improvement, and operational efficiency11. 

[bookmark: _Hlk203747004]A key factor for the successful automation and integration of cobots is the implementation of vision-based quality control systems. Equipped with high-resolution cameras, vision systems allow collaborative robots to accurately perceive and interpret their surroundings, delivering detailed visual data for object recognition, anomaly detection, and autonomous navigation12. In some instances, these systems function as complete solutions, while in others, they can be customized to work in combination.
 
One of the most important applications of this type of collaborative robots is quality control, where these systems enable the early detection of defects on production lines. Real-time anomaly detection allows for the timely removal of defective parts, thus avoiding the costs associated with rework, material waste, or customer complaints13. This capability for continuous and non-invasive inspection ensures greater consistency in product quality and strengthens process traceability.

[bookmark: _Hlk203747027]The systematic integration of these technologies enables collaborative robots to effectively sense, comprehend, and react to their surroundings, enhancing their autonomy and operational performance14.

Recent studies have shown that the combination of quality control using cameras and collaborative robots not only reduces human errors but also improves process reliability, increasing precision in critical assembly and verification tasks15. This synergy enables higher levels of control, adaptability, and efficiency, which are essential in modern industrial environments characterized by mass customization and production on demand16.

The use of these technologies requires a comprehensive approach that includes continuous real-time data monitoring and the use of quality indices to enable informed decision-making. Tools such as statistical process analysis provide a robust platform for continuous improvement, ensuring that companies can adapt to market changes and maintain high levels of competitiveness in the long term16.

The implementation of a semiautomated cobot and computer vision system on a scaled assembly line offers significant advantages over traditional quality control methods, both manual and fully automated. Unlike manual inspection, which is heavily dependent on the perception, experience, and physical condition factors of the operator that can lead to errors due to fatigue or prolonged working conditions17, this approach ensures a consistent, objective and precise evaluation by eliminating human variability18.

Unlike fully automated robotic inspection systems, which are often rigid and expensive to adapt, cobots provide greater flexibility thanks to their learning-by-demonstration capabilities and ease of reprogramming19, which is particularly useful in environments with high product variability. Furthermore, by integrating computer vision, the system significantly improves visual inspection accuracy and enables the detection of defects that might go unnoticed in manual reviews10. Unlike isolated solutions, it combines perception and action, as the cobot responds in real time to detected deviations.

Another key difference is the pedagogical and training approach offered by this scaled assembly line: beyond validating a technical process, it also helps train operators in digital and industrial skills, preparing workers to face the challenges of Industry 5.020,21.

This article explores the integration of an automated assembly process using a collaborative robot UR322, together with a CV-X vision system23. The assembled product is a scale industrial model called KanbUAMito, a “worm gear educational set” that represents a transmission system composed of a worm and a worm gear, also known as a speed reducer as shown in Figure 1. This model features six different configurations, which are detailed in Table 1.

[Place Figure 1 here]

[Place Table 1 here]

This study highlights the impact of this technological integration on improving operational efficiency, early defect detection, and product quality consistency. In addition, it analyzes the strategic implications of its implementation within the Industry 5.0 framework, emphasizing how collaboration between humans, collaborative robots, and intelligent systems can enhance the development of continuous improvement strategies focused on flexibility, customization, and sustainability of production processes.

PROTOCOL: 

This document outlines the simulation protocol designed to semi-automatically replicate a scaled production process using a collaborative robotic arm. The process is monitored to verify whether the assembly has been completed correctly or contains errors. The protocol is structured into two main stages: i) execution of the operations required to carry out the assembly with the support of the robotic arm (Sections 1–3); ii) configuration of the computer vision system used to monitor and verify the assembled component (Sections 4–8). 

1. Initial assembly condition

1.1. Activate the equipment required for the execution of the protocol, which is detailed in Table of Materials.

NOTE: The protocol is carried out on a distributed assembly line as shown in Figure 2. 

[Place Figure 2 here]

1.2. Organize the necessary parts for assembly on the replenishment tray, following the layout shown in Figure 3. 

[Place Figure 3 here]

2. Programming and operation of the collaborative robot

2.1. Programming of a collaborative robot

2.1.1. Position the robotic arm at its initial location. Use the following coordinates: X = 465.84 mm, Y = 71.87 mm, and Z =-308.31 mm.

2.1.2. Enter the programming sequence according to the tree diagram shown in Figure 4.

[Place Figure 4 here]

2.2. Automatic assembly

2.2.1. Wait for the cobot to begin the assembly sequence by picking up the bottom part of the box and moving it to the assembly point.
[bookmark: _Hlk203749470]
NOTE: The robotic arm has a maximum payload capacity of 3 kg and maintains a consistent precision of 0.03 mm. A collaborative gripper is used, which allows the adjustment of applied force and closing distance, custom-made to the size of each component involved in the assembly process.

2.2.2. Next, the collaborative robot picks up the worm and places it in the corresponding position within the assembly.

2.2.3. The robot then takes the worm gear and assembles it on top of the box.

NOTE: This assembly method was designed to prevent breakage or damage to the worm gear. Facilitates handling by the operator and contributes to higher quality in the assembly process.

2.2.4. Once these subassemblies are completed, wait for the robotic arm to transfer them to the manual assembly area, where an operator will continue the process (Figure 5).

[Place Figure 5 here]

2.3. Manual assembly

2.3.1. In the manual assembly area, have the operator take the subassembly placed as shown in Figure 6 and perform the assembly following the sequence of operations detailed in Figure 7.

[Place Figure 6 here]

[Place Figure 7 here]

2.3.2. Upon completion of the manual assembly, ensure that the assembled part is placed vertically on the tray, ensuring that the worm is oriented toward the back (Figure 8).

[Place Figure 8 here]

3. Transport to the conveyor belt

3.1. Position the cobot to grasp the finished assembly.

3.2. Once secured, allow the cobot to transfer the final product to the conveyor belt, as close to the sensor as possible, allowing it to be inspected by the vision camera.

NOTE: Assembly steps 3.1–3.4 correspond to the programming sequence highlighted in red in Figure 4.

4. Initial conditions of the camera and software

4.1. Enable the interface of the computer CV-X series simulation software and activate the Configuration mode to edit the inspection tools.

4.2. In the upper left corner, click on the Camera set up option and select the CA-035C model, with a resolution of 640 x 418 in progressive mode, the sensitivity set to 2.4, the shutter speed at 1/15 ms, enable Flash 1, select the DC40E lighting model, and finally click OK (Figure 9).

[Place Figure 9 here]

[bookmark: _Hlk203749434]NOTE: The camera offers two progressive scan resolutions: 512 x 418 and 640 x 418 pixels. The higher resolution was chosen for better adaptation and image quality. The sensitivity was set to 2.4 (on a scale of 1 to 7) to maintain good image quality, avoiding decreases in clarity with higher sensitivity. The shutter speed is 1/15 ms, slow to allow light to enter, which is ideal for low-light conditions.

5. Evaluation of features

5.1. Evaluation of worm shape characteristics

5.1.1. Tool setup and image registration reference

5.1.1.1. From the interface, enable the option Add Tools and select the ShapeTrax3 function from the Function List category, then click Add.

5.1.1.2. Once the tool is selected, it will prompt to register a reference image (a reference image corresponds to a well-built image). To do this, click on the Ref. Image icon in the top right corner, then select Register Image and click Execute to capture the image. Next, choose the image format BMP and click Save.

NOTE: At this point, a good part is defined as one in which, once the box is assembled, the worm protrudes from the upper left side of the box.

5.1.2. Worm parameter configuration

5.1.2.1. Select the Search Region option; a blue box will appear, which defines the search area. Select Ok. Confirm that this blue box covers the image of the part selected in Step 5.1.1.2.

5.1.2.2. Select the Pattern Region option to adjust the pattern region and achieve the greatest possible similarity to the reference. To do this, choose the Polygon shape, outline the perimeter of the part, and select Ok.

5.1.3. Judgment conditions for the worm

5.1.3.1. In the Judgment Conditions option, set the percentage of match with a maximum limit = 99.99% and a minimum limit = 70%, then select Ok.

5.2. Evaluation of worm gear shape characteristics

NOTE: To evaluate the shape characteristics of the worm gear, repeat Steps 5.1 and 5.1.2.1. 

5.2.1. Worm gear parameter configuration

5.2.1.1. Select the Pattern Region option to adjust the pattern region and achieve the greatest similarity to the reference image. To do this, choose the shape Circle, mark the perimeter of the worm gear, and select Ok.

5.2.2. Judgment conditions for the worm gear

5.2.2.1. In the Judgment Conditions option, select the Count mode and set the limits of minimum and maximum values to 1, then click OK.

5.3. Evaluation of worm and worm gear position characteristics

NOTE: To evaluate position characteristics, repeat step 5.1.1, and in the Position Adjustment category, select the Profile Position function.

5.3.1. Configuration of product parameters

5.3.1.1. Follow step 5.2.1.1, but this time select the Rectangle shape.

5.3.2. Judgment conditions for the product

5.3.2.1. Set the maximum limit to 99.99% and the minimum limit to 60%.

6. Detection of colors 

6.1. Judgment conditions for the worm

NOTE: To evaluate the worm's color detection feature, it is necessary to repeat the steps from step 5.1.1.1, and within the category Count, select the Cluster function. A new reference image must also be registered using step 5.1.1.2, specifically including the colors that the tool will detect. Then, repeat steps 5.1.2.1 and 5.1.2.2 but select the Rectangle shape to isolate the worm segment protruding from the box.

6.1.1. Select the Mask Region option, choose the Rectangle shape, outline the red edge of the part to exclude this color during selection, and click Ok.

6.1.2. Click Extract Colors | Color to Binary. When using the dropdown icon, click Choose.

6.1.3. Click several times on the worm area to extract the color. Successful selection is confirmed when a yellow highlight appears in the selected area, as shown in Figure 10.

[Place Figure 10 here]

6.1.4. Set the judgment conditions with a maximum limit = 1 and a minimum limit = 0.

6.2. Judgment conditions for the worm gear

NOTE: To evaluate the color detection feature of the worm gear, it is necessary to repeat the steps in step 5.1.1.1, and, under the category Count, select the Cluster function. A new reference image must be registered with the colors that the tool is intended to detect, as described in step 5.1.1.2. Then, repeat steps 5.1.2.1 and 5.1.2.2, with the difference that the Circle shape should be selected to isolate the segment of the worm gear protruding from the box.

6.2.1. Select the Mask Region option, choose the Rectangle shape, and outline the red edge of the part to exclude this color during selection. Click Ok.

6.2.2. Click Extract Colors | Color to Binary. Click on the eyedropper icon and select the Choose option.

6.2.3. In the worm gear figure, click several times to extract the desired color. Proper selection is confirmed when a yellow overlay appears over the selected area.

6.2.4. Set the judgment conditions with a maximum limit = 1 and a minimum limit = 0.

NOTE: Steps 6.1 and 6.2 must be repeated for all color combinations of the worm gear box.

7. Preparation of camera and software conditions for operation
 
7.1. Enable the interface of the program CV-X Series Simulation Software from the computer and activate the mode Switch to Run Mode. Then, select the Utility icon and click on the I/O Monitor option.

7.2. Enable the terminals that connect the camera controller to the cobot controller. For this case, enable the following OUT terminals: F_OUT3 (RUN), OUT3 (CMD_READY), OUT4 (READY1)

7.3. From the software interface, select the Output icon and, in the Overall Status section, enable all the tools established in sections 4, 5, and 6.

8. Acquisition of simulation results

NOTE: When the motion sensor detects the product, the conveyor belt stops and a photo is taken to carry out the inspection process using the parameters established in sections 4, 5, and 6.

8.1. Enable the software interface from the computer and activate the Switch to Run Mode. Then, select the Utility icon and click on the Statistics option. Choose the type of graph to be reviewed, for example, a trend graph or histogram, which allows for a quality analysis and supports decision-making based on data management by the new process manager (Figure 11).

[Place Figure 11 here]

REPRESENTATIVE RESULTS: 

This document presents a protocol for the semi-automated simulation of a scaled model of a production process using a collaborative robotic arm. The quality of the final product is evaluated through a computer vision system that inspects critical features of the assembly.

An essential tool for identifying and analyzing potential failures in a production process is Statistical Process Control (SPC), which is based on the application of statistical methods aimed at monitoring and controlling a process, thereby ensuring optimal performance and product conformity. Its primary objective is to keep the process stable and predictable, maximizing the production of in-spec parts while minimizing waste24.

The quality assessment of a process requires, as a preliminary step, the definition of nominal values and tolerance ranges, since specifications may vary depending on the type of product. To quantify this capability, one of the most commonly used indicators to quantify this capability is the Process Capability Index (PCI), which includes metrics such as Cp (Process Capability), Cpk (Process Capability Index adjusted for Centering), Cpu (Upper Process Capability), and Cpl (Lower Process Capability). These indices help determine whether a process can consistently meet established requirements25-27.

Among the fundamental tools of SPC are control charts, which allow for the visualization of the process mean, its variability, or both. These charts are essential for decision-making aimed at continuous quality improvement and strengthening customer confidence28. In addition, the histogram is another valuable tool, as it helps to identify the central tendency of the data and detect potential distribution biases29.

In this study, the quality control process aims to analyze the color and shape characteristics of the product shown in Figure 1. During the assembly simulation, two fundamental aspects are evaluated: first, color, verifying that the color combinations match those established in Table 1; and second, shape, ensuring that the gear box components are arranged according to the distribution indicated in Figure 1.

Evaluation of shape
The initial analysis performed by the vision system, using a shape histogram shown in Figure 12A, reveals that the manufacturing process meets established specifications; however, most of the parts tend to fall above the nominal value. Despite this slight deviation, the data distribution is normal and acceptable, suggesting that the process is under statistical control and suitable for producing compliant parts.

[Place Figure 12 here]

In terms of capability, strong performance is observed towards the lower specification limit (Cpl = 1.483), while proximity of values to the upper specification limit (Cpu = 0.599) significantly reduces overall process capability (Cpk = 0.599). This indicates that the process is off-center, with a higher risk of nonconformity. Consequently, it is recommended to adjust the mean of the process to move it away from the upper limit to improve the stability of the process and the quality of the product, as shown in Figure 12B.

With respect to the control chart for this variable, most of the data points are concentrated above the mean, showing a tendency toward the upper specification limit. This suggests that the process is capable and stable with respect to meeting the upper limit. At the beginning of the sample, a pattern of increasing instability is observed, possibly due to the initial adjustment of the measurement system. In the intermediate stage, an atypical variation appears, caused by a defective part that temporarily altered the process behavior. Finally, Figure 12C shows that, in the last segment, a stable and sustained trend is observed within the upper limit, indicating that both the manufacturing and measurement processes were properly adjusted.

Color evaluation
Figure 12D shows that the color histogram indicates that the manufacturing process meets the customer's specifications only marginally, since the measurements are very close to the tolerance limits. The high dispersion of the data reflects considerable variability, and the presence of two normal distributions skewed toward the extremes reveals instability in the process behavior. Although the process shows some capability, it is not statistically stable, increasing the risk of producing parts outside the specification. Therefore, it is recommended not to accept the evaluated parts and proceed with process optimization.

Figure 12E illustrates that the process is approximately centered, as the Cpu and Cpl values are similar; however, it exhibits excessive variability, reflected in a low Cpk index of 0.539. This implies a high probability of defects both above and below the specification limits. To improve this situation, it is necessary to implement actions aimed at reducing variability, such as preventive maintenance of machinery, strict control of inputs, and review of operating methods.

Finally, Figure 12F shows marked instability with high variation and numerous points of failure in the control, highlighting the urgent need for process intervention.

FIGURE AND TABLE LEGENDS:

Figure 1: Components of the Kanbuamito device. Different components that make up the final product to be assembled.

Figure 2: Assembly line layout. The assembly line is composed of four main sections: (A) the area where the product assembly process takes place; (B) the conveyor belt that transports the piece once assembly is completed; (C) the zone where the vision system responsible for inspecting the quality of the final products is installed; and (D) the space designated for the analyst to interpret the results obtained through the vision system.  

Figure 3: Initial layout of the pieces for assembly. Initial arrangement in which the components that make up the product must be placed before starting the assembly process.

Figure 4: Cobot programming sequence. Order of instructions that must be loaded into the collaborative robot. (A,B) The first and second parts of the programming sequence, respectively.

Figure 5: Sequence of movements of the collaborative robot in the automatic assembly. Cobot performs the following series of actions: (A) picks up the base and places it on the jig; (B) then picks up the spindle and positions it on the base; (C) positions the cover on the jig and then the gear; and (D) finally deposits the assembled base and gear on the jig for the subsequent manual assembly.

Figure 6: Operator pick-up point for manual assembly. Layout in which the completed subassemblies must be placed before the operator begins the manual assembly. (A) Subassembly 1 is placed in this area, and (B) in this zone, subassembly 2 is positioned.

Figure 7: Manual assembly sequence of operations. The operator performs the following sequence of operations: (A) picks up subassembly 2, (B) picks up subassembly 1, (C) positions subassembly 2 on top of subassembly 1, (D) presses both components to close the device, and (E) places the final product on the jig. 

Figure 8: Final product on the jig. The correct position in which the final product must be placed on the jig before being transported to the conveyor belt.

Figure 9: Initial conditions of the vision system. Initial parameters that must be configured in the vision system. Each of these settings is highlighted in red for easy identification.

Figure 10: Worm overexposure. The vision system detects the spindle. Successful selection is confirmed when a yellow frame highlights the selected area.

Figure 11: Selection of Statistical Process Control. The area highlighted in red indicates the icon to select to access the Statistical Process Control after the simulation run.

Figure 12: Results obtained from Statistical Process Control. (A,D) The histograms generated after the simulation run; (B,E) present the process capability indices; finally, (C,F) display the control charts corresponding to the simulation.

Table 1: Possible combinations of the product to be assembled. Different combinations of the final product, which vary according to the colors used in the various components that make it up.

Table 2: Common issues and solutions. Common issues and the corresponding solutions encountered during the execution of the protocol.

DISCUSSION: 

[bookmark: _Hlk203663492]In today’s competitive global market, continuous improvement and adaptability are essential for a company to maintain its competitiveness and ensure its survival. Therefore, it is crucial to exceed customer expectations by consistently delivering quality products on time and at competitive costs29.

[bookmark: _Hlk203750358]Scaled simulation of production processes, using advanced technologies such as collaborative robotic arms and artificial vision systems, represents a valuable tool to identify areas for improvement and respond to current market demands. The semi-automated system that combines a collaborative robot with artificial vision in a scaled assembly line offers clear advantages over traditional quality control methods, both manual and fully automated. Manual inspection relies heavily on human factors such as perception and fatigue, which can lead to inconsistent results17,18. In contrast, this approach provides a continuous, objective, and precise evaluation, eliminating human variability.

Unlike fully automated robotic inspection systems, which tend to be rigid and costly to adapt, cobots offer greater flexibility through learning by demonstration and easy reprogramming, allowing quick adjustments without long downtimes19. This makes them well suited for dynamic production environments.

Furthermore, by integrating artificial vision, this system significantly improves visual inspection accuracy and enables the detection of defects that might go unnoticed during manual reviews18. Unlike isolated vision systems, this approach links perception and action, with the cobot responding in real time to inspection feedback.

Additionally, the scaled assembly line serves as a training platform to develop digital and industrial skills needed for Industry 5.020,21. The cobot plus vision system surpasses manual methods in precision and consistency and offers greater flexibility and collaboration than other automated solutions, making it an innovative and scalable quality control approach.

The results obtained in this study show that, while automation through the robotic arm facilitates an important part of the process, the human factor continues to have a direct impact on product quality. This makes its participation and collaboration with machinery indispensable to achieving effective optimization of results.

Statistical analysis applied through SPC revealed that, although some process parameters are within acceptable limits, there are significant deviations that affect both the capability and stability of the process.

These findings highlight the importance of adjusting the process and establishing conditions that improve both the stability and the quality of the product. In practice, these indicators can guide the production department in identifying and correcting procedural deficiencies, thereby better meeting customer demands.

Regarding the scaled simulation of the assembly process of the worm gear educative set developed in this study, the shape evaluation reveals, as shown in Figure 12A, that the automated process with the robotic arm is under statistical control. However, most data points are concentrated above the nominal value. As shown in Figure 12B, the capability index values indicate off-center process behavior, with greater proximity to the upper specification limit, increasing the risk of non-conformity. To counteract this situation, it is recommended to adjust the mean of the process. The control chart illustrated in Figure 12C reinforces this interpretation, as it reflects instabilities at the beginning, a punctual alteration caused by a defective part in the intermediate stage, and a sustained stabilization toward the end, suggesting adequate adjustment in both manufacturing and measurement systems.

However, color evaluation reveals even greater challenges. The histogram presented in Figure 12D shows a high dispersion of data and the presence of two distributions skewed toward the extremes, reflecting significant instability and variability. This situation is confirmed in Figure 12E, where the capability index values (Cpk = 0.539) indicate a high probability of defects above and below the specification limits. Finally, Figure 12F shows a control chart with multiple points outside the limits, demonstrating a process outside of statistical control that requires urgent intervention.

These results highlight the need to reduce variability, particularly in color-related characteristics. To this end, it is suggested to implement measures such as strict input control, standardization of lighting conditions, and review of operating methods. 

[bookmark: _Hlk203744045]Specifically, in the assembly process, several critical points have been identified that directly affect the quality and consistency of the final product. It is essential that the operator correctly places the raw materials on the support template and performs a preliminary inspection to ensure the absence of burrs or residues resulting from the printing process, as these defects can compromise the assembly and functioning of the set.

Although the force and closure adjustment parameters are programmed and do not require manual verification before starting the process, the precision and time taken by the operator during the final assembly represent critical factors. Fatigue or elevated pressure levels can cause variability in the duration of this stage, affecting the uniformity and quality of the assembled product.

Regarding the vision system, a key aspect for its correct operation is ensuring a controlled environment that minimizes the incidence of natural light. Despite having a closed inspection box, the color combination used in the parts can create shadows that hinder the precise detection of contours, a fundamental element for proper product evaluation. Therefore, maintaining optimal lighting conditions is essential to guarantee the reliability of the vision system and the effectiveness of the final quality control. In this context, Table 2 highlights the most common issues identified during protocol execution, along with the corresponding corrective actions implemented.

[Place Table 2 here]

In general, these findings emphasize the importance of combining automated technologies and statistical tools such as SPC, which allow the identification of critical deviations, optimization of the production process, and assurance of product conformity. This synergy is the key to maintaining competitiveness in increasingly demanding industrial environments. 

[bookmark: _Hlk203661982]As part of future developments, the implementation of a neural network is planned to enable the fast, precise, and automated identification of defects in parts, contributing to a more efficient, reliable, and real-time quality control process. This integration of artificial intelligence will not only strengthen the monitoring capabilities but also promote the continuous improvement of the production process through data-driven decision-making.

The neural network is expected to be trained with a broad dataset that includes various possible combinations of defects and conditions that may occur in the product. This will allow the system to learn to recognize fault patterns with greater accuracy, even in scenarios where lighting or environmental conditions could negatively affect the performance of the current vision system. The goal is to significantly reduce false positives and negatives during inspection and ensure more robust, adaptive production control aligned with the principles of Industry 5.0.
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