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Abstract

This paper presents the development of an automated visual inspection system based on artificial intelligence (Al),
designed for quality assessment and cost estimation in the refurbishment processes of industrial electrolyzers. The
proposed solution integrates high-resolution cameras, computer vision algorithms, and machine learning models to
identify defects and standardize the technical evaluation of components. The methodology involves image acquisition
and annotation, training of convolutional neural networks (CNNs), and integration with industrial control systems.
Expected outcomes include improved operational efficiency, reduction of human errors, faster cost estimation
processes, and enhanced traceability of quality control. The study also discusses technical limitations, implementation
costs, and the requirements for integration in real industrial environments.
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1. Introduction

The constant pursuit of greater efficiency, quality, and standardization in industrial processes has driven the adoption
of emerging technologies such as artificial intelligence (AI) and computer vision. These tools have become established
as effective solutions to challenges related to visual inspection and quality control in complex industrial environments
(Lee et al., 2018; Zhou et al., 2017). In the context of the digital transformation promoted by Industry 4.0, the
integration of physical and digital systems has enabled the automation of critical processes, enhancing diagnostic
capacity, traceability, and data-driven decision-making (Lasi et al., 2014).

In specific cases of maintenance and refurbishment of industrial equipment, such as electrolyzers, visual inspection is
a fundamental step in identifying defects and supporting technical decisions related to budgeting and quality.
Traditionally carried out by human operators, this activity is susceptible to judgment errors, operator fatigue, and
inconsistencies in analysis. With the evolution of machine learning models and deep neural networks, it has become
feasible to automate this inspection process, thereby increasing precision, repeatability, and processing speed (Zhang
et al., 2021; Sivaraman & Sankaran, 2020).

This paper originated from a practical project developed within the postgraduate program in Control and Automation
at FACENS University, based on real challenges faced by the company. The proposal involves applying Al and
computer vision as technical support tools for the automated inspection of refurbished electrolyzers, aiming to reduce
human error, increase analytical precision, and accelerate the technical evaluation process.

Studies such as those by Galati (2023) and Bueno (2000) demonstrate that applying Al to industrial inspection tasks
can significantly increase defect detection accuracy when compared to human inspection. Furthermore, the proposed
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approach aligns with the principles of Industry 4.0, fostering data-driven decision-making, improved traceability, and
intelligent automation (Silva et al., 2023; Lee et al., 2018).

This study aims to demonstrate how the integration of inspection hardware and Al algorithms can offer innovative
and economically viable solutions for industrial sectors that rely on precise and standardized visual analyses.

2. Theoretical Background

The application of artificial intelligence (Al) to visual inspection has advanced significantly in recent years, driven by
the growing demand in the industry for automated, accurate, and repeatable systems. Computer vision, when combined
with deep learning algorithms such as convolutional neural networks (CNN5s), has demonstrated high effectiveness in

defect detection, component measurement, and pattern comparison against predefined standards (Zhang et al., 2021;
LeCun et al., 2015; Szeliski, 2022).

According to Sivaraman and Sankaran (2020), Al-based automated inspection systems are capable of overcoming the
limitations of manual inspection, such as subjective variability among operators, physical fatigue, and inconsistent
decision-making. Furthermore, these systems allow for the continuous collection and real-time analysis of data,
yielding substantial gains in quality and operational efficiency. The use of CNNs for visual classification tasks was
propelled by influential studies such as those by Krizhevsky et al. (2017) and He et al. (2016), which demonstrated
significant performance improvements in benchmarks like ImageNet. Architectures such as YOLO (Redmon et al.,
2016) and Faster R-CNN (Ren et al., 2017) are also prominent for enabling high-accuracy and real-time object
detection.

In the Brazilian context, studies like that of Torres (2019) highlight the increasing use of automated visual inspection
in industrial processes, particularly in the analysis of cast parts and metallic structures. Galati (2023) reinforces this
trend by showing that, with a robust image dataset, it is possible to train models capable of identifying anomalies in
recycled materials with accuracy rates exceeding 95%.

The literature emphasizes that implementing Al in industrial environments is fully aligned with Industry 4.0
guidelines, which promote the integration of physical and digital systems, the analysis of large data volumes, and
autonomous decision-making (Silva et al., 2023; Lee et al., 2018). Moreover, references such as Goodfellow et al.
(2016) and Szeliski (2022) reinforce that model robustness directly depends on the diversity, quality, and volume of
data used during supervised training, thereby justifying the effort invested in building well-structured and annotated
datasets.

Therefore, the theoretical foundation demonstrates that adopting Al-based systems for visual inspection is not only
viable but also necessary to meet current demands for productivity, traceability, and quality control in complex
industrial processes.

3. Methods

The methodology adopted in this study was structured to develop an automated visual inspection system based on
computer vision and convolutional neural networks (CNNs). The system was designed for operation in industrial
environments, with a focus on the inspection of refurbished electrolyzers, and it followed principles of modularity,
scalability, and real-world applicability, as recommended by Chollet (2021) and Abadi et al. (2016).

The process began with the acquisition of images using high-resolution industrial cameras mounted on adjustable
supports, which enabled image capture from various angles and lighting conditions. This step was essential to ensure
dataset diversity and robustness, a factor emphasized by Russakovsky et al. (2015). The images were collected directly
on the shop floor of the company refurbishment unit, simulating actual inspection conditions. Figures 1, 2, and 3
illustrate the environment and objects involved in the inspection process.
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Figure 1. Refurbished electrolyzer plates stored for final inspection

Figure 1 shows the refurbished electrolyzer plates awaiting inspection. Figure 2 highlights a surface defect manually
marked on one of the plates, used as a visual reference during data labeling. Figure 3 presents the layout of the
industrial workspace where the automated inspection system is intended to operate.

Figure 3. Industrial environment designed for visual inspections, with benches and structure for integrating the
automated system.

The collected images underwent a pre-processing phase that included scale normalization, noise removal using median
filters, and contrast enhancement through histogram equalization techniques. These procedures aimed to standardize
image inputs and improve the performance of the CNN model, as discussed by Deng et al. (2009) and Szeliski (2022).
Following pre-processing, the images were manually annotated by company specialists to identify regions containing
defects such as cracks, corrosion, deformations, and surface contamination. The annotation process was conducted
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using tools like Labellmg, resulting in a supervised dataset built according to technical consistency and validation
criteria, as recommended by Li et al. (2020).

With the annotated dataset prepared, the CNN model was trained using TensorFlow and Keras libraries. The training
process included cross-validation techniques and hyperparameter tuning, along with regularization strategies such as
batch normalization and data augmentation to improve generalization. Modern architecture such as ResNet and
EfficientNet were tested, as they have shown high accuracy and computational efficiency in similar contexts (He et
al., 2016; Tan & Le, 2019).

The final model was integrated into a real-time classification system capable of analyzing input images and
automatically determining whether the inspected parts should be approved or rejected. The system's performance was
evaluated using metrics such as accuracy, precision, recall, and F1-score, and results were validated on unseen data to
ensure external generalization, in line with the practices discussed by Redmon et al. (2016).

Finally, the system was designed to operate in two formats: a fixed inspection station integrated into the refurbishment
line and a mobile setup mounted on a portable bench. The choice of infrastructure depends on the layout of each
industrial plant and the inspection volume. This dual deployment approach aligns with Morik et al. (2021), who
emphasize the importance of adaptable Al implementations in dynamic manufacturing environments.

This methodology ensures the technical feasibility of applying convolutional neural networks to industrial visual
inspections, while meeting the requirements for robustness, replicability, and integration in real-world operational
settings.

4. Expected Results

The implementation of the proposed automated visual inspection system using artificial intelligence is expected to
generate significant advancements in the electrolyzer refurbishment process, particularly in terms of inspection quality
and operational efficiency. One of the primary anticipated outcomes is a substantial reduction in inspection time, as
diagnostics are generated in real time, eliminating repetitive manual tasks and streamlining the workflow.
Furthermore, replacing subjective human evaluation with a model trained on standardized historical data contributes
to reducing human errors and increasing the consistency of inspection outcomes, as evidenced in similar applications
throughout the literature (Li et al., 2020; Redmon et al., 2016).

Another expected result is a considerable increase in the accuracy of defect detection. By training the model with a
well-annotated and diverse image dataset, the system is projected to achieve accuracy levels above 95% in key
performance metrics such as precision and sensitivity, as reported by Galati (2023) and Zhang et al. (2021). This
improvement will directly enhance the reliability of inspections, enabling the identification of subtle defects that are
often missed during human analysis, especially under variable lighting or positioning conditions.

The system is also expected to standardize inspection criteria by eliminating variations in judgment among human
operators and ensuring that consistent evaluation rules are applied across all inspected units. This standardization is
essential for maintaining product quality levels and supporting traceability in audits and industrial certifications.
Additionally, the automation process enables the real-time generation of digital reports containing not only the
classification results but also annotated images and aggregated data per batch or operator, thus expanding the
company’s quality management capabilities.

Another important expectation is the system’s scalability across different types of industrial parts and use cases. Due
to the modular architecture and reusable computational infrastructure, the solution can be adapted to new inspection
scenarios simply by retraining the model with a new dataset. This adaptability is particularly relevant in dynamic
industrial settings, where product lifecycles and quality requirements may change frequently, as highlighted by Morik
et al. (2021).

In summary, the expected outcomes of this study span multiple dimensions: increased productivity, enhanced
reliability of inspection reports, standardized quality control criteria, faster reporting, and the potential for deployment
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across various production lines. Together, these contributions position the proposed system as a strategic tool for
manufacturers seeking competitiveness and technological alignment with Industry 4.0 principles.

5. Discussion and Limitations

Although the proposed automated visual inspection system based on artificial intelligence offers promising prospects
for the manufacturing industry, its practical implementation still faces several technical, operational, and ethical
challenges. One of the most critical obstacles is the high initial investment required for implementation, which includes
not only the acquisition of specialized hardware—such as industrial cameras, graphic processing units (GPUs), and
sensors, but also the development or adaptation of computational systems capable of supporting deep learning
algorithms in real time. Recent studies have shown that this cost can be prohibitive for small and medium-sized
enterprises, particularly in cases where a short-term return on investment (ROI) is not evident (Zhang et al., 2021;
Makridakis et al., 2017).

In addition to infrastructure requirements, there is a significant demand for technical expertise. The operation,
maintenance, and evolution of Al-based systems require professionals skilled in data science, software engineering,
and industrial automation. A lack of qualified personnel may compromise the sustainability of the system and increase
its dependence on external providers, which can limit operational autonomy (Silva et al., 2023; Morik et al., 2021).
Even though user-friendly solutions are being developed, the interpretation of models, handling of exceptions, and
management of sensitive data still demand specialized technical knowledge.

From a methodological standpoint, a critical limitation lies in the quality and representativeness of the data used to
train the models. To achieve acceptable levels of accuracy and generalization, it is essential to have robust, well-
annotated image datasets that reflect the diversity of real-world scenarios. Creating such datasets is a time-consuming
and resource-intensive task that requires qualified personnel and strict control of environmental variables
(Russakovsky et al., 2015; Galati, 2023). Models trained on biased or homogeneous data tend to underperform when
exposed to unfamiliar conditions, thereby compromising system reliability.

Another relevant issue involves the legal and ethical implications of Al systems operating in industrial environments.
The continuous collection of images and operational data, especially in areas with human presence, raises concerns
regarding privacy, surveillance, and the potential misuse of sensitive information. Compliance with regulatory
frameworks such as the Brazilian General Data Protection Law (LGPD) and the European Union’s guidelines for
trustworthy Al (European Commission, 2019) is essential to avoid legal risks and maintain worker trust. Floridi and
Cowls (2019) also emphasize that intelligent systems must be guided by principles of fairness, transparency, and
inclusiveness, which means that organizations must be ethically accountable, not just technically compliant.

Finally, cultural and organizational acceptance plays a crucial role in the successful adoption of Al-based technologies.
The replacement of manual processes with automated systems may be perceived as a threat by workers, particularly
when job security is at stake. Overcoming this resistance requires thoughtful change management strategies, including
training programs, transparent communication about project goals, and recognition of the human role in supervising
and interpreting automated results. As highlighted by Sivaraman and Sankaran (2020), organizational acceptance is
just as important as technical feasibility in ensuring the success of industrial AI deployments.

Therefore, although the potential benefits of Al-based visual inspection systems are well established, their effective
implementation demands a strategic approach that considers not only technical and economic factors but also legal,
ethical, and human dimensions. A successful deployment depends on the balanced integration of these elements to
ensure both system effectiveness and long-term sustainability within the production environment.

6. Conclusion

This study presented the development and proposed implementation of an automated visual inspection system based
on artificial intelligence, aimed at supporting quality assessment and cost estimation processes in the refurbishment
of industrial electrolyzers. Grounded in well-established concepts from computer vision and deep learning, the project
demonstrated how convolutional neural networks trained on real operational data can perform highly accurate and
reliable technical diagnostics. The proposed system offers an innovative solution to a recurrent issue in the industrial
sector: the subjectivity and inefficiency of manual visual inspection. By structuring data collection, pre-processing,
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supervised annotation, and training of optimized models, the system was designed to operate in both fixed and mobile
environments, with potential for direct integration into production lines.

The expected benefits include a significant reduction in inspection time, improved accuracy in defect detection,
standardization of evaluation criteria, and the automatic generation of technical reports to support auditing, continuous
improvement, and traceability. The proposal aligns with Industry 4.0 principles by enabling intelligent automation,
data-driven decisions, and cyber-physical integration within manufacturing systems. Additionally, the model
demonstrated potential for replication in other industrial scenarios through retraining with application-specific
datasets, thus extending its relevance across different contexts.

Nevertheless, the practical deployment of the system requires careful consideration of existing limitations, such as
initial infrastructure investments, the need for technical training, and compliance with data protection and ethical
standards. The long-term success of the system also depends on cultural acceptance within organizations, highlighting
the importance of engaging stakeholders and fostering trust in Al-based technologies.

As future work, we recommend conducting real-world pilot studies to evaluate the system in operational settings,
expanding the image database with additional defect classes, and benchmarking different neural network architectures
in terms of efficiency and robustness. Moreover, exploring the use of unsupervised learning techniques and generative
models may enhance the system’s adaptability to complex or previously unseen patterns. With continued development,
the proposed solution has the potential to become a strategic asset for modern industry, driving improvements in
quality control and reinforcing competitiveness in the digital age.
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