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In production systems, avoiding repeated failures is crucial for reducing costs and preventing downtime. Industry 4.0 technologies have enabled companies to collect and analyze real-time data from machines, which helps in identifying and preventing potential problems. By using metrics like MTBF and MTTR and analyzing past failures, we can develop predictive models to prevent future failures. This paper explores the use of CRISP-DM methodology in the industrial sector to ensure the accurate prediction of machine failures. Specifically, we examine the application of this methodology in developing predictive models for cutting machines. The results demonstrate that CRISP-DM methodology is effective in developing models that can accurately predict potential failures and prevent them from occurring. The findings have implications for companies looking to implement predictive maintenance strategies in their production systems, highlighting the importance of using data-driven approaches to improve reliability and reduce downtime. Overall, our study highlights the importance of leveraging industry 4.0 technologies and CRISP-DM methodology for optimal performance of production systems in the industrial sector.

I. INTRODUCTION

Predictive maintenance (PdM) has become an indispensable tool for managing machinery health in various industries due to the advent of Industry 4.0 and the widespread use of advanced technologies like intelligent automation, machine learning, and artificial intelligence [START_REF] Carvalho | A systematic literature review of machine learning methods applied to predictive maintenance[END_REF], [START_REF] Bousdekis | Predictive maintenance in the 4th industrial revolution: Benefits, business opportunities, and managerial implications[END_REF]. PdM is even regarded as the driving force behind the fourth industrial revolution [START_REF] Achouch | On predictive maintenance in industry 4.0: Overview, models, and challenges[END_REF], and considered as a high priority topic in industry [START_REF] Zhai | Enabling predictive maintenance integrated production scheduling by operation-specific health prognostics with generative deep learning[END_REF]. As modern machines become more complex and the demand for optimal performance increases, PdM has emerged as a proactive maintenance approach that aims to identify and address potential equipment issues before they become major problems [START_REF] Mobley | An introduction to predictive maintenance[END_REF]. PdM leverages data analytics, sensors, and other cutting-edge technologies to enable companies to optimize their maintenance schedules, minimize downtime, and reduce cost and duration associated with repairs and replacements. Furthermore, PdM helps companies avoid costly shutdowns, enhance safety, and maintain quality standards [START_REF] Lindström | Towards intelligent and sustainable production: combining and integrating online predictive maintenance and continuous quality control[END_REF]- [START_REF] Dalzochio | Machine learning and reasoning for predictive maintenance in industry 4.0: Current status and challenges[END_REF]. PdM is gaining even more attention from researchers since artificial intelligence (AI) is involved, offering more evolutionary perspectives [START_REF] Nguyen | A review of artificial intelligence methods for engineering prognostics and health management with implementation guidelines[END_REF]. The incorporation of Machine Learning (ML) has transformed decision-making for both individuals and organizations, enabling it to identify illnesses, enhance productivity, optimize transport routes, predict weather, detect fraudulent activities, and much more [START_REF] Hong | State-of-the-art on research and applications of machine learning in the building life cycle[END_REF]. By allowing machines to learn from examples and experiences, ML uncovers hidden insights in data [START_REF] Thrun | Learning to learn[END_REF]. Through data analysis, identifying patterns, and developing predictive logic, machines can predict outcomes without any explicit programming [START_REF] Thrun | Learning to learn[END_REF], [START_REF] Mahesh | Machine learning algorithms-a review[END_REF]. PdM can benefit greatly from the application of ML techniques in several ways:

• Improved accuracy: ML algorithms can learn from historical data and make predictions with a high level of accuracy. This can help organizations to reduce the risk of unplanned downtime and improve the reliability of their equipment.

• Real-time monitoring: ML algorithms can be applied to real-time sensor data to detect anomalies and patterns that indicate a need for maintenance. This can help organizations to address maintenance issues before they become more serious and lead to downtime. • Cost savings: By predicting maintenance needs more accurately, organizations can reduce their maintenance costs by avoiding unnecessary maintenance or replacing equipment before it fails. • Improved asset management: Machine learning can help organizations to better manage their assets by identifying trends and patterns that can help to optimize maintenance schedules, reduce the risk of equipment failure, and extend the lifespan of their equipment.

Over the past few decades, there has been a significant increase in the use of data mining to aid decision-making [START_REF] Tufféry | Data mining and statistics for decision making[END_REF] in manufacturing industries. Kumar and al. propose in their paper referenced [START_REF] Sahoo | Deep learning applications in manufacturing operations: a review of trends and ways forward[END_REF] a review on the current state of data mining technique, focusing on modern manufacturing methods. Data mining, also known as knowledge discovery in databases, is the process of discovering patterns and knowl-edge from large datasets. To ensure consistent outcomes from data mining projects, organizations use standardized processes such as Knowledge Discovery in Databases (KDD), Sample, Explore, Modify, Model, and Assess (SEMMA), and Cross-Industry Process for Data Mining (CRISP-DM) for managing data mining projects [START_REF] Plotnikova | Applying the crisp-dm data mining process in the financial services industry: Elicitation of adaptation requirements[END_REF], [START_REF] Shafique | A comparative study of data mining process models (kdd, crisp-dm and semma)[END_REF]. However, not every process is suitable for all machine learning objectives [START_REF] Dåderman | Evaluating frameworks for implementing machine learning in signal processing: A comparative study of crispdm, semma and kdd[END_REF]. Several studies have been conducted to compare these methods and highlight their strengths and limitations [START_REF] Shafique | A comparative study of data mining process models (kdd, crisp-dm and semma)[END_REF]- [START_REF] Azevedo | Kdd, semma and crisp-dm: a parallel overview[END_REF]. Based on these studies, we have selected the CRISP-DM method.

CRISP-DM is widely used in various domains, mostly for finance [START_REF] Plotnikova | Applying the crisp-dm data mining process in the financial services industry: Elicitation of adaptation requirements[END_REF], [START_REF] Da Rocha | Identifying bank frauds using crisp-dm and decision trees[END_REF], healthcare [START_REF] Asamoah | Adapting crisp-dm process for social network analytics: Application to healthcare[END_REF], [START_REF] Azadeh-Fard | Variations of length of stay: A case study using control charts in the crisp-dm framework[END_REF] and marketing [START_REF] Moro | Using data mining for bank direct marketing: An application of the crisp-dm methodology[END_REF], [START_REF] Peker | Transactional data-based customer segmentation applying crisp-dm methodology: A systematic review[END_REF]. A bibliographic study of the different methods and application areas of the CRISP-DM method is presented in the article [START_REF] Schröer | A systematic literature review on applying crisp-dm process model[END_REF]. CRISP-DM has also been successfully applied in manufacturing context [START_REF] Fisher | Considerations, challenges and opportunities when developing data-driven models for process manufacturing systems[END_REF]. The authors of the papers [START_REF] Huber | Dmme: Data mining methodology for engineering applications-a holistic extension to the crisp-dm model[END_REF]- [START_REF] Wiemer | Data mining methodology for engineering applications (dmme)-a holistic extension to the crispdm model[END_REF] have developed a framework to introduce big data analytic into manufacturing systems. Tripathi and al. [START_REF] Tripathi | Ensuring the robustness and reliability of datadriven knowledge discovery models in production and manufacturing[END_REF] provide a detailed review of CRISP-DM in industries. However, very few studies use this approach for purpose to predict failures in manufacturing systems [START_REF] Harding | Data mining in manufacturing: a review[END_REF].

In this study, we propose an application of the generic deep learning CRISP-DM to quantify the current and predict the future degradation of machine by means of health indicators. The approach is tested on a real case study of a cutting machine that operates continuously for 8 hours a day generating a 12 months data retrieved directly from the Cutting Assembly Optimization system (CAO) of the machine.

This paper is organized into four sections starting by an introduction. In section 2, the CRISP-DM method is elaborated. Section 3 presents the case study, business need, data acquisition and pre-processing, and the application of the machine-learning model. Finally, section 4 summarizes the paper's major findings.

II. BACKGROUND TO CRISP-DM

The CRoss-Industry Standard Process for Data Mining (CRISP-DM) is widely recognized as the industry-standard process model for implementing data mining projects [START_REF] Plotnikova | Applying the crisp-dm data mining process in the financial services industry: Elicitation of adaptation requirements[END_REF], [START_REF] Schröer | A systematic literature review on applying crisp-dm process model[END_REF]. The authors of the papers [START_REF] Huber | Dmme: Data mining methodology for engineering applications-a holistic extension to the crisp-dm model[END_REF], [START_REF] Wiemer | Data mining methodology for engineering applications (dmme)-a holistic extension to the crispdm model[END_REF] aimed to enhance the CRoss-Industry Standard Process for Data Mining (CRISP-DM), which is a publicly available standard for carrying out data mining projects. This framework comprises six stages: Business Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and Deployment, with a particular focus on the first two stages (Fig. 1). The Business Understanding stage aims to comprehend the project's objectives and requirements from a business perspective, while the Data Understanding stage involves data collection [START_REF] Pete | Crisp-dm 1.0-step-by-step data mining guide[END_REF]. To bridge the gap between Business Understanding and Data Understanding, the authors introduced intermediate steps. These steps involve transforming business objectives into technical tasks, selecting the data required to accomplish these tasks, and identifying suitable measurement equipment and methodology. These additional steps establish a direct connection between organizational goals and the technical implementation of PdM, and serve as examples of strategic maintenance implementation in a company. 

A. Description of CRISP-DM steps

The guide of CRISP-DM [START_REF] Pete | Crisp-dm 1.0-step-by-step data mining guide[END_REF] describes the main idea, tasks and output of these phases shortly, bellow the summary:

• Business understanding: This initial phase focuses on understanding the project objectives and requirements from a business perspective, then converting this knowledge into a data mining problem definition and a preliminary plan designed to achieve the objectives. • Data understanding: During this phase, data is collected, examined, and explored to identify potential data quality issues, interesting subsets, and possible hypotheses. • Data preparation: Involves building the final data-set for modeling by selecting tables, records, attributes, cleansing and transforming data to suit modeling tools. This data preparation is likely to occur multiple times during the process. • Modeling: Selects and applies various modeling techniques with calibrated parameters to achieve optimal values. Some modeling techniques may require specific data forms, hence the re-execution of the data preparation phase.

• Evaluation: Ensures that the constructed models fulfill intended business objectives and comprehensively reviews the previous steps. One of the key objectives is to determine whether any crucial business issues may have been overlooked during the modeling phase. • Deployment: Incorporates the model into decisionmaking processes, ranging from generating a report to implementing a repeatable data mining process, depending on the project's requirements.

III. NUMERICAL EXPERIMENT

A. Cutting machine description

The Crimp Center 64 is a state-of-the-art crimping machine with up to four processing stations. The cutting machine is capable of performing high-quality crimping, sealing, twisting and tinning of wires ranging from 0.13 to 6 mm² (26 -10 AWG) at an impressive maximum feed rate of 12 m/s correspondent to 39.4 ft/s (table I). It boasts exceptional performance, allowing for fast changeovers, high productivity and short set-up times. The machine is userfriendly, equipped with a modern software interface and a touchscreen for easy operation. It also has easy network integration, making it accessible to a range of users. A wide range of accessories and options are available, giving it versatility and adaptability to various applications. The Crimp Center 64 is built for durability, with dynamic and powerful servo drives combined with an intelligent control system that ensures high production rates to meet even the most demanding schedules (Fig. 2). All data, including wire data, crimp data, and seal data, can be saved and retrieved for future use. At a maximum feed rate of 12 m/s (39.4 ft/s), the Crimp Center 64 allows high-quality crimping, sealing, and tinning of wires from 0.13 to 6 mm² (26 -10 AWG) at maximum productivity (Table 1).

B. Application

This section covers the implementation of the CRISP-DM methodology to predict machine failures in a wire cutting machine that operates for 8 hours a day. The methodology is implemented on an Intel Core i5 machine with 8GB of RAM and programmed in Python 3.10.

1) Business understanding: The project aims to enhance the maintenance KPIs of a manufacturing plant by focusing on two primary objectives.

• to increase the Mean Time Between Failure (MTBF) of a wire cutting machine. • to achieve a shorter Mean Time To Repair (MTTR). The wire cutting process involved several operations, including receiving wire spools, cutting wires, performing crimping operations, and conducting quality checks. This resulted in the creation of an analyzable database that is now available for the necessary analyses. The database includes information such as the machine type, number of goods produced, and downtime (measured by mean time between failures (MTBF) and mean time to repair (MTTR). All historical data is systematically recorded in the system. This study specifically pertains to a cutting machine during the year 2022, from January to December. The dataset contains 549 raw and 20 columns. The MTBF column becomes our target variable. Fig. 4 presents the data visualization. 3) Modeling: Selecting the "best model" is a critical step in machine learning, as it determines the accuracy and efficiency of the outcome. This process involves evaluating various models and selecting the one that performs the best in terms of predictive power, generalization ability, and computational efficiency. A well-informed and careful selection of the best model can greatly enhance the success of the machine-learning task. We have conducted 3 tests in the initial dataset using 3 different methods, respectively Random Forest, Decision Tree, and K-Neighbors, and obtained the results presented in Table II. It is evident from the evaluation metrics that the Random Forest model outperforms all other models with perfect scores. On the other hand, the Decision Tree model performs less effectively than the ensemble method. The K-Nearest Neighbors model has the lowest performance, leading to the conclusion that clustering methods might not be the best approach for identifying maintenance failures.

Therefore, we will use the Random Forest Classifier model for classification. This machine-learning algorithm combines multiple decision trees to perform classification. It consists of creating a large number of decision trees and using their collective predictions to classify data accurately [START_REF] Liu | New machine learning algorithm: Random forest[END_REF]. The output of each tree is combined through a voting process to produce the final prediction. The test conducted to measure the performance of the model using a dataset of samples showed excellent results, with an accuracy score of 0.8276 indicating a strong performance.

Hyperparameters are parameters that are not learned directly by estimators, but are passed to the estimator class constructor in scikit-learn. Examples include C, kernel, and gamma for Support Vector Classifier, and alpha for Lasso. To achieve the best cross-validation score, it is recommended to search for the optimal hyperparameters. To determine the best parameter setting for our model, we utilize an optimization technique called Grid Search. This method involves testing a range of parameters and comparing their performance (as shown in Figure 6). After the retaining of the model, we were able to achieve a higher model score of 0.862.

IV. CONCLUSION

This paper presents the application of the CRISP-DM framework in a study case aimed at improving the key performance indicators (KPIs) of a manufacturing plant. The process involved various stages, including business understanding, data understanding and preparation, modeling, and evaluation and deployment. The study utilized historical data recorded in the Cutting and Assembly Optimization system (CAO). The selected machine learning algorithm was the Random Forest Classifier model, which achieved an accuracy of 0.8276. The model was further optimized using hyper parameter optimization through Grid Search, resulting in a model score of 0.862. The successful application of CRISP-DM in this study case demonstrates the effectiveness of this framework in data-driven decision-making and problem-solving.
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  As-Is State: Business defined the root of low Overall Equipment Effectiveness (OEE) is the availability of cutting machines. • To Be State: Machine Learning based model that determines the failures. • Success: Reducing the downtime of cutting machines by 50%, the first 6 months and 100%, the second 6 months. • Entity: Improve Mean Time Between failures (MTBF) and Mean Time To Repair (MTTR). • Evaluation Metric: Accuracy. 2) Data Understanding and Data Preparation: The maintenance interventions were comprehensively recorded directly in the Cutting and Assembly Optimization system (CAO).
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 4 Fig. 4. Flowchart of the Random Forest model 4) Evaluation and Deployment: The final work package focused on evaluating the results in a small series of experiments. After preparing the datasets for training, we separated the target from the features and split the data into two parts: 80% for training and 20% for validation. To evaluate the accuracy of our model, we conducted an accuracy test, the results of which are shown in Fig. 5. An epoch in machine learning
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 5 Fig. 5. Accuracy and loss of the model
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 6 Fig. 6. Flowchart of the Grid Search algorithm
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