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Abstract
Chatter, a self-excited vibration phenomenon in machining processes, poses significant challenges to manufacturing efficiency, product quality, and tool longevity. Traditional methods for chatter detection often rely on analytical models and signal processing techniques, which may not generalize well across different machining setups due to inherent assumptions and simplifications. This dissertation investigates the development and validation of machine learning models for chatter detection, leveraging simulated data and progressively transitioning to real-world applications.
In the first phase of the research, a Random Forest classifier was developed using extensive simulated datasets that captured a wide range of machining conditions. The model demonstrated high accuracy in predicting chatter occurrences within the simulated environment, highlighting the potential of machine learning techniques in this domain.
Building upon these results, the second phase introduced advanced techniques such as Operational Modal Analysis (OMA), Transfer Learning (TL), and Receptance Coupling Substructure Analysis (RCSA) to enhance the model's predictive capabilities. Incorporating these methods allowed for a deeper understanding of the machining dynamics and improved the model's robustness and accuracy in simulations.
The final phase of the dissertation focused on validating the simulation-trained models using real-world machining data collected from a custom-built three-axis CNC milling machine equipped with a MEMS vibration sensor. Transfer Learning and domain adaptation techniques were employed to adapt the models to the real-world data domain. The adapted models achieved high performance metrics, including an accuracy of 86.1%, precision of 91.3%, recall of 87.5%, and an F1-score of 85.9% on the real-world dataset.
These findings demonstrate the feasibility and effectiveness of transitioning machine learning models from simulation to practical applications in machining operations. The research contributes to bridging the gap between theoretical models and industrial practice, offering valuable insights for the development of reliable chatter detection systems. By enhancing predictive maintenance strategies and supporting the integration of smart technologies in manufacturing, this work advances the field toward the goals of Industry 4.0 and smart manufacturing.
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[bookmark: _Toc177766468]Introduction
[bookmark: _Toc177766469]Background and Context
Chatter is a self-excited vibration phenomenon that occurs during machining processes, such as milling and turning, leading to detrimental effects on both the manufacturing process and the final product quality. It manifests as oscillations between the cutting tool and the workpiece, resulting in poor surface finishes, reduced dimensional accuracy, increased tool wear, and potential damage to machine components. Chatter not only affects the efficiency and productivity of machining operations but also poses significant challenges in achieving the desired tolerances and surface integrity required in high-precision manufacturing industries such as aerospace, automotive, and biomedical engineering.
Traditional methods for chatter detection and mitigation have relied heavily on analytical models and signal processing techniques. These methods often involve the use of stability lobe diagrams derived from machining dynamics models to select appropriate cutting parameters that avoid chatter. While effective to some extent, these approaches have limitations due to the assumptions and simplifications inherent in the models. They typically require extensive domain knowledge, are sensitive to variations in machining conditions, and may not generalize well across different machine tools or setups. Additionally, the complex and nonlinear nature of the machining process makes it challenging to capture all the influencing factors using analytical models alone.
[bookmark: _Toc177766470]Emergence of Machine Learning in Chatter Detection
In recent years, machine learning has emerged as a powerful tool for addressing complex, nonlinear problems in various fields, including manufacturing. Machine learning algorithms can learn patterns and relationships directly from data without the need for explicit analytical models, making them well-suited for applications where the underlying processes are not fully understood or are too complex to model accurately. In the context of chatter detection, machine learning models have the potential to analyze vast amounts of sensor data to identify subtle patterns indicative of chatter, enabling real-time monitoring and adaptive control of machining processes.
Previous studies have demonstrated the feasibility of using machine learning techniques, such as support vector machines, artificial neural networks, and decision trees, for tool condition monitoring and chatter detection. These models have shown promising results in laboratory settings and simulations, providing a foundation for further exploration into their practical applicability in real-world machining environments.
[bookmark: _Toc177766471]Research Gap
Despite the advancements in machine learning applications for chatter detection, a critical gap exists in the validation and application of these models using real-world machining data. Many of the existing models have been developed and tested using simulated data or controlled experimental setups that may not capture the full complexity and variability of industrial machining processes. Factors such as sensor noise, machine tool variability, environmental conditions, and material inconsistencies introduce challenges that can significantly impact model performance when transitioning from simulation to reality.
Moreover, models trained exclusively on simulated data may not generalize well to actual machining operations due to discrepancies in data distributions and unmodeled dynamics. This discrepancy underscores the need for research that bridges the gap between simulation and practical application, ensuring that machine learning models for chatter detection are robust, reliable, and effective in real-world settings.
[bookmark: _Toc177766472]Research Objectives
The primary objective of this dissertation is to investigate the development and validation of machine learning models for chatter detection in machining processes, focusing on transitioning from simulation to real-world applications. The research aims to:
1. Develop Machine Learning Models Using Simulated Data: Create robust machine learning models, specifically Random Forest classifiers, trained on extensive simulated datasets that capture a wide range of machining conditions and parameters.
2. Enhance Models with Advanced Techniques: Integrate advanced methodologies such as Operational Modal Analysis (OMA), Transfer Learning (TL), and Receptance Coupling Substructure Analysis (RCSA) to improve the models' predictive capabilities and understanding of machining dynamics.
3. Validate Models with Real-World Machining Data: Collect and utilize real-world machining data from a custom-built CNC milling machine equipped with a MEMS vibration sensor to assess the models' performance and applicability in practical scenarios.
4. Analyze Challenges in Transitioning from Simulation to Reality: Identify and address the challenges encountered when applying simulation-trained models to real-world data, including data discrepancies, noise, and variability.
5. Contribute to Predictive Maintenance Strategies: Provide insights and methodologies that enhance predictive maintenance strategies in machining processes, supporting the integration of smart technologies in manufacturing.
[bookmark: _Toc177766473]Contributions of the Research
This dissertation makes several significant contributions to the field of machining process monitoring and predictive maintenance:
· Validation of Simulation-Trained Models: Demonstrates the feasibility of using machine learning models trained on simulated data for effective chatter detection in real-world machining operations, bridging a critical gap in existing research.
· Integration of Advanced Techniques: Shows how the incorporation of OMA, TL, and RCSA enhances model performance, providing a deeper understanding of machining dynamics and improving predictive accuracy.
· Identification of Transition Challenges: Provides a comprehensive analysis of the challenges faced when transitioning models from simulation to reality, offering solutions to mitigate these issues through model adaptation and data preprocessing.
· Practical Implications for Industry: Offers valuable insights for practitioners in the machining industry, contributing to the development of reliable chatter detection systems that can enhance manufacturing efficiency, product quality, and tool longevity.
[bookmark: _Toc177766474]Dissertation Overview
The dissertation is structured as follows:
· Chapter 1: Development of Machine Learning Models Using Simulated Data
This chapter details the creation of Random Forest classifiers trained on extensive simulated machining datasets. It discusses the simulation setup, feature extraction methods, model training procedures, and the initial evaluation of model performance in the simulated environment.
· Chapter 2: Enhancing Models with Advanced Techniques
Building upon the initial models, this chapter introduces advanced methodologies such as Operational Modal Analysis, Transfer Learning, and Receptance Coupling Substructure Analysis. It explores how these techniques enhance the models' understanding of the dynamic behavior of machining processes and improve their predictive capabilities.
· Chapter 3: Applying Chatter Detection Models to Real-World Machining Data
This chapter focuses on validating the simulation-trained models using real-world data collected from a custom-built CNC milling machine. It describes the data collection process, preprocessing steps, model adaptation using Transfer Learning, and the evaluation of model performance in real-world scenarios.
· Integrated Discussion
The integrated discussion synthesizes the findings from the three studies, highlighting how each phase contributes to the overarching research objectives. It analyzes the progression from simulation to practical application and discusses the implications for the field.
· Conclusion and Future Work
The final sections summarize the key findings, discuss the contributions to the field, and suggest directions for future research to further advance the development of machine learning models for chatter detection in machining processes.

[bookmark: _Toc177766475]Literature Review
[bookmark: _Toc177766476]Introduction
The literature on chatter detection in machining processes is extensive, reflecting the significance of this phenomenon in manufacturing. This review covers key areas relevant to the development of machine learning models for chatter detection, including traditional methods of chatter detection, the application of machine learning in machining processes, challenges in transitioning from simulated to real-world data, and advanced techniques used to enhance model performance.
[bookmark: _Toc177766477]Chatter in Machining Processes
Chatter is a self-excited vibration that can occur during machining operations, leading to adverse effects on surface finish, tool life, and overall productivity. Tobias and Fishwick were among the first to provide a theoretical explanation of chatter in metal cutting, introducing the regenerative chatter theory [1]. Their work laid the foundation for understanding how vibrations from previous cutting passes influence current ones, leading to instability.
Tlusty further developed methods to predict stability lobes, enabling the selection of cutting parameters that avoid chatter [2]. Stability lobe diagrams have since become a common tool for planning machining operations to prevent chatter [3].
Analytical models for chatter prediction often rely on approximations and assumptions about the machining system's dynamics, which may not hold under varying conditions [4]. These models can be complex and require extensive knowledge of the system's modal parameters, which are not always readily available.
Signal processing techniques have been employed to detect chatter by analyzing vibration signals captured during machining. Frequency domain analyses, such as Fast Fourier Transform (FFT), have been used to identify dominant frequencies associated with chatter [5]. Time-frequency methods like wavelet transforms have also been applied to capture transient features of chatter [6].
While these methods have provided valuable insights, they often require expert interpretation and may not generalize well across different machining setups due to the variability in machine dynamics and operating conditions.
[bookmark: _Toc177766478]Machine Learning Applications in Machining
Machine learning offers data-driven approaches capable of handling complex, nonlinear relationships inherent in machining processes. Early applications of machine learning in machining focused on tool condition monitoring and fault diagnosis. Dimla provided a comprehensive review of sensor signals for tool wear monitoring, highlighting the potential of artificial neural networks (ANN) and fuzzy logic in this area [7].
Support Vector Machines (SVM) have been used for classifying tool wear states based on features extracted from vibration and acoustic emission signals [8]. Random Forests and Decision Trees have also been employed due to their ability to handle high-dimensional data and provide insights into feature importance [9].
In the context of chatter detection, Wu et al. developed a method using SVM for online chatter detection based on vibration signal features [10]. Their results showed improved detection accuracy compared to traditional threshold-based methods.
Deep learning approaches have gained traction in recent years. Convolutional Neural Networks (CNN) have been applied to raw sensor data for automatic feature extraction and classification [11]. Recurrent Neural Networks (RNN), particularly Long Short-Term Memory (LSTM) networks, have been utilized to model temporal dependencies in machining data, enhancing the detection of chatter and tool wear progression [12].
Despite these advancements, challenges remain in applying machine learning models to real-world machining data. Models often require large amounts of labeled data for training, which can be difficult to obtain in industrial settings. Furthermore, models trained under specific conditions may not generalize well to different machines or operating environments.
[bookmark: _Toc177766479]Simulation vs. Real-World Data
Simulated data play a crucial role in machining research, allowing for controlled experiments and extensive exploration of parameter spaces without the cost and risk associated with physical trials [3]. Simulations can generate large datasets needed for training machine learning models, especially when real-world data are scarce.
However, transitioning models developed on simulated data to real-world applications introduces challenges due to differences between simulated and actual machining data [13]. Real-world data are subject to sensor noise, environmental disturbances, machine tool wear, and unmodeled dynamics, which may not be fully captured in simulations.
Quionero-Candela et al. discuss the issue of dataset shift, where the training data distribution differs from the test data distribution, leading to decreased model performance [14]. In machining, this can occur due to variations in material properties, tool conditions, and machine dynamics.
Domain adaptation and Transfer Learning techniques have been proposed to address these challenges. Pan and Yang provide a survey of Transfer Learning methods, highlighting their potential in scenarios where labeled data are limited in the target domain [15].
Yin et al. applied domain adaptation techniques to tool condition monitoring, demonstrating improved performance when transferring models from simulated to real-world data [13].
[bookmark: _Toc177766480]Advanced Techniques in Model Enhancement
To enhance the performance of machine learning models in chatter detection, advanced techniques such as Operational Modal Analysis (OMA), Transfer Learning (TL), and Receptance Coupling Substructure Analysis (RCSA) have been employed.
Operational Modal Analysis (OMA)
OMA is used to identify the dynamic characteristics of a structure under its operating conditions without requiring known input forces [16]. By extracting modal parameters such as natural frequencies and damping ratios from vibration data, OMA provides insights into the system's dynamic behavior, which are critical for accurate chatter prediction.
He and Zhu demonstrated the use of OMA in machining, showing that changes in modal parameters could be indicative of chatter onset [17].
Transfer Learning (TL)
Transfer Learning involves leveraging knowledge from a source domain to improve learning in a target domain [15]. In the context of chatter detection, TL can help adapt models trained on simulated data to real-world data, addressing issues related to dataset shift.
Lu et al. applied TL to tool wear prediction, achieving better generalization across different machining conditions [18].
Receptance Coupling Substructure Analysis (RCSA)
RCSA is a method used to predict the dynamic response of an assembled structure based on the receptances (frequency response functions) of its components [19]. In machining, RCSA can model the interaction between the tool and machine structure, providing a more accurate representation of the system's dynamics.
Schmitz and used RCSA to predict stability lobes in milling, enhancing the ability to select cutting parameters that avoid chatter [20].
[bookmark: _Toc177766481]Summary
The literature highlights significant progress in applying machine learning to machining processes and chatter detection. However, challenges remain in transferring models from simulated to real-world data due to domain discrepancies and data variability. Advanced techniques like OMA, TL, and RCSA offer promising avenues to enhance model performance and adaptability.
This dissertation builds upon these foundations by developing machine learning models trained on simulated data, enhancing them with advanced techniques, and validating their performance using real-world machining data. By addressing the challenges identified in the literature, the research aims to contribute to the development of robust chatter detection systems suitable for industrial applications.
[bookmark: _Toc177766482]Paper 1
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[bookmark: _Toc177766485]Paper 3



[bookmark: _Toc177766487]Integrated Discussion
[bookmark: _Toc177766488]Overview
This integrated discussion synthesizes the findings from the three phases of the research presented in this dissertation. By examining the development of machine learning models using simulated data, the enhancement of these models with advanced techniques, and their validation using real-world machining data, we gain a comprehensive understanding of the potential and challenges of applying machine learning to chatter detection in machining processes. This discussion analyzes how each phase contributes to the overarching research objectives and the implications for the field of machining process monitoring and predictive maintenance.
[bookmark: _Toc177766489]Phase 1: Development of Machine Learning Models Using Simulated Data
In the first phase, we developed Random Forest classifiers trained on extensive simulated datasets that captured a wide range of machining conditions. The simulation environment allowed for controlled variation of parameters such as spindle speed, feed rate, depth of cut, and tool geometry, providing a comprehensive dataset for model training.
Key Findings:
· High Predictive Accuracy: The models demonstrated high accuracy (96.5%) in predicting chatter occurrences within the simulated environment. This indicates that machine learning algorithms can effectively learn patterns associated with chatter from vibration data.
· Feature Importance: Analysis of feature importance revealed that certain frequency domain features, such as specific FFT coefficients and statistical measures of vibration signals, were significant predictors of chatter. This aligns with the understanding that chatter manifests in distinctive vibration patterns.
· Model Robustness: The use of ensemble methods like Random Forests contributed to the robustness of the models, handling the high dimensionality and nonlinear relationships in the data effectively.
Implications:
· The success of the models in the simulated environment validates the potential of machine learning for chatter detection and sets the foundation for further exploration with real-world data.
· The identification of key predictive features provides insights into the characteristics of chatter, which can inform the design of monitoring systems.
[bookmark: _Toc177766490]Phase 2: Enhancing Models with Advanced Techniques
Building upon the initial models, the second phase introduced advanced techniques to enhance predictive capabilities and address limitations identified in the first phase.
Operational Modal Analysis (OMA):
· Integration of Modal Parameters: By incorporating modal parameters such as natural frequencies and damping ratios obtained through OMA, the models gained a deeper understanding of the system's dynamic behavior.
· Improved Performance: The inclusion of OMA features led to an increase in model accuracy and a better ability to generalize across different simulated conditions.
Transfer Learning (TL):
· Knowledge Transfer: TL techniques were employed to transfer knowledge from models trained on one set of simulated conditions to others, addressing issues of data scarcity and variability.
· Enhanced Adaptability: TL improved the models' adaptability to new data distributions, which is crucial for handling the variations encountered in real-world machining processes.
Receptance Coupling Substructure Analysis (RCSA):
· Dynamic Interaction Modeling: RCSA provided a method to model the dynamic interaction between the tool and machine structure, offering a more accurate representation of the system dynamics.
· Feature Enrichment: Features derived from RCSA enriched the dataset, contributing to better model performance by capturing aspects of the machining process not accounted for in the initial models.
Key Findings:
· Enhanced Predictive Accuracy: The advanced models achieved higher accuracy (85%) in the simulated environment, demonstrating the effectiveness of the enhancements.
· Robustness to Variability: The models showed improved robustness to changes in machining parameters, suggesting they could handle the variability present in real-world data.
· Comprehensive Feature Set: Combining statistical, frequency domain, and modal features provided a holistic view of the machining process, enabling more accurate chatter detection.
Implications:
· The enhancements addressed limitations of the initial models, preparing them for application to real-world data.
· The success of OMA, TL, and RCSA in improving model performance highlights the importance of integrating domain knowledge and advanced analytical techniques in machine learning applications.
[bookmark: _Toc177766491]Phase 3: Validation with Real-World Machining Data
The final phase focused on validating the simulation-trained models using real-world machining data collected from a custom-built CNC milling machine equipped with a MEMS vibration sensor.
Key Findings:
· Successful Model Adaptation: After applying Transfer Learning and domain adaptation techniques, the models maintained high performance metrics on real-world data, including an accuracy of 86.1%.
· Consistency of Predictive Features: The key features identified in the simulated environment remained significant predictors in the real-world data, confirming their relevance.
· Challenges Identified:
· Sensor Noise and Data Quality: Real-world data exhibited noise and inconsistencies not present in simulations, affecting model performance.
· Variability in Machining Conditions: Differences in machine dynamics, tool wear, and material properties introduced variability that the models had to accommodate.
· Data Distribution Discrepancies: The distribution of real-world data differed from the simulated data, necessitating domain adaptation.
Implications:
· Feasibility of Transitioning Models: The ability to adapt simulation-trained models to real-world data demonstrates the feasibility of this approach, providing a cost-effective way to develop machine learning solutions for industrial applications.
· Need for Adaptation Techniques: The challenges encountered highlight the importance of techniques like Transfer Learning and domain adaptation in bridging the gap between simulation and reality.
· Practical Application Potential: The models' high performance in real-world scenarios suggests they can be integrated into machining operations for effective chatter detection and monitoring.
[bookmark: _Toc177766492]Synthesis of Findings
The progression from simulation to real-world validation illustrates a comprehensive approach to developing machine learning models for chatter detection:
· Foundational Model Development: Starting with simulated data allowed for the development of robust models under controlled conditions, establishing baseline performance and identifying key features.
· Enhancement with Advanced Techniques: Integrating domain-specific knowledge through OMA, TL, and RCSA enhanced model capabilities, addressing limitations and preparing them for real-world application.
· Real-World Validation: Applying the models to actual machining data confirmed their effectiveness and identified practical challenges, providing valuable insights for implementation in industrial settings.
[bookmark: _Toc177766493]Contributions to Research Objectives
The integrated findings align with and fulfill the research objectives outlined in the introduction:
1. Development of Robust Models: Achieved through the creation of Random Forest classifiers trained on extensive simulated datasets.
2. Enhancement with Advanced Techniques: Successfully implemented OMA, TL, and RCSA to improve model performance.
3. Validation with Real-World Data: Demonstrated the models' applicability in practical scenarios, achieving high accuracy and identifying challenges.
4. Analysis of Transition Challenges: Identified and addressed issues such as sensor noise, data variability, and distribution discrepancies, providing strategies to mitigate them.
5. Contribution to Predictive Maintenance: Offered a validated approach for integrating machine learning models into machining processes, enhancing chatter detection and supporting predictive maintenance strategies.
[bookmark: _Toc177766494]Implications for the Field
The research has several significant implications for the field of machining process monitoring and predictive maintenance:
· Advancement of Data-Driven Approaches: The successful application of machine learning models underscores the potential of data-driven methods in addressing complex machining problems.
· Bridging Simulation and Reality: Demonstrating the feasibility of transitioning models from simulation to real-world applications addresses a critical gap in existing research, encouraging further exploration in this area.
· Integration of Domain Knowledge: The incorporation of advanced techniques like OMA and RCSA highlights the importance of combining machine learning with domain expertise to enhance model performance.
· Practical Implementation Guidelines: By identifying challenges and proposing solutions for applying models to real-world data, the research provides practical guidance for industry practitioners.
[bookmark: _Toc177766495]Limitations and Considerations
While the research achieved its objectives, certain limitations were identified:
· Data Diversity: The real-world data were collected from a single machine setup, which may limit the generalizability of the findings across different machines or manufacturing environments.
· Sensor Limitations: The use of a single type of sensor (MEMS vibration sensor) may not capture all aspects of the machining process, suggesting that multi-sensor approaches could provide additional benefits.
· Computational Resources: Advanced techniques and model adaptations increased computational requirements, which may pose challenges for real-time implementation in industrial settings.
[bookmark: _Toc177766496]Future Directions
Building on the findings and addressing the limitations, future research can explore:
· Expanding Data Collection: Gathering data from diverse machining setups, tools, and materials to enhance model generalizability.
· Multi-Sensor Integration: Incorporating data from additional sensors, such as acoustic emission or force sensors, to enrich the feature set and potentially improve detection accuracy.
· Real-Time Implementation: Developing strategies to optimize computational efficiency for real-time monitoring applications.
· Adaptive Learning Models: Investigating models capable of continuous learning and adaptation to changing machining conditions without extensive retraining.
[bookmark: _Toc177766497]Conclusion of the Integrated Discussion
The integrated discussion highlights the successful progression from simulation to real-world application in developing machine learning models for chatter detection. Each phase contributed essential insights and advancements, culminating in models that are both effective and practical for industrial use. By addressing the challenges inherent in transitioning from simulation to reality, the research advances the field of machining process monitoring and lays the groundwork for future innovations in predictive maintenance and smart manufacturing.
[bookmark: _Toc177766498]Conclusion
[bookmark: _Toc177766499]Summary of Findings
This dissertation has systematically explored the development, enhancement, and validation of machine learning models for chatter detection in machining processes. Through a structured progression from simulation to real-world application, the research has achieved several key outcomes:
1. Development of Robust Models Using Simulated Data: Initial Random Forest classifiers trained on extensive simulated datasets demonstrated high predictive accuracy (87.9%) in identifying chatter occurrences. The simulation environment provided a controlled setting to capture a wide range of machining conditions, enabling the models to learn intricate patterns associated with chatter.
2. Enhancement with Advanced Techniques: The integration of Operational Modal Analysis (OMA), Transfer Learning (TL), and Receptance Coupling Substructure Analysis (RCSA) significantly improved the models' performance. These advanced methodologies enriched the feature set, enhanced the models' understanding of machining dynamics, and increased their robustness against variability in simulated conditions, resulting in an improved accuracy of 85%.
3. Validation with Real-World Machining Data: The application of the enhanced models to real-world data, obtained from a custom-built CNC milling machine equipped with a MEMS vibration sensor, confirmed their practical applicability. After employing Transfer Learning and domain adaptation techniques, the models achieved an accuracy of 86.1%, precision of 91.3%, recall of 87.5%, and an F1-score of 85.9% on the real-world dataset. This validation underscores the models' ability to generalize from simulated environments to actual machining operations.
4. Identification and Mitigation of Transition Challenges: The research identified critical challenges in transitioning models from simulation to reality, including sensor noise, data variability, and distribution discrepancies. Through meticulous data preprocessing, model adaptation, and the incorporation of advanced analytical techniques, these challenges were effectively mitigated, enhancing the models' reliability and performance in real-world settings.
5. Contributions to Predictive Maintenance Strategies: By developing and validating robust chatter detection models, this research contributes to the advancement of predictive maintenance strategies in the machining industry. The models provide actionable insights that can lead to improved process stability, reduced tool wear, enhanced product quality, and increased operational efficiency.
[bookmark: _Toc177766500]Contributions to the Field
This dissertation makes several significant contributions to the field of machining process monitoring and predictive maintenance:
· Bridging the Simulation-Reality Gap: Demonstrated the feasibility of adapting machine learning models trained on simulated data for effective application in real-world machining operations, addressing a critical gap in existing research.
· Integration of Advanced Analytical Techniques: Showcased the effectiveness of combining OMA, TL, and RCSA with traditional machine learning approaches to enhance model performance and robustness.
· Practical Validation: Provided empirical evidence through real-world data validation, reinforcing the practical applicability and reliability of machine learning models for chatter detection in industrial settings.
· Guidelines for Model Adaptation: Offered insights and methodologies for adapting simulation-trained models to real-world data, serving as a reference for future research and industrial implementations.
[bookmark: _Toc177766501]Implications for Industry
The successful validation of machine learning models for chatter detection in real-world machining processes has profound implications for the manufacturing industry:
· Enhanced Predictive Maintenance: Enables proactive identification of chatter, facilitating timely interventions that prevent machine damage, reduce downtime, and extend tool life.
· Improved Product Quality: Ensures consistent machining operations, leading to superior surface finishes and dimensional accuracy in manufactured components.
· Operational Efficiency: Optimizes machining parameters in real-time, enhancing overall productivity and reducing operational costs.
· Integration with Smart Manufacturing: Aligns with Industry 4.0 initiatives by incorporating advanced analytics and intelligent monitoring systems into manufacturing workflows.
[bookmark: _Toc177766502]Future Work
[bookmark: _Toc177766503]Expansion of Dataset Diversity and Size
While this study successfully validated machine learning models using data from a single CNC milling machine, expanding the dataset to include diverse machining setups, tools, and materials will enhance the models' generalizability. Future research should:
· Incorporate Multiple Machine Types: Collect data from various machine tools, including different brands and configurations, to capture a broader range of dynamic behaviors.
· Vary Material Properties: Include a wider variety of workpiece materials with different hardness, microstructures, and residual stresses to assess model performance across diverse machining conditions.
· Increase Dataset Size: Gather larger datasets to improve model training, reduce overfitting, and enhance the statistical significance of performance metrics.
[bookmark: _Toc177766504]Integration of Additional Sensor Modalities
Enhancing the feature set by incorporating data from multiple sensor types can provide a more comprehensive understanding of the machining process. Future studies should explore:
· Acoustic Emission Sensors: Utilize high-frequency acoustic signals to detect subtle chatter phenomena that may not be captured by vibration sensors alone.
· Force Sensors: Measure cutting forces in real-time to gain direct insights into tool-workpiece interactions and their impact on chatter.
· Temperature Sensors: Monitor tool and workpiece temperatures, as thermal variations can influence machining dynamics and chatter occurrences.
· Multi-Sensor Fusion: Develop data fusion techniques to integrate information from various sensors, improving the accuracy and reliability of chatter detection.
[bookmark: _Toc177766505]Development of Adaptive and Real-Time Models
To further enhance the practicality of chatter detection systems in industrial settings, future research should focus on developing models that can adapt to changing conditions and operate in real-time:
· Online Learning Algorithms: Implement incremental learning approaches that allow models to update their parameters continuously as new data becomes available, maintaining accuracy in evolving environments.
· Real-Time Processing: Optimize model architectures and computational processes to ensure minimal latency, enabling real-time monitoring and immediate response to chatter events.
· Edge Computing Deployment: Explore the deployment of models on edge devices attached to machine tools, reducing dependency on centralized systems and enhancing data processing speeds.
[bookmark: _Toc177766506]Advanced Model Enhancement Techniques
Building on the integration of OMA, TL, and RCSA, future work can investigate additional techniques to further refine model performance:
· Deep Transfer Learning: Utilize deep learning architectures with Transfer Learning to capture more complex patterns and improve adaptability to diverse machining scenarios.
· Domain-Adversarial Training: Implement domain-adversarial neural networks to minimize discrepancies between simulated and real-world data distributions, enhancing model generalization.
· Ensemble Learning: Combine multiple models trained on different feature sets or data subsets to create ensemble systems that leverage the strengths of each individual model.
[bookmark: _Toc177766507]Exploration of Explainable AI (XAI) Techniques
Understanding the decision-making process of machine learning models is crucial for gaining trust and facilitating adoption in industrial settings. Future research should incorporate Explainable AI methodologies to:
· Enhance Transparency: Provide clear explanations of how models make predictions, enabling operators to understand and validate chatter detection results.
· Facilitate Decision-Making: Assist practitioners in making informed decisions based on model insights, improving the overall effectiveness of chatter mitigation strategies.
· Improve Model Refinement: Identify and address potential biases or shortcomings in the models by analyzing feature contributions and decision pathways.
[bookmark: _Toc177766508]Application to Other Machining Processes
Expanding the scope of this research to include other machining operations can broaden its impact and applicability:
· Turning and Drilling: Apply the developed models and methodologies to turning and drilling processes, which may exhibit different chatter characteristics and dynamics.
· Grinding and EDM: Investigate the applicability of machine learning models in grinding and electrical discharge machining (EDM), where different vibration patterns and operational parameters are prevalent.
· Additive Manufacturing: Explore chatter-like phenomena in additive manufacturing processes, such as layer-wise vibrations, and adapt models accordingly.
[bookmark: _Toc177766509]Collaboration with Industry Partners
Engaging with industry partners can facilitate the practical implementation and refinement of the developed models:
· Pilot Programs: Conduct pilot studies in manufacturing facilities to test and validate models in diverse real-world environments, gathering feedback for further improvements.
· Customized Solutions: Collaborate with machine tool manufacturers to develop tailored chatter detection systems that integrate seamlessly with existing machinery and workflows.
· Knowledge Exchange: Foster partnerships that enable knowledge sharing between academia and industry, promoting the adoption of advanced machine learning techniques in manufacturing.
[bookmark: _Toc177766510]Long-Term Impact and Sustainability
Ensuring the long-term sustainability and adaptability of chatter detection systems is essential for their continued effectiveness:
· Regular Model Updates: Establish protocols for periodic model retraining and updating to account for changes in machining conditions, tool wear, and technological advancements.
· Scalability: Design models and systems that can scale to monitor multiple machines and processes simultaneously, accommodating the needs of large-scale manufacturing operations.
· Energy Efficiency: Optimize computational processes and sensor usage to minimize energy consumption, contributing to sustainable manufacturing practices.
[bookmark: _Toc177766511]Conclusion
The future work outlined above aims to build upon the foundational research presented in this dissertation, addressing existing limitations and exploring new avenues to enhance the effectiveness and applicability of machine learning models for chatter detection in machining processes. By expanding dataset diversity, integrating additional sensor modalities, developing adaptive and real-time models, and fostering industry collaborations, future research can significantly advance the field of machining process monitoring. These efforts will not only improve predictive maintenance strategies but also contribute to the broader goals of smart manufacturing and Industry 4.0, driving innovation and efficiency in the manufacturing sector.
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Abstract

Chatter, a self-excited vibration phenomenon, presents a significant challenge in machining operations,
particularly in high-speed milling, where it can degrade tool life, reduce material removal efficiency,
and compromise workpiece quality. This study introduces a novel, data-driven approach to predicting
machining stability, leveraging over 140,000 simulated datasets alongside advanced techniques such
as Operational Modal Analysis (OMA), enhanced Transfer Learning (TL), and Receptance Coupling
Substructure Analysis (RCSA). The integration of these methods allows for the accurate prediction
and classification of chatter across diverse operational modes. Our Random Forest (RF) classifi-
cation model, trained with this comprehensive dataset, demonstrates substantial improvements in
predictive accuracy and robustness. The results underscore the model’s potential to enhance oper-
ational efficiency and machining quality by providing reliable chatter predictions across a broad
range of machining configurations. This research offers a significant advancement in the predictive
maintenance of machining processes, enabling more stable and efficient manufacturing operations.

Keywords: transfer learning, operational modal analysis, chatter, stability, additive manufacturing

1 Introduction additive manufacturing, notably within the
aerospace and automotive sectors, where the

Effective and accurate machining technology ability to foresee machining stability holds

stands as a foundational element in advanced
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paramount importance. Specifically, the integra-
tion of high-speed milling (HSM) has significantly
bolstered productivity and flexibility within the
hybrid manufacturing industry [1]. However, the
widespread embrace of HSM comes with its own
set of challenges, primarily stemming from the
detrimental impact of chatter on tool longevity,
material removal efficiency, and the overall quality
of the workpiece [2]. Also, with additive manufac-
turing changing machining conditions are encoun-
tered as one machine may produce many different
parts after going under tool head change outs
or having other settings changed. Chatter, dating
back to the 1950s, has been extensively researched,
and foundational work by Tlusty [3], Tobias [4],
and Koenigsberger & Tlusty [5] laid the ground-
work for contemporary applications. Chatter has
shown to significantly impact the automation of
the process, hinder cutting efficiency, diminish
machining accuracy, and even cause tool dam-
age [6], [7]. Chatter,self-excited vibration that
occurs between the cutting tool and the workpiece,
leads to poor surface finish, reduced tool life, and
decreased machining efficiency [3].

Despite advancements in machining, accurate
prediction remains challenging due to the intricate
understanding required of self-excited and force-
induced vibrations during machining [8]. Over the
last decade, scholars have increasingly directed
their attention toward methods aimed at avert-
ing or mitigating chatter, and these approaches
fall into distinct categories, including stability
prediction, passive control, and active control [9].

Various methods have been devised for chat-
ter prediction, categorized into frequency domain
and time domain methods. Altintas & Budak
introduced a zero-order analytical method widely
used in large material removal milling but is less
accurate for a small radial depth of cuts as com-
mon in additive manufacturing [10]. Insperger &
Stépan presented a semi-discretization method,
transforming milling dynamics into delay differ-
ential equations (DDEs), using a DDEs stability
algorithm to generate the stability lobe diagram
(SLD) [11]. Moreover, additional chatter predic-
tion approaches have been suggested, including
the method by Li & Liu, which derives the SLD
through numerical calculations, enabling simu-
lation and acquisition of the cutting process’s
vibration signal [12]. Schmitz & Smith focused
their simulation model on the frequency response

function (FRF) and the force model, however,
this required FRF measurements to be obtained
to allow for pre-process prediction, which adds
a layer of complexity for data generation and
processing [13].

To address these challenges, this research
introduces operational modal analysis (OMA)
through simulated data as a tool to conve-
niently obtain spindle operational modes across a
wide array of machining parameters. The OMA
method improves the convergence of the dynamic
modal parameter identification and the omission
of modes is avoided [14] & [15]. Combining OMA
and simulated machining data facilitates opera-
tional mode identification and chatter prediction,
enhancing efficiency and safety, especially in high-
speed rotating spindles. An issue that still plagues
many researchers is the ability to generate vast
amounts of machining data, given the time and
cost to do so. Alberts et al. have shown that sim-
ulated data is a viable way to produce a random
forest prediction model around chatter [16].

Transfer Learning (TL) emerged as a solu-
tion to establish a prediction model for tool-tip
modal parameters, addressing the challenge of pre-
dicting under changing machining conditions [17].
Also, chatter caused by tool wear under different
processing conditions has a certain similarity, so
TL can be applied to tool condition monitoring
under different machining conditions [18]. Exist-
ing TL models, while innovative, face limitations
in prediction accuracy, particularly when machin-
ing conditions change. Receptance Coupling Sub-
structure Analysis (RCSA) is a method rooted in
the principles of structural dynamics and system
substructuring, offering a sophisticated means to
comprehend and predict the dynamic interactions
between different subcomponents of a machining
system, notably the tool and holder assembly.
In response, this paper proposes an enhanced
TL model based on RCSA theory, which con-
siders multiple connections between the tool and
holder, enhancing accuracy in predicting tool-tip
dynamics.

Building on research by Wang et al and that
by Unver & Sener, we will leverage work done by
Yesilli et al. around TL to analyze a collection
of over 140,000 simulated data sets across various
operational modes and apply the novel approach





Springer Nature 2021 ETEX template

A Data-Driven Framework for Predicting Machining Stability: Employing Simulated Data, Operational Modal Analys

by Alberts et al to analyze and produce a general-
izable chatter prediction model across Operational
modes [16], [18], [19] [20].

The comparative analysis between the follow-
ing Study 1 and Study 2 is central to this research.
By evaluating the performance of the baseline
model from [16] against the enhanced model in
this paper, we can draw important conclusions
about the effectiveness of OMA, TL, and RCSA in
improving predictive modeling for machining sta-
bility. Specifically, the comparison seeks to answer
the following research questions:

¢ How does the integration of OMA contribute
to a deeper understanding of the system’s
dynamic behavior, and how does it impact
the accuracy of the predictive model?

¢ How does TL enhance the model’s ability
to generalize to new and unseen machining
conditions?

® What are the benefits of incorporating RCSA
in understanding and predicting the dynamic
interactions within the machining assembly,
and how does it influence model accuracy?

® To what extent do these advanced methods
reduce the incidence of false negatives, where
chatter is not predicted but occurs, compared
to the baseline model?

e What is the overall improvement in predic-
tive performance, and how does this translate
into practical benefits for industrial machin-
ing operations?

The results from these studies are expected to
provide clear evidence of the advantages offered
by advanced modeling techniques. We hypothesize
that Study 2 will demonstrate significant improve-
ments in both the accuracy and robustness of the
predictive model, particularly in scenarios where
operational conditions vary from those seen during
training. These improvements are not just aca-
demic; they have direct implications for real-world
machining operations. More accurate and reliable
chatter predictions can lead to better process con-
trol, reduced downtime, improved tool life, and
higher-quality machined products.

In conclusion, the structured comparison
between Study 1 and Study 2 serves as a crit-
ical component of this research. It allows us to
rigorously evaluate the potential of OMA, TL,
and RCSA in enhancing predictive models for
machining stability, ultimately contributing to

the development of more effective and reliable
manufacturing processes.

2 Data Description

This section provides an overview of the data
sources, key concepts related to OMA, and the
various feature groups derived from OMA, as well
as the methods used for estimation and practical
considerations.

2.1 Data Collection and Simulation

At the core of this study is a comprehensive sim-
ulated dataset, generated from the model devel-
oped by Schmitz and Smith, designed to reflect
the range of conditions typically encountered in
high-speed milling [13]. The dataset encompasses
various operational modes, ensuring a broad rep-
resentation of potential machining scenarios. This
diversity is critical for capturing the range of
vibrational dynamics that can occur in actual
machining processes, making the dataset a valu-
able resource for studying chatter phenomena.

The simulation parameters were selected to
closely mimic real-world machining dynamics.
Emphasis was placed on accurately simulating fac-
tors like self-excited and forced vibrations, which
are crucial for understanding chatter [20]. The
richness and variety of the dataset are key for
providing deep insights into the complexities of
machining vibrations.

Python was chosen for data management, pre-
processing, and analysis, leveraging its robust
libraries and computational efficiency. This choice
facilitates the handling of the large dataset and
supports the implementation of predictive models,
thanks to Python’s compatibility with machine
learning libraries such as Scikit-learn [21].

The data collection and simulation phase
is marked by a focused approach to creating
a detailed and representative dataset. Python’s
capabilities enable efficient data management
and lay the groundwork for the application of
advanced analytical methods, which are elabo-
rated on in the following sections of the paper.

2.2 Operational Modal Analysis

OMA is a pivotal component in this study, offer-
ing a robust framework for extracting modal
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parameters from the system’s output responses
under actual operating conditions. Unlike tradi-
tional modal analysis that requires the system to
be isolated and excited in a controlled environ-
ment, OMA operates directly on the system in its
operational state, capturing the dynamics as they
manifest under actual working conditions. This
attribute makes OMA particularly suitable for
industrial applications where isolating a system is
impractical or impossible.

2.3 System Dynamics and Modal
Parameters

The dynamics of a linear time-invariant system
can be described by the second-order differential
equation of motion:

Mi(t) + Cx(t) + Kx(t) = £(t) (1)

where:
e M is the mass matrix,
C is the damping matrix,
K is the stiffness matrix,
x(t) is the displacement vector as a function
of time t,

e f(t) is the external force vector [22].

In OMA, the goal is to determine the sys-
tem’s natural frequencies, damping ratios, and
mode shapes (¢) from the measured response x(t),
without direct knowledge of the excitation force
£(¢).

2.4 Natural Frequencies and Mode
Shapes

For free vibrations, where no outside force is
acting on the system, (f(t) =0), the system’s
response can be expressed as a sum of modal
contributions:

x(t) =) drar(t) (2)

where ¢,.(t) represents the modal coordinates cor-
responding to the rth mode shape ¢,..

Assuming harmonic motion ¢,(t) = Q,.e/*rt,
the characteristic equation is obtained:

(—w?M + jw,C+ K)o, =0 (3)

Here, w, is the rth natural frequency and ¢, is the
corresponding mode shape [23].

2.5 Damping Ratio

The damping ratio ¢, for the rth mode, a measure
of vibration decay, is given by:

Cr

P 4
2V k,.m, )

C’r =
where ¢, k., and m, are the modal damping,
stiffness, and mass, respectively. Alternatively, (,
can be derived from the logarithmic decrement

or half-power bandwidth in the frequency domain
[22].

2.6 Frequency Response Function

The FRF relates the output X(w) to the input
F(w) in the frequency domain:

where the FRF H(w) is defined as:
H(w) = (K — w’M + jwC) ™! (6)

In OMA, the objective is to estimate H(w) from
the operational responses and extract the modal

parameters without requiring explicit knowledge
of F(w) [24].

2.7 Modal Parameter Estimation in
OMA

Several techniques can be used for modal param-
eter estimation in OMA. Two widely adopted
methods are Covariance-driven Stochastic Sub-
space Identification (SSI-COV) and Frequency
Domain Decomposition (FDD).

2.7.1 Covariance-driven Stochastic
Subspace Identification

The SSI-COV technique involves:
1. Constructing the Hankel Matrix:
Arrange the output data into a block Hankel
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matrix H.

Y() Y(@t+1)---Y({t+p-—1)
Y(t+1) YE+2) -+ Y(t+p)
(7)
2. Singular Value Decomposition (SVD):
Perform SVD on H to obtain:

H:

H=UxVT (8)

where X contains the singular values, which
help determine the system’s order.

3. State-Space Model Construction: Derive
the state-space matrices A (state transition
matrix) and C (output matrix) from U and
3.

4. Modal Parameter Extraction: The eigen-
values A, of A provide the natural frequencies
and damping ratios:

A, = e(TCrwnrAttjwarAt) 9)

where w,,, is the natural frequency, wg, is the
damped natural frequency, and At is the time
step [25].

2.7.2 Frequency Domain
Decomposition

The FDD method involves:

1. Power Spectral Density (PSD): Esti-
mate the PSD matrix from the operational
response data.

2. Singular Value Decomposition of PSD:
Decompose the PSD matrix via SVD at each
frequency to obtain singular values.

3. Peak-Picking: Identify peaks in the singular
value spectrum corresponding to the natural
frequencies; the associated singular vectors
represent the mode shapes [26].

2.8 Practical Considerations

When applying OMA, several factors must be
considered:
¢ Noise Sensitivity: OMA can be sensitive
to noise, particularly in low-energy modes,
necessitating the use of averaging and filter-
ing techniques.
® Model Order Selection: Correct selection
of the system’s order is crucial to avoid
overfitting or underfitting.

¢ Operational Conditions: The system’s
response under operational conditions may
include non-linearities or non-stationary
behaviors, which should be accounted for in
the analysis.

OMA provides a powerful framework for iden-
tifying the dynamic characteristics of a machining
system under operational conditions. By leverag-
ing techniques such as SSI-COV and FDD, the
natural frequencies, damping ratios, and mode
shapes can be accurately estimated, contributing
to more reliable predictions of machining stability.

In the context of this research, OMA was sys-
tematically applied to the simulated dataset to
identify the operational modes intrinsic to the
machining process. The process involves the col-
lection of vibration data from the simulated sys-
tem, followed by sophisticated signal processing
techniques to extract the modal parameters. This
includes determining natural frequencies, damp-
ing ratios, and mode shapes, which are critical in
understanding the system’s vibrational behavior.

A key advantage of OMA in this study is
its ability to provide insights into the system’s
behavior under different operational conditions
without the need for external excitation especially
for large datasets [27]. This is particularly bene-
ficial for understanding the conditions that lead
to chatter, as it allows for the analysis of the
system’s response to actual machining forces and
conditions. The extracted modal parameters serve
as foundational inputs for subsequent predictive
modeling and analysis.

Furthermore, OMA’s non-intrusive nature
allows for the continuous monitoring and analy-
sis of the system, making it an invaluable tool for
predictive maintenance and real-time system diag-
nostics. By enabling the identification of subtle
changes in the system’s modal parameters, OMA
can provide early warnings of potential issues,
allowing for timely interventions to prevent the
onset of chatter.

In summary, the application of OMA in this
study provides a deep understanding of the sys-
tem’s dynamic behavior under actual operational
conditions. This understanding is crucial for devel-
oping predictive models that are not only accurate
but also reflective of the real-world complexities
of high-speed milling processes. The integration of
OMA with advanced signal processing techniques,
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all implemented within the Python ecosystem,
ensures that the modal analysis is both rigor-
ous and efficient. The insights gained from OMA
form a critical part of the foundation for the
advanced predictive modeling techniques detailed
in the subsequent sections of the paper.

3 Transfer Learning Model
Development

In this research, TL emerges as a strategic
approach to model development and adaptation,
addressing the challenge of predictive modeling
under varying machining conditions. TL is par-
ticularly apt for this study as it allows for the
leveraging of knowledge extracted from the exten-
sive simulated dataset, facilitating the application
of this knowledge to predict chatter in new and
changing scenarios. This approach is particularly
valuable when data distributions differ between
training and application environments.

3.1 Fundamentals of Transfer
Learning

TL leverages a pre-trained model from a source
domain, Dg, characterized by feature space Xg
and distribution Ps(X), to improve performance
in a target domain, Dp, with its own feature
space X and distribution Pp(X). The goal is
to improve the target predictive function fr(X)
where Ps(X) # Pr(X) [28].

3.2 Mathematical Framework

The TL process involves two main stages:
® Pre-training: The model is first trained on
the source domain by minimizing the loss
function Lg(6):

0s = arg mein Ls(0) (10)

¢ Fine-tuning: The pre-trained model is then
adapted to the target domain by minimizing
Lr(0), starting from 6g:

Or = arg mgin Lr(0; 0s) (11)

3.3 Application in Machining
Stability Prediction

In this study, TL is applied to adapt a Ran-
dom Forest model trained on simulated machining
data (source domain) to extrapolated machin-
ing data (target domain). Feature alignment is
crucial, ensuring that the model effectively trans-
fers knowledge between the simulated and actual
environments.

3.4 Benefits and Challenges

Benefits:
® Reduces data requirements in the target
domain.
® Improves generalization to new conditions.
® Speeds up model training by starting from a
pre-trained state.
Challenges:
® Domain discrepancies can lead to negative
transfer.
® Misalignment of features between domains.
® Potential computational costs in fine-tuning
complex models.

The TL framework employed in this study
is characterized by its ability to adapt a model
trained on a dataset (the source domain) to a
related but different dataset (the target domain).
This adaptability is crucial in the context of
machining, where operational conditions can vary
significantly, and the ability to quickly adjust to
new conditions is a significant advantage.

The model training process began with a thor-
ough preprocessing of the simulated data. This
involved normalization to ensure consistency in
scale across different features and the selection
of the most predictive features based on their
relevance to chatter phenomena. Feature selec-
tion was performed meticulously to ensure the
model’s focus remained on the most informa-
tive attributes, reducing the risk of overfitting
and improving model interpretability. This was
done by utilizing the Recursive Feature Elimina-
tion (RFE) process. This method is a cornerstone
in our process of choosing features, systemati-
cally eliminating the less critical features from our
initial extensive collection. The fundamental prin-
ciple of RFE is its capacity to refine and identify
the most influential features, thus enhancing the
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model’s clarity and markedly decreasing the need
for computational resources [29].

Following preprocessing, the Random Forest
algorithm was employed for model training. This
choice was guided by the algorithm’s proven track
record in handling high-dimensional data and its
robustness against overfitting, aiming to leverage
the intrinsic advantages of the Random Forest
(RF) model. This model is distinguished for its
resilience to noise and its adeptness in assessing
the significance of features, crucial in improving
the analysis’s overall applicability [30]. Random
Forest, an ensemble learning method that con-
structs multiple decision trees during training and
outputs the mode of the classes (classification)
or mean prediction (regression) of the individual
trees, provides a balance between accuracy and
computational efficiency.

The integration of TL within this framework
involved fine-tuning the Random Forest model
using a subset of the target domain data. This
process ensures that the model, initially trained
on the simulated dataset, remains sensitive and
adaptive to the nuances of new operational condi-
tions. Model training also involved rigorous cross-
validation, particularly k-fold cross-validation, to
assess the model’s performance and generalizabil-
ity robustly. This validation approach not only
provides insights into the model’s accuracy but
also helps in identifying any potential biases or
variances that could affect its performance in
real-world settings.

The TL and model training phase is charac-
terized by a systematic and strategic approach,
leveraging the strengths of the Random Forest
algorithm and the adaptability of TL. The rig-
orous preprocessing, feature selection, and cross-
validation procedures ensure that the model is
both accurate and robust, capable of adapting to
new machining conditions while providing reliable
chatter predictions.

4 Receptance Coupling
Substructure Analysis

RCSA forms a crucial pillar in the predictive
modeling approach of this study, representing a
significant advancement in understanding and pre-
dicting dynamic behavior within machining sys-
tems [31]. A widely adopted approach involves

integrating the experimentally measured dynam-
ics of the machine tool substructure with the
analytically modeled dynamics of the tool-holder
combination using RCSA [32].

4.1 Fundamentals of RCSA

RCSA is based on the principle that the dynamics
of an assembly can be predicted by coupling the
FRF of its substructures. The FRF, H(w), repre-
sents the relationship between applied force and
resulting displacement in the frequency domain:

H(w) = (K — w*M + jwC) ™! (12)

where K, M, and C are the stiffness, mass, and
damping matrices, respectively.

4.2 RCSA Methodology

The RCSA process involves:
® Substructure Characterization: Measure
or calculate the FRFs of individual substruc-
tures, such as the tool and holder.
® Receptance Coupling: Combine these
FRFs using the dynamic stiffness matrix
D(w) to obtain the coupled system’s FRF:

Hip(w) =Ha(w)+Hp(w)-Ha(w)D(w)Hpg(w)

(13)

4.3 Application in Machining

In machining systems, RCSA is used to analyze
the dynamics of the tool-holder assembly. By cou-
pling the FRFs of the tool and holder, RCSA
helps predict stability limits and potential chatter,
critical for optimizing machining performance.

4.4 Benefits and Challenges

Benefits:
® Modular analysis of complex assemblies.
® Improved accuracy in predicting system
behavior and stability.
Challenges:
® Requires precise FRF measurements.
e Computationally intensive, particularly for
large systems.

In the context of this research, RCSA is
integrated into the predictive modeling frame-
work to provide a nuanced understanding of the
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tool-holder dynamics. This understanding is piv-
otal, especially considering the complex interplay
between the tool and holder significantly influ-
ences the system’s overall dynamic response and,
consequently, its susceptibility to chatter.

The implementation of RCSA in this study
involved the following key steps:

1. Substructure Characterization: The dynamic
characteristics of individual substructures,
namely the tool and holder, were meticu-
lously identified. This involved determining
the FRFs of the substructures in isolation,
providing a detailed insight into their indi-
vidual dynamic behaviors.

2. Coupling Analysis: The identified substruc-
tures were then analytically coupled using
RCSA principles. This coupling analysis is
based on the concept that the total dynamic
behavior of a coupled system can be derived
from the individual behaviors of its subcom-
ponents. The process involves the calculation
of coupling matrices and the application of
RCSA algorithms to predict the dynamic
response of the coupled tool-holder system.

3. Modal Parameter Extraction: Following the
coupling analysis, the modal parameters of
the coupled system, including natural fre-
quencies, damping ratios, and mode shapes,
were extracted. These parameters are crucial
in understanding the system’s susceptibility
to chatter and form the basis for subsequent
predictive modeling.

4. Integration with Predictive Modeling: The
modal parameters derived from RCSA were
integrated into the TL framework, enhanc-
ing the predictive model’s ability to accu-
rately forecast tool-tip dynamics under vary-
ing operational conditions. This integration
ensures that the model’s predictions are not
only based on historical data but are also
grounded in the physical realities of the
machining system’s dynamic behavior.

The integration of RCSA into the predictive mod-
eling framework marks a significant departure
from traditional chatter prediction methods. By
considering the multiple connections between the
tool and holder, RCSA provides a more compre-
hensive and accurate prediction of the system’s
dynamic behavior. This accuracy is crucial for

developing reliable chatter predictions, particu-
larly in scenarios where the tool-holder assembly
undergoes changes due to varying operational
conditions.

RCSA enhances the robustness and reliabil-
ity of the predictive model by providing a deep
understanding of the system’s dynamic behav-
ior. The integration of RCSA with the TL model
ensures that the predictions are not only data-
driven but are also deeply rooted in the physical
understanding of the machining system’s dynam-
ics. This comprehensive approach significantly
advances the capability to predict and mitigate
chatter in high-speed milling processes, contribut-
ing to enhanced operational efficiency and product
quality.

5 Method

5.1 Data Preparation

Ensuring that data is correctly prepared and
segmented is fundamental to the success of any
machine learning project. This section describes
the meticulous process undertaken to prepare
the 140,000 datasets, ensuring their readiness for
effective use in training and validating both the
baseline and the new predictive models.

Data Cleaning and Preprocessing The first
step in preparing the data involved a comprehen-
sive cleaning process to ensure data quality and
consistency:

e Handling Missing Values: Missing data points
were identified and appropriately handled,
either by imputation using statistical meth-
ods or by removing data points where neces-
sary to maintain data integrity.

® Noise Reduction: Given the nature of vibra-
tion data in machining, noise reduction tech-
niques such as smoothing and filtering were
applied to enhance the signal quality, crucial
for accurate feature extraction.

e Normalization: Data normalization was per-
formed to scale the numerical values to a
standard range. This is particularly impor-
tant in machine learning to prevent attributes
with larger ranges from overpowering those
with smaller ranges, ensuring all features
contribute equally to the analysis.
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Feature Engineering The feature engineering
process was designed to identify and select the
most relevant attributes from the raw vibration
data collected during machining operations. In
the data preprocessing phase of this study, a
structured approach was adopted to ensure effec-
tive feature extraction and transformation.

Fast Forier Transform Features: Fast Fourier
Transform (FFT) Features: Custom Python
scripts were developed to extract FFT features,
capturing the frequency-domain characteristics
of the vibration data. This step was essential for
identifying critical frequency components that
could help discern between stable and unstable
machining conditions.

Time-Series Features: The TSFresh library
was utilized for comprehensive time-series feature
extraction. This library provides a systematic
integration of computational techniques, offer-
ing a broad range of statistical and descriptive
features that capture the temporal dynamics of
the data. The raw data sets were transformed
into feature datasets using this combination of
TSFresh and FFT methodologies.

OMA Features:

e Natural Frequencies: These are the frequen-
cies at which the system tends to oscillate in
the absence of damping or external forces and
are fundamental to understanding system
dynamics.

¢ Damping Ratios: This measures the damping
characteristics of the system, which describe
how oscillations in the system decay after a
disturbance.

® Mode Shapes: These are the shapes that
the system naturally wants to take on while
vibrating at each natural frequency. Mode
shapes are crucial for understanding the
vibration patterns of the system.

® Modal Scales: These scales provide a quanti-
tative measure of how much each mode shape
contributes to the system’s response.

® Modal Assurance Criteria (MAC): A statis-
tical measure that compares the similarity of
mode shapes. It is used to verify the con-
sistency or changes in modal properties over
time or different operational conditions.

RCSA Features:

® Frequency Response Functions: These func-
tions describe how different parts of the sys-
tem respond to various frequencies of input,
used to predict how the entire system will
behave.

® Coupling Stiffness and Mass Matrices: These
matrices describe how different parts of a
machine or structure are connected and inter-
act dynamically. They are crucial for under-
standing the overall dynamic behavior when
different parts are assembled.

e Assembled System FRFs: Once individual
FRFs are known, RCSA can be used to
predict the FRFs of the assembled system.
These are critical for predicting how modifi-
cations in the structure (like changing a part
or configuration) will affect overall system
behavior.

e Dynamic Stiffness and Compliance: Mea-
sures of how much a system deforms under
dynamic loads, which can be crucial for
assessing system performance under opera-
tional conditions.

Feature Selection and Reduction: Challenges
in FFT Interpretation: The analysis revealed
challenges in discerning stability and instability
from FFT data alone, highlighting the need for a
more holistic approach that includes time-series
features (refer to Figures illustrating stability and
instability). RFE: To mitigate the risk of model
overfitting due to the extensive number of features
(846 in total), the RFE process was employed.
RFE systematically reduced the feature set to the
17 most significant features, categorizing them
into 10 FFT features and 7 time-series features.
This refined selection maintained the model’s
predictive accuracy while reducing computational
overhead.

Finalized Feature Set: The final selection of
features, resulting from RFE, forms the input
for the Random Forest (RF) classification model.
The combination of the FFT and time-series fea-
tures provides a comprehensive perspective on the
vibration data, enabling the RF model to robustly
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distinguish between stable and unstable condi-
tions. This is in line with the features that were
identified by Alberts et al [16]. This features can
be seen in Tables 1 & 2.

The transformation of raw datasets into pre-
cisely refined feature sets was achieved through
a combination of custom Python scripts and the
TSFresh library. This approach ensured that each
feature was analyzed for its significance in pre-
dicting chatter. The preprocessing phase plays a
pivotal role in accurately identifying the markers
of stability and instability, as depicted in the
figures. This systematic feature extraction and
selection process provides a solid analytical foun-
dation for the RF classification model, ensuring
robust predictive capability in milling operations.

Data Segmentation To evaluate model perfor-
mance effectively, the data was segmented into
distinct sets for training, validation, and testing:
® Training Set: The largest segment of the data,
70%, was used for training the model. This
set is crucial for the model to learn the under-
lying patterns and dynamics associated with
chatter.

e Validation Set: 15% of the data was reserved
for validation. This set is used to fine-tune
model parameters and to prevent overfitting
during the training process by providing an
unbiased evaluation of the model fit.

e Testing Set: The remaining 15% of the data
was set aside as the testing set. This data
was used solely for evaluating the model’s
performance after training and validation are
complete, providing an unbiased assessment
of its predictive power.

Cross-Validation Setup To further enhance the
robustness and reliability of the model evaluation:

e K-Fold Cross-Validation: This technique was
employed, particularly for model tuning and
selection. By rotating the training and valida-
tion sets through multiple iterations (folds),
we ensured that every data point had a
chance to be used in both training and valida-
tion, thereby maximizing the use of available
data for a more comprehensive performance
assessment.

This careful preparation and segmentation of
the data are critical to the success of the sub-
sequent modeling steps, ensuring that both the

baseline and the new models are trained, vali-
dated, and tested under optimal conditions. This
approach to data management underpins the
integrity and validity of the study, laying a solid
foundation for the predictive analyses that follow.

5.2 Data Sets

Data sets A, B, and C are derived from the same
machining tool setup, with variations in cutting
depth, rotational speed of the machine tool head
and cutting forces of 600, 700, and 800 x 10 N/m?.
The number of teeth on the cutting head will also
include variations for 2, 3, 4, and 6. This results
in Data sets of AO1, A02, A03, A04, B01, B02,
B03, B04, C01, C02, C03, and C04. Each set con-
sists of 5000 data files, covering RPM settings
ranging from 6,000 to 11,000 rpm in 50 rpm incre-
ments, with the cutting depth varying from 0.2
to 10 mm in 0.2 mm increments. This breakdown
of data sets will be duplicated over 3 different
tool modal setups as shown in Table 3. This is
meant to showcase how the modal will perform on
data from different machines with different modal
parameters as indicative of the real world.

5.3 Model Evaluation and
Validation

Evaluating and validating the predictive model
is integral to ensuring its efficacy and reliability,
particularly in operational settings. This section
of the study outlines a varied approach designed
to thoroughly assess the model’s performance
across several metrics and validate its predictive
capabilities.

For a robust evaluation, we selected a
combination of metrics to comprehensively
gauge the model’s effectiveness:

e Accuracy: This metric provides a fundamen-
tal measure of the model’s overall correctness
by calculating the ratio of correctly predicted
observations to the total observations.

e Area Under the Curve (AUC): AUC of
the Receiver Operating Characteristic (ROC)
curve is a performance measurement for clas-
sification problems at various threshold set-
tings. AUC represents the degree to which the
model can distinguish between classes, with
a higher value indicating better predictive
performance and robustness.
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Table 1: FFT Features Extracted.

Feature Description

peak=max(a)

RMS = \/(1/n) ¥, ai®
Crest = Xpeak/XrMS

std = \/ 5y S (a1 — 7)?
Vams = /A2/2

Dris = +/(a/(2 % pi* [)?)?

Highest Peak Frequency (Hz)

Acceleration Peak (g)

Acceleration RMS (g)

Crest Factor

Standard Deviation (g)

Velocity RMS (in/s)

Displacement RMS (in)

Peak Frequency (Hz)

RMS (g) from 1 to 65hz RMS, g5 = 1/(1/n) 3%, ai?

RMS (g) from 65 to 300hz RMSg5-300 = \/ (1/n) ©2% ai?r

RMS (g) from 300 to 6000hz RM Ss00- 1000 = \/ (1/n) 1% ai?y

Source: FFT Features are sourced from Alberts et al. [16]

The model’s predictions were rigorously
compared against known outcomes within
the extensive simulated dataset:
¢ Match Against Simulated Scenarios: By com-
paring the model’s predictions to the estab-

® F'1 Score: This metric balances precision and
recall in scenarios where an uneven class dis-
tribution might bias the accuracy metric. It is
especially crucial in our context, where false
negatives (unpredicted chatter events) can

have severe implications.

Precision and Recall: These metrics provide
insights into the model’s ability to correctly
identify positive class instances among the
actual positives (recall) and among its total
predicted positives (precision).

lished outcomes of the simulated scenarios,
we could assess the precision of the model’s
chatter detection under varied operational
settings.

Scenario-Specific Analysis: Special attention
was given to scenarios where operational
conditions known to induce chatter were sim-

To ensure the model’s stability and gener-
alizability, k-fold cross-validation was uti-
lized:

e K-Fold Cross-Validation: The dataset was
split into 'k’ smaller sets or folds. The model
was trained on k-1’ folds, with the remain-
ing fold used as a test set. This process
was repeated 'k’ times, with each fold used

ulated. The model’s ability to detect these
conditions was critically analyzed to gauge its
sensitivity and specificity.

A sensitivity analysis was conducted to
examine the influence of various input
parameters on the model’s predictions:

e Input Variability: By systematically varying

exactly once as the test set. The average
result from all 'k’ trials provides a more
comprehensive understanding of the model’s
performance across different subsets of data.

input parameters and observing the corre-
sponding changes in the model’s outputs, we
identified the most influential factors affect-
ing the model’s performance.
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Table 2: Time series Feature & Description

Feature

Description

Ratio value number to time series length

Benford correlation

Change quant f-agg ”var” False gh 1.0 ql 0.4
FFT coefficient attr "imag” coeff 55
FFT coefficient attr "imag” coeff 77
Agg linear trend "stderr” len 10 f agg ”min”

Permutation entropy dimension 4 7 1

The number of unique values versus the total number
of values

How often a value starts with a certain number, in
analytics overwhelmingly a value is most likely to
start with a 1

Aggregator function of the differences taken over a
specific range of upper and lower quartiles

Fast Fourier Transform of the imaginary part of the
data with a coefficient of 55

Fast Fourier Transform of the imaginary part of the
data with a coefficient of 77

Linear least squares regression for certain attributes
for a certain number of time series data points
Counts the frequency of permutation and returns the
appropriate entropy, this is a complexity measure for

time series data

Source: Time Series Features are sourced from Alberts et al. [16]

Table 3: Modal Parameters

Modal w tx T tx (tx wty T ty ¢ty
Modal 1 2000*pi rad/s 1e7 N/m 0.05 2000*pi rad/s 1e7 N/m 0.05
Modal 2 1500*pi rad/s 5e6 N/m 0.02 1500*pi rad/s 5e6 N/m 0.02
Modal 3 3000*pi rad/s 2e7 N/m 0.05 3000*pi rad/s 2e7 N/m 0.05

® Feature Importance: This analysis helped pri-
oritize which features were most impactful,
guiding further refinement and optimization
of the feature selection process.

In conclusion, the model evaluation and vali-
dation process adopted in this study is extensive
and thorough, designed to ensure that the predic-
tive model not only achieves high accuracy and
reliability in theoretical simulations but also per-
forms effectively and efficiently in practical, real-
world applications. This comprehensive evaluation
approach helps bridge the gap between theoreti-
cal research and industrial application, ensuring
the model’s relevance and utility in enhancing
machining operations.

6 Investigation

The primary goal of this research is to develop and
validate predictive models for machining stability,
focusing on identifying and mitigating chatter dur-
ing high-speed milling operations. To achieve this,
we conducted two distinct studies—referred to as
Study 1 and Study 2—each designed to evaluate
different approaches to predictive modeling.
Study 1 serves as the baseline for this research.
It focuses on evaluating the performance of tra-
ditional predictive modeling techniques applied to
machining stability. Specifically, Study 1 utilizes a
RF model trained exclusively on simulated data,
without the integration of advanced methodolo-
gies . The purpose of this study is to establish
a benchmark for predictive accuracy and robust-
ness when relying on conventional data-driven
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approaches. By assessing the performance of the
baseline model, we can identify its strengths and
limitations in predicting chatter under varying
operational conditions.

Study 2 introduces advanced methodologies
aimed at improving the predictive accuracy and
generalization of the model. This study integrates
OMA, TL, and RCSA into the predictive modeling
framework. The goal of Study 2 is to demonstrate
how these advanced techniques can enhance the
model’s ability to adapt to new machining condi-
tions, improve its robustness, and ultimately pro-
vide more reliable predictions of machining stabil-
ity. OMA is used to extract critical modal parame-
ters from the system’s operational response, TL is
employed to adapt the model from simulated data
to real-world operational conditions, and RCSA
is utilized to accurately capture the dynamic
interactions within the machining assembly. By
comparing the results of Study 2 with those of
Study 1, we aim to highlight the benefits of incor-
porating OMA, TL, and RCSA into the predictive
process.

6.1 Study 1: Evaluation of Original
Model Performance

Objective: This analysis focuses on assessing the
predictive performance and robustness of the orig-
inal RF model across the entire dataset and by
each variable type.

1. Model Adaptation:The original RF model
is optimized for this dataset by adjusting
its hyperparameters, such as the number of
estimators, maximum depth, and splitting
criteria.

2. Model Training: The model is trained on a
portion of the dataset, carefully balanced to
include all modal conditions, cutting forces,
and teeth combinations.

3. Intra-Variable  Performance  Assessment
Training Subsets:The training data is split
by key variable groups (modal conditions,
cutting forces, cutting teeth).

4. Performance Evaluation: Each subset is eval-
uated independently using accuracy, AUC,
F1 score, and other relevant metrics.

5. Overall Performance  Assessment-Cross-
Validation: The overall predictive
performance of the original model is assessed

through k-fold cross-validation on the entire
dataset.

6. Benchmark Establishment: The final testing
set (15% of the dataset) provides a bench-
mark for performance, offering insights into
accuracy and robustness.

6.2 Study 2: Evaluation of the New
Model with OMA, TL, and
RCSA

Objective: This analysis aims to showcase the
effectiveness of the new predictive model based
on OMA, TL, and RCSA in improving chatter
prediction across all operational conditions.

1. New Model Feature Engineering: New fea-
tures extracted from OMA and RCSA are
added to the original feature set to refine the
predictive capability.

2. New Model Training: The new model is
trained on the same training subsets used in
Study 1 for direct comparison.

3. Intra-Variable Performance Evaluation By
Modal Condition: Evaluate how the new
model adapts to changes in each modal con-
dition using accuracy and AUC metrics.

4. By Cutting Force: Assess the robustness of
the new model across various cutting force
conditions to gauge its consistency.

5. By Cutting Teeth: Measure the accuracy and
adaptability of the new model across different
cutting teeth configurations.

6. Comprehensive Comparative Analysis Cross-
Validation Results: Compare cross-validation
results between the original and new models
across the entire dataset.

7. Statistical Significance Analysis: Use statis-
tical methods to determine the significance
of performance improvements offered by the
new model.

In both studies, the same comprehensive sim-
ulated dataset is used as the primary data source.
The dataset undergoes meticulous preparation,
involving noise reduction, normalization, and fea-
ture extraction, as described in the ”Data Descrip-
tion” section. For Study 2, additional steps are
taken to incorporate operational data and features
derived from OMA and RCSA. These features are
critical for the fine-tuning of the model through
TL, allowing it to leverage pre-existing knowledge
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from the simulated environment while adapting to
real-world conditions.

In Study 1, the RF model is trained exclu-
sively on the simulated data, following traditional
machine learning practices. In Study 2, the model
undergoes pre-training on the simulated data, fol-
lowed by fine-tuning on a smaller, domain-specific
dataset using TL. This approach allows the model
to benefit from both the breadth of the simulated
data and the specificity of the operational data,
with OMA-derived features providing insights into
the system’s dynamic behavior and RCSA enhanc-
ing the model’s understanding of the tool-holder
interactions.

Both studies employ k-fold cross-validation to
ensure the stability and generalizability of the
models. This method involves partitioning the
dataset into 'k’ subsets, training the model on k-1’
subsets, and validating it on the remaining subset.
The process is repeated 'k’ times, with each subset
used as a validation set once. This approach pro-
vides a comprehensive assessment of the model’s
performance across different data splits, reducing
the likelihood of overfitting.

To facilitate a meaningful comparison between
the two studies, a consistent set of evaluation met-
rics is used. These include accuracy, AUC of the
ROC, F1 score, precision, and recall. These met-
rics are chosen for their ability to capture different
aspects of model performance, such as its ability
to correctly classify stable and unstable machin-
ing conditions, its sensitivity to false positives and
false negatives, and its overall predictive power.

7 Results

The investigation progressed through a series of
organized studies. Each study elucidated a dif-
ferent aspect of the model’s performance and
examined the effectiveness of the implemented
features.

7.1 Study 1 Results-Original Model

Study 1 focused on evaluating the performance
of the original Random Forest model across a
newly expanded dataset of 140,000 instances, cov-
ering various modal conditions, cutting forces,
and cutting teeth configurations. The model was
optimized for this dataset by adjusting hyperpa-
rameters for better adaptability. As seen in Figure

1, key performance metrics indicated an overall
accuracy of 78%, an AUC of 0.82, and an F1
score of 0.75. While the model showed reason-
able effectiveness across the entire dataset, the
performance analysis revealed limitations in han-
dling complex scenarios, particularly at higher
cutting forces and varied modal conditions. The
new model demonstrated a superior overall accu-
racy of 85%, an AUC of 0.90, and an F1 score of
0.88. Notably, it performed exceptionally well in
handling complex scenarios across varying modal
conditions, cutting forces, and numbers of cut-
ting teeth, reflecting significant improvements in
predictive accuracy and robustness. This enhance-
ment is attributed to the model’s advanced feature
engineering and learning techniques, which effec-
tively captured and analyzed the complexities of
machining vibrations.

7.2 Study 2 Results

Study 2 delved into the detailed evaluation of
the new model, which integrates OMA, TL, and
RCSA. The model was rigorously tested against
the same extensive dataset of 140,000 data points
that was used to evaluate the original model.

This new model demonstrated superior perfor-
mance metrics overall, including an accuracy of
85%, an AUC of 0.90, and an F1 score of 0.88. The
performance was also broken down and analyzed
by key variables to gain insights into specific areas
of strength and needed improvements:

Modal Conditions:

As seen in Figure 2 The model showed marked
improvements in predictive accuracy across differ-
ent modal conditions (Modal 1, Modal 2, Modal
3). This suggests that the integration of OMA has
significantly enhanced the model’s sensitivity to
variations in operational modes, crucial for pre-
dicting machine behavior under different dynamic
states.

Cutting Force:

Performance analysis across varying cutting
forces (600, 700, 800) revealed that the model
maintained high accuracy and robustness, even
under higher force conditions as seen in Figure 3.
This indicates that the model, bolstered by RCSA,
can effectively adapt to and predict changes in
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Model Accuracy| AUC | F1 Score
Original 78% 0.82 0.75
OMA/TL/RCSA 85% 0.90 0.88

Fl Score
AVC

Accuraey

0% 10% 20%  30% 40% 50% 60% 70%  80%  90%  100%

OMA/TL/RCSA m Original

Fig. 1: Original Model vs. New OMA/TL/RCSA Model

machining stability that arise due to variations in
applied force.

Cutting Teeth:

The analysis by different numbers of cutting
teeth (2, 3, 4, 6) showed that the new model
effectively handles the complexities introduced
by varying teeth configurations. Figure 4 This
is particularly important in scenarios where cut-
ting dynamics significantly influence chatter and
machine performance.

8 Discussion

This study successfully demonstrates the signifi-
cant advantages of integrating Operational Modal
Analysis, Transfer Learning, and Receptance Cou-
pling Substructure Analysis into predictive mod-
eling for machining stability. By leveraging a
comprehensive dataset of over 140,000 simulated
instances, we developed a robust RF model that
markedly outperforms traditional approaches in

predicting and mitigating chatter across diverse
machining conditions.

The enhanced model not only achieves higher
accuracy, AUC, and F1 scores but also shows
exceptional adaptability to varying modal condi-
tions, cutting forces, and numbers of cutting teeth.
These improvements highlight the model’s abil-
ity to capture complex vibrational dynamics that
are crucial for ensuring machining stability and
quality. The integration of OMA provided deeper
insights into the system’s operational modes, TL
facilitated the model’s adaptability to new and
changing conditions, and RCSA enhanced the
understanding of tool-holder dynamics, all con-
tributing to a more comprehensive and reliable
predictive framework.

The implications of these findings are far-
reaching, particularly in high-precision industries
such as aerospace and automotive manufacturing,
where the prevention of chatter can significantly
enhance operational efficiency, reduce downtime,
and improve product quality. This research not





Springer Nature 2021 ETEX template

16 A Data-Driven Framework for Predicting Machining Stability: Employing Simulated Data, Operational Modal

Modal 1 Accuracy| AUC [Modal 2 Accuracy] AUC | [Modal 3 Accuracy| AUC
Original 80% 0.83 Original 75% 0.78 Original 79% 0.85
OMA/TL/RCSA 88% 0.91 OMA/TL/RCSA | 86% 0.89 OMA/TL/RCSA| 81% 0.87
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Fig. 2: Modal Performance Evaluation

only advances the field of predictive maintenance
but also sets the stage for more intelligent and
automated manufacturing processes.

However, the complexity and computational
demands introduced by these advanced techniques
suggest that further research is necessary to opti-
mize and scale the model for real-time applica-
tions. Future work should focus on refining these
methodologies to reduce computational overhead,
enhance scalability, and simplify implementation,
making the benefits of this approach accessible to
a broader range of industrial applications.

In summary, this study provides a powerful
new tool for predicting machining stability, offer-
ing significant improvements over existing models.
The integration of OMA, TL, and RCSA into pre-
dictive analytics represents a substantial step for-
ward in the field, with the potential to transform
machining processes and contribute to smarter,
more reliable manufacturing systems.

9 Conclusion

The comparative analysis of the original RF model
and the enhanced model incorporating OMA, TL,

and RCSA highlights the substantial improve-
ments that can be achieved through advanced
analytical techniques in machining stability pre-
diction.

The enhanced model consistently outper-
formed the original RF model across all tested
scenarios, including varying modal conditions,
cutting forces, and numbers of cutting teeth. The
significant increase in overall accuracy, AUC, and
F1 score suggests that integrating OMA, TL, and
RCSA effectively captures the complex dynam-
ics of machining processes that traditional models
might overlook. These improvements are partic-
ularly evident under challenging conditions, such
as higher cutting forces and diverse operational
modes, where the original model’s performance
typically declined.

OMA'’s ability to derive detailed modal param-
eters from the operational state of the system
proved crucial in enhancing the model’s sen-
sitivity to different vibrational behaviors. This
deeper understanding of the system’s dynamics
allowed for more accurate predictions of chatter,
even under varying and unpredictable machin-
ing conditions. The application of TL significantly
improved the model’s adaptability, enabling it to
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|Cutting Force 600 N |Accuracy| AUC ([ |Cutting Force 700 N |Accuracy| AUC Cutting Force 800 NfAccuracy| AUC

Original 77% 0.80 Original 78% 0.81 Original 79% 0.84
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Fig. 3: Cutting Force Comparison

[Cutting Teeth 2|]Accuracy AUC
Original 80% 0.85
OMA/TL/RCSA| 87% 0.92

Cutting Teeth 3[Accuracy|AUC
Original 76% 0.79
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Fig. 4: Cutting Teeth Comparison

maintain high predictive accuracy despite changes
in machining conditions. By transferring knowl-
edge from the extensive simulated datasets to new
scenarios, TL ensured that the model remained
robust across a wide range of operational param-
eters.

The incorporation of RCSA provided a more
nuanced understanding of the tool-holder dynam-
ics, which are critical in determining the system’s
overall stability. This method allowed the model
to account for the physical interactions within
the machining system more effectively, resulting
in better predictive performance, especially in
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scenarios involving variations in the tool-holder
assembly.

While the enhanced model shows clear advan-
tages, it also introduces challenges that must be
addressed for broader implementation like compu-
tational complexity, scalability, and a higher level
of domain expertise. The integration of OMA, TL,
and RCSA increases the computational demands
of the model, which could limit its applicabil-
ity in real-time monitoring systems where pro-
cessing speed is crucial. As the model becomes
more complex, ensuring its scalability for different
industrial applications may require further opti-
mization. Future work should explore methods to
reduce computational overhead without sacrificing
accuracy. Implementing and interpreting OMA
and RCSA require a significant level of domain
expertise. To facilitate wider adoption, it may be
necessary to develop user-friendly tools or inter-
faces that abstract some of this complexity while
still leveraging the advanced capabilities of these
techniques.

The advancements presented in this research
have significant implications for the machining
industry, particularly in sectors that demand high
precision, such as aerospace and automotive man-
ufacturing. The ability to accurately predict and
mitigate chatter could lead to substantial improve-
ments in operational efficiency, reduced down-
time, and enhanced product quality. Moreover, the
model’s success in handling diverse operational
conditions suggests that it could be effectively
adapted to various other machining processes,
offering a generalized solution to vibration-related
challenges in manufacturing.

Moving forward, research should focus on
refining these techniques to enhance their practi-
cality and ease of implementation. Exploring alter-
native machine learning algorithms that might
integrate more seamlessly with OMA and RCSA
could further improve the model’s performance
while reducing computational requirements. Addi-
tionally, implementing this model across real-
world data would provide valuable insights into its
operational effectiveness and help identify areas
for further refinement.

In conclusion, the integration of OMA, TL,
and RCSA into predictive modeling represents a
significant leap forward in the field of machining
stability. However, for these advanced techniques

to be widely adopted in industrial settings, ongo-
ing research will need to address the challenges of
computational demand, scalability, and domain-
specific complexity. This study lays the ground-
work for future developments that could make
these sophisticated models more accessible, prac-
tical, and impactful in real-world manufacturing
environments.
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Abstract

Chatter, a self-excited vibration phenomenon, is a critical challenge in high-speed machining oper-
ations, affecting tool life, surface quality, and overall process efficiency. While machine learning
models trained on simulated data have shown promise in detecting chatter, their real-world applicabil-
ity remains uncertain due to discrepancies between simulated and actual machining environments.
This study bridges the gap by validating a machine learning-based chatter detection system using
both simulated and real-world data. We apply a Random Forest classification model trained on
over 140,000 simulated machining datasets, incorporating techniques like Operational Modal Anal-
ysis (OMA), Receptance Coupling Substructure Analysis (RCSA), and Transfer Learning (TL)
to adapt the model for real-world operational data. The model is validated against 1,600 real-
world machining datasets, achieving an accuracy of 86.1%, with strong precision and recall scores.
Our results demonstrate the model’s robustness and potential for practical implementation in
industrial settings, highlighting challenges such as sensor noise and variability in machining con-
ditions. This work advances the use of predictive analytics in machining processes, offering a
data-driven solution to improve manufacturing efficiency through more reliable chatter detection.

Keywords: real world, predictive analytics, vibration analysis, chatter, stability, additive manufacturing

1 Introduction

Chatter, a self-excited vibration phenomenon
occurring during machining processes, poses sig-
nificant challenges to manufacturing efficiency and
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product quality [1, 2]. It manifests as unwanted
oscillations between the cutting tool and the work-
piece, leading to poor surface finishes, dimensional
inaccuracies, increased tool wear, and potential
damage to machine components [3]. Detecting and
mitigating chatter is crucial for maintaining high
precision and productivity in modern machining
operations.

Traditional methods for chatter detection have
relied on analytical models and signal processing
techniques, which often require extensive domain
knowledge and are limited by the assumptions
inherent in their formulations [4]. These methods
may not generalize well across different machining
setups or accommodate the variability present in
real-world operations [5].

In recent years, machine learning has emerged
as a powerful tool for chatter detection, offering
data-driven approaches that can learn complex
patterns from vast amounts of data [6]. Machine
learning models, such as Random Forest classifiers
and neural networks, have shown promise in iden-
tifying chatter by analyzing vibration signals and
other sensor data [7]. These models can adapt to
different machining conditions and provide real-
time monitoring capabilities, enhancing predictive
maintenance strategies [8].

In our previous work [9], we developed a Ran-
dom Forest classifier trained on extensive simulated
machining datasets to predict chatter occurrences.
The model demonstrated high accuracy in simu-
lation environments, indicating its potential for
effective chatter detection. Building upon this foun-
dation, we enhanced the model by incorporating
additional simulated data and advanced modeling
techniques in [10], further improving its predictive
performance.

However, models trained solely on simulated
data may not fully capture the complexities and
variabilities of real-world machining processes. Fac-
tors such as sensor noise, environmental conditions,
and machine-specific characteristics can affect
the performance of these models when applied
outside the simulated environment [11]. There-
fore, it is essential to validate and adapt these
models using real-world data to ensure their prac-
tical applicability and robustness in operational
settings.

This study aims to bridge the gap between
simulation and practice by applying the previ-
ously developed models to real-world machining

datasets. By evaluating the models’ performance
on actual vibration data collected from operational
milling machines, we seek to assess their effec-
tiveness, identify challenges in transitioning from
simulated to real-world data, and provide insights
into enhancing model robustness for practical
applications.

1.1 Previous Work

In our prior research, we focused on developing
machine learning models for chatter detection in
machining processes using simulated data. In [9],
we introduced a Random Forest classifier trained
on a comprehensive dataset generated from simu-
lations of milling operations. The simulated data
captured various machining conditions, including
different spindle speeds, feed rates, and depths of
cut, providing a rich environment for the model to
learn the complex patterns associated with chatter
occurrences.

The initial model demonstrated promising
results, achieving high accuracy in predicting chat-
ter within the simulated environment. The use
of Random Forests allowed us to effectively han-
dle high-dimensional feature spaces and provided
insights into feature importance, which is cru-
cial for understanding the factors contributing to
chatter [12].

Building upon this foundation, our subse-
quent study [10] expanded the dataset to include
over 140,000 simulated instances and incorporated
advanced modeling techniques such as Operational
Modal Analysis (OMA), Transfer Learning (TL),
and Receptance Coupling Substructure Analy-
sis (RCSA). The integration of OMA enabled
the extraction of modal parameters from the
system’s operational responses, enhancing the
model’s ability to capture the dynamic behavior
of the machining process [13]. TL was employed
to improve the model’s adaptability to new and
unseen machining conditions, addressing the chal-
lenge of varying operational environments [14].
RCSA provided a deeper understanding of the
dynamic interactions within the tool-holder assem-
bly, contributing to more accurate predictions of
machining stability [15].

The enhanced model exhibited substantial
improvements in predictive accuracy and robust-
ness, particularly in scenarios involving complex
machining conditions. However, both studies were
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conducted using simulated data, which, while
comprehensive, may not fully represent the vari-
ability and unpredictability inherent in real-world
machining processes.

Transitioning from simulation to real-world
applications presents challenges due to differences
in data distributions, noise levels, and unmod-
eled dynamics [11]. Models trained exclusively on
simulated data may experience performance degra-
dation when applied to operational environments
where factors such as sensor noise, machine wear,
and environmental conditions introduce additional
complexity [16].

Recognizing these limitations, the current
study aims to validate the models developed in
our previous work using real-world machining data.
By applying the models to actual vibration signals
collected from operational milling machines, we
seek to assess their practical applicability, identify
any performance gaps, and refine the models to
enhance their robustness in real-world settings.

1.2 Problem Statement

While our previous studies have demonstrated
the potential of machine learning models, specif-
ically Random Forest classifiers, in predicting
chatter using simulated data [9, 10], a critical gap
remains in validating these models with real-world
machining data. Simulated datasets, despite their
controlled conditions and comprehensive cover-
age of various machining scenarios, may not fully
encapsulate the complexities and uncertainties
inherent in actual machining environments [11].

Real-world machining data are characterized
by factors such as sensor noise, machine tool wear,
environmental variations, and inconsistencies in
material properties [8]. These factors introduce
discrepancies between simulated and real-world
data distributions, which can adversely affect the
performance of models trained exclusively on sim-
ulations [16]. Additionally, unmodeled dynamics
and unforeseen interactions in physical systems
may lead to challenges that are not present or are
oversimplified in simulations [17].

The transition from simulated to real-world
data poses several challenges:

1. Data Discrepancies: Differences in data dis-
tributions between simulated and real-world

datasets can lead to reduced model perfor-
mance due to issues like covariate shift and
sample selection bias [18].

2. Sensor Noise and Data Quality: Real-
world data are susceptible to various types of
noise and artifacts that are typically absent
in simulated data, necessitating advanced pre-
processing and noise reduction techniques
[19].

3. Feature Relevance: Features that are signif-
icant in simulated environments may not hold
the same importance in real-world settings,
requiring reevaluation of feature selection and
extraction methods [20].

4. Model Generalization: Ensuring that the
model generalizes well to unseen real-world
data is essential for practical applicability,
highlighting the need for model adaptation
and validation strategies [14].

Addressing these challenges is crucial for the
successful deployment of chatter detection mod-
els in industrial settings. Without validation on
real-world data, the models’ effectiveness remains
uncertain, limiting their practical utility. Therefore,
there is a pressing need to evaluate the performance
of our previously developed models using actual
machining data and to refine them as necessary
to enhance their robustness and generalizability in
operational environments.
This study seeks to fill this gap by:

¢ Collecting and processing 1,600 real-world
machining datasets encompassing a variety of
operational conditions.

e Applying the previously trained models to
these datasets to assess their predictive per-
formance.

¢ Identifying discrepancies between simulated
and real-world data and their impact on
model accuracy.

¢ Proposing solutions to address these discrep-
ancies, including model adaptation techniques
and enhanced feature extraction methods.

By tackling these challenges, we aim to bridge
the gap between simulation and reality, provid-
ing insights into the practical applicability of
machine learning models for chatter detection
and contributing to the advancement of predictive
maintenance in machining processes.
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1.3 Objectives

The primary objective of this study is to validate
and assess the practical applicability of machine
learning models developed using simulated machin-
ing data when applied to real-world machining
environments. Specifically, we aim to:

1. Apply Existing Models to Real-World
Data: Utilize the Random Forest classifiers
previously developed in our work [9, 10] to
predict chatter occurrences using a newly col-
lected dataset of 1,600 real-world machining
operations.

2. Evaluate Model Performance: Assess the
predictive accuracy, precision, recall, F1-score,
and AUC-ROC of the models when applied
to real-world data, and compare these results
with the performance achieved on simulated
data.

3. Identify and Analyze Discrepancies:
Investigate any discrepancies in model per-
formance between simulated and real-world
data, analyzing factors such as sensor noise,
data variability, and differences in feature
distributions.

4. Enhance Model Robustness: Propose and
implement strategies to improve the models’
robustness and generalizability in real-world
applications. This may include advanced data
preprocessing techniques, feature engineering,
or model adaptation methods such as domain
adaptation [21].

5. Provide Practical Insights: Offer insights
into the challenges and considerations
involved in transitioning machine learning
models from simulated to operational envi-
ronments, contributing to the development of
more reliable chatter detection systems in the
machining industry.

By achieving these objectives, this study seeks to
bridge the gap between simulation and practice,
enhancing the reliability of machine learning mod-
els for chatter detection in real-world machining
processes. The outcomes are expected to inform
best practices for deploying predictive models
in industrial settings, ultimately contributing to
improved manufacturing efficiency and product
quality.

1.4 Contributions

This study makes several key contributions to the
field of machining chatter detection and predictive
maintenance:

1. Validation of Simulation-Trained Mod-
els on Real-World Data: We provide a
comprehensive evaluation of machine learning
models trained on simulated machining data
when applied to real-world machining oper-
ations. This validation assesses the models’
effectiveness in practical settings, addressing
a significant gap in existing research [22].

2. Analysis of Transition Challenges from
Simulation to Reality: By identifying and
analyzing the discrepancies between simu-
lated and real-world data, we shed light on
the challenges inherent in transferring mod-
els across domains. This includes addressing
issues related to data distribution differences,
noise levels, and feature relevance [23].

3. Enhancement of Model Robustness
through Adaptation Techniques: We pro-
pose and implement strategies to improve the
robustness and generalizability of the models
in real-world applications. This includes the
use of advanced data preprocessing, feature
engineering, and model adaptation methods
to mitigate the impact of domain discrepan-
cies [24].

4. Practical Insights for Industrial Imple-
mentation: The findings offer valuable
insights for practitioners in the machining
industry, providing guidance on deploying
machine learning models for chatter detection
in operational environments. This contributes
to the development of more reliable and
efficient predictive maintenance systems [25].

5. Contribution to Machine Learning
Methodologies: From a methodological per-
spective, the study advances the understand-
ing of how machine learning models can be
adapted and validated across different data
domains, contributing to the broader field of
transfer learning and domain adaptation in
industrial applications [26].

By achieving these contributions, the study not
only demonstrates the practical applicability of
simulation-trained models but also provides a
framework for future research and development
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in the field of machining process monitoring and
control.

2 Literature Review

2.1 Chatter Detection in Machining

Chatter is a self-excited vibration phenomenon
that occurs during machining processes, adversely
affecting surface finish, dimensional accuracy, tool
life, and overall productivity [27]. The detection
and mitigation of chatter have been subjects of
extensive research over the past several decades.
Traditional methods for chatter detection pri-
marily involve analytical and signal processing
techniques applied to real-world data collected
during machining operations.

Early approaches to chatter detection focused
on stability analysis using analytical models based
on machining dynamics [1]. The regenerative chat-
ter theory introduced by Tobias and Fishwick
[28] provided a foundational understanding of how
vibrations from previous cutting passes influence
current ones, leading to instability. Tlusty [29] fur-
ther developed methods to predict stability lobes,
enabling the selection of cutting parameters that
avoid chatter.

Signal processing techniques have been widely
used to detect chatter by analyzing vibration
signals from sensors mounted on machine tools.
Methods such as time-domain analysis, frequency-
domain analysis, and time-frequency analysis have
been employed to identify chatter signatures [2].
For instance, Fourier Transform (FT) and Short-
Time Fourier Transform (STFT) have been utilized
to observe changes in the frequency spectrum
indicative of chatter onset [30]. Wavelet Transform
(WT) methods have also been applied to capture
transient features of chatter in the time-frequency
domain [31].

However, these traditional methods often
require expert knowledge to interpret signals and
may not generalize well across different machining
conditions or machine tools [32]. The complexity
and variability of real-world machining environ-
ments pose challenges for these approaches, limit-
ing their effectiveness in industrial applications.

Recent advancements have seen the emergence
of machine learning techniques as powerful tools
for chatter detection. Machine learning models
can learn complex patterns from large datasets,

making them well-suited to handle the non-linear
and stochastic nature of chatter phenomena [33].
Supervised learning algorithms, such as Support
Vector Machines (SVM) [34] and Artificial Neural
Networks (ANN) [8], have been applied to classify
machining states and predict chatter occurrences
based on features extracted from sensor data.

Deep learning models, including Convolutional
Neural Networks (CNN) and Recurrent Neural
Networks (RNN), have also been explored for
their ability to automatically extract hierarchical
features from raw data [35]. These models have
demonstrated improved performance in chatter
detection tasks, particularly when dealing with
large and complex datasets [36].

Despite the promise of machine learning meth-
ods, challenges remain in their application to
real-world machining data. Issues such as data
scarcity, imbalance, noise, and variability can affect
model training and performance [37]. Moreover,
models trained on specific machines or conditions
may not generalize well to other settings, necessi-
tating strategies like transfer learning and domain
adaptation to enhance their applicability [14].

This study builds upon this body of work by
applying machine learning models developed using
simulated data to real-world machining environ-
ments. By addressing the challenges associated
with transitioning from simulation to reality, we
aim to contribute to the advancement of chat-
ter detection methodologies and their practical
implementation in industry.

2.2 Machine Learning in Machining
Processes

The application of machine learning in machin-
ing processes has gained significant attention in
recent years, driven by the increasing availability of
data and advancements in computational capabili-
ties [6]. Machine learning techniques offer powerful
tools for modeling complex, non-linear relation-
ships inherent in machining operations, enabling
improved process monitoring, fault diagnosis, and
predictive maintenance [38].

2.2.1 Supervised Learning Methods

Supervised learning algorithms have been widely
used for tool condition monitoring and fault diagno-
sis in machining. Support Vector Machines (SVM)

5
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have been employed to classify tool wear states
based on features extracted from vibration signals,
acoustic emissions, and cutting forces [39]. Deci-
sion Trees and Random Forests have also been
applied to predict surface roughness and tool wear,
leveraging their ability to handle high-dimensional
data and provide insights into feature importance
[40].

Artificial Neural Networks (ANN) have been
utilized for modeling and prediction tasks in
machining processes due to their capacity to
approximate complex functions [41]. For instance,
ANNSs have been trained to predict cutting forces,
surface finish, and dimensional accuracy based on
input parameters such as spindle speed, feed rate,
and depth of cut [42].

2.2.2 Unsupervised Learning and
Clustering

Unsupervised learning methods, including clus-
tering algorithms like K-means and hierarchical
clustering, have been used to detect anomalies
and patterns in machining data without the need
for labeled datasets [43]. These techniques facil-
itate the identification of novel fault conditions
and the segmentation of machining states based
on similarities in data features [44].

2.2.3 Deep Learning Approaches

Deep learning, a subset of machine learning involv-
ing neural networks with multiple layers, has shown
promise in automatically extracting hierarchical
features from raw sensor data [45]. Convolutional
Neural Networks (CNN) have been applied to time-
series data for tool condition monitoring, achieving
higher accuracy compared to traditional feature-
based methods [46]. Recurrent Neural Networks
(RNN), particularly Long Short-Term Memory
(LSTM) networks, have been effective in mod-
eling temporal dependencies in sequential data,
improving predictions of tool wear progression [47].

Autoencoders and Generative Adversarial Net-
works (GAN) have been explored for unsuper-
vised feature learning and anomaly detection in
machining processes [48]. These models can learn
compressed representations of data, highlighting
essential features that contribute to fault detection
and process optimization.

2.2.4 Challenges and Considerations

Despite the advancements, several challenges per-
sist in applying machine learning to machining
processes. Data quality and availability are crit-
ical issues; acquiring sufficient labeled data for
supervised learning can be difficult due to the cost
and time associated with experiments [49]. Addi-
tionally, variability in machining conditions and
equipment can affect model generalization, neces-
sitating strategies such as transfer learning and
domain adaptation [50].

The interpretability of complex models, partic-
ularly deep learning networks, is another concern,
as understanding the decision-making process is
important for gaining trust in industrial appli-
cations [51]. Efforts are being made to develop
explainable Al techniques to address this issue.

2.2.5 Application to Chatter Detection

In the context of chatter detection, machine learn-
ing models have been applied to classify stable and
unstable cutting conditions. Features extracted
from vibration signals, such as statistical measures,
frequency components, and wavelet coefficients,
serve as inputs to classifiers like SVM, ANN, and
Random Forests [52]. Deep learning models have
also been employed to automatically learn features
relevant to chatter from raw sensor data, enhancing
detection accuracy [53].

Our previous studies [9, 10] contribute to this
body of work by developing machine learning mod-
els using simulated data for chatter prediction.
The current study extends this research by apply-
ing these models to real-world machining data,
addressing the challenges of model transferability
and generalization.

2.3 Simulation vs. Real-World Data

Simulated data play a vital role in machining
research, providing a controlled environment to
develop and test models for chatter detection
and machining stability [2]. Through simulations,
researchers can systematically vary machining
parameters and study their effects without the
costs and risks associated with physical experi-
ments [8].

However, transitioning models developed on
simulated data to real-world applications intro-
duces challenges due to inherent differences
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between simulated and actual machining data [11].
Real-world data are influenced by factors such as
sensor noise, environmental variability, machine
wear, and unmodeled dynamics, which are often
not fully captured in simulations [19].

One significant difference is the presence of
measurement noise and disturbances in real-world
data [8]. Real sensors are subject to limitations
in accuracy and are affected by external factors,
leading to noisy data that can obscure important
patterns necessary for accurate chatter detection
[37].

Moreover, real-world machining processes
involve complex interactions and variability that
are difficult to model entirely in simulations [2].
Factors such as tool wear, material inconsisten-
cies, and temperature fluctuations can significantly
affect the process and are often simplified in
simulated environments [8].

The discrepancies between simulated and real-
world data can result in differences in data distri-
butions, feature importance, and ultimately, model
performance [18]. Models trained exclusively on
simulated data may not generalize well to real-
world scenarios due to domain shift, where the
statistical properties of the training data differ
from those of the application environment [14].

To address these challenges, techniques such as
transfer learning and domain adaptation have been
proposed to enhance model transferability between
domains [26]. These methods aim to adjust models
to account for differences in data distributions,
improving their performance on real-world data
[11].

In this study, we focus on applying machine
learning models developed on simulated data
to real-world machining datasets, exploring the
impact of domain discrepancies on model perfor-
mance, and investigating strategies to enhance
model robustness and adaptability in practical
applications.

2.4 Gap Identification

Despite significant advancements in the applica-
tion of machine learning techniques for machining
process monitoring and chatter detection, a critical
gap exists in the validation of simulation-trained
models using real-world machining data. As dis-
cussed in previous sections, many studies have
developed models based on simulated data or

controlled laboratory experiments, demonstrating
promising results in predicting machining stability
and detecting chatter [9, 10, 53].

However, these models often face challenges
when applied to real-world industrial environ-
ments. Factors such as sensor noise, machine tool
variability, environmental conditions, and unmod-
eled dynamics introduce complexities that are
not fully captured in simulated datasets [11, 37].
The discrepancies between simulated and actual
machining data can lead to reduced model perfor-
mance, limiting the practical applicability of these
predictive models [18].

Currently, there is a paucity of empirical studies
that:

1. Systematically Evaluate Model Trans-
ferability: Few studies have systematically
assessed how models trained on simulated
data perform when applied to real-world
machining operations, identifying the factors
that contribute to performance degradation.

2. Address Domain Discrepancies: Limited
research has been conducted on developing
and implementing strategies to mitigate the
impact of domain discrepancies between sim-
ulated and real-world data in the context of
machining processes.

3. Provide Practical Implementation
Guidelines: There is a need for compre-
hensive guidelines and best practices for
adapting and deploying simulation-trained
machine learning models in industrial set-
tings for chatter detection and machining
process monitoring.

This gap hinders the advancement of smart manu-
facturing initiatives and the adoption of advanced
predictive maintenance strategies in the machin-
ing industry. By addressing this gap, researchers
and practitioners can enhance the reliability and
robustness of machine learning models, facilitating
their integration into real-world manufacturing pro-
cesses and contributing to improved productivity
and product quality.

Therefore, this study aims to bridge this gap
by validating the performance of machine learning
models developed using simulated data on real-
world machining datasets, analyzing the challenges
encountered, and proposing solutions to enhance
model robustness and applicability in industrial
environments.
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3 Methodology
3.1 Real-World Data Collection

To validate the machine learning models developed
in our previous studies, we collected real-world
machining data using a custom-built three-axis
CNC milling machine. The machine was equipped
with a Marposs MEMS (Micro-Electro-Mechanical
Systems) vibration sensor for high-fidelity data
acquisition. An image of the experimental setup is
shown in Figure 1.

The CNC milling machine was designed to per-
form precise machining operations necessary for
data collection. It features three linear axes (X, Y,
and Z) with high-precision ball screws and linear
guides, ensuring accurate and repeatable move-
ments. The spindle is capable of variable speeds
ranging from 1,000 to 16,000 RPM, allowing for a
wide range of cutting conditions.

3.1.1 Sensor Integration and Data
Acquisition

A Marposs MEMS vibration sensor was installed
on the spindle housing to capture vibrational
responses during machining. The sensor provides
high-resolution measurements of acceleration in
three axes, enabling the detection of subtle vibra-
tions associated with chatter phenomena. The
sensor specifications include a measurement range
of £16 g and a frequency bandwidth up to 6 kHz.

Data acquisition was performed using a high-
speed data acquisition (DAQ) system interfaced
with the CNC controller. The DAQ system sam-
pled the vibration signals at a rate of 20 kHz to
ensure adequate capture of the dynamic events
associated with chatter. The vibration data were
synchronized with machining parameters such as
spindle speed, feed rate, and depth of cut, which
were logged by the CNC controller.

3.1.2 Machining Operations and Data
Sampling

A comprehensive dataset comprising 1,600 indi-
vidual machining runs was collected to facilitate
robust model validation. The dataset encompasses
the following variables:
e Materials: Two distinct materials were
machined:

— 6061 Aluminum: Known for its machin-
ability and versatility.

— 304 Stainless Steel: Selected for its hard-
ness and resistance to wear.

¢ Tool Configurations: Machining was per-

formed using tool heads with varying cutting
teeth:

— 2 Cutting Teeth: Representative of stan-
dard tool heads.

— 4 Cutting Teeth: Employed to study the
impact of increased cutting edges on
chatter dynamics.

Machining Parameters:

— Spindle Speed: Varied systematically
between 8,000 rpm and 10,000 rpm to
observe the effects on chatter occurrence.

— Cutting Depth: Adjusted within the
range of 1.0 mm to 2.0 mm to analyze its
influence on vibration patterns.

For each combination of parameters, a
milling pass was performed, and the vibra-
tion data were recorded. In total, 1,600
datasets were collected, encompassing various
operational conditions to ensure a comprehen-
sive representation of real-world machining
scenarios.

To induce chatter, certain parameter com-
binations were intentionally selected based
on the stability lobe diagram for the tool-
workpiece setup, which was determined exper-
imentally prior to data collection. This
approach allowed for the collection of data
representing both chatter and chatter-free
conditions.

3.2 Data Preprocessing

Following the collection of raw vibration data
from the machining experiments, a meticulous
data preprocessing workflow was implemented
to prepare the data for feature extraction and
subsequent model application. This step is
crucial to ensure data quality, enhance signal-
to-noise ratio, and facilitate accurate feature
computation.

3.2.1 Noise Reduction

Real-world vibration data are susceptible to
various sources of noise, including electrical
interference, environmental vibrations, and
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Flg.. 1: Three-axis CNC milling

sensor imperfections [19]. To mitigate the
impact of noise on the analysis, the following
steps were taken:

— Low-Pass Filtering: A Butterworth
low-pass filter of order 4 with a cutoff
frequency of 5 kHz was applied to the
vibration signals. This filter effectively
attenuates high-frequency noise while pre-
serving the essential characteristics of the
machining vibrations [54].

— Baseline Correction: Signal drift and
offset were corrected by removing the
mean value from each signal segment,
centering the data around zero.

— Outlier Removal: Abnormal spikes and
dropouts were detected using a median
absolute deviation (MAD) method and
replaced using linear interpolation to
maintain signal continuity.

3.2.2 Signal Segmentation

The continuous vibration data were seg-
mented into individual machining passes
corresponding to the different combinations
of operational parameters. Accurate segmen-
tation is essential to align the vibration data
with the specific machining conditions under
which they were collected [55]. The segmenta-
tion was performed based on timestamps and
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spindle activation signals logged by the CNC
controller.

3.2.3 Normalization

To ensure consistency across the datasets
and improve the robustness of the machine
learning models, the segmented signals were
normalized:

— Amplitude Normalization: Each sig-
nal segment was scaled to have unit
variance, removing amplitude variations
due to differing cutting conditions.

— Length Normalization: Signal seg-
ments were resampled to a fixed length
using interpolation techniques to accom-
modate variations in machining pass
durations.

3.2.4 Feature Enhancement

To enhance the discriminatory power of the
features extracted from the vibration sig-
nals, additional preprocessing steps were
implemented:

— Windowing: Overlapping Hanning win-
dows were applied to each signal seg-
ment to reduce spectral leakage during
frequency analysis [56].

— Detrending: Linear trends were
removed from the signal segments to
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eliminate low-frequency components
unrelated to the machining process.

3.2.5 Data Labeling

Each data segment was labeled as either chat-
ter or stable based on visual inspection and
analysis of the vibration signals, sound record-
ings, and surface finish of the machined parts.
The labeling process involved:

— Vibration Analysis: High amplitude,
irregular vibrations in the signal were
indicative of chatter conditions.

— Acoustic Monitoring: Audible noise
characteristic of chatter was used as a
supplementary indicator.

— Surface Inspection: Visual examina-
tion of the workpiece surface for chatter
marks and patterns.

An example of labeled vibration signals for
chatter and stable conditions is illustrated in
Figure 2.

3.2.6 Data Partitioning

The preprocessed and labeled dataset was
partitioned for the tuned model training and
evaluation:

— Training Set: 10% of the data used for
model training.

— Validation Set: 40% of the data used
for hyperparameter tuning and model
selection.

— Test Set: 50% of the data reserved for
final evaluation of tuned model perfor-
mance.

Stratified sampling was employed to maintain
the proportion of chatter and stable instances
across the subsets, addressing potential class
imbalance issues [57].

3.3 Feature Extraction

Feature extraction is a critical step in trans-
forming the preprocessed vibration data into
a suitable format for machine learning models.
In order to maintain consistency with our pre-
vious studies [9, 10], we extracted the same
set of features from the real-world data as
were used in the simulated data analysis. This

approach ensures that the models trained and
validated in prior work can be directly applied
to the new datasets without modification.

3.3.1 Time-Series Feature
Extraction Using TSFresh

We employed the TSFresh (Time Series Fea-
ture Extraction based on Scalable Hypothesis
tests) library to extract a comprehensive
set of time-series features from the vibra-
tion data [58]. TSFresh automatically calcu-
lates a large number of time-series charac-
teristics, including statistical, spectral, and
information-theoretic features.

The key features extracted using TSFresh
include:

— Ratio value number to time series
length: The number of unique values
versus the total number of values.

— Benford correlation: How often a value
starts with a certain number, in analytics
overwhelmingly a value is most likely to
start with a 1.

— Change quant f-agg ”var” False qh
1.0 ql 0.4: Aggregator function of the
differences taken over a specific range of
upper and lower quartiles.

— FFT coefficient attr ”imag” coeff 55:
Fast Fourier Transform of the imaginary
part of the data with a coefficient of 55.

— FFT coefficient attr ”imag” coeff 77:
Fast Fourier Transform of the imaginary
part of the data with a coefficient of 77.

— Agg linear trend ”stderr” len 10 f
agg ”"min”: Linear least squares regres-
sion for certain attributes for a certain
number of time series data points.

— Permutation entropy dimension 471:
Counts the frequency of permutation and
returns the appropriate entropy, this is a
complexity measure for time series data.

3.3.2 Fast Fourier Transform (FFT)
Features

As in the previous studies, we extracted fea-
tures from the frequency domain using the
Fast Fourier Transform (FFT). The FFT con-
verts the time-domain vibration signals into
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Fig. 2: Stable machining conditions (left): The signal appears as a smooth, decaying sinusoidal wave. Chatter
conditions (right): The signal becomes irregular, with additional higher frequency components causing more intense
vibrations.

the frequency domain, revealing the domi- 6. Displacement RMS (in):
nant frequency components associated with
machining dynamics.

2
The FFT features include: Drus = (2:]0> (6)

1. Acceleration Peak (g):
7. Peak Frequency (Hz):
peak = max(a) (1)
Highest Peak Frequency (Hz) (7)
2. Acceleration RMS (g):

8. RMS (g) from 1 to 65 Hz:

RMS =

3. Crest Factor:

4. Standard Deviation (g):

1 O .
std = m;(xi—m) (4)

5. Velocity RMS (in/s):

A2

VrRms = -
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3.3.3 Operational Modal Analysis
(OMA) Features

Operational Modal Analysis was used to
extract modal parameters from the vibration
data, consistent with our previous approach
[13].

The OMA features include:

— Natural Frequencies: The inherent fre-
quencies at which a system naturally
oscillates when not subjected to external
forces or damping. They are fundamental
to understanding the dynamic behavior
of the system.

— Damping Ratios: Quantitative mea-
sures of a system’s damping charac-
teristics, indicating how quickly oscilla-
tions diminish after a disturbance. They
describe the rate at which vibrational
energy is dissipated.

— Mode Shapes: The specific deforma-
tion patterns that a system exhibits while
vibrating at each natural frequency. Mode
shapes are crucial for understanding the
spatial distribution of vibrations within
the system.

— Modal Scale Factors: Numerical values
that quantify the relative contribution of
each mode shape to the system’s overall
response. They indicate how much each
mode influences the system’s vibration.

— Modal Assurance Criterion (MAC):
A statistical metric used to assess the sim-
ilarity between mode shapes. It evaluates
the consistency of modal properties over
time or under different operational condi-
tions, aiding in the detection of changes
in the system’s dynamics.

These modal parameters provide insight into
the dynamic behavior of the machining sys-
tem and are valuable for detecting changes
associated with chatter.

3.3.4 Receptance Coupling
Substructure Analysis (RCSA)
Features

Receptance Coupling Substructure Analysis
was utilized to model the dynamic interaction
between the tool and the machine structure

[15]. The features derived from RCSA include:

— Frequency Response Functions
(FRFs): Functions that describe how
different components of a system respond
to inputs at varying frequencies. FRFs
characterize the dynamic behavior of
each part, enabling the prediction of
how the entire system will behave under
different frequency excitations.

— Coupling Stiffness and Mass Matri-
ces: Mathematical matrices representing
the dynamic connections between vari-
ous parts of a machine or structure. They
define how components interact through
stiffness and mass properties, which are
essential for understanding the overall
dynamic behavior when assembling dif-
ferent parts.

— Assembled System FRFs: The Fre-
quency Response Functions of the com-
plete system, obtained by combining the
individual FRFs of each component using
Receptance Coupling Substructure Anal-
ysis (RCSA). These assembled FRFs are
critical for predicting how modifications
in the structure—such as changing a com-
ponent or configuration—will affect the
system’s overall dynamic behavior.

— Dynamic Stiffness and Compliance:
Measures of a system’s resistance (stiff-
ness) and responsiveness (compliance)
to dynamic loads. They quantify how
much a system deforms under dynamic
forces, which is crucial for assessing per-
formance and stability under operational
conditions..

3.3.5 Transfer Learning (TL)
Application

Transfer Learning was employed to adapt
the models trained on simulated data to the
real-world data [14]. By using the same fea-
tures and model architecture, we leveraged
the knowledge gained from the simulated envi-
ronment to improve the model’s performance
on the real-world datasets.
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3.3.6 Final Feature Set

The final feature set mirrors that of our
previous work and includes:

— 10 FFT features.

— 7 Time-Series features extracted using

TSFresh.

— OMA features (natural frequencies,
damping ratios).

RCSA features (coupled FRFs, dynamic
stiffness).

This consistency ensures that the mod-
els developed in Papers 1 and 2 can be
directly applied to the real-world data without
the introduction of new features, facilitat-
ing a valid comparison of model performance
between simulated and actual machining
environments.

3.4 Model Application

In this section, we describe how the previously
developed machine learning models from our
prior studies [9, 10] were applied to the
real-world machining datasets collected. The
goal is to evaluate the models’ performance
on actual operational data and assess their
practical applicability in detecting chatter.

3.4.1 Model Loading and
Preparation

The Random Forest classifiers developed in
the previous studies were implemented using
Python’s scikit-learn library [59]. The mod-
els were saved using Python’s joblib module,
which preserves the model’s structure and
learned parameters.

To apply the models to the new datasets,
the following steps were taken:

— Environment Setup: A consistent com-
putational environment was established,
ensuring that the same software versions
and dependencies used during the initial
model training were maintained.

— Model Loading: The pre-trained mod-
els were loaded into the environment
using joblib’s load function.

— Feature Alignment: The feature set
extracted from the real-world data was
verified to match the feature set used
during model training. This included
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ensuring that the features were in the
same order and had the same scaling and
encoding.

3.4.2 Testing Procedure

The testing procedure involved applying
the loaded models to the preprocessed and
feature-extracted real-world data. This fol-
lowed two paths, the steps are as follows:

1. Scenario 1: The real-world dataset was
run through the pre-loaded model from
the first previous study [9].

2. Scenario 2: The real-world dataset was
run through the pre-loaded model from
the second previous study [10].

3. Scenario 3, Model Adaptation: Since
the original models were trained on
simulated data, Transfer Learning (TL)
techniques were employed to adapt the
models to the real-world data domain [14].
This involved:

— Fine-Tuning: The pre-trained mod-
els were fine-tuned using a portion
of the real-world training data, 10%.
The model parameters were updated
to better capture the patterns in
the new data while retaining the
knowledge from the simulated data.

— Domain Adaptation: Techniques
such as domain adversarial training
were considered to minimize the dis-
crepancy between the simulated and
real-world data distributions [60].

4. Model Evaluation: The adapted mod-
els were evaluated on the validation set,
40% of the real-world data, to select the
best-performing model based on metrics
such as accuracy, precision, recall, and
F1-score.

5. Final Testing: The selected model was
then tested on the unseen test set, 50%
of the real world data to assess its gen-
eralization performance on real-world
data.

13
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3.5 Evaluation Metrics

To assess the performance of the machine
learning models on the real-world machining
data, we employed a set of evaluation metrics
consistent with those used in our previous
studies [9, 10]. These metrics provide quan-
titative measures of the models’ predictive
capabilities and facilitate a direct comparison
between results obtained from simulated and
real-world data.

3.5.1 Accuracy

Accuracy is the proportion of correctly clas-
sified instances among all instances and is
defined as:

TP+TN
TP+TN+ FP+ FN

(11)

Accuracy =

where:

— TP = True Positives (correctly predicted
chatter instances)

— TN = True Negatives (correctly pre-
dicted stable instances)

— FP = False Positives (stable instances
incorrectly predicted as chatter)

— FN = False Negatives (chatter instances
incorrectly predicted as stable)

3.5.2 Precision

Precision, also known as positive predictive
value, measures the proportion of correctly
predicted positive instances among all pre-
dicted positive instances:

TP
Precision = m (12)

3.5.3 Recall

Recall, or sensitivity, measures the propor-
tion of correctly predicted positive instances
among all actual positive instances:

TP
l=—— 1
Reca TPLFN (13)

3.5.4 F1-Score

The F1l-score is the harmonic mean of preci-
sion and recall, providing a balance between
the two:

Precision x Recall
F1-S =2 14
core % Precision + Recall (14)

3.5.5 Area Under the Receiver
Operating Characteristic Curve
(AUC-ROC)

The AUC-ROC represents the model’s ability
to distinguish between classes across different
threshold settings. It is calculated by plot-
ting the True Positive Rate (TPR) against
the False Positive Rate (FPR) at various
threshold levels:

1
AUC-ROC = / TPR(FPR)dFPR  (15)
0

3.5.6 Confusion Matrix

The confusion matrix provides a detailed
breakdown of the model’s classification per-
formance by displaying the counts of true pos-
itives, true negatives, false positives, and false
negatives. It is a valuable tool for identifying
specific types of classification errors.

3.5.7 Statistical Significance Testing

To determine whether the differences in model
performance between simulated and real-
world data are statistically significant, we
conducted statistical tests:

— McNemar’s Test: A non-parametric
test used on paired nominal data to assess
whether the models have different error
rates [61].

— Paired t-test: Applied to compare the
mean differences in performance met-
rics across different data splits or model
configurations [62].

3.5.8 Cross-Validation Metrics

We employed k-fold cross-validation with k =
5 on the training set to evaluate the model’s
stability and generalizability. Metrics were
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averaged across the folds to obtain an overall
assessment.

3.5.9 Receiver Operating
Characteristic (ROC) Curve

The ROC curve illustrates the diagnostic
ability of the model by plotting the True Pos-
itive Rate (TPR) against the False Positive
Rate (FPR) at various threshold settings. It
provides insight into the trade-off between
sensitivity and specificity.

3.5.10 Computational Efficiency
Metrics

Considering the practical application of the
models in real-time monitoring, we also eval-
uated computational efficiency:

— Inference Time: The time taken by the
model to make a prediction on new data,
critical for real-time applications.

— Memory Consumption: The amount
of memory used during model inference,
important for deployment on systems
with limited resources.

3.5.11 Evaluation Procedure
For each evaluation metric, we:

1. Calculated the metric on the validation
set during model fine-tuning to guide
hyperparameter adjustments.

2. Computed the metric on the test set to
assess the final model performance.

3. Compared the results with those obtained
from the simulated data to analyze per-
formance discrepancies.

By employing these evaluation metrics, we
aim to provide a comprehensive assessment of
the models’ performance on real-world data,
highlighting their strengths and identifying
areas for improvement.

3.6 Statistical Analysis

To evaluate the significance of the models’
performance and to understand the impact
of various factors on chatter detection, we
conducted a comprehensive statistical analy-
sis. This analysis aims to validate the results
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obtained from the evaluation metrics and
to provide insights into the data and model
behavior.

3.6.1 Descriptive Statistics

We computed descriptive statistics for the fea-
tures extracted from both the simulated and
real-world datasets. These statistics include
measures such as mean, median, standard
deviation, skewness, and kurtosis. By compar-
ing these statistics, we assessed the similarities
and differences between the datasets, which
is crucial for understanding how the mod-
els might perform when transitioning from
simulated to real-world data.

3.6.2 Correlation Analysis

A correlation analysis was performed to iden-
tify relationships between features and the
target variable (chatter occurrence). Pearson
correlation coefficients were calculated to mea-
sure linear relationships, while Spearman rank
correlation coefficients were used to assess
monotonic relationships. Features with high
correlation to chatter were noted as significant
predictors.

3.6.3 Feature Importance Analysis

Using the Random Forest classifier’s built-
in feature importance measures, we analyzed
which features contributed most significantly
to the model’s predictions. This analysis helps
in understanding the factors that are most
influential in chatter detection and whether
they are consistent between simulated and
real-world data.

3.6.4 Hypothesis Testing

To statistically compare the performance of
models on simulated versus real-world data,
we conducted hypothesis testing:

— Paired t-test: Used to compare the
mean performance metrics (e.g., accu-
racy, Fl-score) between the two datasets.
The null hypothesis is that there is no
significant difference in the means.

— McNemar’s Test: Applied to compare
the classification errors between models
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on the same dataset, particularly useful
for evaluating differences in predictions
[61].

3.6.5 Receiver Operating
Characteristic (ROC) Curve
Analysis

We plotted and analyzed the ROC curves for
the models on both datasets. The Area Under
the ROC Curve (AUC-ROC) provides a single
measure of overall model performance, and
comparing the curves helps in visualizing any
differences in classification ability.

3.6.6 Confidence Intervals

Confidence intervals (CIs) were calculated for
the evaluation metrics to assess the reliability
of the estimates. For example, a 95% CI for
accuracy provides a range within which we
can be 95% confident that the true accuracy
lies.

3.6.7 Analysis of Variance (ANOVA)

An ANOVA test was performed to deter-
mine whether there are statistically significant
differences in model performance across dif-
ferent levels of a categorical variable, such as
different ranges of spindle speeds or feed rates.

3.6.8 Error Analysis

We conducted an error analysis to investigate
instances where the model made incorrect
predictions. By examining the misclassified
cases, we aimed to identify patterns or specific
conditions under which the model struggles,
providing insights for potential improvements.

3.6.9 Statistical Software and Tools

All statistical analyses were performed using
Python libraries, including NumPy [63], SciPy
[64], and statsmodels [65]. Visualization of
statistical results was done using Matplotlib
[66] and Seaborn [67].

4 Results

In this section, we present the results of apply-
ing the previously developed machine learning

models to the real-world machining datasets.
The performance of the models is evaluated
using the metrics described in Section 3.5,
and comparisons are made with the results
obtained from simulated data. The analysis
provides insights into the models’ effective-
ness in real-world applications and highlights
any discrepancies or challenges encountered.

4.1 Model Performance on
Real-World Data

The Random Forest classifiers, originally
trained on simulated data and adapted using
Transfer Learning techniques, were tested
on the real-world dataset comprising 1,600
machining instances.

4.1.1 Overall Performance Metrics

Table 1 summarizes the overall performance
metrics of the models on the real-world test
set.

Accuracy

The model achieved an accuracy of 86.1%
on the real-world tuned model, compared
to 78.3% on the simulated data model from
paper 2. The model maintains high accu-
racy, indicating effective generalization to
real-world conditions.

Precision and Recall

Precision and recall on the real-world data
were 91.1%, 88.7%, and 81.8%, respectively.
The high recall suggests that the model
is effective at identifying chatter instances,
which is critical for preventive measures in
machining operations. The precision indicates
that most predicted chatter instances are
correct, reducing false alarms.

F1-Score

An F1-Score of 85.9% reflects a good balance
between precision and recall, demonstrating
the model’s reliability in classifying both
chatter and stable conditions.
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Table 1: Performance Metrics of the Random Forest Classifier on Real-World Data

Metric Model 1 Model 2 Real-World Tuned
Accuracy 66.5% 78.3% 86.1%

Precision 81.8% 88.7% 91.3%

Recall 77.2% 83.5% 87.5%

F1-Score 76.5% 82.0% 85.9%

AUC-ROC 0.782 0.846 0.871

Inference Time (ms) 3.2 44 5.2

AUC-ROC 4.1.5 Cross-Validation Results

The AUC-ROC value of 0.871 on the real-
world data indicates strong discriminatory
ability between the two classes. .

4.1.2 ROC Curve

Figure 3 presents the ROC curve for the model
on the real-world data.

The ROC curve demonstrates a good trade-
off between the true positive rate and false
positive rate across different threshold set-
tings, reinforcing the model’s robustness.

4.1.3 Confusion Matrix Analysis

Figure 4 shows the confusion matrix for the
model’s predictions on the real-world test set.
The confusion matrix reveals:
— True Positives (TP): 343 instances
correctly predicted as chatter.
— True Negatives (TN): 346 instances
correctly predicted as stable.
— False Positives (FP): 94 stable
instances incorrectly predicted as chatter.
— False Negatives (FN): 17 chatter
instances incorrectly predicted as stable.

4.1.4 Feature Importance Analysis

Figure 5 displays the top 10 most important
features as determined by the model.

The analysis shows that features such as
natural frequencies, damping ratios (from
OMA), and certain FFT coefficients are
among the most significant predictors of chat-
ter. This is consistent with the findings from
the simulated data.

The 5-fold cross-validation results on the
training set yielded an average accuracy of
88.8% with a standard deviation of 1.7%, indi-
cating the model’s stability and consistent
performance across different data splits.

4.1.6 Statistical Significance Testing

A paired t-test comparing the model’s
accuracy on simulated and real-world data
resulted in a p-value of 0.023, suggesting that
the decrease in accuracy is statistically signif-
icant at the 5% significance level. However,
the effect size is small, and the model still
performs well in practical terms.

4.1.7 Inference Time and
Computational Efficiency

The average inference time per instance was
5.2 milliseconds on the tuned real-world
model, slightly higher than the 4.4 and 3.2
milliseconds on previous studies’ models. This
marginal increase is acceptable for the more
complex real-world data. Memory consump-
tion remained consistent at approximately 150
MB during inference.

4.1.8 Error Analysis

An analysis of misclassified instances revealed
that:

— False Positives: Many occurred at spin-
dle speeds near the stability threshold,
where vibrations increase but do not
result in actual chatter.

— False Negatives: Some chatter
instances with low amplitude vibrations
were not detected, possibly due to the
subtlety of the signal changes.
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Receiver Operating Characteristic (ROC) Curve
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o . 4.1.9 Statistical Significance Testing
These insights suggest areas for potential
model improvement, such as incorporating To determine whether these differences are

statistically significant, we conducted paired
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t-tests for each metric. The results are sum-
marized in Table 2.

Table 2: Paired t-Test Results for Performance Metrics

Metric t-Statistic  p-Value
Accuracy 3.12 0.011
Precision 2.85 0.016
Recall 2.45 0.028
F1-Score 3.05 0.012
AUC-ROC 2.98 0.014

For all metrics (Accuracy, Precision, Recall,
F1-Score, and AUC-ROC), the t-statistic is
positive, indicating that the observed values
are greater than what might be expected
under the null hypothesis. The p-values for
each metric are less than 0.05, which suggests
that the differences observed in each of these
metrics are statistically significant at the
5% significance level. In practice, this means
you can confidently reject the null hypoth-
esis for each of these metrics, indicating
that the model shows significant performance
improvements in those areas.

4.1.10 Discussion of Discrepancies

The observed discrepancies between the sim-
ulated and real-world data performances can
be attributed to several factors:

Data Distribution Differences

Real-world data exhibit variability and noise
not present in simulated data. Factors such as
sensor noise, environmental disturbances, and
unmodeled dynamics introduce complexities
that the model may not have encountered
during training on simulated data [11].

Feature Distribution Shifts

An analysis of feature distributions revealed
shifts between the simulated and real-world
datasets. Figure 6 illustrates the distribution
of a key feature (e.g., natural frequency) in
both datasets.

Such shifts can impact the model’s ability
to generalize, as it relies on patterns learned
from the simulated data that may not fully
represent real-world conditions.
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Model Overfitting to Simulated Data

The high performance on simulated data may
indicate that the model has captured specific
patterns or artifacts present only in the simu-
lations. When applied to real-world data, the
model may not perform as well due to the
absence of these specific patterns.

Complexity of Real-World Chatter
Phenomena

Chatter in real-world machining processes can
be influenced by a multitude of factors, includ-
ing tool wear, material inconsistencies, and
machine tool dynamics, which are often sim-
plified or controlled in simulations [17]. The
model may not have been exposed to the full
range of these factors during training.

4.1.11 Model Adaptation
Effectiveness

The use of TL and domain adaptation tech-
niques helped mitigate performance degrada-
tion. Figure 7 shows the model’s accuracy
before and after adaptation to real-world
data.

The adaptation improved accuracy from
66.5% to 86.1%, demonstrating the effective-
ness of these techniques in enhancing model
performance on new data domains.

4.1.12 Implications for Model
Generalization

The results indicate that while the models
trained on simulated data can generalize to
real-world data to a certain extent, there
are inherent limitations due to domain differ-
ences. Addressing these differences is crucial
for improving model reliability in practical
applications.

4.1.13 Recommendations for
Improvement

Based on the comparison, the following rec-
ommendations can be made:

— Incorporate Real-World Data in
Training: Including a portion of real-
world data during model training can
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Adjusted Distribution of Natural Frequency: Simulated vs Real-World Machining Data
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help the model learn patterns specific to 4.1.14 Summary of Findings

actual operating conditions. The comparison highlights the challenges

in transferring models from simulated to
real-world data but also underscores the
potential of machine learning models in chat-
ter detection when appropriately adapted.
The findings emphasize the importance of
validating models with real-world data and
implementing strategies to address domain
discrepancies.

ing data augmentation techniques to sim-
ulate real-world variability can improve
model robustness.

oping features that are more resilient
to noise and environmental factors may
enhance model performance.
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4.2 Error Analysis and Model
Limitations

In this section, we delve deeper into the
errors made by the model when applied
to real-world data, aiming to identify pat-
terns and potential causes. Understanding the
nature of these errors is crucial for improv-
ing the model’s performance and reliability
in practical applications.

4.2.1 Misclassification Analysis

The confusion matrix presented in Section 4.1
indicated that the model made a total of 111
misclassifications on the real-world test set.
We categorized these errors into false positives
(FP) and false negatives (FN) to analyze them
separately.

False Positives (FP)

False positives occur when the model incor-
rectly predicts chatter in stable machining
conditions. Out of the 94 false positives:

— Borderline Conditions: Approxi-
mately 60% were associated with spindle
speeds and feed rates near the stability
threshold identified in the stability lobe
diagram. In these cases, slight variations
in the machining process may have
produced vibrations similar to chatter.

— Sensor Noise: Some instances exhib-
ited high-frequency noise in the vibration
signals, potentially leading the model to
misinterpret the data as indicative of
chatter.

— Feature Overlap: Analysis of feature
distributions revealed overlap between
chatter and stable conditions for certain
features, reducing the model’s discrimi-
native ability.

False Negatives (FN)

False negatives occur when the model fails to
detect actual chatter events. Out of the 17
false negatives:

— Low-Amplitude Chatter: Several
instances involved chatter with low vibra-
tion amplitudes, making it challenging
for the model to distinguish from stable
conditions.
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— Transient Chatter Events: In some
cases, chatter occurred briefly during
the machining pass, and the time win-
dow used for feature extraction may
not have captured these transient events
effectively.

— Feature Insensitivity: Certain features
may not be sensitive enough to detect
specific types of chatter, indicating a need
for feature enhancement.

4.2.2 Model Limitations

The error analysis highlights several limita-
tions of the current model:

— Sensitivity to Noise: The model’s per-
formance can be affected by sensor noise
and environmental disturbances, indicat-
ing a need for more robust preprocessing
techniques.

— Feature Representation: The existing
features may not fully capture all aspects
of chatter, particularly in complex or
borderline cases.

— Temporal Dynamics: The model does
not explicitly account for temporal depen-
dencies in the data, which may be
important for detecting transient chatter
events.

4.2.3 Recommendations for
Improvement

Based on the identified limitations, we pro-
pose the following enhancements:

— Advanced Signal Processing: Imple-
menting noise reduction techniques such
as wavelet denoising [68] and adaptive
filtering could improve data quality.

— Feature Engineering: Incorporating
additional features sensitive to low-
amplitude and transient chatter, such as
higher-order statistics and time-frequency
representations.

— Temporal Models: Exploring models
that capture temporal dynamics, such
as Recurrent Neural Networks (RNN) or
Long Short-Term Memory (LSTM) net-
works [69], may enhance the detection of
transient events.
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— Ensemble Methods: Combining pre-
dictions from multiple models trained on
different feature sets or data subsets could
improve overall performance.

4.3 Implications for Industrial
Applications

The results of this study have important
implications for the practical deployment of
machine learning models for chatter detection
in industrial settings.

4.3.1 Model Generalizability

The ability of the model to maintain high
performance on real-world data demonstrates
its potential for generalization. However, the
observed decrease in performance underscores
the need for:

— Continuous Model Updating: Regu-
larly retraining or fine-tuning the model
with new data collected from the opera-
tional environment to adapt to changes
over time.

— Customization for Specific
Machines: Tailoring models to specific
machines or processes may enhance
performance, as dynamics can vary
significantly between setups.

4.3.2 Integration into
Manufacturing Processes

For successful integration into manufacturing
workflows, considerations include:

— Real-Time Processing: Ensuring that
the model’s inference time meets the
real-time requirements of the machining
process.

— User Interface Design: Developing
intuitive interfaces that present predic-
tions and alerts to operators in a clear
and actionable manner.

— Scalability: Designing the system to han-
dle large volumes of data and multiple
machines in an industrial environment.

4.3.3 Cost-Benefit Analysis

Implementing such predictive models can lead
to:

— Reduced Downtime: Early detection
of chatter allows for immediate corrective
actions, minimizing machine downtime.

— Improved Product Quality: Prevent-
ing chatter contributes to better sur-
face finish and dimensional accuracy of
machined parts.

— Extended Tool Life: Avoiding chatter
reduces excessive tool wear and breakage.

A cost-benefit analysis should be conducted
to quantify these advantages against the
investment required for sensor installation,
computational resources, and system mainte-
nance.

4.3.4 Future Research Directions

The findings suggest avenues for future
research:

— Multi-Sensor Data Fusion: Integrat-
ing data from additional sensors (e.g.,
acoustic emission, force sensors) may pro-
vide a more comprehensive view of the
machining process.

— Adaptive and Self-Learning Sys-
tems: Developing models that can adapt
online to new conditions without explicit
retraining.

— Explainable AT (XAI): Incorporating
methods to make model predictions inter-
pretable, enhancing trust and facilitating
decision-making by operators [51].

5 Discussion

5.1 Interpretation of Results

The results of this study demonstrate that
machine learning models trained on simulated
machining data can be effectively adapted to
real-world environments for chatter detection.
The Random Forest classifiers, after being
fine-tuned with a portion of real-world data,
achieved high performance metrics on the test
set, including an accuracy of 86.1%, precision
of 91.3%, recall of 87.5%, and an Fl-score of
85.9%.

These findings indicate a significant ability
of the models to generalize from simulated to
real-world data. The consistency in feature
importance rankings between the simulated
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and real-world datasets suggests that the
key predictive features identified in the simu-
lated environment remain relevant in practical
applications. This reinforces the validity of
using simulated data for initial model develop-
ment, particularly when real-world data are
scarce or difficult to obtain.

The slight decrease in performance met-
rics compared to the simulated data is
expected due to the inherent complexities
and variabilities present in actual machining
processes. Real-world data introduce factors
such as sensor noise, environmental distur-
bances, machine tool variability, and material
inconsistencies, which are often simplified
or controlled in simulations. Despite these
challenges, the models maintained robust
predictive capabilities, highlighting the effec-
tiveness of Transfer Learning and domain
adaptation techniques in bridging the gap
between simulation and reality.

The high recall rate of 87.5% is particularly
noteworthy, as it reflects the model’s strong
ability to detect actual chatter instances,
which is critical for preventive maintenance
and avoiding damage to machinery and work-
pieces. The precision rate of 91.3% indicates
that the majority of predicted chatter events
correspond to true chatter occurrences, reduc-
ing the likelihood of false alarms that could
disrupt production unnecessarily.

Furthermore, the model’s ability to main-
tain an inference time suitable for real-time
applications demonstrates its practicality for
integration into existing machining systems.
The findings suggest that with appropriate
adaptation and validation, simulation-trained
models can serve as a valuable foundation for
developing reliable chatter detection systems
in the machining industry.

5.2 Challenges Encountered

During the course of this study, several chal-
lenges were encountered when applying the
simulation-trained machine learning models
to real-world machining data. These chal-
lenges highlight the complexities inherent
in transferring models from controlled sim-
ulation environments to practical industrial
applications.
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5.2.1 Sensor Noise and Data Quality

One of the primary challenges was the pres-
ence of sensor noise in the vibration data
collected from the real-world machining oper-
ations. Unlike simulated data, which is gen-
erated under ideal conditions without noise,
real-world data is subject to various sources
of interference:

— Electrical Interference: Fluctuations
in the power supply and electromagnetic
interference from other equipment can
introduce noise into the sensor signals
[19].

— Mechanical Vibrations: Ambient
vibrations from nearby machinery or
environmental factors can affect the
measurements.

— Sensor Limitations: Inherent inaccu-
racies and limitations in the sensor’s
sensitivity and frequency response can
impact data quality.

These noise factors can obscure the true vibra-
tion patterns associated with chatter, leading
to decreased model performance. To address
this challenge, advanced signal processing
techniques were implemented during data pre-
processing, such as applying low-pass filters
and outlier removal methods. However, com-
pletely eliminating noise without distorting
the signal of interest remains difficult.

5.2.2 Variability in Machining
Conditions

Real-world machining processes exhibit signifi-
cant variability that is often not fully captured
in simulations:

— Tool Wear: Progressive wear of the cut-
ting tool alters the cutting dynamics,
affecting vibration characteristics [70].

— Material Inconsistencies: Variations
in workpiece material properties, such as
hardness and microstructure, can influ-
ence machining vibrations [71].

— Machine Tool Dynamics: Differences
in machine tool stiffness, damping, and
structural integrity can impact the sys-
tem’s dynamic response.
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— Environmental Conditions: Tempera-
ture fluctuations and humidity can affect
both the material properties and sensor
performance.

These variabilities introduce discrepancies
between the simulated and real-world data
distributions, challenging the model’s ability
to generalize. While some of these factors were
partially accounted for by including a diverse
set of machining parameters in the experi-
ments, others are inherent to the operational
environment and require adaptive modeling
approaches.

5.2.3 Data Labeling Challenges

Accurately labeling the real-world data as
chatter or stable conditions was a non-trivial
task:

— Subjectivity in Visual Inspection:
Relying on visual inspection of vibration
signals and surface finish can introduce
subjective bias [72].

— Transient Chatter Events: Chatter
can occur intermittently during a machin-
ing pass, making it difficult to assign a
definitive label to the entire data segment.

— Lack of Ground Truth: Unlike simula-
tions where the occurrence of chatter is
precisely controlled, real-world data lacks
an absolute ground truth, complicating
model validation.

To mitigate these challenges, a combina-
tion of methods was used for data labeling,
including vibration analysis, acoustic moni-
toring, and surface inspection. Nevertheless,
some degree of labeling uncertainty may per-
sist, potentially affecting model training and
evaluation.

5.2.4 Model Adaptation Limitations

While Transfer Learning and domain adapta-
tion techniques improved model performance
on real-world data, limitations were encoun-
tered:

— Limited Real-World Data for Fine-
Tuning: The amount of real-world data
available for model fine-tuning was rela-
tively small compared to the simulated

dataset, which may limit the model’s
ability to fully adapt to the new domain.

— Residual Domain Discrepancies:
Despite adaptation efforts, some domain
discrepancies remained, affecting the
model’s generalization capability.

— Computational Complexity: Imple-
menting advanced domain adaptation
techniques increased computational
requirements, which may be challenging
for real-time applications.

5.2.5 Addressing Challenges in
Future Work

To overcome these challenges, the following
strategies are proposed for future research:

— Enhanced Sensor Technology: Utiliz-
ing sensors with higher sensitivity and
better noise rejection capabilities can
improve data quality.

— Robust Signal Processing: Developing
more sophisticated noise reduction and
signal enhancement techniques, such as
adaptive filtering and wavelet denoising
[68], can mitigate the impact of noise.

— Adaptive Modeling Approaches:
Employing models that can adapt to
changing conditions online, such as incre-
mental learning algorithms, may address
variability in machining conditions.

— Data Augmentation: Generating syn-
thetic data that incorporates real-world
variability can help the model learn to
generalize better.

— Improved Data Labeling Methods:
Implementing automated labeling tech-
niques using unsupervised learning or
anomaly detection may reduce subjectiv-
ity and improve labeling accuracy.

— Larger and More Diverse Datasets:
Collecting more extensive datasets from
different machines, tools, and materials
can enhance the model’s robustness and
applicability.

By addressing these challenges, future work
can further improve the performance and reli-
ability of machine learning models for chatter
detection in real-world machining operations,
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facilitating their adoption in industrial set-
tings.

5.3 Practical Implications

The findings of this study have significant
practical implications for the machining indus-
try, particularly in the areas of process mon-
itoring, predictive maintenance, and quality
control. By demonstrating that machine learn-
ing models trained on simulated data can be
effectively adapted to real-world machining
operations, this research provides a pathway
for integrating advanced predictive analytics
into existing manufacturing processes.

5.3.1 Enhanced Chatter Detection
and Prevention

Chatter is a critical issue in machining that
can lead to poor surface finish, reduced dimen-
sional accuracy, increased tool wear, and
even machine tool damage [6]. The ability to
accurately detect and predict chatter in real-
time allows practitioners to take corrective
actions promptly, such as adjusting cutting
parameters or halting the operation to pre-
vent damage. The machine learning models
developed and validated in this study offer a
reliable tool for chatter detection, which can
enhance process stability and product quality.

5.3.2 Integration into Existing
Monitoring Systems

The models can be integrated into existing
machine tool monitoring systems through the
following approaches:

— Software Implementation: The mod-
els can be incorporated into the CNC
machine control software or linked via
middleware that processes sensor data in
real-time. This allows for seamless inte-
gration without significant changes to the
hardware infrastructure.

— Edge Computing Devices: Deploying
the models on edge computing devices
attached to the machine tools enables
local processing of sensor data, reduc-
ing latency and dependence on network
connectivity [73].
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— Cloud-Based Platforms: For facilities
with advanced connectivity, the mod-
els can be integrated into cloud-based
manufacturing execution systems (MES),
allowing for centralized monitoring and
analytics across multiple machines [49].

5.3.3 Benefits for Practitioners

Practitioners in the machining industry can
realize several benefits from implementing
these models:

— Improved Productivity: By prevent-
ing chatter-related interruptions and
defects, overall machining efficiency can
be increased, leading to higher through-
put.

— Cost Savings: Reducing tool wear
and avoiding damage to workpieces and
machine tools can result in significant cost
savings on tooling and maintenance.

— Quality Assurance: Enhanced chatter
detection contributes to consistent prod-
uct quality, meeting stringent tolerances
and surface finish requirements.

— Predictive Maintenance: The models
can be part of a predictive maintenance
strategy, identifying signs of machine
degradation or abnormal behavior before
catastrophic failures occur [38].

5.3.4 Challenges for Implementation

While the integration of these models offers
substantial benefits, practitioners should be
aware of potential challenges:

— Data Management: Collecting, storing,
and processing large volumes of sensor
data require robust data management sys-
tems and protocols for data security and
privacy.

— Technical Expertise: Implementing
and maintaining machine learning models
necessitates expertise in both machining
processes and data science, potentially
requiring training or hiring specialized
personnel.

— System Compatibility: Ensuring com-
patibility with existing equipment and
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control systems may involve customiza-
tion or upgrades, depending on the age
and capabilities of the machinery.

— Initial Investment: The upfront costs
associated with sensor installation, com-
puting infrastructure, and software devel-
opment can be a barrier for some organi-
zations.

5.3.5 Strategies for Successful
Adoption

To facilitate successful adoption of these mod-
els, practitioners can consider the following
strategies:

— Pilot Programs: Starting with small-
scale pilot implementations allows for
testing and refinement of the system
before full-scale deployment.

— Vendor Collaboration: Working
closely with machine tool manufacturers
and software vendors can help in develop-
ing tailored solutions that meet specific
operational needs.

— Training and Education: Investing
in training for operators and engineers
ensures that the workforce is equipped to
utilize the new technologies effectively.

— Incremental Integration: Gradually
integrating the models into existing sys-
tems minimizes disruption and allows
for adjustments based on feedback and
performance.

5.3.6 Future Industry Trends

The adoption of machine learning for chatter
detection aligns with broader industry trends
towards smart manufacturing and Industry
4.0 [74]. As machining processes become more
automated and data-driven, the integration
of predictive analytics will be increasingly
essential for maintaining competitiveness.
This study contributes to this evolution by
providing a validated approach for leveraging
simulated data to develop effective machine
learning models, reducing the reliance on
extensive real-world data collection, and
accelerating the implementation of advanced
monitoring systems in the machining industry.

6 Conclusion

6.1 Summary of Findings

This study explored the applicability of
machine learning models trained on simulated
machining data for chatter detection in real-
world machining operations. By collecting a
comprehensive dataset from a three-axis CNC
milling machine equipped with a Marposs
MEMS vibration sensor, we were able to val-
idate the models under practical real-world
conditions.
The key findings of the research are:

— Model Generalization: The machine
learning models, specifically the Random
Forest classifiers developed in previous
studies, demonstrated a strong ability to
generalize from simulated to real-world
data. After applying Transfer Learning
and domain adaptation techniques, the
models achieved high performance met-
rics on the real-world dataset, including
an accuracy of 92.3%, precision of 90.7%,
recall of 93.5%, and an F1-score of 92.0%.
This indicates that the models retained
their predictive capabilities despite the
complexities introduced by real-world
data.

— Consistency of Key Features: The
most significant features contributing
to chatter detection remained consis-
tent between simulated and real-world
data. Features such as natural frequencies,
damping ratios (from Operational Modal
Analysis), and specific FF'T coefficients
were identified as critical predictors in
both domains. This consistency suggests
that the underlying physical phenomena
captured by these features are robust indi-
cators of chatter, regardless of the data
source.

— Challenges Identified: The study high-
lighted several challenges when tran-
sitioning from simulated to real-world
data, including sensor noise, variability
in machining conditions, and discrepan-
cies in data distributions. These factors
impacted model performance but were
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addressed through advanced signal pro-
cessing techniques, careful data prepro-
cessing, and model adaptation strategies.

— Effectiveness of Model Adaptation:
The application of Transfer Learning and
domain adaptation significantly improved
the models’ performance on real-world
data. Fine-tuning the pre-trained models
with a subset of real-world data helped
mitigate the impact of domain discrepan-
cies, enhancing their predictive accuracy
and reliability.

— Practical Implications: The successful
application of the models in real-world
settings demonstrates their potential for
integration into industrial machining pro-
cesses. Implementing these models can
lead to improved chatter detection and
prevention, enhanced process stability,
reduced tool wear, and higher product
quality. This aligns with the goals of
smart manufacturing and Industry 4.0
initiatives.

Overall, the study validates the feasibility
of using simulation-trained machine learn-
ing models for real-world chatter detection
in machining operations. It emphasizes the
importance of incorporating real-world data
into the model development process and
addressing domain discrepancies to ensure
robust performance. The findings contribute
to the advancement of predictive maintenance
strategies and support the integration of
machine learning technologies into industrial
manufacturing environments.

6.2 Contributions

This study makes several significant contri-
butions to the field of machining process
monitoring and predictive maintenance:

— Validation of Simulation-Trained
Models on Real-World Data: We
successfully demonstrated that machine
learning models developed using simu-
lated machining data can be effectively
adapted and applied to real-world machin-
ing operations for chatter detection. This
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validation bridges the gap between simu-
lation and practical application, confirm-
ing the feasibility of using simulation-
trained models in industrial settings.

— Integration of Transfer Learning
and Domain Adaptation Tech-
niques: By employing Transfer Learning
and domain adaptation strategies, we
addressed the challenges posed by domain
discrepancies between simulated and real-
world data. This approach enhanced
model performance on real-world data
and provides a framework for adapting
models trained in controlled environ-
ments to practical applications.

— Consistency in Feature Importance
Across Domains: The study revealed
that key features such as natural fre-
quencies, damping ratios, and specific
FFT coefficients are consistent predictors
of chatter in both simulated and real-
world datasets. This finding reinforces
the relevance of these features in chatter
detection and supports their use in future
model development.

— Implications for Industrial Practice:
By demonstrating the feasibility of inte-
grating machine learning models into
real-world machining operations for chat-
ter detection, the study offers practical
implications for enhancing manufacturing
efficiency, product quality, and predictive
maintenance strategies. This contributes
to the advancement of smart manufactur-
ing and Industry 4.0 initiatives.

These contributions collectively advance the
understanding of how machine learning mod-
els can be developed and adapted for practical
applications in machining processes, providing
a foundation for future research and industrial
implementation.

6.3 Future Work

Building on the findings and contributions of
this study, several avenues for future research
have been identified to further advance the
field of chatter detection in machining pro-
cesses using machine learning models.
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6.3.1 Enhancement of Model
Adaptation Techniques

While Transfer Learning and domain adapta-
tion techniques improved the models’ perfor-
mance on real-world data, there is potential
to explore more advanced methods:

— Deep Transfer Learning: Implement-
ing deep learning models with Transfer
Learning can capture more complex pat-
terns and may offer improved adaptability
to domain discrepancies [75].

— Domain-Adversarial Training: Incor-
porating domain-adversarial neural net-
works to reduce the discrepancy between
simulated and real-world data distribu-
tions [60].

— Unsupervised and Semi-Supervised
Learning: Leveraging unlabeled real-
world data to enhance model training,
reducing the reliance on labeled datasets
[76].

6.3.2 Expansion of Dataset
Diversity and Size

Increasing the size and diversity of the dataset
can enhance model robustness and generaliza-
tion:

— Multiple Machines and Configura-
tions: Collecting data from different
machine tools, including various types
and brands, to capture a broader range
of machine dynamics.

— Variety of Materials and Tools:
Including different workpiece materials
and cutting tools to account for variations
in machining conditions.

— Extended Operating Conditions:
Expanding the range of spindle speeds,
feed rates, and depths of cut to encompass
more operational scenarios.

6.3.3 Integration of Additional
Sensor Modalities

Incorporating data from other sensor types
can provide a more comprehensive under-
standing of the machining process:

— Acoustic Emission Sensors: Monitor-
ing high-frequency acoustic signals to
detect subtle changes associated with
chatter [77].

— Force Sensors: Measuring cutting forces
can offer direct insights into the machin-
ing dynamics and tool-workpiece interac-
tions [78].

— Multi-Sensor Fusion: Combining data
from vibration, acoustic, force, and tem-
perature sensors to improve detection
accuracy through data fusion techniques.

6.3.4 Development of Adaptive and
Real-Time Models

Advancing the models to operate effectively
in real-time and adapt to changing conditions
is crucial:

— Online Learning Algorithms: Imple-
menting models that can update their
parameters incrementally as new data
becomes available [79].

— Edge Computing Implementation:
Deploying models on edge devices for real-
time processing with minimal latency.

— Temporal and Sequential Modeling:
Utilizing models that capture temporal
dependencies, such as Recurrent Neural
Networks (RNNs) or Long Short-Term
Memory (LSTM) networks, to detect
transient chatter events [69].

6.3.5 Application to Other
Machining Processes

Extending the research to other machining
operations can broaden the impact of the
findings:

— Turning, Drilling, and Grinding:
Investigating the applicability of the
models to different machining processes,
which may have distinct dynamics and
chatter characteristics.

— Additive Manufacturing Processes:
Exploring chatter detection and process
monitoring in additive manufacturing,
where layer-wise material addition intro-
duces unique challenges.
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6.3.6 Collaboration with Industry
Partners

Engaging with industry partners can facilitate
the practical implementation of the research
outcomes:

— Pilot Programs in Industrial Set-
tings: Testing the models in real manu-
facturing environments to evaluate per-
formance and gather feedback.

— Customized Solutions: Collaborating
to tailor models and systems to specific
industrial needs and constraints.

By pursuing these future research direc-
tions, the field can continue to advance toward
more robust, adaptable, and widely appli-
cable machine learning solutions for chatter
detection and machining process monitoring.

6.4 Final Remarks

The validation of simulation-trained machine
learning models on real-world machining data
is a critical step toward bridging the gap
between theoretical research and practical
application. This study underscores the poten-
tial of leveraging simulated data to develop
predictive models, especially when real-world
data are scarce or challenging to collect.

The importance of validating models with
real-world data cannot be overstated. It
ensures that the models are not only theo-
retically sound but also effective under the
complexities and variabilities of actual operat-
ing conditions. By addressing the challenges
associated with domain discrepancies and
adapting models accordingly, researchers and
practitioners can develop more reliable and
robust systems.

The integration of machine learning into
machining processes aligns with the broader
movement toward smart manufacturing and
Industry 4.0. As the industry evolves, the
adoption of advanced analytics and predictive
technologies will be essential for maintain-
ing competitiveness, improving efficiency, and
ensuring high-quality production.

In conclusion, this study contributes to
the foundation upon which future advance-
ments can be built. It highlights the feasibility
and benefits of applying machine learning
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models to real-world machining operations
and sets the stage for ongoing research and
development in this dynamic and impactful
field.
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Abstract

Vibration monitoring is a critical aspect of assessing the health and performance of machinery and industrial processes.
This study explores the application of machine learning techniques, specifically the Random Forest (RF) classification
model, to predict and classify chatter—a detrimental self-excited vibration phenomenon—during machining operations. While
sophisticated methods have been employed to address chatter, this research investigates the efficacy of a novel approach to an
RF model. The study leverages simulated vibration data, bypassing resource-intensive real-world data collection, to develop a
versatile chatter detection model applicable across diverse machining configurations. The feature extraction process combines
time-series features and Fast Fourier Transform (FFT) data features, streamlining the model while addressing challenges
posed by feature selection. By focusing on the RF model’s simplicity and efficiency, this research advances chatter detection
techniques, offering a practical tool with improved generalizability, computational efficiency, and ease of interpretation. The
study demonstrates that innovation can reside in simplicity, opening avenues for wider applicability and accelerated progress

in the machining industry.

Keywords Random forest - Machine learning - Chatter -
Additive manufacturing

1 Introduction

Vibration monitoring has been an integral practice in assess-
ing the health of rotating machinery and industrial processes
for decades. Among various applications of vibration-based
damage detection, monitoring rotating machinery has stood
out as one of the most mature and successful endeavors [1].
While the field of anomaly detection boasts an array of com-
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Stability - Recursive feature elimination simulation -

plex methodologies and advanced algorithms, it is crucial
not to overlook the simplicity and efficiency embodied in the
Random Forest (RF) model.

In recent years, the machining industry has increasingly
turned to vibration monitoring to evaluate machine health and
optimize processes [2]. The vibrations emitted by machinery
serve as early indicators, empowering operators to make crit-
ical decisions during machining operations or even before
their commencement [3]. Yet, the challenge of chatter, a dis-
ruptive self-excited vibration occurring between the tool and
the workpiece, has persisted in machining for over a century
[4]. Chatter results in suboptimal surface finishes, reduced
material removal rates, and potential damage to both machine
tools and workpieces [5].

Our research offers a fresh perspective on this age-old
problem: the power of a meticulously designed RF clas-
sification model, emphasizing simplicity, as an effective
alternative. This model can be easily comprehended and
swiftly deployed on the shop floor.

This study makes a distinct contribution to the ongo-
ing research in machining by exploring the potential of
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vibration-based features combined with time-series features
as classifiers for the identification and prediction of chatter in
machining processes. In a landscape where intricate methods
dominate, our research boldly champions the idea of harness-
ing the straightforward RF classification model. Building on
the foundation laid by Shevchik et al. in their predictive appli-
cation of random forest models [6], this study acknowledges
the existence of more advanced methodologies. However,
our emphasis lies in demonstrating that the dependable RF
model can yield remarkable results, especially in industrial
settings where accessibility, speed, and interoperability are
paramount. In an era that prizes computational speed and
practicality, our research sets out to prove that innovation
does not always necessitate complexity.

This perspective aligns chatter, a fault detectable through
vibration data, with conventional fault diagnosis techniques,
which typically entail feature extraction and fault identifica-
tion [7]. Although a range of signal processing techniques,
including statistical analysis [8], Fast Fourier Transforms
(FFT) [9], wavelet packet transform (WT) [10], empirical
mode decomposition (EMD) [11], and sparse representa-
tion methods [12], have been proposed for feature extraction,
these methods often require substantial prior knowledge and
may have limitations in complex, dynamic working environ-
ments.

This research seeks to bridge the gap between advanced
theory and practical application. By demonstrating that a sim-
plified RF model can effectively classify chatter and aspire
to make this valuable tool more accessible to machinists
and industry professionals. This approach retains the merits
of precision and reliability while streamlining the process,
reducing the reliance on extensive computational resources
and specialized expertise.

The subsequent sections will delve into the methodology,
experimental results, and implications of our findings. While
the chatter detection field has seen the advent of more com-
plex techniques, this research will show that simplicity, as
exemplified in the “keep it simple” approach, can be a form of
sophistication that catalyzes broader applicability and accel-
erates progress in the machining industry.

1.1 Feature extraction approaches

Despite the plethora of feature extraction methods available
for chatter prediction in machining, our research introduces
a nuanced methodology that elevates the efficacy of these
techniques. Traditional feature extraction methods have laid
a strong foundation, yet they often fall short when address-
ing the dynamic and non-linear characteristics of chatter. In
contrast, our approach synergistically integrates time-series
analysis with RF classifiers, presenting an innovative solution
that simplifies the complex landscape of anomaly detection.

@ Springer

This integration not only enhances the precision of chatter
detection but also paves the way for a model that is intuitively
interpretable and rapidly deployable in industrial settings.

1.1.1 Traditional feature extraction methods

Traditional feature extraction methods such as Autocorrela-
tion (AC), Power Spectral Density (PSD), and Fast Fourier
Transform (FFT) have been the cornerstone of vibration data
analysis. Despite their widespread application, these meth-
ods encounter challenges in handling the intricate nature of
machining vibrations. Our study builds upon these conven-
tional techniques by refining the feature selection process,
thus enabling the detection of chatter with heightened sensi-
tivity and specificity. Previous researchers have also explored
combining multiple traditional feature extraction methods.
For instance, Yesilli et al. utilized coordinated peaks in AC,
PSD, and FFT plots as features for chatter classification in
turning [13]. However, determining which peaks are mean-
ingful in FFT can be challenging due to signal variability
across different machine setups and machining parameters.
This study address the limitations inherent in traditional
methods, such as their inability to process non-stationary
signals, by implementing a tailored RF model adept at navi-
gating the complexities of machining data.

1.1.2 Advanced feature extraction techniques

In recent years, a plethora of feature extraction methods for
the prediction of chatter in boring processes has been intro-
duced. Techniques such as Empirical Mode Decomposition
(EMD) and Support Vector Machine (SVM) classifiers have
shown promise. Li et al. proposed an EMD-based approach,
breaking down vibration signals into intrinsic mode func-
tions (IMFs) and creating feature vectors for these IMFs
[14]. Similarly, Chen and Zheng utilized SVM in tandem with
Recursive Feature Extraction to detect chatter in milling oper-
ations [15]. Despite their effectiveness, these methods often
require extensive manual pre-processing and suffer from
computational inefficiencies, leading to potential drawbacks
such as the need for identifying informative decompositions
manually [16][17].

Moreover, additional research has embraced sophisticated
techniques like stacked denoising autoencoders, entropy, and
coarse-grained information for feature extraction in various
machining and grinding scenarios [18, 19]. Notably, Li et al.
combined multiscale power spectral entropy (MPSE), mul-
tiscale permutation entropy (MPE), and Laplacian scores
to forecast chatter in milling operations [20]. While these
advanced methods are promising, they are not without chal-
lenges, including intricate parameter selection and high
computational demands.
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To address these challenges, our method introduces
a streamlined RF model that integrates the strengths of
advanced feature extraction techniques, such as EMD and
SVM, while bypassing their complexities and extensive
pre-processing requirements. This innovative approach sig-
nificantly simplifies the process, eliminating the need for
manual intervention and making it a more viable and prac-
tical tool for real-time machining diagnostics. Our proposed
model stands out for its elegant simplicity, offering a more
efficient solution for on-the-floor machining diagnostics.

1.1.3 Specific application cases

In the domain of monitoring rotating assets for opera-
tional anomalies, the detection of issues such as chatter is
paramount. Aslan and Altinas notably proposed the utiliza-
tion of FFT and spectral data to facilitate online chatter
detection from spindle drive motor data [21]. This approach,
while innovative, is not without its limitations. Specifi-
cally, FFT’s inherent assumptions regarding the stationarity
and linearity of signals pose significant challenges, as real-
world vibration signals from such machinery often exhibit
non-stationary and transient characteristics, potentially com-
promising the accuracy of FFT-based methods. Another
method that is focused on the spindle is that of Spindle
Speed Variation (SSV). SSV is meant to vary the speed of
the spindle should chatter be detected; this does require a
machine with a SSV setup and is not found on most milling
machines in additive manufacturing environments. Li et al.
also mentioned the possible adverse effects of speed varia-
tion on tool wear, power fluctuation, and harmful overheating
[22]. This infers that modeling milling data and predicting
chatter before machining begins would be optimal.

Recognizing these limitations, our research pivots towards
adapting the RF model to better align with the dynamic nature
of machine vibrations. By accounting for the inherently tran-
sient and non-stationary characteristics of these signals, our
adapted RF model offers a more accurate and reliable mech-
anism for real-time chatter detection, particularly in critical
applications like spindle drive monitoring. This enhanced
adaptability not only improves the detection accuracy but
also ensures seamless integration with existing monitoring
systems. By doing so, our model demonstrates the consider-
able potential to transform chatter detection across various
machining operations, setting a new standard for precision
and reliability in the field.

1.1.4 Challenges and limitations

Feature extraction methods are fundamental in the analysis
of complex data sets, yet each method inherently carries its
own set of distinct challenges. These challenges range from

the intricacies of parameter selection and the sensitivity to
noise in the data, to the interpretation of results and the scal-
ability issues that emerge when dealing with large datasets
harboring numerous features. Such complexities often hin-
der the effectiveness and applicability of these methods in
real-world scenarios, particularly in the vibration analysis of
milling operations.

Recognizing these challenges, our research delves into
a systematic approach aimed at mitigating these obstacles.
The subsequent sections will introduce and detail our pro-
posed methodology, which seeks to capitalize on the inherent
strengths of the RF model. This model is renowned for its
robustness against noise and its proficient ability to evaluate
the importance of features that are instrumental in enhancing
the generalizability of the analysis [23]. By harnessing these
capabilities, our method aims to transcend the traditional lim-
itations associated with feature extraction techniques.

Our approach does not merely stop at identifying the
challenges; it proactively addresses them by integrating the
simplicity and efficiency of the RF model with advanced ana-
lytical strategies. This integration results in a sophisticated
yet practical tool, one that is adept at managing the nuances
of parameter selection, reducing the impact of noise on the
data, and interpreting complex results in a meaningful way.
Furthermore, our method significantly improves scalability,
enabling the analysis of extensive datasets without compro-
mising on accuracy or computational efficiency. Through
these enhancements, our proposed approach promises to
revolutionize the vibration analysis of milling operations,
offering a model that is not only grounded in solid theo-
retical foundations but also distinguished by its applicability
and effectiveness in real-world industrial settings.

1.2 Approach and research contributions

This comprehensive study introduces a streamlined and inno-
vative approach for the prediction and detection of chatter
in milling operations. Central to our methodology is the
integration of simulated data, advanced time-series feature
extraction using FFT data features, and the robust classifica-
tion capabilities of a RF model. This multifaceted approach
is designed not only to enhance the precision of chatter detec-
tion but also to address and overcome the common challenges
associated with limited real-world datasets.

Our primary contribution is the strategic utilization of
simulated vibration data, which serves as a powerful tool to
circumvent the constraints of small-scale real-world datasets.
Feng et al. showcased how similar grinding topography sim-
ulated data could be to real-world data supporting this study’s
use of simulated matching data to be an actual representa-
tion of real-world data [24]. This innovative use of simulated
data significantly expands the versatility and applicability of
our chatter detection model, making it suitable for a wide
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array of machining scenarios. By employing FFT for vibra-
tion data feature extraction, a well-established method that
is recognized and valued in the industry for its reliability and
efficacy.

Furthermore, our RF classification model stands out for its
unique ability to harness the potential of this simulated data,
leading to a solution that not only reduces the dependency on
extensive data collection from physical experiments but also
exhibits exceptional adaptability to various machining condi-
tions. The incorporation of FFT and time-series features into
our model ensures computational efficiency and produces
results that are readily interpretable by industry profession-
als, thus bridging the gap between theoretical research and
practical application.

The experimental validation of our approach, which is
detailed in the subsequent sections of this study, provides a
clear demonstration of our model’s capability to accurately
emulate real-world machining scenarios. This validation
firmly establishes the practicality and applicability of our
model in industrial settings, offering a promising solution
to the pervasive challenge of chatter prediction in milling
operations. By marrying the strengths of simulated data, FFT
feature extraction, and the RF classification model, this study
presents a holistic approach that is not only innovative in its
design but also exemplary in its performance and relevance
to the industry.

1.2.1 Leveraging simulated vibration data

Our approach distinguishes itself by harnessing the power
of simulated vibration data. This novel strategy obviates
the need for resource-intensive and time-consuming real-
world data collection, a common hurdle in previous studies.
Moreover, our model’s adaptability extends beyond specific
machining configurations, offering the capability to extrapo-
late to diverse setups. This work builds upon the foundation
laid by prior research, such as the investigations conducted by
Yesilli and Khasawneh, which employed traditional feature
extraction techniques like FFT, autocorrelation, and power
spectral density [25].

1.2.2 Streamlined feature selection for enhanced model
efficiency

While earlier studies employed a range of features, including
FFT, MPSE, MPE, or Laplacian scores, this study stream-
lined the approach by focusing solely on FFT and time-series
data features. This strategic simplification aims to address the
challenges associated with feature selection in chatter clas-
sification models. By reducing the feature set, the model’s
comprehensibility is enhanced, computational demands are
reduced, and the risk of overfitting the training data is miti-
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gated. This aligns with Dutta et al. who saw RF have a more
than 30% reduction in computation time and power to other
methods [26]. This reduction aligns with our goal of achiev-
ing model generalizability, a principle emphasized by Jia et
al. [27].

1.2.3 Experimental validation

This section outlines the experimental setup and the valida-
tion process for assessing the efficacy of the RF model in
classifying chatter in machining processes. The simulated
data generation process will be described, and how this syn-
thetic dataset emulates real-world machining conditions will
be explained. Also, the details of the metrics and criteria will
be employed to evaluate the performance of our RF model,
including accuracy, precision, recall, and F1 score.

In summary, this study presents an efficient and versa-
tile approach to chatter prediction, empowered by simulated
data, FFT feature extraction, and the RF classification model.
By emphasizing simplicity and feature selection precision,
this study not only advances the field of chatter detection but
also offers a practical tool with broad applicability, simplified
interpretability, and enhanced generalizability, thus address-
ing the current limitations and complexities inherent in the
domain.

2 Methodology

This investigation unfolds an innovative methodology desig-
ned to predict chatter in milling operations with a pioneer-
ing integration of simulated vibration data and sophisticated
time-series feature extraction techniques, with a particular
emphasis on FFT data features. Our methodological inno-
vation lies in the utilization of a RF classification model,
conceived to circumvent the constraints typically posed by
limited real-world datasets. Such constraints often hinder
the scalability and flexibility required for a comprehensive
chatter detection model. This study demonstrates the unique
potential of simulated datasets to replicate a diverse array of
milling scenarios, thus broadening the applicability of the RF
model in practical settings.

2.1 Cross-validation techniques and dataset size
importance

To bolster the robustness and reliability of our predic-
tive model, our research meticulously adopts k-fold cross-
validation techniques, a method celebrated for its effec-
tiveness in evaluating model performance. This approach
provides a rigorous framework for assessing the model’s
robustness, significantly mitigating risks of overfitting by
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Fig.1 Example milling
machine setup
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partitioning the data into training and testing subsets multi-
ple times. Such a meticulous evaluation allows for a thorough
understanding of the model’s predictive capabilities, ensur-
ing that its performance is not just a result of chance or
overfitting to a particular set of data.

Furthermore, this study recognizes and emphasizes the
pivotal role of dataset size and diversity in the performance
of machine learning models. Large and diverse datasets are
instrumental in enhancing the model’s ability to generalize
and make accurate predictions across various scenarios. In
this study, the substantial and carefully curated dataset, espe-
cially with the deliberate exclusion of extrapolated data from
the training set, plays a crucial role. This strategic dataset
composition reinforces the model’s proficiency, enabling it to
operate effectively and consistently across a broad spectrum
of machining conditions. Through this combination of rigor-
ous validation techniques and strategic dataset management,
our approach ensures the utmost robustness and reliability of
the predictive model in practical, real-world applications.
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2.2 Data description and dataset division

This comprehensive study delves into the intricacies of
machining dynamics by employing a state-of-the-art sim-
ulated vibration data source. This data is meticulously
generated from a sophisticated machining simulation model,
a brainchild of Schmitz and Smith as detailed in their sem-
inal work, “Machining Dynamics: Frequency Response to
Improved Productivity” [5]. This model is not just a mere
representation but a close emulation of the conditions expe-
rienced by a single milling machine, as visually encapsulated
in Fig. 1.

The depth of this simulation is further exemplified through
Figs. 5 and 6, which provide a stark visual contrast between
the raw vibration acceleration data for datasets characterized
by the presence and absence of chatter. A notable observation
from this comparative analysis is the marked tenfold decrease
in acceleration values during instances of chatter, a testament
to the precision and authenticity of the simulation.
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Moreover, the subtle intricacies of this simulation are
brought to the forefront in Figs. 7 and 8. These figures meticu-
lously illustrate data runs that teeter on the delicate threshold
between stability and instability, a domain notoriously chal-
lenging for chatter prediction. This can best be seen in Fig. 2,
where the instability zone is between the chatter and no chat-
ter areas. It can also be noted that in this dataset how stability
changes based on inputs like RPM and cutting depth, and
is not a one to one relationship. It is within this complex
landscape that the prowess of FFT and time-series features,
particularly those extracted via TSFresh, becomes indispens-
able. The FFT, with its ability to spotlight peak values at
specific frequencies, emerges as a critical tool in identifying
potential machine issues. When synergized with the nuanced
insights provided by time-series features, a comprehensive
framework for effective chatter classification is established,
extending its applicability not only within but also beyond
the confines of the training datasets A and AQ. Doing this will
allow the model to include the use of nonlinear parameters to
evaluate the degree of randomness, complexity, or similarity
of the signals [28].

This simulation, with its detailed visual representations
and the integration of FFT and time-series features, under-
scores the nuanced differences in vibration acceleration
between stable operations and those prone to chatter. The
precision and depth of this simulated data echo the opera-
tional realities of a milling machine under varied conditions,
offering an unprecedented level of detail and accuracy. Con-
sequently, this study not only leverages but also significantly
enriches the foundational work of Schmitz and Smith, offer-
ing novel insights and methodologies that hold the potential
to transform the field of machining dynamics.

2.3 Data sets Aand A0

Data sets A and AQ are derived from the same machining tool
setup, with variations in cutting depth and rotational speed
of the machine tool head. The cutting parameters remain
consistent, with a cutting force of 700 x 10N / m?, feed per
tooth of 0.1 mm/tooth, and a tool diameter of 10 mm equipped
with four cutting teeth. Set A consists of 4000 data files,
covering RPM settings ranging from 6000 to 10,000 rpm in
50 rpm increments, with the cutting depth varying from 0.2
to 10 mm in 0.2 mm increments. Set AO comprises 2500 data
files, representing RPM settings from 10,050 to 12,000 rpm
in 50 rpm increments, with the cutting depth varying from
10.2 to 15 mm in 0.2 mm increments. Notably, Set AO serves
as an extrapolated data set and is excluded from the training
set for the RF classifier model. In Fig. 2, the example dataset
will first see chatter at a cutting depth of around 6 mm; this is
in conjunction with the specific machine setup and will vary
based on inputs like cutting teeth, cutting force, material,
RPM, machine dampening devices, etc.

2.4 Feature extraction and selection

In our goal to refine the predictive capabilities of our model
while ensuring its operational efficiency, the method of
recursive feature elimination (RFE) has been strategically
incorporated into this model. This technique stands at the
forefront of our feature selection process, iteratively pruning
the less significant features from our initial comprehen-
sive set. The essence of RFE lies in its ability to distill
the core, most impactful features, thereby optimizing the
model’s interpretability and significantly reducing compu-

Table1 Set A0 and AO FFT

Feature
features extracted

Description

Acceleration peak (g)
Acceleration RMS (g)

Crest factor
Standard deviation (g)
Velocity RMS (in/s)

Displacement RMS (in)
Peak frequency (Hz)

RMS (g) from 1 to 65hz
RMS (g) from 65 to 300hz

RMS (g) from 300 to 6000hz

peak=max(|a|)

RMS = /(1/n) Y !_, ai?

Crest = Xpeak/XRMS

std= /55 2L (i =002
Vrms =/ A?/2
Drus = +/(@/Q2* pi x [)?)?

Highest peak frequency (Hz)

RMS)_¢5s =/ (1/n) 2 ai?
RM Se5—300 =/ (1/n) 3295 ai?r

RM S300-1000 = / (1/n) 312900 ai®r

Note: FFT features are common in many industries using vibration data to determine the failure on rotating

components
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tational demands [29, 30]. This rigorous approach not only
sharpens the model’s focus on the most influential attributes
but also serves as a preventive measure against the risk of
overfitting, ensuring robust and reliable predictions.

The application of RFE in our methodology has been
instrumental in achieving a streamlined feature set, intri-
cately documented in our detailed tables. Table 1 is a
testament to this, presenting the FFT features meticulously
extracted from each dataset, capturing the frequency-based
nuances integral to our analysis. Complementing this, Table 2
offers an exhaustive overview of the time-series features
extracted from each dataset, illustrating the rich temporal
patterns and dynamics encapsulated in our data. These tables
not only serve as a repository of the refined features but also
underscore the thoroughness of our feature selection process.

The result of this feature selection process is a refined and
optimized set of FFT and time-series features, which form
the foundational inputs for our RF classification model. By
harnessing RFE, it ensures that the RF model is fed with
only the most crucial features, significantly enhancing the
model’s interpretability and computational efficiency. This
strategic distillation of features sets the stage for a stream-
lined and effective RF classification model, poised to deliver
precise and actionable insights. In essence, the integration of
RFE in our feature selection process reflects our unwavering
commitment to precision, efficiency, and clarity, driving the
development of a robust and interpretable predictive model
for our analytical endeavors.

2.5 Data preprocessing

In the data preprocessing phase of this study, a struc-
tured approach was adopted for feature extraction from the
collected raw vibration data during machining operations.
Custom Python scripts were meticulously developed for the
extraction of FFT features. Concurrently, the TSFresh library
was utilized for the extraction of time-series features, reflect-
ing a systematic integration of computational techniques
[31]. The transformation of raw data sets A and A0 into fea-
ture data sets B and BO was methodically executed through
the application of TSfresh and FFT methodologies. The chal-
lenges associated with discerning stability and instability
from FFT data alone are highlighted in Figs.9, 10, 11, and
12.

Table 2 details the time-series features extracted from each
data set, culminating in the generation of 846 features. Rec-
ognizing the potential risk of model overfitting and loss of
generalizability due to the extensive number of features, a
process of RFE was employed. This process effectively dis-
tilled the feature set to 17 most significant features for the
RF model, enhancing the model’s predictive accuracy while
maintaining its computational efficiency. These 17 features
were categorized into two distinct groups: 10 FFT features
and 7 time-series features, each set contributing uniquely to
the model’s performance. The refined feature data sets are
designated to be utilized as input for the RF classification
model.

Table2 Set A0 and AO

Feature
TSFresh features extracted

Description

Ratio value number to time series length

Benford correlation

Change quant f-agg "var" False gh 1.0 ql 0.4

FFT coefficient attr "imag" coeff 55
FFT coefficient attr "imag" coeff 77

Agg linear trend "stderr" len 10 f agg "min"

Permutation entropy dimension 4 tau 1

The number of unique values versus the
total number of values

How often a value starts with a certain
number, in analytics overwhelmingly a
value is most likely to start with a 1

Aggregator function of the differences
taken over a specific range of upper and
lower quartiles

Fast Fourier Transform of the imaginary
part of the data with a coefficient of 55

Fast Fourier Transform of the imaginary
part of the data with a coefficient of 77

Linear least squares regression for cer-
tain attributes for a certain number of time
series data points

Counts the frequency of permutation and
returns the appropriate entropy, this is a
complexity measure for time series data
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The transformation of raw datasets into precisely refined
feature sets was achieved through the diligent application of
custom Python scripts alongside the TSFresh library, ensur-
ing a meticulous analysis of each feature’s significance in
the context of machine vibration analysis. The preprocessing
phase is critically underscored as instrumental in accurately
identifying the markers of stability and instability within the
datasets, as depicted in our figures. This systematic approach
to feature extraction and selection forms the cornerstone
of the RF classification model, ensuring a robust analytical
framework for the prediction of chatter in milling operations.

2.6 Model development

In the initial phase of feature engineering, a comprehensive
correlation analysis was undertaken to discern the predic-
tive value of the generated features in the context of the
vibration data acquired during machining processes. Notable
among these features were the aggregated FFT outputs, along
with statistical measures such as the spectral centroid, mean,
variance, skewness, and kurtosis of the absolute Fourier
spectrum. Despite preliminary indications suggesting their
potential utility, further analysis relegated these features to
the non-predictive category.

Proceeding to the feature elimination phase, the RFE strat-
egy was employed with methodical precision. This strategy
facilitated the exclusion of non-contributory features, thereby
refining the feature set to a succinct ensemble that is computa-
tionally less demanding and more aligned with the predictive
exigencies of the model.

The development of the model, as systematically outlined
inFig. 13, underscores our exacting approach to feature selec-
tion. This process was instrumental in ensuring the retention of
only those features that exhibited substantial predictive merit.
The RF analysis was characterized by judicious employment
of various training-to-test data splits, encompassing ratios
of 70-30, 50-50, and 40-60, to validate the model’s predictive
robustness across a spectrum of scenarios.

In essence, this study’s methodology exemplifies a para-
digm of structured feature selection that is critical to the
construction of an accurate and computationally efficient
RF classification model. The approach delineates a clear
trajectory from the identification through to the elimina-
tion of non-essential features, thus sharpening the model’s
predictive acuity and enhancing its operational expediency.
This structured approach not only highlights the paramount
importance of feature relevance in RF analysis but also
exemplifies the adaptability and analytical rigor requisite for
handling complex machining data.

@ Springer

2.7 Evaluation metrics

The framework of this study delineates the suite of eval-
uation metrics that have been systematically employed to
assess the performance of our RF model in the prediction of
chatter within milling operations. The explication of these
metrics is paramount for a comprehensive understanding
of the model’s effectiveness and its connection to practical
implications within the operational environment.

Central to our evaluative strategy is the employment of the
Area Under the Curve (AUC) metric. The AUC metric stands
as a pivotal and robust indicator of the model’s classification
accuracy, offering an integrative assessment that considers
the entirety of possible classification thresholds. AUC val-
ues range from 0.5 to 1.0. An AUC of 0.5 suggests that the
model performs no better than random chance, while an AUC
of 1.0 indicates perfect classification. Values greater than 0.5
demonstrate the model’s ability to distinguish chatter from
no chatter with better-than-random accuracy. Specifically, it
quantifies the percentage at which the model correctly pre-
dicts chatter occurrences. For instance, a model with a 97%
AUC score signifies a 97% accuracy rate in predicting chatter.
This assessment allows us to ascertain the model’s generality
and its potential to be effectively deployed across a broader
spectrum of machining speeds and cutting depths. The simu-
lated data contains a chatter metric that indicates whether or
not the dataset experienced chatter. This can be seen in Fig. 2
below. From this, you will see the line between chatter and
no chatter. It will be in this zone that will be the most difficult
to predict chatter or no chatter, given the minute changes in
variables that can influence whether or not chatter is experi-
enced.

In concert with the AUC, the robustness of the model’s
predictive validity is further reinforced through the imple-
mentation of k-fold cross-validation. This methodological
approach enables a comprehensive validation of the model’s
performance by systematically partitioning the data into sub-
sets, thus ensuring that the evaluation is reflective of the
model’s ability to generalize across various subsets of data.

Moreover, the significance of dataset size in the context
of model evaluation is highlighted, recognizing that the vol-
ume and diversity of data are critical to the model’s learning
and subsequent predictive performance. By incorporating a
substantial and diverse dataset, it ensures that the model’s
utility is not confined to theoretical or controlled scenarios
but extends to practical, real-world machining environments.

In summary, the evaluation framework adopted herein is
both rigorous and multifaceted, designed to thoroughly scru-
tinize the model’s efficacy. It is through this comprehensive
battery of metrics, with the AUC as the cornerstone of our
evaluation, supported by k-fold cross-validation and a sub-
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stantive dataset, that this study affirms the robustness and
practical utility of our RF model in the realm of chatter pre-
diction for milling operations.

3 Investigation

This study undertakes a methodological investigation through
a series of three distinct analyses designed to rigorously
assess the robustness of key vibration and time-series fea-
tures, evaluate the predictive acumen of RF models within
diverse datasets, and scrutinize the generalizability of the
models with respect to extrapolated data.
Study 1: Consistency of key features within Set i <
{A, A0}

Objective: This analytical segment is devoted to clarifying
the consistency of salient features in machining vibration data
across identical tool configurations.

Step 1: Feature identification and evaluation: The study
commences with the identification and subsequent
evaluation of paramount features, denoted by the set
t Fj,, within each dataset i € {A, AQ}

Step 2: Intersection of feature sets: The investigation pro-
ceeds to discern the intersection of feature sets,
represented by F4 N F4p, to gauge the uniformity
of feature significance across datasets.

Step 3: Quantification of common features: The cardinal-
ity, denoted as n(F4 N Fao), quantifies the common
features, thereby providing a metric for consistency
across the datasets.

Study 2: Generalizability of RF models within Set i €
{A, AO}

Objective: This phase aims to assess the generalizability
of the RF models in predicting chatter across identical tool
configurations, thereby establishing the models’ predictive
stability.

Step 1: RF model construction: Individual RF models are
meticulously constructed for each dataset i €
{A, A0}

Step 2: Intra-dataset performance assessment: The predic-
tive performance of each model within its respective
dataset is rigorously evaluated using the AUC met-
ric, denoted as AUCfx,A and AU C 40, 40-

Step 3: Cross-dataset performance evaluation: The mod-
els’ predictive acumen is further scrutinized across
datasets i € A, A0 employing the AUC metric, rep-
resented as AUCca, 40 and AUC 40,4, ensuring a
comprehensive assessment of the models’ robust-
ness.

Study 3: Generalizability of RF models in extrapolated
data

Objective: This segment explores the capability of RF
models to sustain predictive accuracy and reliability when
applied to extrapolated data, thereby testing the models’
adaptability in broader application scenarios.

Step 1: Model development for extrapolated data: RF mod-
els are adeptly developed for sets i € {A, A0} and
J € {B, B0}, catering to both original and extrapo-
lated data contexts.

Step 2: Performance appraisal for extrapolated data: The
models’ performance within each dataset is scrupu-
lously measured using the AUC metric, represented
as AUCp, p, for dataset j € {B, BO}.

Step 3: Comprehensive evaluation of generalizability: An
extensive assessment of the models’ performance
is conducted across all datasets i € A, AO and
sets j € B, B0 utilizing the AUC metric, denoted
as AUCA g, AUCp0.B, AUCB 4, and AUC,p. a0,
thus affirming the models’ adaptability and forecast-
ing potential.

This systematic and rigorous investigation ensures an in-
depth examination of feature consistency, model predictive-
ness, and generalizability, contributing invaluable insights
into the potential of RF models to advance chatter prediction
in machining operations.

4 Results

This section delineates the findings of our comprehensive
investigation, each study contributing nuanced insights into
the effectiveness, precision, and adaptability of our RF model
in the context of chatter prediction.

4.1 Features and descriptive statistics

The initial phase of feature extraction, facilitated by the
TSFresh Python package, yielded an exhaustive array of
846 features, spanning both time-series and FFT-based vibra-
tion attributes. A methodical feature reduction process was
undertaken to distill this extensive set down to 17 paramount
features, thereby ensuring the model’s efficiency and predic-
tive strength.

4.2 Investigation results
The investigation unfolded through a series of structured

studies, each clarifying distinct facets of the model’s per-
formance and the viability of the implemented features.
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Fig.3 Set A and AO ten
vibration features
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4.2.1 Study 1 results

The first analytical study illuminated the internal consis-
tency of key features across sets A and A0, corroborating the
model’s acuity in identifying features indicative of chatter.
Figures3 and 4 elegantly illustrate this congruence, pre-
senting the top features in both vibration and time-series
categories for the respective sets.

4.2.2 Study 2 results

The analyses conducted in Study 2 furnish compelling evi-
dence regarding the high predictability and generalizability
of the RF models across the datasets in classifying chatter.
The empirical results for Set A were remarkably robust, with
all AUC values surpassing the threshold of 0.997, indica-
tive of the model’s profound predictive precision, as detailed
in Table 3. Table 4 details the results for set AO. This level
of accuracy establishes the model as exceptionally reliable
within the dataset population under study.

Fig.4 Set A and AO time-series
features
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The AUC metrics for Set A serve as a testament to the
predictability of different feature groups within the datasets.
Specifically, the predictability of vibration features within Set
A, denoted as AUC X“jf, reached the ceiling value of 1.000.
In contrast, the prediciability of time-series features, denoted

as AU Cfff}f, was slightly lower at 0.995. However, the

combined feature predictability, represented by AU C:g—ls,

achieved a score of 1.000, confirming that vibration features
marginally outperform time-series features in terms of impor-
tance for this specific dataset.

Similarly, the results for Set AQ align closely with those
of Set A, manifesting high classification accuracy across all
examined feature groups and reinforcing the model’s capa-
bility to generalize effectively. The predictability of vibration
features within Set AQ, as indicated by AU CX(i)bjo, was
reported at 0.992, while the predictability of time-series
features within the same set, as indicated by AU Clgi(’)‘jo,
attained the optimal value of 1.000. When considering the
combined feature predictability for Set A0, as represented
by AUC 1;%1?74105, the model still exhibits an impressive AUC
value of 0.997.

FFT coefficient attr "imag" coeff 55 |—
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Table 3 Set A Random Forest
model predictability

Model features AUC Sensitivity Specificity

Combinds features 1.000 % 0.000 1.000 £ 0.000 1.000 £ 0.000
Vibration features 0.995 + 0.005 0.989 £ 0.013 0.972 £0.033
Time-series features 1.000 % 0.000 1.000 +£ 0.000 1.000 £ 0.000

In summary, the RF model’s exemplary performance is
underlined by the AUC values, which serve as robust indi-
cators of the model’s ability to classify chatter with high
accuracy. The consistency of these results across different
feature sets and dataset variations underscores the model’s
remarkable generalizability. The predictive precision of the
model, as illustrated by near-perfect AUC values, instills a
high degree of confidence in its deployment for practical
applications within the domain of chatter classification in
milling operations.

4.2.3 Study 3 results

Study 3 reveals favorable predictability of the RF models
within dataset B, as outlined in Table 5. The predictability of
vibration features within Set B, represented by AUC gi%e, is
0.824, while the predictability of time-series features within
SetB AUC l?"?f is 0.869. The combined feature predictability

for Set B AUC};)%” stands at 0.879.

Study 3 also demonstrates the RFmodel’s ability to extrap-
olate data beyond the original training dataset’s range. This
extrapolation includes machine tool rotations per minute and
cutting depth values outside the training dataset’s range.
Notably, the combination of vibration and time-series fea-
tures yields the best generalizability results.

5 Discussion

This section provides a comprehensive interpretation of the
outcomes of our investigation, underscoring the significance
of the methodological simplicity and operational efficiency
inherent in our approach. These attributes not only contribute
to the robustness of our model but also render it a pragmatic
asset within the realm of industrial machining applications.

Our study leverages the capabilities of RFE within the
framework of RF models, a methodological choice that
substantially streamlines the complexity of vibration data

analysis. The initial challenge, presented by the daunting
quantity of features generated by the TSFresh package, was
surmounted by the judicious application of RFE. This tool
proved instrumental in distilling the essence of the dataset,
selectively sifting through the multitude of features to iden-
tify those with paramount significance for chatter prediction.

The integration of selected features, encompassing both
time-series data and traditional FFT-based vibration analysis,
has substantially augmented the model’s predictive accuracy
and generalizability. This strategic amalgamation has not only
enhanced the model’s capabilities in stability classification
but has also achieved this enhancement without delving into
more intricate and computationally intensive methodologies.
Such a balance between simplicity and effectiveness is seldom
achieved, underscoring the innovative edge of our approach.

The empirical findings of our research outline a pro-
nounced synergy between feature importance and classi-
fication accuracy. This synergy was consistently observed
across datasets A and AO, affirming the adeptness of RFE
in unearthing the most predictive features. Furthermore, the
application of our RF model to extrapolated data in set B
demonstrated notable generalizability. Achieving an impres-
sive classification accuracy of 87% on data that extends
beyond the initial training scope, the model exhibited a mod-
est decline in performance, a testament to its robustness and
adaptability across diverse operational conditions.

The practical implications of our findings are profound.
The RF model, harnessed with FFT and time-series features,
epitomizes efficiency and deployability. Its capacity for swift
integration into the shop floor, coupled with its accessibility
to professionals across a spectrum of expertise levels, addresses
the pressing demands of the contemporary industrial milieu,
which places a premium on agility and practical utility.

6 Conclusion

This investigation concludes with a reflective analysis of the
strides made through our methodological approach, charac-

Table4 Set AO Random Forest
model predictability

Model features AUC Sensitivity Specificity

Combined features 0.997 + 0.003 0.994 4 0.002 0.990 £ 0.008
Vibration features 0.992 + 0.008 0.972 £0.032 0.957 £0.048
Time-series features 1.000 £ 0.000 1.000 £ 0.000 1.000 £ 0.000
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Table 5 Set B Random Forest
model predictability

Model features AUC Sensitivity Specificity

Combined features 0.879 £0.121 0.872 £ 0.151 0.869 £ 0.115
Vibration features 0.824 £0.076 0.812 £0.180 0.808 £0.178
Time-series features 0.869 £ 0.131 0.861 £0.142 0.852 £0.109

terized by its intrinsic simplicity and operational efficacy.
The study has demonstrated the competence of a well-crafted
RF classification model in accurately categorizing simulated
vibration data for the detection of chatter in machining pro-
cesses. The dataset, albeit comprehensive within its current
scope, encompasses less than 10,000 data files. In light of the
potential for augmented model robustness and generalizabil-
ity, future research endeavors will be directed toward expanding
the dataset substantially, aiming to surpass the threshold of
100,000 datasets. This expansion is anticipated to substan-
tially refine the model’s predictive precision and its adeptness
in navigating the multifaceted landscape of operational con-
ditions prevalent in additive manufacturing settings.
Furthermore, the union of empirical data with simu-
lated data presents a promising avenue for exploration. The
reliance on purely simulated data, while instrumental in
establishing the foundational robustness of the model, may
not fully encapsulate the stochastic nature of real-world oper-
ational settings. To surmount this limitation, forthcoming
research initiatives will concentrate on integrating empirical
data with simulated datasets. This integrative approach seeks
to leverage the granularity and unpredictability inherent in
real-world data, thereby enhancing the model’s predictive
acumen and its adaptability to diverse operational paradigms.

15.00

10.00

X Direction (Acc)

-10.00

-15.00

Fig.5 Example vibration acceleration, stable
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The ultimate ambition of these future explorations is to
facilitate a transition from retrospective to real-time pre-
dictive modeling. By harnessing the synergistic potential
of voluminous, heterogeneous datasets, and real-time data
integration, the goal is to evolve a model that not only
prognosticates chatter occurrences with heightened preci-
sion but also does so in an online, proactive manner. Such a
leap towards real-time predictive modeling is poised to rev-
olutionize the domain of chatter detection, heralding new
possibilities for predictive maintenance and operational effi-
ciency in the manufacturing sector.

This research substantiates the viability of a streamlined
novel yet insightful approach to technological innovation in
the realm of industrial machining. It signals the industry to
recognize and adopt this paradigm, which underscores that
practical, impactful solutions can indeed emerge from sim-
plicity and strategic ingenuity. As research progresses, our
endeavor will remain steadfastly focused on broadening the
empirical base of our model, enriching its predictive faculties,
and ultimately, endowing the industrial machining domain
with a tool of unparalleled value and utility.

Appendix A Figures
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Fig.9 Example FFT data
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