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o1 Intelligent Machining
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Intelligent machining is a process that based on process monitoring and intelligent control
technology, designed to adaptively solve many uncertain problems in the process that
require manual intervention. Its ultimate goal is to realize the intelligent decision-making,
monitoring, and control of the machining process.
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Zhu, Kunpeng. Machining Systems | Zhou Z, Xie S, Chen D (2012) Fundamentals of digital manufacturing science. Springer
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Conceptual Diagram for Intelligent Machining
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Conceptual Diagram for Intelligent Machining
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Machine learning & data fusion

- Feature exiraction & selection
- Training algorithm
- Fusion algorithm
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Hard Part Machining with Multi-sensors
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Pressure
Sensors

Core technologies

o Sensor integration, sensor network integration
o Integration of communication protocols

o Machine/deep learning algorithm S
o Data acquisition of machine tools, process and products
Challenges

o Big data accessibility(data augmentation)

o Multi-sensors integration

o Safety guaranteeing

o Security of smart machining system

Visualization
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a8l Prediction Model Building
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Experiment Data & Signal Data & Signal Feature Models Performance
Setup processing  Argumentation Extraction Building Comparison
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Profilometer
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» Surface roughness measurement Profilometer
“* Profilometer: Mitutoyo SJ-210
+¢ Cut-off: 0.8
+» Sampling points: 5

PR RR)

* Vibration measurement
s+ Accelerometer: Dytran 3023A2
“*Frequency range: 20 Hz — 10k Hz
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% 3-axes: feed (a;), radial (ap) tangential(ac)
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Signal Processing & Augmentation
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a1 Prediction Models
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Model Performance Metrics

MAPE RMSE

Mean Absolute Percentage Error Root Mean Square Error
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93l Model Performance Comparison
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Summary & Future Work

v Time series data augmentation is efficient method on enlarging amount of data

» Prediction error reduction — lower MAE, higher number of er( <15%)
> More robust or generalized — higher R?

v All data augmentation methods enable to improve generalization of each
algorithm

v" In regard with prediction error reduction, Gaussian Noise outperforms other
argumentation methods in all algorithms

v’ Extra Trees and Random Forest bring the best outcomes than other algorithms

o Multi-sensors (features) fusion
o Spectrogram and generative Al based augmentation method - GANs

o Advanced deep learning based-algorithm to deploy prediction model
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