Machine Learning Approach for Stability Testing Analysis in Milling
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Abstract—The properties related to chatter and the stability of manufacturing milling machines are dependent primarily on parameters such as axial depth of cut, rotary speed rpm, and cutting force. These parameters are used to calculate the milling process and avoid certain cuts that would result in unstable milling. Using applied data science tools for statistical analysis and machine learning models like SHapley Additive exPlanations (SHAP), this research will produce valuable insight on two stability testing methods used in milling machining operations. By leveraging the data, a partitioning model can be used with known stable and unstable points under certain conditions to sort and select the best point(s) to be used in testing on the stability lobe diagram. The aim is to compare the two testing methods of combination and sequencing testing for cost-effectiveness and accuracy of identifying the milling machine’s stability boundary which in turn will help with reducing the amount of chatter present in the milling. Recognizing the testing method with the better accuracy will help determine the best sequence of testing and the stopping criteria.
Keywords—Milling, Chatter, Stability Mapping, Partitioning Models, Sequencing, Combination
Introduction
Background
The milling manufacturing process is a subtractive manufacturing process where a drilling tool removes material via a shearing method from a section of raw material. The process is used in many manufacturing industries for everyday products like golf clubs to industrial products like machine parts. Metal milling can exceed the stable parameters of the tools and materials, so research seeks to optimize the process to make it more economical, reliable, maintainable, and sustainable. Inadequate milling station parameters will result in poor stability which creates undesirable vibrations or resonances that occur between the cutting tool and workpiece called chatter. Chatter can typically be heard as an audible noise, will leave irregular and undesirable tool marks on the machined surface, and can occasionally break the tool or even damage the machine.
Literature
There are numerous aspects of the milling process that studies have aimed to optimize. Previous research has sought the parameters of the drilling tool itself. The cutting tool used in the milling process affects performance, and the research seeks to determine the effect of tool geometry, length, and stiffness of the tool. Receptance Coupling Substructure Analysis (RCSA) is a technique applied to predict the dynamic response of a milling tool and its holder when subjected to cutting forces and spindle vibrations. Along with choosing the tool selection, when the cutting operation happens, the cutting force and speed affect the stability of the tool. This previous research and calculations have been utilized to create milling stability models. Due to the uncertainty of cutting forces, the stability models use a Monte Carlo simulation to account for the uncertainty of the milling process. This research is focused on a milling stability model on an aluminum workpiece. The simulated model created includes 10,000 simulated data iterations with varying axial depth of the tool and rotation speed. Each simulation has four parameters connected to the stability graph. The beta matrix is the angle of the tool on the workpiece surface (deg).  The Kolmogorov-Smirnov (KS) matrix is the force model coefficient  (N/mm2). The  (KTF) matrix is force stiffness (N/rad). The CFT matrix is the connection damping  (N-s/rad).  The goal of previous stability mapping was to identify the combinations of parameters such as spindle speed, feed rate, and depth of axial cut that result in the stable operation of a machine; whereas, for this project stability lobes will be used to better visualize the stability boundary line and to analyze the two stability testing methods using a machine learning (ML) model.
Goals
The graphed simulated stability lobe diagrams may be partitioned using real-world tests also known as ground truths in this study to determine which iterations are stable and which are not compared to the ground truths placement on the diagram. The tool rotations and axial depth mapped in the stability map are visualized to show stable combinations. This research aims to enhance the analysis process to select a more accurate, cost-efficient test for stability and reduce the number of tests necessary to find the optimal stability line. Using previous literary works on identifying the stable and unstable boundary line in the milling process, this research will take the point stability identification testing a step further using ML to compare the current capabilities of testing sequentially versus combinations of point(s) all at once. In addition to optimizing the testing point selection process, the ML SHAP model will be provided points and two testing methods to identify the accuracy of these tests and point selections. Then, the model will be provided with the costs of material, time, and monetary expenses to confirm if the two tests have respective advantages and to what extent. The model will be given 24 ground truth points and provide the percentage eliminated from the 10,000 simulated data iterations based on its limited real-world testing inputs to determine which of the two testing methods is more efficient with performance of elimination and the most cost effective.
Data Gaps
	The dataset in use has some notable gaps. Labeling gaps are the main concern as we only have 24 real-world tests that are labeled. The gap is that the true boundary between stable and unstable is unknown. The information gleaned from between certain points means a matter of stability as this boundary line is only approximately known and not strictly identified. This project aims to better improve the clarity between the labeled test points and the 10,000 iterations.[image: A graph of a graph  Description automatically generated with medium confidence]

	Along with research that has focused on optimizing the partitioning process for stability mapping by selecting test points strategically and reducing the number of experimental tests required. These techniques aim to efficiently explore the parameter space and identify critical boundaries for stable milling conditions.
Literature Review
Previous Research
	Researchers have investigated the effects of tool geometry, length, material, and stiffness on milling performance and stability. Research has explored optimal tool designs to minimize vibrations and improve material removal rates (MRR), finding optimal tooling length and stiffness parameters. Other research has focused on developing accurate models to predict cutting forces during milling operations. These models consider factors such as tool geometry, material properties, cutting parameters, and machine dynamics to estimate the forces acting on the tool. Researchers have developed analytical and numerical models to predict milling stability and identify conditions that lead to chatter [1]. These models often consider factors like spindle speed, axial depth of cut, tool geometry, cutting parameters, and machine dynamics to determine stable cutting conditions [2]. Monte Carlo simulation techniques have been used to account for uncertainties in the milling process, such as variations in material properties, tool wear, and cutting conditions [3]. These simulations help to assess the robustness of stability predictions and optimize milling parameters under uncertain conditions. The RCSA method, introduced by Schmitz et al., has been widely studied for predicting tool-tip receptance and coupling tool-holder dynamics with machine tool structures [4]. This approach allows for more accurate stability predictions by considering the dynamic interaction between the tool, holder, and machine. Many research studies have conducted experimental tests to validate stability models and simulation results. These experiments involve measuring cutting forces, tool vibrations, surface roughness, and other parameters to assess the stability of the milling process under different conditions [5].
Methods
Data Collection
The data used in this research is created by a milling stability model. The stability model uses a Monte Carlo simulation to account for the uncertainty of the milling process. The ground truths are 24 real-world tests done by Schmitz with nearly identical parameters to the simulations [4].
Fig. 1 displays simplified 10 out of 10,000 simulated data iterations produced by the simulation represented as blue lines along with the ground truths displayed as red x’s and green circles. The green circles are stable points within the stability map. Meanwhile, the red x’s signify unstable points being affected by chatter. There were four tests performed to partition the sample data between stable and unstable results.
Simplified stability limit matrix
For each unstable point, it is certain that everything above that point is also unstable; whereas, there is not much to glean for certain about the points below. For each stable point, it is certain that everything under that point is also stable; whereas, there is not much known for certain about the points above.
Since the true stability boundary is unknown, testing data is generated on different sequences and methods of selecting test points by selecting random boundary lines from the stability lobe diagram and using those selections to determine stability during testing. Our model would then iterate over different methodologies selecting testing points to seek the stable boundary. The model simulated is testing at random RPM and axial depth values to act as a null model. For the data, 100 different boundaries were used, doing 50 sets of testing on each boundary, doing 24 tests in a set. The next sequence of testing simulated is median-based testing. Depth selection is determined based on the median axial depth of all the potential stability boundaries in the current diagram. Three different versions of the median-based testing are generated for the RPM values. Two have fixed RPMs set at the two potential peaks demonstrated by the stability lobe diagram,  and . One test uses a randomly selected RPM. The depth is chosen as the median depth of the current stability diagram at a given RPM.
The next methodology of testing is probability-based testing. To calculate the probability of stability, a function was used that estimated the probability of stability based on how many other boundaries were above or below the specific point. Depths at the very lowest of the diagram would be assigned a  probability of stability and a point at the very top would be assigned a  probability of stability. The method randomly selected RPM and depth to test at and used the point when it fell within the probability threshold. Three different ranges of probability were simulated. A wide test that accepted points with a prior probability of stability within . A low bound with the threshold of . A midbound with the range of . The last methodology simulated is median interval testing. This sequence of testing is aimed at seeking the specific peak of the stability lobe diagram which would maximize the MRR. The testing is done in sets where testing happened in intervals of RPMs across the same depth. The first depth was chosen as the highest median depth at any RPM. A row of tests is done at an interval of RPMs. Then the incorrect stability lobes are removed, where now the depth can be readjusted to a higher or lower value. After each iteration, the RPM interval is halved. So at first intervals of  RPM are tested, after which intervals of  RPM are tested. The range of RPM would also decrease to become narrower to where the highest material removal peak would be located. The test is performed in  sets going across a depth and adjusted in each set. For this test,  different boundaries were simulated with  sets of tests.
Fig. 2 was generated to display the remaining simulated data iterations after four points for partitioning were selected, the four points were labeled stable and unstable points, and the introduction of two randomly placed new points represented by yellow squares.[image: A graph of a graph  Description automatically generated]

Stability map with 2 random points
	Table I provides an example of the proposed ML testing where the algorithm learns from labeled points and what has occurred in the past. The ML algorithm must predict meaningful results based on previous data since its never seen these two new points before. Point Label Random #1 and Random #2 are the ML outputs generated predictions.
Example Results of Proposed ML Output Testing
	Point label
	
	
	Probability of being stable
	Rows remaining out of 10,000

	P7
	7400
	3
	N/A
	6374

	P5
	7400
	2
	N/A
	3803

	P13
	9800
	4
	N/A
	548

	P16
	9000
	0.759
	N/A
	68

	Random #1
	7975
	1.75
	67%
	37

	Random #2
	9625
	3.133
	33%
	28


Parameters
Beta matrix is the angle of the tool on the workpiece surface .
KS matrix is the force model coefficient  (N/mm2).
KTF matrix is force stiffness  (N/rad).
CFT matrix is the connection damping  (N-s/rad).
RPM is the rotation speed of the tool in revolutions per minute.
Axial depth is the tool deepness into the workpiece in .
Equations
	Equation (1) is the relationship between the resultant cutting force, , and the contacting chip area, , is shown in Eq. 1, where  is the cutting force and  is equal to the product of the axial depth (chip width), , and chip thickness, . The resultant cutting force is the vector sum of the tangential, , and normal, , direction force components. The orientation of  relative to  is defined by the cutting force angle, .
		(1)
	Equation (2) is a stiffness matrix for the connection which is multi-valued and frequency-dependent defined in Eq. 2. The symbol  indicates (linear) stiffness,  represents viscous damping, and  represents frequency. The  and  parameters are uncertain in this study.
		(2)
	Equation (3) is used to determine the percent improved in the material removal rate   defined in Eq. 3. The symbol  indicates the previous optimal point,  is the current point’s ,  represents the probability of being stable at a specified point,  represents the probability of being unstable at a specified point, and  represents the expected percent improvement in MRR.
							         (3)
	Equation (4) is used to determine the prior percent probability of stability as defined in Eq. 4. The symbol  indicates the favored occurrence,  is the total possible occurrences, and  represents the probability as a percentage.
			(4)
Data Analysis Techniques
By leveraging  ML models, research can be enhanced in the partitioning process, identify better boundaries for stability tests, and reduce the number of tests required to characterize stability accurately. Additionally, these models can provide insights into the underlying relationships between input parameters and stability outcomes, contributing to a deeper understanding of the milling process.
Ensemble methods like Random Forests (RF) can be utilized to improve the accuracy of decision tree-based approaches. RF show promise for selecting the most impactful partitioning points. The model is trained on simulated test points and a true boundary point. RF models utilize a set number of trees or estimators to choose model complexity and performance. Increasing the estimators may improve the model’s performance, but also may lead to overfitting. To determine the optimal number of trees, grid search cross-validation using k-fold with  splits of the data is implemented. The estimator range used is  to , and grid search cross-validation selects the estimator count which minimizes the mean squared error. The models are trained with different ranges of tests accounting for their accuracy and their parameters.
Results
After the simulated test data is collected through sequencing and combination methods, it is used within SHAP to provide more insight into the two testing methods. The models’ point rankings are tabled for their performance which is optimized to show the best testing point selections based on percent eliminated and a cost analysis. The different datasets yielded different results.
Data Results
The median and mean number of rows left after the test points had been applied to partition the diagram are compared to judge the effectiveness of testing. When trained on the random data, the accuracy of the model achieved  using  test points. The model trained on the median testing data achieved  accuracy using  test points, and  accuracy predicting stable points using  points.
Analysis of Results
The results show that RF regressor models can reasonably predict stable and unstable points. Using a combination of data and the next test points to identify the best sequence of tests that eliminates the highest number of rows from the  data iterations varies based on the testing method. The simulated data itself showed that when testing at the median axial depth of the tests, the partitioning process is significantly more efficient than random testing points. The other methods of testing showed some results, but median testing appeared the most effective. When estimating the best stopping criterion, predictions are not being enhanced enough to warrant continuing with tests after a certain point as the tests are providing nearly no value added, and the effort to run the model outweighs the added value. The stopping criterion can vary based on the circumstances of the testing; however, it can be noted that after  tests, median depth testing would average about  rows left, and after  tests, there are typically fewer than  rows left. The model’s accuracy did not significantly increase after adding more tests, and the models showed that data sets such as the random rpm testing data supplying the model with more than 12 tests decreased the accuracy of the model.
Conclusion
Many different iterations, sequences, and changes could be simulated to further determine the most optimal method of testing. Expanding on the criterion for test points such as material removal and multiparameter testing could be explored. Further research could be done into building a model that takes in simulated data of potentially stable points and the inputs of ground truths testing to determine the most informative testing points. Machine learning has promising results in its ability to predict a stable boundary with limited real-world information. Exploration into the fitting of Support Vector Machines could prove a better fit for the data.
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