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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, stability, recursive feature elimination simulation,
additive manufacturing
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1 Introduction

Vibration monitoring has been an integral practice
in assessing 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 complex methodologies and advanced
algorithms, it is crucial not to overlook the sim-
plicity 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
critical decisions during machining operations or
even before their commencement [3]. Yet, the chal-
lenge of chatter, a disruptive self-excited vibration
occurring between the tool and the workpiece, has
persisted in machining for over a century [4]. Chat-
ter 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 classification 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 ongoing research in machining by exploring
the potential of vibration-based features combined
with time-series features as classifiers for the iden-
tification and prediction of chatter in machining
processes. In a landscape where intricate meth-
ods dominate, our research boldly champions the
idea of harnessing the straightforward RF classi-
fication model. Building on the foundation laid
by Shevchik et al. in their predictive application
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of random forest models [6], this study acknowl-
edges the existence of more advanced method-
ologies. However, our emphasis lies in demon-
strating 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 conven-
tional fault diagnosis techniques, which typically
entail feature extraction and fault identification
[7]. Although a range of signal processing tech-
niques, including statistical analysis [8], Fast
Fourier Transforms (FFT) [9], wavelet packet
transform (WT) [10], empirical mode decomposi-
tion (EMD) [11], and sparse representation meth-
ods [12], have been proposed for feature extrac-
tion, these methods often require substantial prior
knowledge and may have limitations in complex,
dynamic working environments.

This research seeks to bridge the gap between
advanced theory and practical application. By
demonstrating that a simplified 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 streamlin-
ing the process, reducing the reliance on extensive
computational resources and specialized expertise.

The subsequent sections will delve into the
methodology, experimental results, and implica-
tions of our findings. While the chatter detection
field has seen the advent of more complex tech-
niques, 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 accelerates progress in
the machining industry.

1.1 Feature Extraction Approaches

Despite the plethora of feature extraction meth-
ods available for chatter prediction in machining,
our research introduces a nuanced methodology
that elevates the efficacy of these techniques. Tra-
ditional feature extraction methods have laid a
strong foundation, yet they often fall short when
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addressing the dynamic and non-linear charac-
teristics of chatter. In contrast, our approach
synergistically integrates time-series analysis with
Random Forest (RF) classifiers, presenting an
innovative solution that simplifies the complex
landscape of anomaly detection. This integration
not only enhances the precision of chatter detec-
tion 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
Autocorrelation (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 conventional techniques by refining
the feature selection process, thus enabling the
detection of chatter with heightened sensitivity
and specificity. Previous researchers have also
explored combining multiple traditional feature
extraction methods. For instance, Yesilli et al. uti-
lized coordinated peaks in AC, PSD, and FFT
plots as features for chatter classification in turn-
ing [13]. However, determining which peaks are
meaningful 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
navigating 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 bor-
ing processes has been introduced. 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 functions (IMFs) and creat-
ing feature vectors for these IMFs [14]. Similarly,
Chen and Zheng utilized SVM in tandem with
Recursive Feature Extraction to detect chatter in

milling operations [15]. Despite their effectiveness,
these methods often require extensive manual
pre-processing and suffer from computational inef-
ficiencies, leading to potential drawbacks such as
the need for identifying informative decomposi-
tions manually [16][17].

Moreover, additional research has embraced
sophisticated techniques like stacked denoising
autoencoders, entropy, and coarse-grained infor-
mation for feature extraction in various machining
and grinding scenarios [18][19]. Notably, Li et
al. combined multiscale power spectral entropy
(MPSE), multiscale permutation entropy (MPE),
and Laplacian scores to forecast chatter in milling
operations [20]. While these advanced methods
are promising, they are not without challenges,
including intricate parameter selection and high
computational demands.

To address these challenges, our method intro-
duces a streamlined Random Forest (RF) model
that integrates the strengths of advanced feature
extraction techniques, such as EMD and SVM,
while bypassing their complexities and exten-
sive pre-processing requirements. This innovative
approach significantly simplifies the process, elim-
inating the need for manual intervention and
making it a more viable and practical 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
operational anomalies, the detection of issues
such as chatter is paramount. Aslan and Alti-
nas notably proposed the utilization of FFT and
spectral data to facilitate online chatter detec-
tion from spindle drive motor data [21]. This
approach, while innovative, is not without its lim-
itations. Specifically, 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, poten-
tially compromising 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
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machine with a SSV setup and is not found on
most milling machines in additive manufacturing
environments. Li et al, also mentioned the possi-
ble adverse effects of speed variation on tool wear,
power fluctuation, and harmful overheating [22].
This infers that modeling milling data and pre-
dicting chatter before machining begins would be
optimal.

Recognizing these limitations, our research
pivots towards adapting the Random Forest (RF)
model to better align with the dynamic nature
of machine vibrations. By accounting for the
inherently transient and non-stationary charac-
teristics of these signals, our adapted RF model
offers a more accurate and reliable mechanism for
real-time chatter detection, particularly in crit-
ical applications like spindle drive monitoring.
This enhanced adaptability not only improves
the detection accuracy but also ensures seam-
less integration with existing monitoring systems.
By doing so, our model demonstrates the con-
siderable 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 chal-
lenges. These challenges range from the intricacies
of parameter selection and the sensitivity to noise
in the data, to the interpretation of results and
the scalability issues that emerge when dealing
with large datasets harboring numerous features.
Such complexities often hinder 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 mit-
igating these obstacles. The subsequent sections
will introduce and detail our proposed method-
ology, which seeks to capitalize on the inherent
strengths of the Random Forest (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 limitations associated
with feature extraction techniques.

Our approach does not merely stop at identi-
fying the challenges; it proactively addresses them
by integrating the simplicity and efficiency of
the RF model with advanced analytical strate-
gies. This integration results in a sophisticated
yet practical tool, one that is adept at manag-
ing the nuances of parameter selection, reducing
the impact of noise on the data, and interpreting
complex results in a meaningful way. Further-
more, our method significantly improves scalabil-
ity, enabling the analysis of extensive datasets
without compromising on accuracy or compu-
tational efficiency. Through these enhancements,
our proposed approach promises to revolutionize
the vibration analysis of milling operations, offer-
ing a model that is not only grounded in solid
theoretical 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 stream-
lined and innovative 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 Fast Fourier Transform (FFT)
data features, and the robust classification capa-
bilities of a Random Forest (RF) model. This
multifaceted approach is designed not only to
enhance the precision of chatter detection but also
to address and overcome the common challenges
associated with limited real-world datasets.

Our primary contribution is the strategic uti-
lization of simulated vibration data, which serves
as a powerful tool to circumvent the constraints of
small-scale real-world datasets. Feng et al. show-
cased how similar grinding topography simulated
data could be to real-world data supporting this
study’s use of simulated matching data to be
an actual representation 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 array of machining scenarios. By employing
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FFT for vibration 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 solu-
tion that not only reduces the dependency on
extensive data collection from physical experi-
ments but also exhibits exceptional adaptability to
various machining conditions. The incorporation
of FFT and time-series features into our model
ensures computational efficiency and produces
results that are readily interpretable by indus-
try professionals, 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 promis-
ing solution to the pervasive challenge of chatter
prediction in milling operations. By marrying the
strengths of simulated data, FFT feature extrac-
tion, and the RF classification model, this study
presents a holistic approach that is not only inno-
vative 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 extrapolate 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 streamlined the approach by focusing
solely on FFT and time-series data features. This
strategic simplification aims to address the chal-
lenges associated with feature selection in chatter
classification models. By reducing the feature set,
the model’s comprehensibility is enhanced, com-
putational demands are reduced, and the risk of
overfitting the training data is mitigated. This
aligns with Dutta et al. who saw RF have a
more than30% reduction in computation time and
power to other methods [26]. This reduction aligns
with our goal of achieving model generalizability,
a principle emphasized by Jia et al. [27].

1.2.3 Experimental Validation

This section outlines the experimental setup and
the validation 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 synthetic dataset
emulates real-world machining conditions will be
explained. Also, the details of the metrics and
criteria that will be employed to evaluate the per-
formance of our RF model, including accuracy,
precision, recall, and F1 score.

In summary, this study presents an effi-
cient and versatile approach to chatter predic-
tion, empowered by simulated data, FFT feature
extraction, and the RF classification model. By
emphasizing simplicity and feature selection pre-
cision, this study not only advances the field of
chatter detection but also offers a practical tool
with broad applicability, simplified interpretabil-
ity, and enhanced generalizability, thus addressing
the current limitations and complexities inherent
in the domain.

2 Materials and Methods

This investigation unfolds an innovative method-
ology designed to predict chatter in milling oper-
ations with a pioneering integration of simu-
lated vibration data and sophisticated time-series
feature extraction techniques, with a particular
emphasis on FFT data features. Our methodolog-
ical innovation lies in the utilization of a Random
Forest (RF) classification model, conceived to cir-
cumvent the constraints typically posed by limited
real-world datasets. Such constraints often hinder
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the scalability and flexibility required for a com-
prehensive chatter detection model. This study
demonstrates the unique potential of simulated
datasets to replicate a diverse array of milling sce-
narios, 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 pre-
dictive model, our research meticulously adopts
k-fold cross-validation techniques, a method cel-
ebrated for its effectiveness in evaluating model
performance. This approach provides a rigorous
framework for assessing the model’s robustness,
significantly mitigating risks of overfitting by par-
titioning the data into training and testing sub-
sets multiple times. Such a meticulous evaluation
allows for a thorough understanding of the model’s
predictive capabilities, ensuring that its perfor-
mance 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 instrumen-
tal in enhancing the model’s ability to generalize
and make accurate predictions across various sce-
narios. In this study, the substantial and carefully
curated dataset, especially 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 rigorous validation
techniques and strategic dataset management,
our approach ensures the utmost robustness and
reliability of the predictive model in practical,
real-world applications.

2.2 Data Description and Dataset
Division

This comprehensive study delves into the intri-
cacies of machining dynamics by employing a
state-of-the-art simulated vibration data source.
This data is meticulously generated from a sophis-
ticated machining simulation model, a brainchild
of Schmitz and Smith as detailed in their seminal

work, ”Machining Dynamics: Frequency Response
to Improved Productivity” [5]. This model is not
just a mere representation but a close emulation
of the conditions experienced by a single milling
machine, as visually encapsulated in Figure 1.

The depth of this simulation is further exem-
plified through Figures A1 and A2, which provide
a stark visual contrast between the raw vibra-
tion 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.

Moreover, the subtle intricacies of this sim-
ulation are brought to the forefront in Figures
A3 and A4. These figures meticulously illustrate
data runs that teeter on the delicate threshold
between stability and instability, a domain notori-
ously challenging for chatter prediction. This can
best be seen in Figure 2, where the instability zone
is between the chatter and no chatter areas. It is
within this complex landscape that the prowess
of Fast Fourier Transform (FFT) and time-series
features, particularly those extracted via TSFresh,
becomes indispensable. The FFT, with its abil-
ity to spotlight peak values at specific frequencies,
emerges as a critical tool in identifying poten-
tial machine issues. When synergized with the
nuanced insights provided by time-series features,
a comprehensive framework for effective chatter
classification is established, extending its applica-
bility not only within but also beyond the confines
of the training datasets A and A0. 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 rep-
resentations and the integration of FFT and
time-series features, underscores the nuanced dif-
ferences in vibration acceleration between stable
operations and those prone to chatter. The pre-
cision and depth of this simulated data echo the
operational realities of a milling machine under
varied conditions, offering an unprecedented level
of detail and accuracy. Consequently, 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.
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Fig. 1: Example Milling Machine Setup.

2.3 Data Sets A and A0

Data sets A and A0 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 × 106N/m2, 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 6,000 to 10,000 rpm in 50 rpm incre-
ments, with the cutting depth varying from 0.2 to
10 mm in 0.2 mm increments. Set A0 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 A0 serves as an
extrapolated data set and is excluded from the
training set for the RF classifier model. In Figure
2, the example dataset will first see chatter at a
cutting depth of around 6mm, this is in conjunc-
tion 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 prun-
ing the less significant features from our initial
comprehensive 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 computational demands
[29][30]. This rigorous approach not only sharp-
ens 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 stream-
lined feature set, intricately documented in our
detailed tables. Table 1 is a testament to this, pre-
senting 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 dynam-
ics 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 Random Forest (RF) classification model. By
harnessing RFE, it ensures that the RF model
is fed with only the most crucial features, sig-
nificantly enhancing the model’s interpretability
and computational efficiency. This strategic distil-
lation of features sets the stage for a streamlined
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 devel-
opment of a robust and interpretable predictive
model for our analytical endeavors.

2.5 Data Preprocessing

In the data preprocessing phase of this study,
a structured approach was adopted for feature
extraction from the collected raw vibration data
during machining operations. Custom Python
scripts were meticulously developed for the extrac-
tion of Fast Fourier Transform (FFT) features.
Concurrently, the TSFresh library was utilized for
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Table 1: Set A0 and A0 FFT Features Extracted.

Feature Description

Acceleration Peak (g) peak=max(|a|)

Acceleration RMS (g) RMS =
√

(1/n)
∑n

i=1 ai
2

Crest Factor Crest = Xpeak/XRMS

Standard Deviation (g) std =
√

1
N−1

∑N
i=1(xi − x)2

Velocity RMS (in/s) VRMS =
√

A2/2

Displacement RMS (in) DRMS =
√

(a/(2 ∗ pi ∗ f)2)2

Peak Frequency (Hz) Highest Peak Frequency (Hz)

RMS (g) from 1 to 65hz RMS1−65 =
√

(1/n)
∑65

i=1 ai
2

RMS (g) from 65 to 300hz RMS65−300 =
√

(1/n)
∑300

i=65 ai
2r

RMS (g) from 300 to 6000hz RMS300−1000 =
√

(1/n)
∑1000

i=300 ai
2r

the extraction of time-series features, reflecting
a systematic integration of computational tech-
niques [31]. The transformation of raw data sets
A and A0 into feature data sets B and B0 was
methodically executed through the application of
TSfresh and FFT methodologies. The challenges
associated with discerning stability and instability
from FFT data alone are highlighted in Figures
A5, A6, A7, and A8.

Table 2 details the time-series features
extracted from each data set, culminating in the
generation of 846 features. Recognizing the poten-
tial risk of model overfitting and loss of general-
izability due to the extensive number of features,
a process of Recursive Feature Elimination (RFE)
was employed. This process effectively distilled
the feature set to 17 most significant features for
the RF model, enhancing the model’s predictive
accuracy while maintaining its computational effi-
ciency. 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.

The transformation of raw datasets into pre-
cisely refined feature sets was achieved through
the diligent application of custom Python scripts

alongside the TSFresh library, ensuring a metic-
ulous 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 cor-
nerstone 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 com-
prehensive correlation analysis was undertaken to
discern the predictive value of the generated fea-
tures in the context of the vibration data acquired
during machining processes. Notable among these
features were the aggregated Fast Fourier Trans-
form (FFT) outputs, along with statistical mea-
sures such as the spectral centroid, mean, vari-
ance, skewness, and kurtosis of the absolute
Fourier spectrum. Despite preliminary indications
suggesting their potential utility, further analy-
sis relegated these features to the non-predictive
category.
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Table 2: Set A0 and A0 TSFresh Features Extracted.

Feature Description

Ratio value number to time series length The number of unique values ver-
sus 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 differ-
ences 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 regression
for certain attributes for a cer-
tain number of time series data
points

Permutation entropy dimension 4 tau 1 Counts the frequency of permu-
tation and returns the appropri-
ate entropy, this is a complexity
measure for time series data

Proceeding to the feature elimination phase,
the Recursive Feature Elimination (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 computation-
ally less demanding and more aligned with the
predictive exigencies of the model.

The development of the model, as system-
atically outlined in Figure A9, underscores our
exacting approach to feature selection. This pro-
cess was instrumental in ensuring the retention of
only those features that exhibited substantial pre-
dictive 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 exem-
plifies a paradigm 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 oper-
ational expediency. This structured approach not
only highlights the paramount importance of fea-
ture relevance in RF analysis but also exemplifies
the adaptability and analytical rigor requisite for
handling complex machining data.

2.7 Evaluation Metrics

The framework of this study delineates the suite
of evaluation metrics that have been systemati-
cally employed to assess the performance of our
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Random Forest (RF) model in the prediction of
chatter within milling operations. The explication
of these metrics is paramount for a comprehen-
sive 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 classifica-
tion accuracy, offering an integrative assessment
that considers the entirety of possible classifica-
tion thresholds. AUC values range from 0.5 to
1.0. An AUC of 0.5 suggests that the model per-
forms 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% accu-
racy 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 cut-
ting depths. The simulated data contains a chatter
metric that indicates whether or not the dataset
experienced chatter. This can be seen in Figure
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 vari-
ables that can influence whether or not chatter is
experienced.

In concert with the AUC, the robustness of
the model’s predictive validity is further rein-
forced through the implementation of k-fold cross-
validation. This methodological approach enables
a comprehensive validation of the model’s per-
formance by systematically partitioning the data
into subsets, 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, rec-
ognizing that the volume and diversity of data
are critical to the model’s learning and subse-
quent 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 scrutinize the model’s effi-
cacy. 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 substantive dataset, that this study affirms
the robustness and practical utility of our RF
model in the realm of chatter prediction for
milling operations.

Fig. 2: Simulated Data Curve.

3 Investigation

This study undertakes a methodological investi-
gation through a series of three distinct analyses
designed to rigorously assess the robustness of key
vibration and time-series features, 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.
1. Feature Identification and Evaluation: The

study commences with the identification and
subsequent evaluation of paramount features,
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denoted by the set t Fi, , within each dataset
i ∈ {A,A0}

2. Intersection of Feature Sets: The investiga-
tion proceeds to discern the intersection of
feature sets, represented by FA ∩ FA0, to
gauge the uniformity of feature significance
across datasets.

3. Quantification of Common Features: The car-
dinality, denoted as n(FA ∩ FA0), quantifies
the common features, thereby providing a
metric for consistency across the datasets.

Study 2: Generalizability of RF Models
within Set i ∈ {A,A0}

Objective: This phase aims to assess the gener-
alizability of the RF models in predicting chatter
across identical tool configurations, thereby estab-
lishing the models’ predictive stability.
1. RF Model Construction: Individual RF mod-

els are meticulously constructed for each
dataset i ∈ {A,A0}

2. Intra-dataset Performance Assessment: The
predictive performance of each model within
its respective dataset is rigorously evalu-
ated using the Area Under the Curve (AUC)
metric, denoted as AUCc

A,A and AUCA0,A0.
3. Cross-dataset Performance Evaluation: The

models’ predictive acumen is further scruti-
nized across datasets i ∈ A,A0 employing the
AUC metric, represented as AUCcA,A0 and
AUCA0,A, ensuring a comprehensive assess-
ment of the models’ robustness.

Study 3:Generalizability of RF Models in
Extrapolated Data

Objective: This segment explores the capa-
bility of RF models to sustain predictive accu-
racy and reliability when applied to extrapolated
data, thereby testing the models’ adaptability in
broader application scenarios.
1. Model Development for Extrapolated Data:

RF models are adeptly developed for sets i ∈
{A,A0} and j ∈ {B,B0}, catering to both
original and extrapolated data contexts.

2. Performance Appraisal for Extrapolated
Data: The models’ performance within each
dataset is scrupulously measured using the
AUC metric, represented as AUCB,B , for
dataset j ∈ {B,B0}.

3. Comprehensive Evaluation of Generalizabil-
ity: An extensive assessment of the models’
performance is conducted across all datasets

i ∈ A,A0 and sets j ∈ B,B0 utilizing the
AUC metric, denoted as AUCA,B , AUCA0,B ,
AUCB,A, and AUCcB,A0, thus affirming the
models’ adaptability and forecasting poten-
tial.

This systematic and rigorous investigation
ensures an in-depth examination of feature consis-
tency, model predictiveness, 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 com-
prehensive 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, facili-
tated by the TSFresh Python package, yielded an
exhaustive array of 846 features, spanning both
time-series and FFT-based vibration attributes. A
methodical feature reduction process was under-
taken to distill this extensive set down to 17
paramount features, thereby ensuring the model’s
efficiency and predictive strength.

4.2 Investigation Results

The investigation unfolded through a series of
structured studies, each clarifying distinct facets
of the model’s performance and the viability of the
implemented features.

4.2.1 Study 1 Results

The first analytical study illuminated the inter-
nal consistency of key features across sets A and
A0, corroborating the model’s acuity in identify-
ing features indicative of chatter. Figures 3 and
4 elegantly illustrate this congruence, presenting
the top features in both vibration and time-series
categories for the respective sets.
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Fig. 3: Set A and A0 ten vibration features.

Fig. 4: Set A and A0 time-series features.

4.2.2 Study 2 Results

The analyses conducted in Study 2 furnish com-
pelling evidence regarding the high predictabil-
ity and generalizability of the RF models across
the datasets in classifying chatter. The empirical
results for Set A were remarkably robust, with all
Area Under the Curve (AUC) values surpassing
the threshold of 0.997, indicative of the model’s
profound predictive precision, as detailed in Table
3. Table Table 4 details the results for set A0 This
level of accuracy establishes the model as excep-
tionally reliable within the dataset population
under study.

The AUC metrics for Set A serve as a tes-
tament to the predictability of different feature
groups within the datasets. Specifically, the pre-
dictability of vibration features within Set A,

denoted as AUC vibe
A,A , reached the ceiling value

of 1.000. In contrast, the predictability of time-
series features, denoted as AUC time

A,A , was slightly
lower at 0.995. However, the combined feature pre-
dictability, represented by AUC top 15

A,A , achieved
a score of 1.000, confirming that vibration fea-
tures marginally outperform time-series features
in terms of importance for this specific dataset.

Similarly, the results for Set A0 align closely
with those of Set A, manifesting high classifica-
tion accuracy across all examined feature groups
and reinforcing the model’s capability to gener-
alize effectively. The predictability of vibration
features within Set A0, as indicated by AUC vibe

A0,A0,
was reported at 0.992, while the predictability of
time-series features within the same set, as indi-
cated by AUC time

A0,A0, attained the optimal value
of 1.000. When considering the combined fea-
ture predictability for Set A0, as represented by
AUC top 15

A0,A0 , the model still exhibits an impressive
AUC value of 0.997.

In summary, the RF model’s exemplary per-
formance is underlined by the AUC values, which
serve as robust indicators of the model’s ability
to classify chatter with high accuracy. The consis-
tency of these results across different feature sets
and dataset variations underscores the model’s
remarkable generalizability. The predictive preci-
sion 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 vibe

B,B , is 0.824, while
the predictability of time-series features within
Set B AUC time

B,B is 0.869. The combined feature

predictability for Set B AUC top 17
B,B stands at

0.879.
Study 3 also demonstrates the RF model’s

ability to extrapolate data beyond the origi-
nal 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
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time-series features yields the best generalizability
results.

5 Discussion

This section provides a comprehensive interpreta-
tion of the outcomes of our investigation, under-
scoring the significance of the methodological sim-
plicity 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 Recur-
sive Feature Elimination (RFE) within the frame-
work of Random Forest (RF) models, a method-
ological 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 identify those with
paramount significance for chatter prediction.

The integration of selected features, encom-
passing 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 intri-
cate and computationally intensive methodolo-
gies. 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 pronounced synergy between feature impor-
tance and classification accuracy. This synergy
was consistently observed across datasets A and
A0, 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 impressive classification accuracy of
87% on data that extends beyond the initial train-
ing scope, the model exhibited a modest 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 contempo-
rary industrial milieu, which places a premium on
agility and practical utility.

6 Conclusion

This investigation concludes with a reflective anal-
ysis of the strides made through our method-
ological approach, characterized 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 chat-
ter in machining processes. The dataset, albeit
comprehensive within its current scope, encom-
passes less than 10,000 data files. In light of the
potential for augmented model robustness and
generalizability, future research endeavors will be
directed toward expanding the dataset substan-
tially, aiming to surpass the threshold of 100,000
datasets. This expansion is anticipated to sub-
stantially refine the model’s predictive precision
and its adeptness in navigating the multifaceted
landscape of operational conditions prevalent in
additive manufacturing settings.

Furthermore, the union of empirical data with
simulated data presents a promising avenue for
exploration. The reliance on purely simulated
data, while instrumental in establishing the foun-
dational robustness of the model, may not fully
encapsulate the stochastic nature of real-world
operational settings. To surmount this limita-
tion, forthcoming research initiatives will concen-
trate on integrating empirical data with simulated
datasets. This integrative approach seeks to lever-
age the granularity and unpredictability inherent
in real-world data, thereby enhancing the model’s
predictive acumen and its adaptability to diverse
operational paradigms.

The ultimate ambition of these future explo-
rations is to facilitate a transition from retro-
spective to real-time predictive modeling. By har-
nessing the synergistic potential of voluminous,
heterogeneous datasets and real-time data integra-
tion, the goal is to evolve a model that not only
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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

Table 4: Set A0 Random Forest model predictability.

Model Features AUC Sensitivity Specificity

Combined features 0.997± 0.003 0.994± 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

prognosticates chatter occurrences with height-
ened precision but also does so in an online,
proactive manner. Such a leap towards real-time
predictive modeling is poised to revolutionize the
domain of chatter detection, heralding new possi-
bilities for predictive maintenance and operational
efficiency in the manufacturing sector.

This research substantiates the viability of a
streamlined novel yet insightful approach to tech-
nological innovation in the realm of industrial
machining. It signals the industry to recognize and
adopt this paradigm, which underscores that prac-
tical, impactful solutions can indeed emerge from
simplicity 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 ulti-
mately, endowing the industrial machining domain
with a tool of unparalleled value and utility.
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Fig. A1: Example vibration acceleration, stable.

Fig. A2: Example vibration acceleration, unstable.

Fig. A3: Example vibration acceleration slightly
below chatter line, stable.

Fig. A4: Example vibration acceleration slightly
above chatter line, unstable.

Fig. A5: Example FFT data indicating clear instabil-
ity.

Fig. A6: Example FFT data indicating clear stability.
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Fig. A7: Example FFT data slightly above chatter
line, unstable.

Fig. A8: Example FFT data slightly below chatter
line, stable.
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Fig. A9: The research approach includes feature pruning, recursive feature elimination, and RF analysis. Steps
in this approach are provided with a generalized flow from top to bottom.
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