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Abstract: This paper introduces an acoustic-based monitoring system for high-speed CNC
drilling, aimed at optimizing processes and enabling real-time machine state detection.
High-fidelity acoustic sensors capture sound signals during drilling operations, allowing
the identification of critical events such as tool engagement, material breakthrough, and
tool withdrawal. Advanced signal processing techniques, including spectrogram analysis
and Fast Fourier Transform, extract dominant frequencies and acoustic patterns, while
machine learning algorithms like DBSCAN clustering classify operational states such as
cutting, breakthrough, and returning. Experimental studies on materials including acrylic,
PTFE, and hardwood reveal distinct acoustic profiles influenced by material properties and
drilling conditions. Smoother sound patterns and lower dominant frequencies characterize
PTFE drilling, whereas hardwood produces higher frequencies and rougher patterns due
to its density and resistance. These findings demonstrate the correlation between acous-
tic emissions and machining dynamics, enabling non-invasive real-time monitoring and
predictive maintenance. As AI power increases, it is expected to extract in-situ process
information and achieve higher resolution, enhancing precision in data interpretation and
decision-making. A key contribution of this project is the creation of an open sound library
for drilling processes, fostering collaboration and innovation in intelligent manufacturing.
By integrating big data concepts and intelligent algorithms, the system supports contin-
uous monitoring, anomaly detection, and process optimization. This AI-ready hardware
enhances the accuracy and efficiency of drilling operations, improving quality, reducing
tool wear, and minimizing downtime. The research establishes acoustic monitoring as a
transformative approach to advancing CNC drilling processes and intelligent manufactur-
ing systems.

Keywords: CNC drilling; industry 4.0; spectrogram; acoustic; signal processing; artificial
intelligence

1. Introduction
The rapid advancement of artificial intelligence (AI) and increasing computational

power has revolutionized various industries, including machining and manufacturing.
The integration of AI-driven control systems and real-time data analysis has enabled
machines to achieve higher precision, efficiency, and adaptability [1]. As sensor and
actuator technologies continue to evolve, traditional CNC machines can be transformed
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into intelligent, AI-ready systems capable of self-optimization and autonomous decision-
making [2].

This project investigates classical CNC drilling, where achieving high-quality hole
formation depends on configuring key parameters such as feed rate and spindle speed.
Given the irreversible nature of drilling, real-time monitoring and control are essential for
optimizing performance and ensuring process stability [3]. Acoustic emissions generated
during drilling provide a valuable source of data, as the mechanical forces involved in
material removal create characteristic sound waves that propagate omnidirectionally [4]. By
capturing and analyzing these acoustic signals, the system can monitor in situ machining
conditions and adjust parameters dynamically for improved results.

In this context, acoustic monitoring emerges as a powerful tool for understanding
machining dynamics, offering insights into tool wear, cutting conditions, and process
anomalies [5]. This study integrates AI and big data techniques to analyze acoustic emis-
sions [6], enabling the identification of critical drilling events such as tool engagement,
breakthrough, and withdrawal. The use of AI in real machine operations necessitates adher-
ence to physical laws during execution, leading to the concept of physical AI, which blends
traditional physics-based approaches with deep learning methodologies. However, a signif-
icant research gap exists in applying deep learning techniques to this domain, particularly
in the need for large datasets and real-time signal processing for machine correction.

The data-driven approach supports the development of predictive maintenance mod-
els and automated state detection algorithms, enhancing operational efficiency and safety in
high-speed CNC drilling environments [7,8]. A key aspect of this research is the hardware
architecture designed to convert conventional CNC machines into AI-ready systems. The
proposed decentralized structure integrates a distributed communication protocol, edge
computing capabilities, and acoustic sensors to facilitate intelligent monitoring [9].

Furthermore, the collaborative sharing of acoustic data fosters innovation in the
research community. Open sound libraries and shared datasets allow engineers to bench-
mark algorithms and refine methodologies without the need for redundant experimental
setups [1]. By leveraging this framework, acoustic monitoring continues to evolve, driving
improvements in machine health monitoring, anomaly detection, and adaptive process
control [10,11].

This paper focuses on the main state monitoring of drilling processes using acoustic
signals, establishing a framework for capturing, processing, and analyzing these signals to
enhance the understanding of drilling dynamics [12,13]. The goal is to improve process
performance, reduce tool wear, and minimize downtime, ultimately contributing to broader
advancements in intelligent manufacturing and precision engineering [14,15].

2. State of the Art
2.1. AI-Driven Process Optimization for CNC Drilling Machines in Industry 4.0

Drilling machines, as integral components of modern manufacturing systems, have
evolved significantly in the era of Industry 4.0. Industry 4.0 emphasizes intelligent, inter-
connected, and automated production systems, and CNC drilling machines have become
pivotal in this transformation. These machines now integrate advanced technologies
such as IoT, AI, and big data analytics, enabling in-situ process monitoring and adaptive
process control.

One of the key features of drilling machines in Industry 4.0 is their capability for
machine health monitoring and in-situ process monitoring. By continuously analyzing
data from multiple sources, including acoustic signals and vibration sensors, the system
detects abnormalities and monitors behavior to prevent breakdowns [16]. Such systems
rely on edge computing and localized intelligence to process data efficiently and respond
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to deviations in real time. Additionally, digital twins, virtual replicas of physical machines,
are employed for predictive maintenance, simulating operational conditions and enabling
proactive condition-based maintenance. This minimizes downtime and extends the lifespan
of the machinery [17,18]. Human–machine collaboration is another hallmark of Industry
4.0 drilling systems. These machines are designed with a flexible and modular archi-
tecture, allowing for multi-material handling and adaptability to various manufacturing
requirements. Advanced human–machine interfaces, equipped with microphones, speak-
ers, cameras, and projectors enable intuitive control and monitoring, ensuring seamless
collaboration between operators and automated systems, as illustrated in Figure 1. Remote
monitoring and control further enhance productivity by allowing operators to oversee
operations from anywhere, leveraging IoT and cloud-based systems [19].
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Figure 1. The experimental CNC drilling machine with vision and sound monitoring.

The manufacturing process itself benefits greatly from these advancements. During the
design and conceptualization phase, smart technologies [20] and AI-driven tools optimize
material selection and production planning. CNC drilling machines execute the operations
with unparalleled precision, ensuring high-quality results during manufacturing, quality
control, and finishing stages. By utilizing edge AI, these machines achieve localized
intelligence, enabling quick adjustments based on real-time feedback [21]. For instance,
during drilling operations, sensors monitor parameters such as cutting force, spindle speed,
and vibration, and actuators adapt the process dynamically to maintain consistent output
quality. This ensures not only precision but also sustainability by reducing waste and
energy consumption [22].

In conclusion, drilling machines in Industry 4.0 represent the convergence of smart
technologies, IoT, and cyber-physical systems. By incorporating machine health monitoring,
digital twins, adaptive control, and human–machine collaboration, these systems enhance
manufacturing efficiency and flexibility. The integration of AI, big data [23,24], and ad-
vanced sensors positions CNC drilling machines as essential assets in modern production
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environments, delivering high-quality results while meeting the demands of dynamic
industrial ecosystems.

2.2. Real-Time Data Integration and Simulation in CNC Drilling

The concept of digital twins has revolutionized the manufacturing industry by pro-
viding a virtual replica of physical systems, enabling advanced monitoring, simulation,
and optimization capabilities [25]. In the context of CNC drilling machines, digital twins
serve as a pivotal tool for improving precision, efficiency, and reliability. By integrating
real-time data, simulation models, and predictive analytics, digital twins enhance the
overall performance and reduce risks associated with drilling operations [26].

As shown in Figure 2, a digital twin for a CNC drilling machine replicates its physical
counterpart virtually, encompassing every aspect of the machine, including its mechanics,
electronics, and control systems. Virtual testing within the digital twin environment
allows manufacturers to simulate and validate drilling operations, toolpaths, and machine
behaviors before actual implementation. This reduces errors, minimizes material waste,
and ensures that the physical machine operates at optimal performance levels. For instance,
the digital twin can simulate multi-axis precision movements, enabling the identification
of potential deviations in toolpath and hole position before actual machining begins [27].
One of the primary advantages of digital twins is real-time data integration. By utilizing
sensors and IoT devices, real-time operational data from the CNC drilling machine is fed
into the digital twin, enabling live monitoring and controlling [28]. These data include
spindle speed, cutting forces, tool wear, and machine vibrations, which are continuously
analyzed within the digital environment. The correlation between the digital twin and
the drilling process ensures that the virtual model reflects the actual machine’s conditions
accurately, enabling dynamic adjustments to maintain precision and stability [29].
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Simulation and modeling capabilities further enhance the digital twin’s functionality.
Predictive analytics, powered by machine learning algorithms [30,31], identify trends and
anomalies in the drilling process, offering insights into potential tool wear, misalignment, or
operational inefficiencies. Moreover, optimization algorithms embedded in the digital twin
refine drilling parameters such as feed rate, spindle speed, and toolpath to maximize effi-
ciency and accuracy. Vision systems integrated with the digital twin provide an additional
layer of precision by capturing high-resolution images of the machining process [32]. These
systems validate hole positions, surface finish, and tool alignment in real time, ensuring
consistent quality and reducing rework. The digital twin’s ability to simulate and monitor
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hole creation processes aligns with the physical machine, allowing for precise correlation
between virtual and physical outputs. The low-risk nature of digital twin implementations
makes it a valuable asset for manufacturers [33]. By conducting virtual testing and opti-
mizing processes within the digital environment, manufacturers can ensure that physical
operations are carried out with minimal errors and maximum efficiency.

In conclusion, the digital twin concept for CNC drilling machines combines advanced
technologies such as real-time data integration, simulation, predictive analytics, and vision
systems to enhance precision, efficiency, and reliability. By providing a virtual environment
for testing, monitoring, and optimization, digital twins minimize risks, improve toolpath
accuracy, and ensure high-quality drilling outcomes [34].

3. Materials and Methods
3.1. Integrating Acoustic Wave and Mechanical Analysis

Drilling is a fundamental machining process in creating inner cylindrical surfaces
which can be used to create precise holes in a specimen by utilizing a rotating drill bit. The
quality of drilling is influenced by several factors, including the feed rate, spindle speed,
and tooling condition. During the process, these factors must be controlled, the specimen
must be securely clamped, and heat buildup must be monitored and minimized to ensure
the quality of the drilled hole and to limit adverse effects on tool life.

In addition to mechanical considerations, the mechanical vibrations that occur during
the drilling process are propagated as sound waves, as shown in Figure 3. The material
properties of the workpiece and the interaction between the drill bit and the workpiece
both influence how sound waves are produced [35]. These acoustic waves carry valuable
information about the operational state of the machine [18,36], and are characterized by
their frequency spectrum, amplitude, and energy. Analyzing the frequency spectrum
helps identify the operational state and detect anomalies such as tool wear or potential
tool breakage.
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By combining mechanical and acoustic analysis, parameters such as feed rate, spindle
speed, drill bit condition, and operational state can be identified and used for real-time
optimization to achieve high precision and consistent quality in workpieces. Acoustic
signals are also leveraged in real-time monitoring systems to detect critical events, such as
tool wear, enabling predictive maintenance and reducing machine downtime [12]. These
innovations not only improve the reliability of the automated drilling process but contribute
to the broader application of intelligent industrial machining systems [4,13].

3.2. Acoustic Wave Propagation in Drilling Process

When a machine operates, the forces acting on its components are often periodic/cyclic,
meaning they repeat over time. A typical representation of such a force is given by:

F(t) = F0 + F1 · C(2π f t) (1)

where F is a summation of force, F0 is constant force, F1 is amplitude of cyclic force, and C
is a cyclic function that describes the periodic nature of the force as a function of frequency
(f ). A summary of the mathematical variables used in this analysis is provided in Table 1.

Table 1. Mathematical variables.

Variable Description

F, F0, F1 Total, constant and amplitude of cyclic force
C Cyclic function representing the periodic behavior of the force
f Frequency of the cyclic force

An, ϕn Amplitude and phase of the nth sinusoidal component in Fourier expansion

u(t) Displacement of the surface that produces mechanical wave as a function of
time

m Mass of the system
c Damping coefficient
k Stiffness of the system

P, P0
Pressure at position x and time t and maximum pressure at the source of a
sound

α Attenuation coefficient
x Distance the sound wave has traveled

τm Motor’s torque of drilling machine.
Ki Motor’s torque constant.
R Resistance of the motor.
V Input voltage to the motor.
Kv Motor’s speed constant.
ω Angular velocity of the spindle.
J Moment of inertia of the spindle system.
τr Resistive torque in drilling process.

The cyclic function can be expressed as a sum of sinusoids (Fourier’s expansion):

C(2π f t) =
N

∑
n=1

Ansin(2π fnt + ϕn) (2)

A force can create the surface of displacement in periodic motion by

m
..
u + c

.
u + ku = F(t) (3)

where m, c, and k are the mass, damping coefficient, and stiffness of the system, respectively,
and u(t) is the displacement of surface. These surface vibrations, governed by Equation (3),
generate acoustic waves that propagate through the surrounding medium.
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These acoustic waves contain crucial information about the machine, as they are
generated throughout the machine’s operation. During the drilling process, the interaction
between the drill bit and the workpiece produces a variety of acoustic signals that reflect
key characteristics of the operation. Variations in the acoustic waves can provide insights
into parameters such as spindle speed, feed rate, and tool wear.

The effect of attenuation raises concerns about the integrity of the transmitted infor-
mation. A simple model of attenuation can be expressed as:

P(x, t) = P0e−αxcos(2π f t + ϕ) (4)

where P(x,t) is the pressure of the sound wave at position x and time t, P0 is the maximum
amplitude of the pressure at the source, α is the attenuation coefficient, which quantifies
the rate of energy loss per unit distance traveled by the wave, x is the distance the wave
has traveled through the medium, f is the frequency of the sound wave and ϕ is the
phase of the wave. Notably, the attenuation effect depends on frequency, with higher
frequencies experiencing greater attenuation. While the amplitude of the pressure wave
decreases due to attenuation, its frequency remains constant. This property allows Fourier
transforms to be used for extracting data from the sound wave, enabling the assessment of
machine conditions.

In conclusion, the periodic forces acting on a machine during operation generate
mechanical waves. The force acting on the machine can be expressed as a combination
of constant and cyclic components, with the cyclic part representing periodic motion that
corresponds to a specific frequency. As the sound waves propagate through the surround-
ing medium, they experience attenuation, but the frequency of the acoustic wave remains
largely intact, providing a stable characteristic of the underlying machine operation. By
measuring the acoustic pressure at different points and analyzing the frequency com-
ponents of the sound waves, we can effectively detect the cyclic force frequencies in the
machine. This allows for non-invasive in-situ monitoring of machine performance, enabling
the detection of irregularities, wear, or degradation in the system.

In the context of spindle drilling, the torque (τ) required to maintain the spindle’s
operation is given by (dc motor equation):

τm = Ki ·
(

V − Kv ω

R

)
(5)

where τm is the torque, Ki is a constant related to the system’s characteristics, R is resistance
in motor, V is the input voltage, Kv is a constant of motor and ω is the angular velocity of
the spindle.

The rotational dynamics of the spindle can be modeled by the following equation of
motion, considering both the inertia and damping of the system.

J
.

ω + cω = τm − τr (6)

The presence of the resistance torque τr in the equation reflects the effect of the drilling
process on the spindle’s motion. When the drill is not cutting through the material, τr

is zero, indicating no resistance, and the spindle operates normally. However, when
drilling is taking place, τr becomes positive, representing the additional resistive force
generated by the material being drilled. As τr increases, the angular velocity ω of the
spindle decreases, which in turn affects the rotational speed of the spindle motor. Since
the sound frequency generated by the spindle is directly related to the rotational speed, a
reduction in ω leads to a decrease in the frequency of the sound waves produced by the
spindle motor. This decrease in frequency can be detected through acoustic monitoring.
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Therefore, by analyzing the changes in the sound frequency, we can infer the presence and
magnitude of τr, providing a reliable method for detecting the occurrence of drilling and
monitoring the operation conditions of the machine in real time [37].

3.3. Optimizing CNC Drilling Performance with Klipper and AI-Enhanced Data Processing

Figure 4a illustrates the architecture of the proposed CNC drilling hardware, which
is designed to provide high precision, adaptability, and efficiency through the integration
of advanced communication protocols, robust control systems, and data processing ca-
pabilities. To create AI-ready environments, the software and firmware of the machine
need to be distributed and decentralized. These characteristics are necessary to ensure
scalability, flexibility, and real-time processing, allowing the system to seamlessly integrate
with AI technologies and adapt to evolving requirements. At the core of the system is
Klipper, a decentralized 3D printer firmware [38]. Traditional firmware [39,40] localizes
the system onto a single microcontroller, whereas Klipper enables distributed operation
across multiple microcontrollers. Note that Klipper requires a host (master) running on a
computer. Such distribution enhances the efficiency of high-speed spindle operations and
allows fine control in real time over motor power and speed adjustments, while the host
on the computer handles computationally intensive and non-real-time tasks such as AI
inference. Another crucial benefit of Klipper is its network connectivity via Moonraker, a
web API server. This connectivity unlocks the potential for further decentralized hardware,
cloud computing and big data applications. Figure 4a depicts the connectivity between the
Klipper host and another edge computer, enabling the reception, handling, and processing
of acoustic signals efficiently.

The hardware employs a Cartesian robot framework, ensuring precise multi-axis
motion control suitable for complex machining tasks and 3D printing compatibility [36].
Operators can customize G-code [41,42], for tailored operations, enabling flexibility in
managing power, motion, and cutting paths. The user interface, connected via Moon-
raker, provides an intuitive platform for real-time monitoring and parameter adjustments,
ensuring seamless integration between hardware and software components.

Figure 4b illustrates the data processing workflow, which begins with the collection of
raw sensor data and is analyzed across both time-domain and frequency-domain repre-
sentations. Time-domain analysis captures transient events such as spindle engagement,
material contact (hits), drilling progress, and breakthroughs. Visualizations such as spec-
trograms and color mapping highlight variations in intensity, making it easier to detect
anomalies. Frequency-domain analysis, achieved through Fast Fourier Transform [13],
identifies critical frequency bands associated with machining states, such as chatter, tool
wear, or cutting inefficiencies. Advanced signal processing techniques like ridge detec-
tion [43] are used to track dominant frequencies and parameterize the machining process
in real time.

To further enhance performance, the system incorporates AI-driven classification
techniques for identifying drilling states and optimizing operations [35]. A density-based
clustering algorithm called DBSCAN [4] is applied to cluster signal patterns, correlat-
ing them with specific events including spindle speed, tool engagement, and material
breakthroughs. This reduces the dependency on labeled datasets and enables accurate
classification of operational states. Parameters such as spindle speed, vibration intensity,
and tool engagement are continuously monitored to determine the current drilling status,
allowing for real-time adjustments to improve outcomes.
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The user interface ties these elements together, offering a comprehensive display of
processed data, including time-domain signals, spectrograms, frequency-domain analyses,
and clustering results. Operators can easily adjust spindle speeds, motor power, and G-code
parameters to optimize performance based on specific task requirements. By combining
advanced communication, precise control systems, sophisticated data processing, and AI-
based classification, this architecture provides a state-of-the-art solution for CNC drilling.

3.4. Finite State Machine Approach to Drilling Automation

In the machining process, various drilling operations are employed, including through-
holes, interrupted cuts, peck drilling, countersinking, and counterboring, each serving
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distinct applications and offering specific advantages. These processes are often controlled
using canned cycles, which are pre-programmed sequences designed to automate and
streamline the drilling operation. Each drilling cycle exhibits unique operational behaviors,
resulting in varying acoustic characteristics. This study focuses on the through-hole drilling
process due to its simplicity and its well-defined cutting phases. Through-hole drilling
involves a stable cutting phase, initiated by a hit and followed by a breakthrough event.
The steady cutting phase provides an opportunity to analyze drilling parameters such as
spindle power and feed rate, as they interact with the material. The hit and breakthrough
event, driven by physical interaction, is of particular interest as it presents a distinct and
observable shift in the drilling dynamics.

The drilling process can be effectively modeled using a finite state machine (FSM) to
automate operations, monitor performance, and control processes, while also addressing
error handling and safety concerns [1]. In acoustic-based state monitoring, predictions
are typically expressed in terms of probability. An FSM not only defines state but also
concretely defines state transition. Such an FSM can enhance predictions by promoting
states that are likely to be transited to and inhibiting those that are not. This approach
prevents physically impossible behaviors and provides more accurate results by linking
digital processing with physical behavior.

Figure 5 illustrates the FSM design, which divides the drilling process into five distinct
states: Idle, Pre-Drilling, Cutting, Dwell, and Returning [44]. Transitions between these
states are governed by specific events and conditions, ensuring precise control and efficient
operation. The process begins in the Idle state, where the system waits for a command
to initiate drilling. Once triggered by a spindle command, the spindle activates, and the
drill bit moves toward the workpiece, entering the Pre-Drilling state. When the drill bit
makes initial contact with the workpiece, the machine transitions to the Cutting state. The
spindle continues penetrating until the drill bit emerges beyond the lower surface, causing
a breakthrough. At this point, the process moves to the Dwell state, where the drill bit stops
advancing downward but continues rotating to ensure hole quality. After the dwell time
elapses, the machine enters the Returning state, withdrawing the drill bit to a free-space
area before transitioning back to Pre-Drilling for repositioning.
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The drilling process is governed by the proposed state machine, which can be inte-
grated with acoustic analysis to enhance machine state estimation [45]. Additionally, error
handling can be embedded within the FSM to detect anomalies such as excessive vibration,
tool wear, or material misalignment. Automation ensures smooth state transitions, mini-
mizing manual intervention and improving efficiency while maintaining stringent safety
conditions. The system is AI-ready, with hardware designed to integrate future AI advance-
ments. As AI evolves, it will enable real-time process optimization, anomaly detection, and
predictive maintenance, making the system increasingly autonomous and intelligent.

3.5. Experimental Setup

The experimental setup for this study employs a high-speed CNC drilling machine
integrated with acoustic sensors to capture pressure waves during the drilling process.
The high-speed spindle ensures precise drilling that accurately replicates real industrial
applications, while the reliable robotic stage with digital twin enables precise validation of
the machine’s state throughout the experiment. This setup facilitates continuous monitoring
of the drilling process and enables the detection of key operational events, providing
valuable insights into machine performance and process dynamics.

Figure 1 illustrates the demonstration setup of the high-speed CNC drilling machine
used for machine state monitoring. The high-speed drill is realized by a Dremel 3000-1/25
rotary tool, fitted with a 2.4 mm diameter high-speed steel drill bit. This drill allows for ad-
justable power input, enabling control variations in drilling conditions. This configuration
ensures sub-millimeter precision, enhancing state analysis and validation through control-
lable positioning [46]. Automated control is essential for large-scale data experiments, and
thus, the drill is attached by a slider–crank mechanism coupled with a servo motor. This
system allows for automatic adjustment of the drilling power throughout the experiment,
ensuring optimal performance and flexibility.

To validate the accuracy of the state predictions, the digital twin concept, as illustrated
in Figure 2, was employed. The digital twin was constructed using CoppeliaSim (with
the Bullet physics engine) and MATLAB R2024a (Version 24.1.0) for multibody simulation.
The digital twin can be controlled using the same commands as the physical experiment.
This approach enables the system to be re-executed alongside the captured acoustic wave
data. By comparing the predicted states with the actual states from the digital twin, a more
accurate assessment of the model’s performance can be made [47].

For pressure wave measurements, this study focuses on the human-audible spectrum,
as it aligns with many existing acoustic sensors and promotes seamless integration with
human–machine interaction [48]. During the drilling process, various events occur, making
it essential to capture synchronized acoustic and visual data for accurate analysis. To
achieve this, a Logitech C930e recorder was chosen, positioned 300 mm from the machine,
facing toward it. The measurements were taken with a sampling rate of 48,000 Hz and 16-
bit resolution. The pressure wave data were then analyzed using MATLAB and Short-Time
Fourier Transform with a time resolution of 100 ms. The recorder also provides high-
quality image capture and can be synchronized with the acoustic measurements, ensuring
reliable, real-time monitoring of both the acoustic emissions and visual data throughout
the experiment, thereby enhancing the overall accuracy of the analysis.

The experiment focused on a through-hole drilling operation, examining three key
parameters: feed rate, drilling power, and material type. For each material, six drilling
attempts were conducted. The feed rate was controlled by a z-axis actuator on the Cartesian
stage, adjusting to 50 and 150 mm/min during cutting. The drilling power was input by
varying the level of the rotary tool to 60, 80, and 100 W. With this power input setup, the
drill responds dynamically to each material’s reaction, reflecting its unique characteristics.
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Material selection was based on their distinct mechanical properties, such as ductility,
brittleness, and homogeneity. The experimental drilling process was conducted on three
materials: acrylic (3 mm), PTFE (5 mm), and hardwood (10 mm). Acrylic was chosen to
represent a brittle material, whereas PTFE, known for its ductility, low friction coefficient,
and flexible behavior, served as a contrast with more uniform characteristics. Both acrylic
and PTFE exhibit homogeneous properties, while hardwood, with its layered structure and
varying grain patterns, represents a non-homogeneous material. This diversity in material
properties provides valuable insights into how different structural characteristics impact
the drilling acoustic characteristics.

While this work presents the implementation of a digital twin using CoppeliaSim and
MATLAB for simulation and analysis, it does not include experimental validation against
real machine data. Validation of the digital twin is beyond the scope of this study and will
be addressed in future work.

4. Results
4.1. Acoustic Characteristics of Materials Drilling

Acoustic signals during drilling are depicted in Figure 6. These signals contain rich
information but can be difficult to interpret. However, spectrogram visualization and
waveform analysis provide better readability. To achieve this, the acoustic signal was
transformed using the Short-Time Fourier Transform. The spectrogram results revealed
distinct patterns corresponding to specific drilling stages. A green line in the spectrogram
indicated the tool’s initial contact with the material, while a pink line represented the
breakthrough phase. The experiment began with a power level of 60 W and a feed rate of
50 mm/min, with these parameters increased sequentially.
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The acoustic spectrogram effectively highlighted key characteristics, which varied
based on the drilling parameters and material properties. In this study, only the most
prominent dominant patterns were used to guesstimate the process state. The frequency
spectrum analysis identified distinct dominant frequencies and amplitude spikes, reflecting
the solid and brittle nature of acrylic. The material’s sharp and brittle properties produced
noticeable sound wave patterns, including sound spikes and clearly defined frequencies
in the spectrogram. Changes in power and feed rate influenced the acoustic signature,
revealing the effects of drilling parameters on sound signals. Pattern recognition techniques
were applied to identify consistent sound wave features associated with specific drilling
conditions [49]. For example, increasing power levels resulted in higher amplitude and
slightly higher frequency signals, while faster feed rates caused shifts in dominant frequen-
cies. These variations were attributed to the interaction between the drill bit and the acrylic
material, emphasizing how material characteristics influence sound wave generation.

As observed in Figure 6, the spectrogram illustrates its correlation with the drilling
operation. At t = 31, 54 s, an increase in power corresponds to a frequency increase.
According to Equation (5), a rise in power leads to a higher rotational speed of the drill
(ω), which strongly correlates with the frequency observed in the spectrogram. When the
drill enters the cutting state, the frequency decreases due to higher resistive torque (τr)
from material cutting, which lowers the rotational speed (ω). As described by Equation
(6), the resistive torque (τr) alters the drill’s dynamics, which is reflected in the frequency
variations in the spectrogram.

The spectrogram reveals a dominant ridge whose temporal behavior aligns with
the characteristics of a first-order dynamic system. Specifically, the ridge gradually rises
following the application of voltage (V) and stabilizes once the steady-state rotational
speed (ω) is achieved. This rise pattern mirrors the expected response of a spindle motor
subjected to a step input. Furthermore, the ridge shows a recovery in frequency after the
drill breakthrough the material, indicating fading in resistive torque (τr). These observations
strongly suggest that the spectrogram captures the dynamic response of the spindle motor
itself and underlines the relationship between acoustic features and the motor’s mechanical
behavior during different phases of drilling.

Building on this interpretation, the experimental result demonstrated a clear correla-
tion between acoustic signals and drilling conditions. The spectrogram analysis provided
valuable insights into the drilling process, enabling the identification of critical events such
as tool hits and breakthroughs. These findings highlight the potential of using acoustic
monitoring as a non-invasive method for real-time process control and quality assurance in
drilling operations.

The second experimental drilling was conducted on a 5 mm thick PTFE (Polytetrafluo-
roethylene) specimen and as in the acrylic drilling test, The results were analyzed through
frequency spectrum, amplitude, and pattern recognition, highlighting key differences due
to the unique material properties of PTFE. In Figure 7a, the drilling process is shown,
conducted under different power and feed rate conditions, akin to the first experiment, to
assess their impact on the acoustic response.
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The frequency spectrum analysis for PTFE revealed lower dominant frequencies
compared to the acrylic. The soft and ductile characteristics of PTFE led to continuous chip
formation, producing smoother and less abrupt sound signals. The amplitude of the signals
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was generally lower, reflecting reduced resistance encountered by the drill bit while cutting
through PTFE. Unlike acrylic, where sharp and brittle behavior caused sound spikes, PTFE
generated a more consistent and smoother acoustic profile. Adjusting power levels and
feed rates resulted in distinct acoustic patterns. At low feed rates and high power, the
drilling process produced smooth sounds due to PTFE’s low friction properties and ductile
nature. The absence of sharp transitions in chip formation minimized noise spikes and
created a steady acoustic signature. Conversely, noise levels increased slightly with higher
feed rates, as the material’s ductility caused more pronounced deformation and vibration.
The unique properties of PTFE, including its softness and low friction, directly influenced
the sound wave characteristics during drilling. Pattern recognition techniques highlighted
these attributes, enabling the identification of distinct acoustic signatures that differed from
the acrylic specimen. The smooth and low-noise acoustic profile of PTFE drilling serves as
a contrast to the sharper and more intense signals observed in the acrylic test, providing
insights into the material-specific behavior of sound waves during machining.

The PTFE drilling results demonstrated the impact of material properties on acous-
tic signals. The soft and ductile nature of PTFE, combined with low friction, produced
smoother and more consistent sound waves with lower amplitude and dominant fre-
quencies. These machining characteristics reflect lower resistive torque (τr), allowing the
spindle to maintain a more constant rotational speed (ω) during drilling, which results in
a stable ridge frequency in the spectrogram. These findings reinforce the importance of
acoustic monitoring in identifying material-specific drilling characteristics and optimizing
machining parameters [50].

The last experimental drilling was conducted on a 10 mm thick hardwood specimen.
This non-homogenous material exhibits unique acoustic properties compared to acrylic
and PTFE. In Figure 7b, the frequency spectrum analysis for hardwood revealed higher
dominant frequencies compared to acrylic and PTFE, reflecting the material’s high density
and resistance to drilling. The amplitude of the signals was also higher, indicating increased
cutting forces and vibrations. The dense nature of the material caused significant energy
transfer during drilling, captured as high-intensity sound waves with distinct peaks in
the frequency spectrum. Pattern recognition analysis highlighted consistent frequency
bands corresponding to different drilling stages, providing insights into drill bit behavior.
The high resistance during cutting generated pronounced vibrations, resulting in rougher
acoustic patterns compared to PTFE drilling. Hardwood’s rough texture and high den-
sity contributed to these variations in sound waves. Adjustments in power and feed rate
significantly altered acoustic characteristics. At higher power levels, increased spindle
speed reduced some resistance effects, smoothing out portions of the signal. However, at
low feed rates, the cutting process became more pronounced, amplifying vibrations and
creating sharp peaks in the frequency spectrum. These variations underscore the impor-
tance of balancing power and feed rate for optimal drilling in high-density materials like
hardwood. The unique features of hardwood, including its high resistance and vibration
intensity, strongly influenced the acoustic signatures. The rough texture of the material
added complexity to the sound waves, making them less uniform than those of softer
materials like PTFE.

The hardwood drilling results showcase the challenges posed by high-density ma-
terials in terms of cutting resistance and vibration intensity. The frequency bands and
amplitude spikes provide critical data for understanding the interaction between the tool
and the material. This study emphasizes the need for precise parameter adjustments and
acoustic analysis to achieve optimal performance and quality in drilling operations for
hard materials.
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In conclusion, the sound generated during the drilling process contains rich informa-
tion about the dynamic nature of the drilling. The sound patterns align with the physics of
the drilling process.

4.2. Analysis for Drilling Process Characterization

The data processing framework for drilling analysis utilizes big data concepts to
manage and extract valuable insights from large volumes of acoustic data generated
during machining. Advanced analytical techniques enable the extraction of meaningful
information from rich acoustic signals.

Through this framework, the studied case categorizes three primary states: Cutting,
Breakthrough, and Returning (which includes the Repositioning state). These states are
determined by analyzing acoustic signals, which are processed to extract features such as
frequency spectrum, amplitude, and signal patterns. The cutting state is characterized by
stable, high-frequency signals associated with material removal, while the breakthrough
state shows frequency spikes and amplitude variations as the drill bit penetrates through
the material. The Returning state, on the other hand, exhibits reduced signal intensity and
specific frequency changes as the drill bit withdraws from the hole.

Spindle power estimation further refines state detection, correlating power fluctuations
with cutting resistance and tool interactions. This architecture connects acoustic, vibrational,
and power data with actual drilling events, creating a relevant and comprehensive dataset.
Event-based analysis is integrated to link clustering results to real-world phenomena,
ensuring the identified states accurately reflect physical events like material engagement,
penetration, and withdrawal. In conclusion, the combination of data clustering, intelligence,
and big data integration provides a robust framework for estimating drilling process
states and spindle power states. The use of DBSCAN enables the precise classification
of cutting, breakthrough, and Returning states, while the system’s technical architecture
ensures that data are directly tied to real-world events. This approach not only enhances
process monitoring and decision-making but also supports predictive maintenance and
optimization in advanced manufacturing environments.

Figure 8a illustrates the main ridge (ϕ), its derivative (
.
ϕ,

..
ϕ), and the peak frequency

clusters observed during the experiment. Time-frequency ridge extraction was applied
to the spectrogram using the MATLAB command tfridge, with a single ridge extraction
and a penalty factor of 0.5 to identify the dominant frequency components. The derivative
of the ridge was computed by taking the time derivative of the filtered main ridge signal.
To enhance signal clarity and reduce noise, a moving average filter with a 0.5 s window
was applied.

Since ridge extraction can be limited by the number of detectable ridges, an additional
peak detection method was employed to extract other prominent peaks in the spectrum.
These peak locations were then clustered using the DBScan algorithm, enabling a more
comprehensive analysis of frequency distributions.

The main ridge frequency ranges from 6 to 10 kHz, with the y-axis representing fre-
quency and amplitude displayed as a bar. Notable patterns are observed at approximately
700 Hz, 1630 Hz, and 3000 Hz, which are monitored. The amplitude of these frequencies is
visualized using a bubble plot, with cyclic colors grouping data within the same cluster.

The analysis reveals a strong correlation between frequency components and the
drilling process. High-amplitude frequencies at 700 Hz, 1630 Hz, and 3000 Hz are noticed
during critical events, such as material breakthroughs or changes in cutting dynamics.
These frequency patterns may be linked to the spindle rotation speed and material proper-
ties. Additionally, acoustic data visualization can provide insights into hole quality, detect
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chatter or excessive vibrations, and/or identify tool wear, misalignment, or other anomalies
affecting the drilling process.
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In Figure 8b, drilling process state and spindle power state estimation utilize advanced
data clustering techniques combined with human intelligence. State transitions are identi-
fied using the main ridge frequency and its derivatives, which calculate a probability score
for each state. The state with the highest probability is considered the most likely, with a
significant gap between the chosen state and the others in the investigated case, reinforcing
the method’s accuracy.

For the Cutting state in Figure 8a, it is observed that the main frequency ridge (ϕ)
declines. This behavior allows us to predict the cutting state. Therefore, the probabilistic
score for the cutting state is given by

PCutting = tanh
(

α1 · ReLU
(

α2 ·
.
ϕ
))

(7)

where α1 and α2 are parameters for prediction, with the values of 0.005 and −1, respectively.
The Rectified Linear Unit (ReLU) activation function introduces a non-linear, one-sided
behavior, allowing positive contributions while ignoring negative values. With a negative
α2, the function ensures that the score increases as the ridge frequency (ϕ) decreases,
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reflecting the natural decline of the frequency during the Cutting phase. The tanh function
ensures that the score saturates at a maximum value of 1, representing a fully confident
prediction for the cutting state.

Since the Dwell state corresponds to the machine stopping the downward penetration
of the drill bit while allowing it to continue rotating at its free speed, the main frequency
ridge stabilizes. This behavior reflects the cessation of the cutting action while the spindle
continues to rotate without further advancing. The probability of the Dwell state can be
expressed as:

PDwell = tanh

 β1

β2 ·
∣∣∣ .
ϕ
∣∣∣+ β3 ·

∣∣∣ ..
ϕ
∣∣∣+ β4

 (8)

where β1, β2, β3 and β4 are parameters for prediction, with the values of 200, 1, 1 and
−1 × 10−6, respectively.

In Returning state, it is seen that the first derivative of the main ridge (
.
ϕ) tends to

be positive and the second derivative (
..
ϕ) is negative. Therefore, the probability of the

Returning state can be expressed as:

PReturning = tanh
(

γ1 · ReLU
(

γ2 ·
.
ϕ
)
· ReLU

(
γ3 ·

..
ϕ
))

(9)

The parameters γ1, γ2 and γ3 are used for prediction, with the following specific values:
5 × 10−5, 1 and −1.

The spindle rotation dynamics are closely correlated with the main ridge frequency
(ϕ), as the drill bit spins and generates sound. This relationship can be leveraged to estimate
the rotation power of the drill when it is spinning freely. However, during cutting, the
drill encounters contact resistance, and the resistive torque (τr) from the drilling process
can disrupt the rotational speed (ω). Therefore, it becomes necessary to use estimation
during the Dwell state, where the drill bit halts its downward movement but continues to
rotate freely.

In Figure 8b, the highlighted interval represents the true Cutting state, as determined
by the digital twin. While the estimated cutting state effectively predicts the machine’s
status, some false negatives are observed, for instance, around the 10-s mark. However,
between 22 and 25 s, the probability score for Cutting closely aligns with the state identified
by the digital twin, demonstrating the accuracy of the estimation.

After breakthrough, the Dwell state experiences a detection delay of approximately
1 s, followed by a sharp increase in the Dwell score. Subsequently, the Dwell score declines
as the system transitions to Returning, with its corresponding probability score rising.

At t ≈ 8, 22, 46, 55 and 68 s, peak detections for Dwell are observed, which are false
positives. However, based on the finite-state machine design presented in Figure 5, it
is impossible for the drilling machine to enter Dwell before Cutting. Leveraging this
knowledge, the system can be programmed to disregard such erroneous detections, thereby
improving the accuracy of state monitoring. When combined with the FSM, the accuracy
of estimation is further improved in the investigated cases.

The experimental drilling of three materials—acrylic, PTFE, and hardwood—revealed
distinct differences in the frequency spectrum, sound patterns, and acoustic characteristics
during the cutting process. These variations were influenced by the unique material
properties of each specimen, including density, texture, and mechanical response to drilling.
For plastic PTFE, the notable signals captured showed a smoother sound pattern with
lower dominant frequencies compared to acrylic and hardwood. The cutting force required
for PTFE was relatively low, leading to reduced vibration and a more stable acoustic profile.
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The processed signal exhibited consistent frequency bands in Figure 9a, reflecting low
resistance and the material’s tendency to produce a steady acoustic emission during drilling.
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In contrast, hardwood exhibited high-frequency signals with greater amplitude and
distinct spikes in the frequency spectrum. The high density and rigid structure of hard-
wood created significant cutting resistance, generating pronounced vibrations and sharper
acoustic emissions in Figure 9b. The processed signals highlighted higher cutting forces
and greater velocity variations as the drill bit encountered the material’s hardness. These
characteristics resulted in rougher sound patterns, with dominant frequencies correlating
to the material’s natural resonance and the energy transfer during cutting.

Across all three materials, the processed signals captured differences in cutting force,
velocity, and vibration, which were directly tied to acoustic emissions. While PTFE pro-
duced low-energy emissions with smooth frequency bands, hardwood exhibited high-
energy signals with more abrupt transitions, showcasing the impact of material properties
on the drilling process. These insights emphasize the importance of acoustic monitoring
and signal processing in understanding and optimizing the drilling of diverse materials.

5. Discussion
5.1. Accuracy Analysis for State Prediction

Figure 10 presents the accuracy analysis of state predictions in the drilling process,
comparing two prediction approaches. In Figure 10a, predictions are based solely on
probability scores, yielding an accuracy of 40.5%. This result highlights the limitations of
using probability scores alone in complex systems such as the drilling process, where noise
and uncertainty often obscure true states.
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Figure 10b shows a slight improvement in prediction accuracy to 52.02% by combining
probability scores with FSM logic. However, this improvement may mask underlying
issues. While the FSM logic aims to structure the predictions by defining state transitions
more clearly, the model still struggles in some cases, particularly with misclassifying
states for the next state. Although the model still faces challenges in accurately classifying
certain states, this result highlights the promise of combining probabilistic methods with
logical frameworks. With further refinement, particularly through incorporating AI-driven
techniques and leveraging a machine design framework, there is significant potential
for achieving even greater accuracy. By better understanding the physical constraints
and dynamics of the system, future models can build on this foundation to improve
prediction reliability and robustness, paving the way for more precise state estimations in
the drilling process.

Although the current performance of the probability score and FSM approach is
limited, the results demonstrate significant potential for improvement. The integration of
FSM logic with probability scores has shown promise in better structuring state transitions,
though misclassifications persist. The reported accuracy of approximately 52%, even after
incorporating FSM constraints, reflects the early-stage nature of the approach. However,
with the AI-ready design of the machine, the collection of acoustic signals is now feasible,
opening the door to more comprehensive data collection. As more data are gathered, the
model’s ability to refine its predictions will improve, allowing AI-driven techniques to
further optimize the state prediction process. It is important to note that while the system
shows promise, the performance is still under development, and the current results should
not be overstated. This approach lays the groundwork for a more robust and accurate
system, where continuous data feedback will drive performance enhancement, bringing
predictions closer to real-world accuracy.

5.2. Open Sound Library

An open sound library for drilling processes provides a valuable resource for re-
searchers and engineers studying machining dynamics, acoustic monitoring, and process
optimization. By collecting, processing, and sharing acoustic data from various drilling
experiments, such a library enables the broader research community to analyze, benchmark,
and innovate without the need to recreate experimental setups. The sound library would
include recordings of drilling acoustic emissions captured during experiments on differ-
ent materials, including acrylic, PTFE, and hardwood. Each dataset would be annotated
with key parameters, including material properties (density, thickness, and brittleness),
drilling conditions (spindle speed, and feed rate), and notable events (tool engagement,
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breakthrough, and Returning). By standardizing these parameters, researchers can com-
pare sound patterns across diverse setups and identify trends and correlations. Details on
accessing the sound library can be found in the Data Availability section.

Figure 11 presents the specimen used in the experiments to capture the drilling sound
library. This library includes raw and processed data, such as spectrograms, frequency-
domain analyses, and time-domain waveforms. These signals would highlight dominant
frequencies, amplitude variations, and acoustic patterns linked to key drilling events.
Annotated spectrograms could mark spindle engagement or material breakthroughs, aiding
predictive maintenance and automated state detection.
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Datasets with controlled variations in spindle power, or feed rate would allow re-
searchers to analyze how these factors affect acoustic emissions. For example, they could
study how feed rates influence frequency bands or how tool wear alters sound patterns
over time.

An open-access library would enable researchers to apply machine learning for deeper
insights. Supervised models could classify drilling states and detect anomalies, while
unsupervised algorithms could identify hidden patterns. This resource would also serve as
a benchmark for testing and validating new algorithms.

Additionally, the library would foster collaboration in acoustic monitoring, digital
twins, and process optimization. Researchers from academia and industry could contribute
datasets, increasing diversity and applicability across various materials and conditions.

5.3. Potential for Other Canned Cycle

Despite this study focusing solely on through-hole drilling, the machine’s state mon-
itoring using acoustics shows strong potential for applicability to other types of canned
drilling cycles. For interrupted cuts—where the tool periodically retracts and re-engages
with the material—the system has the capacity to detect each engagement event. This
behavior is analogous to the Pre-drilling and Cutting states observed in this study, where
the tool approaches the workpiece, establishes contact, and initiates material removal. The
acoustic response during these transitions reflects variations in the drill bit’s dynamics,
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driven by changes in cutting force and material resistance. In interrupted cuts, the frequent
retraction and re-engagement introduce additional dynamic fluctuations, which are ex-
pected to result in more transient acoustic signatures. These variations could offer even
richer information for monitoring.

For blind hole drilling, where the drill stops at a certain depth, there is no direct com-
parison to the results observed in through-hole drilling. However, this study demonstrates
that the acoustic signals correlate with drill velocity and material resistance. When the drill
pauses at a certain depth, the material resistance typically transitions from thrusting to a
state of no thrusting. At this point, the drill begins to clear out any remaining material and
refine the hole. As the hole becomes fully cleared, the material resistance should diminish.
This dynamic recovery process during the drilling cycle can be observed in the returning
state, reflecting changes in the acoustic signature as the drill transitions through different
stages of engagement.

This study shows the potential of acoustic monitoring for through-hole drilling and
suggests applicability to other canned cycles, such as blind hole drilling and dwell phases.
Future work will explore expanding this system to detect events in these additional cycles,
enhancing various drilling operations.

6. Conclusions
This study demonstrates how acoustic-based monitoring can assist high-speed CNC

drilling by enabling observation of operational states. By correlating acoustic signals with
main drilling events, it demonstrates the value of non-invasive, real-time monitoring for
understanding machining dynamics. The integration of spectrogram analysis, Fast Fourier
Transform, and DBSCAN clustering enables accurate classification of states such as Cutting,
Breakthrough, and Returning, enhancing process optimization, tool condition monitoring,
and predictive maintenance.

Experimental results emphasize the material-specific nature of acoustic profiles. PTFE
exhibits smoother, lower-frequency signals, whereas hardwood produces high-frequency,
rougher patterns, illustrating how material properties influence acoustic emissions and ma-
chining performance. The findings indicate that, by combining probability scores with FSM
logic, time series predictions of the drilling process state can be effectively made, achieving
an accuracy of 52.02%. While this result shows promise, further improvements can be
expected with more data and refinement of the prediction model. The development of an
open sound library supports collaboration and innovation in intelligent manufacturing
and acoustic monitoring.

This research establishes in-situ acoustic monitoring as a transformative tool for
modern manufacturing. By integrating big data concepts and AI-driven algorithms, the
system lays the foundation for future advancements in CNC drilling. Future research could
expand data libraries, apply advanced machine learning techniques, and integrate digital
twin technologies for real-time simulation and enhanced process control, paving the way
for smarter, more efficient manufacturing systems.
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