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Abstract

Drill bits can be one of the toughest components to maintain when working with CNC systems
because of their unique geometries and slow wear of the tools themselves. When measuring wear on
drill bits, it's important to consider the impact tool wear can have on the drill’s accuracy, the
smoothness of the surfaces created, and the overall efficiency of the machining process. The wear of
drill bits is a common occurrence and a normal part of the machining process. This paper seeks to
address these challenges by implementing a classification framework for tool wear in CNC drill bits
that utilises the Synchrosqueezed Wavelet Transform (SSWT) and the Vision Transformer (ViT).
During controlled drilling experiments, Acoustic Emission (AE) signals were captured for each of the
following tool conditions: Healthy Tool (HT), Low Wear (LW), Medium Wear (MW), and Severe
Wear (SW). In this study, the wear of drill bits was measured and created artificially, with
Electrochemical Machining (ECM) for drill bits of sizes 3.0 mm, 3.2 mm, 3.4 mm, 3.6 mm, and 3.8 mm.
A system by National Instruments (NI) was used for data acquisition, and LabVIEW was used to
acquire a set of data with high resolution and time-frequency representation developed with the
SSWT method, which is designed for drill bit wear measurement. These features were captured in
the SSWT time-frequency maps, which were used as input to a Vision Transformer that enables
efficient capture of global relationships in the time-frequency domain. Unlike traditional
convolution-based methods, the proposed transformer-based framework allows for automated
multi-domain fusion and feature learning. During experiments with 10-fold cross-validation, the
proposed SSWT-ViT framework demonstrated reliable generalisation, strong robustness, and high
classification accuracy across varying wear states. Thus, the proposed method is appropriate for
intelligent real-time monitoring of CNC drill bit conditions in an industrial setting.

Keywords: CNC tool wear; Synchrosqueezed Wavelet Transform; acoustic emission; vision
transformer

1. Introduction

In recent years, Computerised Numerical Control (CNC) machining has emerged as a
foundational manufacturing technology for mass production. This is due to the operational efficiency
and high repeatability in yield that CNC machining offers. Primarily, CNC drilling is one of the most
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critical processes, being used in the aerospace, automotive, electronics, and medical sectors [1]. Drill
bit wear plays a crucial role in determining process reliability, productivity, and machining accuracy.
Because of reduced mechanical interaction between the workpiece and the cutting tool, the
progressive evolution of drill bit wear can result in deterioration of surface integrity, increased
cutting forces, severe tool failure, and loss of product quality, with increased process costs.

For example, what, when, and how much to monitor to ensure business consistency, product
stability, and profitability are obviously essential questions to answer when determining what to
monitor, when to monitor, and how much to monitor. The traditional methods of monitoring cutting
tool wear, such as cutting tool wear estimation models, cutting tool wear monitoring, and cutting tool
wear roughness measurement models, have several drawbacks. Some of these methods may be
disruptive, costly, time-consuming, or require changes to tools. The evaluation of cutting tool wear
is often completed after machining is finished, which may result in ineffective solutions to problems
that disrupt process efficiency and productivity. Those methods usually do not lead to practical
solutions to issues of process efficiency and productivity. For example, a process that employs cutting
tool wear monitoring, post-facto evaluation of cutting tool wear, and roughness measurement may
lead to detractors, especially because it is disruptive, costly, and time-consuming. Strategies that rely
on tool wear monitoring, cutting tool wear evaluation, and roughness measurement can introduce
problems that disrupt the process. Consequently, there is a growing interest in monitoring processes
and systems that utilise artificial intelligence. Process monitoring systems that use artificial
intelligence have the potential to reduce disruptions and increase reliability caused by process
monitoring [2]. The use of artificial intelligence in process monitoring and analysis may reduce
disruptions in systems that use continuous automatic control. The field of artificial intelligence has
focused on using Al to monitor processes and systems to reduce disruptions which will improve the
financial management [3]. The field of artificial intelligence has focused on using Al to monitor
processes and systems to minimise disruptions. The application of artificial intelligence to process
monitoring and control systems has also advanced control systems in the field. computer systems,
monitoring Data acquisition and control processes are very important skill which is required in the
modern condition monitoring engineers [4]

1.1. Real-Time Monitoring of Tool Wear with Acoustic Emission Signals

Industrial manufacturing suffers from tool wear issues, given their direct relation to the quality
of the end product, the performance of the machines in use, and operational efficiency. One of the
concerns in tool manufacturing is rapid tool wear. Real-time monitoring of the tool’s wear is now
operational, thanks to the use of Acoustic Emission (AE) sensing technology. Drill bits can be one of
the toughest components to maintain when working with CNC systems because of their unique
geometries and slow wear of the tools themselves. When measuring wear on drill bits, it's important
to consider the impact tool wear can have on the drill’s accuracy, the smoothness of the surfaces
created, and the overall efficiency of the machining process. The wear of drill bits is a common
occurrence and a normal part of the machining process. AE signals are informative in condition
monitoring, as they can capture occurrences of micro-cracking, sliding, and plastic deformation at
the tool-workpiece interface. Tool monitoring using AE is, however, challenging, given the nonlinear,
non-stationary, and noisy nature of the signals produced. For real-time monitoring of tool condition,
AE data are essential and have, in recent years, drawn particular attention to their use in feature
extraction. Tool wear is assessed using traditional approaches that include simple time-domain
statistical metrics, such as the root-mean-square (RMS) value, kurtosis, skewness, and entropy. These
statistical assessments provide real informative insights into wear progression [5]. Apart from that,
these statistical assessments are insightful when it comes to analyzing how the wear progresses. With
the use of Fourier transforms analysis on the frequency domain can show the presence of leading
frequency elements corresponding to different levels of wear [6]. In the time and frequency domains,
methods that are based on wavelets, like Wavelet Packet Decomposition (WPD), facilitate the analysis
of transients through multiple dimensions.
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To improve feature representation while overcoming the challenges posed by traditional
handcrafted features, the study utilised the Synchrosqueezed Wavelet Transform (SSWT), which
provides high-resolution time—frequency maps for the analysis of AE signals. SSWT represents and
captures the subtle patterns while suppressing the effects of tool wear. Vision Transformers (ViT),
unlike traditional classifiers that depend on manually fused features, learn complex hierarchical
features on their own and globally in the time-frequency plane, without handcrafted fusion, wired in
the t.

An intelligent tool-wear classification framework for CNC drill bits is proposed in this paper,
which utilises AE signals processed with SSWT and analysed with a Vision Transformer. The
framework was tested and validated under four tool conditions: Healthy Tool (HT), Low Wear (LW),
Medium Wear (MW), and Severe Wear (SW). The method is found to achieve high classification
accuracy, low computational cost, and robustness, making it ideal for real-time industrial monitoring
of CNC tool condition.

The other sections of the study are structured as follows: Section 2 discusses the existing research
on AE-tool wear monitoring, as well as other techniques that are more advanced in the field of feature
extraction. Section 3 discusses the research methodology, as well as the specifics of data collection,
SSWT feature extraction, and the classification framework. Section 4 discusses the the design of the
experiments and the creation of the dataset, while Section 5 discusses and analyzes the results. Section
6 concludes the study and outlines potential areas for research going forward.

1.2. Research Gap in the Existing Work

1. Collecting multi-sensor data for traditional feature fusion is cumbersome and unfeasible.
SSWT, on the other hand, can obtain high-resolution time-frequency characteristics and, therefore,
reduces the complexity of data acquisition.

2. Previous studies have often relied on using one feature and representation; however,
SSWT produces rich time-frequency maps spanning complex wear patterns.

3. Very few studies consider the temporal and spectral dimensions intra-signal; Vision
Transformer is capable of learning global patterns within the SSWT maps automatically, bypassing
the need for manual feature fusion.

4. Instance-based lazy classifiers have not been used for CNC drill bit wear, and Vision
Transformers offer an end-to-end learning framework that surpasses traditional classifiers.

5. One of the defining characteristics of deep learning methodologies is the need for large
volumes of data; however, the combination of SSWT and ViT mitigates this problem and leads to
effective learning, even with moderately sized datasets, as a result of the efficient representation
learning.

6. While most ML/DL methods have difficulties in real-time industrial applications, the
SSWT + ViT framework provides a computationally efficient and robust tool wear classification in
real-time.

1.3. Nowvelty in the Proposed Methodology

The main contribution of this paper is to simplify the system design by using a single Acoustic
Emission (AE) sensor to capture the entire spectrum of tool wear using intra-signal feature
representation. Rather than manually combining features from the time, frequency, and time-
frequency domains, the Synchrosqueezed Wavelet Transform (SSWT) provides high-resolution time-
frequency maps that contain valuable information about different wear states of a given CNC drill
bit. As a single-tool wear-state representation, these maps enhance the distinctiveness of the AE
signal, eliminating the need for multiple sensors.

The next novelty is an application of a Vision Transformer (ViT) for end-to-end wear
classification. The ViT processes SSWT representations without hand-crafting multi-domain feature
fusion or relying on other lazy learners, making it more efficient. This offers a cheaper alternative and
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a more efficient, deeper solution than traditional deep learning, making it ideal for the more
demanding needs of real-time industrial tool condition monitoring.

2.0. Literature Review

Monitoring tool wear is crucial for improving the efficiency of both the product and the process.
This is why it has become a hotspot for manufacturing development. The wear detection field has
traditionally relied upon direct measurement via optical and scanning electron microscopes, as well
as other methods such as profilometry. Unfortunately, such destructive techniques cannot monitor
processes in real time and are time-consuming. As a result, in the field of tool condition monitoring,
indirect methods, such as tool vibration monitoring, measurement of cutting forces, and tracking
temperature and Acoustic Emission (AE), have become the norm [7].

2.1. Acoustic Emission in Tool Wear Monitoring

A material’s deformation and crack propagation generate local energy, emitting AE signals. In
machining, AE monitors events associated with the tool and workpiece, such as chip generation,
friction, and wear particle removal. As noted in the work of Maia, L et al (2024) , AE features strongly
indicate tool wear, which provides a non-invasive diagnostic option [8].

Later studies emphasised the extraction of relevant features from AE signals. Statistical metrics
such as RMS, standard deviation, and kurtosis were commonly computed in the Time Domain for
ease and interpretability. FFT, RMS, and kurtosis can be calculated in the Frequency Domain and are
associated with different wear stages. AE signals, however, are non-stationary. Thus, time—frequency
analysis methods such as Wavelet Transform (WT) and Wavelet Packet Decomposition (WPD) were
favoured. Liu, ] and Wang, Z showed that WPD could better isolate wear-related components in AE
signals than FFT, showcasing its effectiveness in sub-band decomposition of AE signals [9].

2.2. Synchrosqueezed Wavelet Representation for Feature Extraction

Prior research has shown that the complex, nonstationary nature of machining signals is more
effectively represented when information from multiple feature domains is integrated.

The method proposed by Daubechies, I et al, captures the flavor and the philosophy of the EMD
approach, although the component construction is done differently. The method is a hybrid of
wavelet analysis and the reallocation method. The authors formulated an unambiguous
mathematical definition for a certain class of functions that can be described as a superposition of a
relatively small number of approximately harmonic components [10]

Further research confirmed that SSWT methods can increase the enhancement of the diagnosis.
Guo, M et al, used the generalized horizontal synchrosqueezing transform to obtain the time-
frequency distribution (TFD) to capture the impulse feature of the tool’s non-stationary vibration
signal. The result of TFD helps the two-dimensional (2D) Fourier transform to identify the periodic
pulses [11]. Subsequently, the periodic frequency point energy proportion factor is proposed to assess
the varying degrees of tool wear.

Similarly, Peng, C. explored in their paper, a maximum probability multi-synchrosqueezing
transform (MPMSST) , which incorporates distribution probability during the discretization process
of the Intantaneous Frequency (IF), taking the frequency corresponding to the maximum distribution
probability as the determined value of IF. The singular value decomposition (SVD) method is utilized
to extract the principal component of the TER, and a tool wear state feature index is constructed based
on the sum of squares of the first 10 singular values [12]. Shi,] et al. proposed Synchrosqueezed FRWT
(SSFRWT), which shares many properties of its SSWT counterpart while offering attractive new
features. Then, the authors present a theoretical analysis of the SSFRWT, including the derivation of
its basic properties. Moreover, the paper show that the discrete form of the SSFRWT admits efficient
numerical implementation akin to that of the SSWT. Finally, the theoretical derivations are validated
via simulations. [13].
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Current studies have focused on refined time-frequency analysis and deep learning-based
approaches. Abdeltawab, A., used hybrid CNN-BiLSTM to improve the accuracy of milling wear
predictions. Despite the advancements, the author indicated that the traditional wavelet feature
extraction and CNN architectures are unable to address the high-resolution time-frequency patterns,
as well as the long-range dependencies, present in AE signals [14]. Because SSWT has improved its
analysis and can determine more events related to tool wear, many researchers demonstrates that
SSWT is capable of producing scalograms that are compatible with the Vision Transformer (ViT)
architecture, which employs self-attention to model the global context and capture long-range
dependencies. The SSWT-ViT model simplifies the process of automating tool wear classification by
removing the need for manual feature fusion.

2.3. Machine Learning and Tool Wear Classification

Tool wear has been classified using different machine learning classifiers. Support Vector
Machines (SVMs) are among the most popular because of their generalisation capabilities and
competence with high-dimensional data [15]. Also gaining popularity for feature learning are
Artificial Neural Networks (ANNSs), intensive learning structures, due to their accuracy. However,
their demand for large datasets and computation is a downside [16].

Other previously mentioned classifiers, such as Random Forests (RF) and Gradient Boosting
Machines, have also been efficient as they provide interpretability through feature importance
ranking [17]. A common drawback of these classifiers is the need for offline training, making them
inflexible to changes, whether to new or evolving data.

2.4. Vision Transformer Based Fault Diagnosis

Dong, S et al proposed an adaptive vision transformer (ViT) incorporating a Kolmogorov-
Arnold network (KAN) based on a Markov transition field (MTF), MTF-AViTK. The network can
perform parallel processing and addressing long-term dependencies, better identifying tool wear
states from cutting signals. A signal is converted into a 2D image via 2D time series encoding. The
ViT performs token patch position encoding on 2D images and self-attention-based tool wear feature
extraction in its encoder blocks. An adaptive multilayer perceptron (AdaptMLP) module is
introduced to fine-tune the feature extraction process. The extracted features are mapped by the KAN
to identify the tool wear state. [18].

Qiu, J., proposed A tool wear prediction method based on LSTM-Transformer model is proposed
for tool wear prediction, which combines the advantages of long short-term memory network (LSTM
) and Transformer model. Firstly, the LSTM network is used to model the tool wear process sequence,
and the long-term dependencies in the time series are captured. Then, the Transformer model is
introduced to capture the global dependencies in the sequence and improve the parallel computing
ability of the model. The experimental results show that the model has achieved excellent
performance in the tool wear prediction task. [19]. The synthesis of power spectral density (PSD),
convolutional neural networks (CNN), and vision transformers (ViT) that Si, S proposed, is referred
to as PSD-CVT. In this design, CNN targets local feature extraction by capturing characterizing local
features such as image and texture edges through surface alterations and image shapes. In contrast,
the attention mechanism in ViT captures the global structure and long-range dependencies of the
image. Tool wear prediction employs two ReLU and fully connected layers. [20].

The methodology Pproposed by Li,Setal the transformation of the cutting force signal during
the milling cutter cutting process into a time—frequency image by continuous wavelet transform. This
is followed by the introduction of a Contextual Transformer module after layer 1 and a Global
Attention Mechanism module after layer 2 in the MobileViT network. [21]. However, the motivation
behind this study is the lack of application of SWTT, ViT, and CNC drill bit wear classifications in
existing literature.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.0. Methodology

For tool wear classification of CNC drill bits, the proposed framework involves the acquisition
of Acoustic Emission (AE) signals, processing the signals with Synchrosqueezed Wavelet Transform
(SSWT) for time-frequency feature extraction, and classifying the features with a Vision Transformer
(ViT) in an end-to-end manner. This subsection delves into the constituent parts of the framework
and the methodology used.

It also details the sensors used, signal conditioning, data acquisition systems, software tools, and
AE signal collection. The framework incorporates SSWT to construct detailed time—frequency images
of varying tool wear states, which are processed by the ViT to obtain automated hierarchical feature
representations and classification, thereby removing the need for additional manual feature fusion
or sensor fusion.

3.1. Dataset Collection

AE signals were generated during the CNC drilling trials, which illustrated the four states of
Tool wear: Healthy Tool (HT), Low Wear (LW), Medium Wear (MW), and Severe Wear (SW). A
wideband, high-sensitivity piezoelectric acoustic emission (AE) sensor was attached to the side of the
CNC machine spindle to capture elasto-wave emissions while drilling.

AE signals were captured at a sampling rate of 2 MHz and a resolution of 16 bits to record fast
transient phenomena arising from interactions between the tool and the workpiece. Multiple drilling
runs were performed on a standard workpiece (e.g., AISI 1045 steel) for each wear condition, while
keeping spindle speed, feed rate, and depth of cut constant to minimise noise from external factors.

The AE signals were split into 100-ms bins and segmented based on tool wear state. Balancing
the dataset in this way improved the performance of the supervised machine learning algorithm.

3.2. Feature Extraction

To lower the complexity of the classification, feature extraction is critical. AE signals from the
drill bit condition monitoring and their features were used in the time, frequency, and time-frequency
domains. This method used the strengths of every representation.

Justification for using SSWT and Processing AE Signals

The Synchrosqueezed Wavelet Transform (SSWT) has been used to analyse AE signals, as it has
been shown to handle the nonstationary and transient characteristics of CNC drilling operations best.
SSWT can optimise time-frequency analysis, providing the best time-frequency representation and
localisation of energy levels across varying tool-workpiece interactions. This means it can capture
subtle variations due to changes in a single tool across different wear states, providing a more
detailed and differentiated representation of the characteristics of the AE signal than standard
wavelet decomposition methods.

3.3. Pre-AE Signal Processing

In this work, AE signals will be preprocessed to increase signal reliability, consistency, and noise
suppression before feature extraction. Signal acquisition was performed using NI hardware and
LabVIEW software, which provide real-time signal amplification, conditioning, and noise reduction.
Preprocessing includes:

Exposure to a band-pass filter set at (100 kHz to 1 MHz) to remove background and mechanical
noise.

Standard scale of the signals across different experiments using amplitude normalising.

Uniform temporal resolution using segmentation in fixed-length frames.

Transient spikes and spurious bursts owing to the initial contact of tool and workpiece are
minimized by outlier removal and envelope detection.

After this processing, the AE signals are ready for Vision Transformer SSWT time-frequency
maps of the highest quality.
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3.4. Feature Representation Using SSWT

Traditional methods separate time, frequency, and time-frequency features. They are rarely
combined through SSWT. SSWT transforms a time series into a time-frequency representation,
capturing the position (time) and the frequency (spectra) of the signal, as well as the amplitude
(energy) for the entire time span. Such maps are characterized by the following:

Micro-cracking, friction, and progressive wear are associated with varying energies.

Dominant resonance frequencies are tied to various wear mechanisms.

The temporal dimension of wear phenomena helps the Vision Transformer capture and learn
hierarchical global dependencies.

The SSWT transforms each AE signal segment into a 2-D time-frequency map to avoid the
manual computation of features such as RMS, peak value, skewness, kurtosis, spectral centroid,
dominant frequency, and sub-band energy. The Vision Transformer extracts and fuses relevant
features from maps, improving classification accuracy and robustness.

3.5. Improvements over the Traditional WPD-Based Feature Extraction

The SSWT provides finer discrimination of tool wear states due to the sharper energy
concentration.

There is no need to merge features across the time, frequency, and time-frequency domains, as
a unified feature map is available.

SSWT diminishes the impact of the AE signal spike and background noise, improving noise
robustness.

Feasibility of end-to-end learning: SSWT mapping to Vision Transformers no feature
engineering, global and local pattern capturing at all scales

The combination of SSWT and Vision Transformers provides the most responsive classifier for
rounded wear on CNC drill bits due to the detailed and evaluative efficiency of the classifier at this
task.This approach presents an alternative to WPD and hand feature extraction, providing a robust,
scalable intelligent tool condition monitor.

3.6. SSWT Maps Normalisation to Fit the Vision Transformer

Within the proposed architecture, an AE signal segment is mapped to a 2D SSWT time-frequency
map, which contains time-frequency information. For each SSWT map, the time-frequency
information is compressed to the range [0,1] during training to facilitate consistent scaling and
stability with the Vision Transformer. This is done using Min-max

normalisation.

X — ax:m'm
-Ymel:.' - *!{:ni:a

"TL norm —

where X represents the SSWT coefficients, and X{min} and X{max} are the minimum and maximum
values in the SSWT matrix.

Time-frequency representations by SSWT are standardised, so all SSWT maps have the same
intensity, improving training stability, model performance, and convergence speed.

The Vision Transformer uses the normalized SSWT maps. This design allows the Vision
Transformer to automate feature extraction and classification without the need for manual feature
concatenation and multi-domain fusion.

3.7. Classification Using Vision Transformer

The classification task entails mapping each SSWT time-frequency map from a segment of an
AE signal to one of four tool wear states: Healthy Tool (HT), Low Wear (LW), Medium Wear (MW),
and Severe Wear (SW). Unlike conventional methods in which the feature vector is hand-made and
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a classifier is not done with much effort, this method utilises a Vision Transformer (ViT) to do
hierarchical feature extraction and classification.

The ViT takes each input SSWT map and, for instance, splits it into patches of non-overlapping,
pre-defined sizes, then flattens and projects the patches into an embedding space. The resultant
embeddings then get processed in the multiple head (or) self -attention layers. This way, the model
captures local and global patterns without the need for feature fusion in a handmade way. The model
captures local patterns, which are the short-term variations in AE signals and global patterns, which
are the long-range temporal and spectral correlations. To predict the class of wear states, a
classification token is added to the end of the Transformer layer sequences, where the patch
embeddings are.

3.8. Mathematical Formulation of SSWT and Vision Transformer

Mathematical Formulation of SSWT for Tool Wear AE Signals is given as follows.

3.8.1. Acoustic Emission Signal Model

Let the discrete AE signal acquired during drilling be

K
X(6) = )" A(t)cos (i(0) +n(t)
k=1

where:
J A (t) :instantaneous amplitude (related to wear severity),
. ¢ (t) : instantaneous phase,
. W (t) — % : instantaneous frequency,
. n(t) : measurement noise.

Tool wear causes non-stationary, multi-component frequency variations, making classical FFT
unsuitable.

3.8.2. Continuous Wavelet Transform (CWT)
The CWT of the AE signal is defined as

Wy(a,b) — \/ia | Z xw (0)ar

a

where:

e a > 0 :scale parameter,

e D :time shift,

e P(t) : complex mother wavelet (Morlet commonly used),
e (*)" :complex conjugate.

3.8.3. Instantaneous Frequency Estimation

For each time-scale point (@, b), the instantaneous frequency is estimated as

0
w,(a,b) —{5p "8 (Wi(a, b)), Wy(a,b) #0

0, otherwise

This step captures frequency modulation caused by:
. micro-crack initiation,
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. frictional rubbing,
J tool edge chipping.

3.8.4. Synchrosqueezing Operation

The SSWT sharpens the time-frequency representation by reallocating wavelet coefficients from
the scale domain to the frequency domain:

T, (b, w) —J W, (a,b)a=3/?da
a

Hwyx(a,b)-w|<Aw

where:
. w : true instantaneous frequency,
o Aw : frequency resolution threshold.
o This reassignment concentrates energy ridges, making wear-related frequency

components more separable.

3.8.5. Hilbert-Synchrosqueezed Time-Frequency Energy

The time-frequency energy density used for tool wear assessment:

E(br (‘)) - |Tx(bJ w)|2

Wear progression manifests as:

J increased high-frequency energy,
o ridge broadening,
. energy migration to lower frequencies during severe wear.

1.6 SSWT Image Construction
The normalised SSWT energy map:
E (b ’ “)) — Emin

I —
SSWT Emax - Emin

This 2-D representation serves as the input image for the Vision Transformer.
Mathematical Formulation of Vision Transformer (ViT) for Tool Wear Classification is as

follows.

Let the SSWT image be:
I e RHXWXC

where € — 1 (grayscale) or 3 (RGB).

3.8.6. Patch Embedding

The image is divided into non-overlapping patches of size P X P :
HW

N — Pz
Each patch is flattened:

xb €RCi—1,..,N

Linear projection:

Z(i) — xzi,E + Epos

where:
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. E € R(P%) x D : trainable embedding matrix,
. Epos: positional embedding.
A class token Zgls is appended:

Zoy — [2315, z3, .., Z(I)V]

3.8.7. Multi-Head Self-Attention (MHSA)

For each transformer layer [ :

Q—Z1-1Wo, K —Z,_1Wg,V = Z1_1 Wy

Scaled dot-product attention:

. QKT
Attention(Q, K, V) — softmax %

Jax

Multi-head attention:
MHSA(Z) - Concat ( head 4, ..., head ,)W,

This enables global time-frequency dependency modeling, critical for wear pattern recognition.

3.8.8. Feed-Forward Network (FFN)

Each attention block is followed by a two-layer FFNN:
FFN(x) — o (xW; + by)W, + b,

where 0(+) is GELU activation.

3.8.9. Transformer Encoder Layer

Z, — FFN(MHSA(Z,_,) + Z;_1) + MHSA(Z,_,)
Layer normalization is applied before each sub-block.

3.8.10. Hilbert-Synchrosqueezed Time-Frequency Energy

The time-frequency energy density used for tool wear assessment:

E(b, w) — T, (b, w)?

Wear progression manifests as:

J increased high-frequency energy,
o ridge broadening,
o energy migration to lower frequencies during severe wear.

1.6 SSWT Image Construction
The normalized SSWT energy map:

E(br w) - Emin

I —
SSWT Emax - Emin

This 2-D representation serves as the input image for the Vision Transformer.

3.9. Advantages over Lazy Classifiers

End-to-End Learning: The ViT provides automated features and eliminates the need for manual
feature fusion across the various domains (time, frequency, and time-frequency).

Global Dependency Modeling: Self-Attention helps capture long-range correlations in the SSWT
maps which the lazy classifiers are incapable of exploiting.
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Robust to Noise: The combination of SSWT preprocessing and ViT attention layers increases the
resistance to temporary spikes and background noise in AE signals.

Scalable and Real-Time: The model can perform real-time industrial deployment after being
trained. This differs from distance-based lazy learners, who store and compare all training instances.

4.0. Experimental Setup

This chapter outlines the specific experiments, including workflows, data preparation, and the
metrics used in evaluating the proposed CNC drill bit tool-wear classification framework.

4.1. CNC Drilling Experiments and Collection of AE Data

The experiments make use of a CNC drilling machine where a specific model of ultrasonic AE
sensor (XYZ-1000, with a frequency response of 100 kHz-1 MHz) has been mounted. The sensor has
been fixed with a magnet adapter directed towards the spindle, providing consistent mechanical
coupling and optimal transmission of the drilling signal. Table 1 provides the specifications for the

CNC drilling machine.
Table 1. Specification of CNC Drilling Machine.
S.No Description Dimensions/ Details
1. Work area 500*500*150mm (X, Y, Z)
2. Outer Size 6.4*6.2*6.5Ft (X, Y, Z)
3. Speed, Power, and Cooling 24,000 RPM 2.2kW ATC, Water-Cooled spindle
4. Weight on the table 20Kg
5. Linear Rail 20mm
6. Motor Hybrid Servo Motors
7. Collet size ER20
8. Drilling hits/min 80 hits/min
9. Resolution pm 50u, Accuracy: 50
10. Rapid Traverse 7000 mm/min
11. Machine weight 600KG ex. accessories
12. Software Millsoft V1.12
13. Power supply 220v 50Hz 20A single-phase

The dimensions of the workpiece material were 100 mm x 50 mm x 20 mm and the specific
workpiece material used was AISI 1045 medium carbon steel. The drills employed were High Speed
Steel (HSS) drill bits, and these were in the range of 3 mm to 3.8 mm. The parameters used for the
drills were:

¢ Vertical spindle speed: 1200 RPM

¢ Feed rate: 0.1 mm/rev

® Depth of cut: 10 mm

The following conditions, as per the industry standard, were used to create states of tool wear
using the Electrochemical machining drill bits:

® Healthy Tool (HT) — New or as good as new drill bits.

* Low Wear (LW) — A wear of 0.3 mm has been implemented

* Medium Wear (MW) — A wear of 0.6 mm has been implemented

e Severe Wear (SW) — A wear of 0.9 mm has been implemented

A drilling operation was performed 20 times for each category, including drilling passes for
healthy, low, medium, and severe wear conditions.

The AE signal for each drilling pass was recorded for 2 MHz with 16-bit resolution. The total
data collection includes. The data collection for 3 mm falls into 4 categories (healthy, low, medium,
and severe) and resulted in 4x50 =200 data sets for 3 mm. In the same manner, data sets were collected
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for 3.2 mm, 3.4 mm, 3.6 mm, and 3.8 mm. Therefore, a total of 200 x 5= 1,000 data sets were collected
for our analysis. Table 2 provides the data collection breakdown.

4.2. Data Labelling and Segmentation

AE signal data collection occurred over 100ms and was done in non-overlapping segments, Each
segment was identified to one of the four tool wear categories, and the datasets contained 1000 (250
for each wear class)

4.3. Feature Extraction and Fusion

As described in section 3, the SSWT was used for the analysis of each of the AE signal segments.
SSWT is different from other feature extraction methods, as it consolidates all of the temporal and
spectral information into one 2D feature map and thus does not require multi-domain feature
extraction. SSWT maps were subject to Min-Max scaling within the range of [0,1] prior to being fed
to the Vision Transformer to facilitate consistent intensity values and stable model training.

SSWT
FEATURE EXTRACTION
Synchrosqueezed
DATA Wavelet Transform
|ACQUISITION| » - S )
N Time-Frequency ' =

2 MHz, 16-bit Analysis Healthy Low Medium Severe
Wear Wear Wear

VISION TRANSFORMER

Tool Wear
Classification

Signal
conditioning

Figure 1. Schematic diagram of the experimental setup and the proposed methodology.

4.4. Classification and Validation

Tool wear states were classified using the Vision Transformer (ViT), which classifies the 2D
feature maps and performs end-to-end feature extraction. The model was built in Python using the
PyTorch library.

For every performance evaluation, the process involves cross-validation in ten folds. Each of
these folds contains ten segments of the SSWT maps, of which 90 percent is used to train the ViT, and
the remaining 10 percent is utilized to test the model. This is to ensure that all segments are
encompassed to fully train and validate the model in order to improve the accuracy of model
performance predictions.
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A grid search method was employed to optimize the model hyperparameters, such as the
number of transformer layers, embedding dimension, and learning rate, to maximize classification
performance.

4.5. Performance Metrics

The assessment of the Vision Transformer model’s performance was done using the same
performance metrics. Accuracy is the number of correctly labelled AE segments to the total number
of segments.

Precision is the correctly labelled AE segments to the total number of predicted AE segments for
each segment class.

Recall, or sensitivity, is the number of correctly labelled AE segments to total number of AE
segments for each segment class.

The F1 score is the overall precision and recall and defines the number of false positives and
false negatives.

Cohen’s Kappa score quantifies the number of predicted labels and ground truth labels that are
the same and adjusts for the number of predicted labels that are the same [22] .

Furthermore, the Confusion Matrices were evaluated in order to recognize the trends of
misclassifications in different classes. This way, the evaluative potential of the SSWT representations,
as well as the effectiveness of the Vision Transformer to differentiate among the states of the Healthy
Tool (HT), Low Wear (LW), Medium Wear (MW), and Severe Wear (SW), was assessed.

- ; —i]

Figure 2. Signal collection from the CNC drilling machine.

Table 2. Data set collection.

Drill .

bit condition 1Hea— Low Medi- Sev- Total
Drill diameter lthy um ere

3.0 mm 50 50 50 50 200
3.2 mm 50 50 50 50 200
3.4 mm 50 50 50 50 200
3.6 mm 50 50 50 50 200
3.8 mm 50 50 50 50 200
Total 250 250 250 250
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Overall datasets 1000

5.0. Results and Discussion

In this part, the performance of classification of the proposed SSWT + Vision Transformer (ViT)
framework for monitoring the wear of CNC drill bit tool is discussed. This includes quantitative
evaluations, analyses of confusion matrices, and a discussion on the performance of different classes.

A total of 1,000 in the dataset, which is summarized in Table 2, consists of AE signal segments
recorded for 4 different wear states (HT, LW, MW, SW) and a total of 5 different drill diameters. Each
of these segments was converted to an SSWT time-frequency map that was normalized, and the
obtained time-frequency maps were used as inputs to the Vision Transformer.

5.1. Classification Metrics and Accuracy

The performance of Vision Transformer was consistent in classifying the various tool wear
states. Table 3 illustrates the average classification metrics obtained through 10-fold cross validation.

Table 3. Classification performance of SSWT + Vision Transformer.

Metric Value
Accuracy (%) 99.3
Precision 0.99
Recall 0.99
F1-Score 0.99
Cohen’s Kappa 0.99

An overall tool wear classification accuracy of 99.3% was achieved by the model, which indicates
that the model possesses reliability and generalizes well across all the wear states. The metrics
Cohen’s kappa and the F1-score, indicate that there is an agreement between the predicted and actual
wear levels of the tool which is in fact an indication of the SSWT representations potent to capture
the AE signal class.

5.2. Confusion Matrix Analysis

As presented in Figure 3, the Vision Transformer normalized confusion matrix, and the class-
wise prediction performance is summarized in Table 4.

Table 4. Normalised Confusion Matrix for SSWT + ViT.

Actual\Predicted HT LW MW SW
HT 99.4% 0.4% 0.1% 0.1%
LW 0.3% 99.0% 0.6% 0.1%
MW 0.1% 0.5% 98.8% 0.6%
SW 0.1% 0.1% 0.5% 98.7%

Adjacent wear state bridges (LW < MW, MW « SW) showed a high volume of miscalculations.
This is linked to the closer AE signal differences in the intermediate wear stages. Overall performance
of the ViT confusion matrix indicates it is able to discriminate exceptionally.

5.3. Feature Representation and Analysis

The Vision Transformer, does not have to engage in manual feature engineering since it learns
from SSWT maps. However, the exploratory analysis with Principal Component Analysis (PCA) on
the SSWT representations, revealed that feature components which concentrated on certain regions
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within the frequency spectrum as well as certain time windows with transient AE signals were the
most useful in defining the classes.

This confirms that the SSWT-based time—frequency representation effectively encodes tool-wear
characteristics, thereby supporting the ViT in robust classification.

5.4. Analysis of Confusion Matrices

The normalised confusion matrix for the SSWT + Vision Transformer is presented in Table 4.
Each SSWT map was classified into one of the four wear states (HT, LW, MW, SW), and the
percentages indicate correct and incorrect predictions for each class.

Table 4. Normalised Confusion Matrix for SSWT + Vision Transformer.

Actual/Predicted HT LW MW SW
HT 99.4% 0.4% 0.1% 0.1%
LW 0.3% 99.0% 0.6% 0.1%
MW 0.1% 0.5% 98.8% 0.6%
SW 0.1% 0.1% 0.5% 98.7%

The Vision Transformer demonstrates excellent discrimination across all wear states. Most
misclassifications occur between adjacent wear states (LW < MW or MW « SW), likely reflecting
subtle variations in the AE signal patterns during intermediate wear stages.

In contrast to conventional classifiers, the Vision Transformer, for instance, analyzes SSWT maps
to learn hierarchical features instead of relying on hand-crafted time, frequency, or sub-band features.
These representations learn the most relevant features pertaining to tool wear, which include the
short bursts of energy and time-frequency shifts of AE signals.

Exploratory analysis using Principal Component Analysis (PCA) on SSWT maps shows that
energy concentration in specific time-frequency regions contributes most to the separation of wear
classes. This is consistent with previous research that tool wear is attributed to the AE signal
dynamics—amplitude variations, bursts, and localized transients.

In summary, the SSWT + Vision Transformer framework simplifies the process by eliminating
manual feature extraction, while also providing robust, high-fidelity CNC drill bit wear classification.

5.5. Cross-Validation of the Proposed Methodology

In order to enhance the generalizability and reliability of the obtained results, we opted for 10-
fold cross-validation. In this approach, we first randomly divided the full dataset into 10 equal-sized
folds. In each iteration, we trained the model using 9 of the folds and used the left-out fold for testing.
This resulted in each fold being utilized once as the validation subset over the course of 10 iterations.
After completing this, we computed the mean performance for all of the folds. The overall cross-

A
1 =
Accey = = Y Ace;
.|[L' Fa——
i=1
validation accuracy AccCV can be computedas (12)

where k equals 10, representing the number of folds and Acci denotes the accuracy of the model at
the ith fold.

This approach manages to keep a reasonable computational cost while performing reliably and
steadily, minimising bias and variance for a single training-test split. This approach was also applied
across the various wear categories, considering healthy tools, to assess robustness. This stratification
ensured that the training and testing datasets were kept in proportion, which adds to the reliability
of performance assessment across the different classifiers.
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5.6. Comparison with Existing Methods

When compared with traditional methods, machine learning methods featuring fusion and lazy
classifiers outperform most attempts reported in the literature. The literature reports that SVM
methods consistently and reliably achieve 95-97\ % accuracy on comparable datasets, but they spend
far too much time and money on computation. Models based on deep learning may achieve higher
accuracy, but the time and money required to train them are enormous.

The suggested method achieves high accuracy, interpretability, and efficiency, making it ideal
for real-time tool-condition monitoring in industrial CNC environments. The prediction accuracy of
the proposed classification is compared with the classification in Table 4.

5.7. Limitations and Future Considerations

The SSWT + Vision Transformer model performs very well. Yet this study utilised data sets
created under controlled conditions in drilling. Other conditions, such as varying cutting parameters,
tool geometries, material compositions, background noise, and industrial noise, were unaccounted
for, which may limit the model’s performance in real-world situations. The security of the data
transmission is not considered in the proposed work. This can be solved using the federate learning
approach. [ 23]

Table 5. Comparison of the proposed Methodology with previous research works using ML and DL.

Reference Methodology used/Core application Obtained Accuracy
Truong et al. [24] BRANN (Bayesian-regularised ANN) 73.33%

Gougam et al. [25] Hybrid CNN-ResNet-BiLSTM 98%

Kumar et al. [26] Encoder-Decoder LSTM 94.20%

Kumar et al. [26] Hybrid LSTM 97.85%

Bilgili et al. [27] LSTM (with industrial edge data) 98%

Zhang et al. [28] ResNet 97.7%

Hoang et al. [29] Gaussian Process Regression + ANFIS  97.57%

Synchrosqueezed Wavelet

. - 99.3%
Representation and Vision Transformer

Proposed methodology

The following is suggested as the primary focus of additional investigations in the future:

Evaluating the framework under varying tool shapes, compositions, and other characteristics of
machining processes [30].

Adding methods of adaptive online learning to the Vision Transformer for use during real-time
updating as new wear patterns are detected using a reliable image based analysis[31].

Applying the framework to more extensive data sets, which would more fully address the
potential of deep learning systems such as Vision Transformers to enhance function in complex and
variable industrial environments [32].

Using ensemble and hybrid methods that integrate SSWT, ViT, and other time—frequency deep
learning approaches to improve robustness and reliability.

5.8. Practical Application of the Proposed Methodology

The automation, predictive maintenance, and quality assurance aspects of smart manufacturing
today make this methodology extremely applicable [28]. Other advantages include:

Implementation of a Single Sensor: The need for only one AE signal means no additional sensors,
making the system less invasive and more affordable.

Monitoring in real time: The SSWT time—frequency representations, when used in conjunction
with the Vision Transformer, enable rapid inference and real-time adaptive decisions, which are
valuable in fast-changing manufacturing environments. The industrial Internet of Things means that
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the framework can be used at the edge of cyber-physical production systems, supporting intelligent
monitoring as part of Industry 4.0 [33].

Industry 4.0 techniques: Machine learning condition monitoring can be integrated with Digital
Twin and Federated Learning methods [31] to improve transparency and data security in predicting
the condition of CNC machine tools.

The system’s predictive capabilities are optimal because it can identify the progression of wear
on the tooling, thereby aiding maintenance scheduling and reducing unplanned downtime.

As part of our evaluation of the SSWT-ViT framework, we considered the costs associated with
its computation and its ability to integrate with systems, scale, and operate in real time. The ViT-
based model, which can be trained with SSWT time-frequency representations, has low
computational resource requirements and is thereby suitable for contemporary industrial PCs. The
framework supports real-time tool wear monitoring and can integrate with current CNC monitoring
systems using standard data acquisition systems. Also, it can be adjusted to accommodate various
drill sizes and machining parameters. The framework has a compact preprocessing and inference
pipeline, which enables it to operate with minimal disruption to the production process. All these
factors highlight the framework’s suitability for actual use in industrial settings.

5.0. Conclusion

In this work, the Synchrosqueezed Wavelet Transform (SSWT) successfully analyses CNC
drilling AE signals, which consist of non-linear and non-stationary components. The SSWT produces
a high-quality time-frequency map that can be used as input to the Vision Transformer. This provides
richer input to the Vision Transformer and enables hierarchical feature extraction without requiring
manual engineering. The SSWT and Vision Transformer frameworks performed best, achieving an
accuracy of 99.3%. The model accurately classified the state of the tools into one of the following
categories: Healthy Tool (HT), Low Wear (LW), Medium Wear (MW), and Severe Wear (SW), and
distinguished and classified several intermediate wear conditions. The results expand on established
approaches in non-linear signal analysis like the Ensemble Empirical Mode Decomposition [34], and
showcase the applicability of transformer based time-frequency methodologies for fault diagnosis
[35]. The framework proved its robustness regardless of drill size and operating conditions, further
confirming its applicability to real-time, smart CNC tool monitoring. This work lays the groundwork
for automated, scalable predictive maintenance systems, which can enhance the efficiency of
machining processes, decrease the downtimes, and prolong the useful life of tools.

In conclusion, the study highlights that parameter optimization plays a crucial role in enhancing
the performance and reliability of tool wear condition monitoring systems. The effective tuning of
parameters using various optimization approaches, including conventional algorithms as well as
advanced Machine Learning and Deep Learning techniques, significantly improves prediction
accuracy and decision-making capabilities [ 36-43]. By leveraging these methods, it becomes possible
to better capture complex patterns in sensor data, such as acoustic emission signals, leading to more
precise detection and classification of tool wear states. Therefore, the integration of optimized models
not only strengthens monitoring efficiency but also contributes to improved productivity, reduced
downtime, and the advancement of intelligent manufacturing systems [44-50].

6.1. Key Conclusions

1. SSWT captures AE signals during wear tool monitoring.

2. Vision transformers do not require handcrafted feature extraction because they learn
SSWT maps’ tiered features automatically.

3. This method is adaptable to predictive maintenance and CNC drilling operations and
applies to real-time industrial monitoring.

4. Future improvements could include larger datasets, hybrid models, and online learning
to enhance adaptability and performance.
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5. This research lays the groundwork for establishing AE-based tool wear monitoring and
intelligent CNC machining applications aligned with Industry 4.0 and innovative manufacturing
initiatives.
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