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Abstract: The paper presents the comparative analysis of Long short-term memory (LSTM) and
one-dimensional convolutional neural networks (1-D CNNss) for tool wear classification in chipboard
milling processes. The complexity of sequence data in various fields makes selecting the right
model for sequence classification very important. This research aims to show the distinct capabilities
and performance nuances of LSTM and 1-D CNN models, leveraging their inherent strengths in
understanding temporal dependencies and feature extraction, respectively. Through a series of
experiments, the study unveils that while both models demonstrate competencies in handling
sequence data, the 1-D CNN model, with its superior feature extraction capabilities, achieved the
best performance, boasting an accuracy of 94.5% on the test dataset. The insights gained from this
comparison not only help to understand LSTM and 1-D CNN models better, but also open the door
for future improvements in using neural networks for complex sequence classification challenges.

Keywords: tool condition monitoring (TCM); milling processes; tool wear classification; 1-D CNN;
long short-term memory (LSTM); sequential features

1. Introduction

This paper focuses primarily on the milling segment of the manufacturing process,
where the repercussions of imprecise decisions are particularly significant. A novel perspec-
tive is introduced through the application of sensor-based techniques, enhancing both the
efficiency and accuracy of the process. While the manual inspection of tools is feasible, it is
not only time-consuming but also interrupts production. An automated assessment system
that alerts the operator when a tool requires inspection or replacement marks a significant
advancement in the field. Finding the exact moment when the tool needs replacement is a
broad research area with various approaches and solutions available [1-6].

The use of sensor-based methods for monitoring a tool’s condition is not new, and it is
still widely discussed [7-9]. As tools wear down during use, it can negatively affect product
quality. It is important to avoid unplanned production stops and delays in replacing tools,
as these can lead to financial losses due to downtime or material waste. Therefore, any
automated solution should carefully balance making accurate decisions with providing
useful feedback to the operator. Integrating specialized sensors is an effective approach to
achieving this balance [10,11].

The literature has many studies on similar challenges [12,13], but the approach to
using signals depends on the specific task. It is important to evaluate how useful the signals
are in identifying tool conditions during different machining stages [3,14—18]. Despite
existing research, there is a need for an automated solution that can easily be integrated into
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production and offers both accuracy and ease of implementation. This paper introduces a
new solution that uses sensor-based data to address these challenges.

We can use machine learning (ML) to monitor the condition of tools in manufacturing
or even deep learning methods based sequential data. By applying ML /DL algorithms to
image and sensor-based systems [16,19-22], we can improve how we track the condition
of tools. This approach shows that ML can handle even the toughest tasks if we have the
right data and training methods.

When it comes to monitoring a tool’s condition, the type of data you use—whether it
is images or signals—is really important. Using images with convolutional neural networks
(CNNSs) [1,23,24] has its advantages, but it requires a lot of consistent training data and strict
data collection. On the other hand, using signals for monitoring is precise, but managing
and processing the large volume of varied sensor data can be challenging.

Traditional approaches in tool wear classification have often relied on singular value
features extracted from sensor data, such as the mean, standard deviation, or maximum
values within a given aspect, e.g., time window. While useful, these methods can overlook
the rich temporal dynamics inherent in sequential data, which can be crucial for accurately
predicting tool wear. This paper explores the shift towards leveraging sequential features
for tool condition monitoring [25-28], emphasizing the advantages of this approach over
traditional singular value feature extraction methods.

Singular value features, though easy to compute and interpret, may not fully capture
the intricate behavior of tools under varying operational conditions. Such features tend to
provide a snapshot rather than a continuous narrative of the tool’s wear process, potentially
leading to the oversimplification of complex phenomena. This limitation becomes particu-
larly evident in scenarios where the temporal progression of wear significantly influences
the tool’s performance and life expectancy.

Sequential features, in contrast, offer a more nuanced and comprehensive represen-
tation of tool wear. By preserving the temporal order and dependencies within the data,
sequential features enable the modeling of wear progression over time, providing valuable
insights into the tool’s condition and the dynamics of machining processes. This approach
allows for a more detailed and accurate analysis, facilitating early detection of wear and
more informed decision-making regarding tool maintenance and replacement.

The extraction of sequential features involves analyzing sensor data over time to
identify patterns, trends, and anomalies that may indicate tool wear. Techniques such as
time-series analysis, sliding windows, and feature engineering can be applied to transform
raw sensor data into a format suitable for analysis. Once extracted, these features can
be utilized in various deep learning models, including long short-term memory (LSTM)
networks [29,30] and 1D convolutional neural networks (1-D CNNs) [31,32], which are
inherently designed to handle sequential data.

The shift from singular value features to sequential features represents a significant
advancement in the field of tool wear classification. By fully exploiting the temporal
information contained within sensor data, sequential features provide a more accurate and
detailed understanding of tool wear dynamics, leading to better predictive models and
more effective maintenance strategies. As technology and data analysis methods continue
to evolve, the potential for further improvements in this area remains vast, promising even
greater gains in manufacturing efficiency and tool life optimization.

A recent study by Li et al. (2024) underscores the effectiveness of data-driven ap-
proaches in predicting the remaining useful life (RUL) of tools. They applied a hybrid
model combining bidirectional long short-term memory (BLSTM) and convolutional neural
networks (CNNSs) for metal-forming processes. The CNN-based WearNet was retrained
to classify the wear states of workpiece surfaces, and these classifications were then used
as inputs for a BLSTM-based regression model to estimate RUL. Their approach achieved
high accuracy and low root mean square error (RMSE), highlighting the robustness of
data-driven techniques in tool wear prediction [33].
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The primary objective of this article is to present a novel, sensor-based diagnostic
system designed for the real-time monitoring and classification of tool wear in chipboard
milling processes based on sequential features. By leveraging advanced deep learning
techniques, specifically 1-D convolutional neural networks (CNNs) and long short-term
memory (LSTM) networks, this study aims to enhance the accuracy and efficiency of tool
condition monitoring. By providing an in-depth analysis of sequential features derived
from a comprehensive set of sensors, this research seeks to not only improve the predictive
capabilities of tool wear classification but also to significantly reduce downtime and opera-
tional costs in manufacturing settings. Furthermore, this work contributes to the body of
knowledge by offering insights into the practical implementation of deep learning models
in industrial applications, thereby paving the way for more intelligent and autonomous
manufacturing processes.

2. Materials and Methods
2.1. Data Acquisition

This research focused on developing a system to monitor the wear and tear of tools in
real time during manufacturing, eliminating the need for production stops. The system’s
success was measured by looking at the manufacturing signals gathered.

The testing was conducted on a Busellato Jet 130 CNC machining center located
in Thiene, Italy. This machine featured a 40 mm cutter head equipped with a single,
replaceable carbide blade provided by Faba SA from Baboszewo, Poland.

A chipboard sheet, sized 300 x 150 mm, was used for the tests. It was firmly mounted
on a measuring stand, where a groove of 6 mm was milled. The milling process was carried
out at a spindle speed of 18,000 rpm and a feed rate of 0.15 mm per tooth, chosen based on
an extensive literature review and practical know-how in processing chipboard.

Tool condition was classified into three levels: green, yellow, and red. ‘Green’ indicated
a new or well-kept tool; “Yellow’ pointed to moderate wear but still usable; ‘Red” meant the
tool was critically worn and needed immediate replacement. Tool wear was assessed using
the maximum flank wear (V By,;y) standard.

Figure 1 shows a close-up look at how the tools wore out, with a focus on the V B4
value to check the tool’s shape. To figure out if a tool was in ‘Green’, “Yellow’, or ‘Red’
condition, we used a Mitutoyo TM-505 microscope (Mitutoyo Corporation, Kanagawa,
Japan). This microscope is known for its sharpness in measuring sizes and angles.

VBmax

Figure 1. Illustration of tool wear measurement using the V By;;4x parameter.
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The geometry of the cutting wedge is depicted in Figure 2.
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Figure 2. Illustration of cutting edge geometry.

We often stopped the milling to look at the tool’s edge under the Mitutoyo TM-505

microscope (Mitutoyo Corporation, Kanagawa, Japan). This microscope can also have a
special lens added to check more complex shapes, such as screws and gears. By doing these
checks, we could tell how much the tool had worn out and categorize it into one of three
wear levels. The specific numbers that defined each category were set as follows:

1.

2.

3.

The ‘Green’ category is for tools with wear and tear (VBmax) from 0 to 0.15 mm,
broken down into four smaller wear stages;

Tools fall into the “Yellow’ category if their VBmax is between 0.151 mm and 0.299 mm,
and this category is divided into two wear stages;

The ‘Red’ category is for tools with a VBmax over 0.299 mm, and this, too, has two
stages of wear.

Moreover, the setup for the experiment came with an array of sensors that could

capture 11 different types of signals, such as the following:

Force value in the (1) X and (2) Y-axes (Kistler 9601A sensor; Impexron GmbH,
Pfullingen, Germany);

(3) Acoustic emission (Kistler 8152B sensor; Kistler Group, Winterthur, Switzerland);
(4) Noise level (Briiel & Kjeer 4189 sensor; Briiel and Kjeer, Neerum, Denmark);

(5) Vibration level (Kistler 5127B sensor; Kistler Group, Winterthur, Switzerland);

(6) Device-rated current (Finest HR 30 sensor; Micom Elektronika, Zagreb, Croatia);
(7) Device-rated voltage (Testec TT-519001 sensor; Testec, Dreieich, Germany);

(8) Head-rated current (Finest HR 30 sensor; Micom Elektronika, Zagreb, Croatia);
(9) Head-rated voltage (Testec TT-519001 sensor; Testec, Dreieich, Germany);

(10) Servo-rated current (Finest HR 30 sensor; Micom Elektronika, Zagreb, Croatia);
(11) Servo-rated voltage (Testec TT-Si9001 sensor; Testec, Dreieich, Germany).

Data acquisition was facilitated through the use of National Instruments PCI-6111

and PCI-6034E measurement cards (National Instruments Corporation, Austin, TX, USA),
respectively, for acoustic emissions and other parameters. This setup ensured compre-
hensive monitoring, enabling detailed analysis and consistent sensor positioning relative
to the workpiece and cutting zone throughout all measurements. The organization and
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specific characteristics of the collected data are summarized in the subsequent sections and
illustrated with plots of raw signal samples for the selected parameters.

Data was collected by using NI PCI-6111 and PCI-6034E cards, which were responsible
for picking up sound emissions and various other measurements. This arrangement allowed
for thorough observation, making sure we could analyze the data in depth and keep the
sensors in the same spot relative to the workpiece and where the cutting happened for all
tests. The following sections will outline how we organized the data and their key features,
including charts showing the raw signal examples for the chosen measurements.

We gathered data using a computer that had Lab ViewTM software from National
Instruments Corporation (2015 SP1 version, from Austin, TX, USA). For signal capture, we
used NI PCI-6034E and NI PCI-6111 (National Instruments Corporation, Austin, TX, USA)
cards, also from National Instruments. To get clear sound emission signals, we needed
a card that could sample at 2 MHz, allowing us to record for 0.3 s. For other types of
signals, a card that could handle a 50 kHz sampling rate and record for 1.1 s was enough.
We hooked up each signal to the right card, depending on what frequency we needed to
capture, using BNC-2110 connector boxes (National Instruments Corporation, Austin, TX,
USA) to make the connections.

To keep the sensor readings stable and reduce the impact of any unwanted noise, we
made sure the sensors stayed in the same place next to the workpiece and cutting zone for
every measurement. Details about the data we collected are in Table 1.

Table 1. Overview of variable configuration within the datasets.

# Measured Parameter Trial Duration Sampling Rate (Hz)
1 Acoustic Emission 27,999,960 5,000,000
2 X-axis Force 700,000 200,000
3 Y-axis Force 700,000 200,000
4 Noise 700,000 200,000
5 Vibration 700,000 200,000
6 Device Current 30,000 50,000
7 Device Voltage 30,000 50,000
8 Head Current 30,000 50,000
9 Head Voltage 30,000 50,000
10 Servo Current 30,000 50,000
11 Servo Voltage 30,000 50,000

2.2. Sequential Features Generation

The generation of sequential features was meticulously conducted across three distinct
domains: time, frequency, and time-frequency. This approach was essential to capture the
comprehensive characteristics of the signals under study. Each signal was systematically
divided into 100 frames of a predetermined length. For each of these frames, a set of
features was extracted, thereby converting the feature representation into sequential data.
Consequently, each feature encompasses 100 sequences, effectively capturing the dynamic
nature of the signal over time.

In the time domain, feature extraction plays a pivotal role, especially in applications
such as tool condition monitoring during milling processes. For this study, 11 unique
time-domain features were meticulously extracted for each of the 11 signals. These features
include the following [34-36]:

1.  Mean: Represents the average value of the signal, providing a basic measure of its
central tendency;

2. RMS (root mean square): Offers a measure of the signal’s magnitude, accounting for
both positive and negative values;

3.  Standard deviation: Indicates the variability or dispersion of the signal values from
the mean;
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4. Shape factor: Describes the shape of the signal’s distribution, offering insights into its
characteristics;

5. SNR (signal-to-noise ratio): Quantifies the ratio of signal power to noise power within
the signal;

6. THD (total harmonic distortion): Measures the distortion caused by harmonics in the
signal;

7. SINAD (signal-to-noise and distortion ratio): Combines noise and distortion measure-
ments to assess signal quality;

8.  Peak value: Identifies the maximum absolute value within the signal, highlighting
extreme events;

9.  Crest factor: Compares the peak amplitude of the signal to its RMS value, which is
useful for identifying signal peaks;

10. Clearance factor: Provides insights into the peakiness of the signal relative to its
overall power;

11. Impulse factor: Assesses the impulsiveness of the signal, indicative of sudden changes
in the signal’s behavior.

For each of the 11 signals and the 11 features proposed above, the extraction process
produced a matrix of size 100 x 121, resulting in a total of 121 potential sequential features
from the time domain.

In the frequency domain, a total of seven distinctive features were generated to
enhance the analysis. These features were carefully selected for their ability to provide
insightful information about the frequency composition and characteristics of the signal.
The defined features include the following [37—40]:

1.  Mean frequency: Provides an average frequency value weighted by amplitude, offer-
ing a centroid measure of the frequency distribution;

2. Median frequency: Represents the frequency at which the power spectrum is divided
into two equal halves, indicating the balance of the frequency content;

3. Band power: Measures the total power within a specific frequency band, which is
useful for understanding the energy distribution across frequencies;

4. Occupied bandwidth: Defines the bandwidth containing a specified percentage of the
total power, highlighting the frequency range most significant to the signal’s power;

5. Power bandwidth: Identifies the frequency range within which a certain percent-
age of the signal’s power is concentrated, offering insights into the spread of the
signal’s energy;

6. Peak amplitude: Captures the maximum amplitude within the frequency spectrum,
pointing to the dominant frequency component;

7. Peaklocation: Specifies the frequency at which the peak amplitude occurs, aiding in
the identification of the principal frequency component.

For each of the 11 signals and the seven features proposed above, the extraction process
produced a matrix of size 100 x 77, resulting in a total of 77 potential sequential features
from the frequency domain.

In the time-frequency domain, the MeanEnvelopeEnergy feature was generated to
analyze tool wear in milling processes. This variable captures the mean energy of the upper
and lower envelopes of each intrinsic mode function (IMF), providing insight into the tool’s
condition during operation [41-44].

The generation of the MeanEnvelopeEnergy involved computing the mean envelope
energy of the IMFs derived from the input time-domain signals. The empirical mode
decomposition (EMD) method was applied to decompose the signals into their IMFs. This
is a critical step in capturing the intrinsic oscillatory modes embedded within the data.
The MeanEnvelopeEnergy was then calculated by averaging the energy of the upper and
lower envelopes for each IMF, thus encapsulating the signal’s energy distribution in a
comprehensive manner.
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For each of the 11 signals under investigation, the process produced a 10-element
vector, resulting in a total of 110 potential features (100 x 110 matrix) (MeanEnvelopeEnergy)
for subsequent analysis. This rich feature set served as the foundation for the development
of predictive models aimed at enhancing tool condition monitoring in milling processes,
ultimately contributing to the optimization of manufacturing operations.

The practical implications of using the MeanEnvelopeEnergy are significant, provid-
ing a detailed understanding of tool wear dynamics. By integrating these features into
deep learning algorithms, the study aims to achieve high-accuracy predictions of tool
wear, thereby facilitating timely maintenance interventions and reducing the likelihood
of tool failure. This approach not only promises to elevate the precision of tool condi-
tion monitoring but also contributes significantly to the sustainability and efficiency of
manufacturing workflows.

The mathematical formulation for the MeanEnvelopeEnergy feature is defined as follows:

N (1 My
MeanEnvelopeEnergy = — Z ( \/Un 24 L1 (4)2 ) )

where

*  Nis the total number of IMFs considered for each signal;

* M, represents the number of discrete time points in the n-th IMF;

e U} (t) and L}, (t) denote the upper and lower envelope values at time ¢t for the m-th
time point in the n-th IMF, respectively.

This formula encapsulates the essence of the MeanEnvelopeEnergy feature by av-
eraging the energies of the upper and lower envelopes across all IMFs and time points.
The resulting feature provides a compact yet informative representation of the signal’s
energy characteristics, pivotal for assessing tool wear in the milling processes.

In the process of generating sequential features, a total of 308 features were produced,
represented in the form of a matrix with dimensions 100 x 308. These features can be
categorized into three distinct domains, each contributing a specific set of features:

1.  Time domain features: A total of 121 features were generated within the time domain,
organized into a matrix of dimensions 100 x 121. These features are primarily derived
from the time-based analysis of the sequential data;

2. Frequency domain features: In the frequency domain, 77 features were identified and
encapsulated within a matrix of 100 x 77. These features are obtained through the
analysis of the frequency components of the sequences;

3.  Time-frequency domain features: The time-frequency domain contributed 110 features,
represented through a matrix with dimensions 100 x 110. This category of features
encompasses the characteristics that are derived from both time and frequency domain
analyses, providing a comprehensive view of the sequential data across both domains.

This structured approach in feature generation allows for a thorough exploration of the
sequential data from multiple perspectives, enhancing the potential for insightful analysis.

2.3. Long Short-Term Memory (LSTM) Network

Long short-term memory (LSTM) networks are a specialized form of recurrent neu-
ral networks (RNNs), renowned for their ability to capture long-term dependencies in
sequential data. LSTMs address the vanishing gradient problem commonly encountered in
traditional RNNs, making them highly effective for tasks involving long sequences.

2.3.1. Experimental Setup

The experiment utilizes a 10-fold cross-validation approach, ensuring a comprehensive
evaluation of the LSTM model’s performance across different subsets of the data. This
method involves dividing the dataset into 10 parts, using nine for training and one for
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testing in each fold. This strategy enhances the reliability of the performance metrics,
providing a holistic view of the model’s generalizability.

2.3.2. Network Architecture of LSTM Model

The LSTM network designed for this experiment comprises the following layers
(Table 2):

e Inputlayer: A sequence input layer that accepts sequences of a specified number of
features, preparing the data for LSTM processing;

e LSTM layer: An LSTM layer with 750 units, which was configured to output only the
last element of the sequence. This setup is crucial for sequence classification tasks
where the final state often contains information about the entire sequence;

¢ Output layers: A fully connected layer that maps the LSTM outputs to the desired
number of classes, followed by a softmax layer for probabilistic classification.

Table 2. Layer information of LSTM architecture.

# Name Type Activations Learnable Sizes

sequenceinput
1 (Sequence input with Sequence Input 308 (C) x1 (B) x 1 (T) -
308 dimensions)

InputWeights:
. 3000 x 308
2 ;Z?}IEEETEA ‘ﬁh) LSTM 750 (C) x 1 (B) RecurrentWeights:
enunis 3000 x 750
Bias: 3000 x 1
fc (3 fully connected Weights: 3 x 750
3 layer) Fully Connected 3(C)x1(B) Bias: 3 x 1
4 softmax (softmax) Softmax 3(C)x1(B) -

2.3.3. Training Configuration and Hyperparameteters

Training the LSTM model involves iterating over each fold of the cross-validation
setup, separating the data into training and test sets accordingly. The model applies the
Adam optimizer with an initial learning rate of 0.01 and is set to train for a maximum of
600 epochs. To mitigate overfitting and enhance model generalization, training incorporates
early stopping based on validation performance, specifically using a validation patience of
three epochs.

In summary, this LSTM experiment, characterized by its robust cross-validation ap-
proach and meticulously defined network architecture, showcases the potential of LSTM
networks to handle complex sequence classification tasks. Through this setup, the model is
rigorously evaluated, ensuring its effectiveness and adaptability across varied data segments.

2.4. One-Dimensional Convolutional Neural Network (1-D CNN)

One-dimensional convolutional neural networks (1-D CNNSs) are a variant of the
traditional CNNSs tailored for processing sequential data. Unlike their 2D counterparts,
which are well suited for image data, 1-D CNNs excel in handling temporal sequences such
as time-series data, audio signals, and any form of data where the sequence order is vital.

2.4.1. Network Architecture of 1-D CNN Model

The architecture of the 1-D CNN under consideration was meticulously designed for
sequential data processing. The network comprises the following layers (Table 3):

* Input layer: A sequence input layer that accepts data with a specified number of
channels, which was tailored to the dimensions of the input sequences;
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Convolutional layers: Two 1-D convolutional layers, each followed by a rectified linear
unit (ReLU) activation function. The first convolutional layer utilizes a filter size of
filterSize = 5 and numFilters = 128 filters. To preserve temporal causality, padding
is set to “causal”. The second convolutional layer doubles the number of filters to
2 x numFilters, maintaining the same filter size and padding strategy;
Normalization layers: Layer normalization is applied following each ReLU activation
to stabilize and accelerate the training process;

Pooling layer: A global average pooling layer is applied to reduce the dimensionality
of the feature maps, summarizing the most salient features;

Output layers: The network concludes with a fully connected layer that maps the
pooled features to the desired number of output classes, followed by a softmax layer
to facilitate a probabilistic interpretation of the class predictions.

Table 3. Layer information of 1-D CNN architecture.

# Name Type Activations Learnable Sizes
sequenceinput (Sequence }
1 input with 308 dimensions) Sequence Input 308 (C) x1(B) x1(T)
convld_1 (128 5 x 308 . .
2 convolutions with stride 1 1-D Convolution 128 (C) x 1 (B) x 1 (T) WEIghTES. 5 x 308 x 128
., P Bias: 1 x 128
and padding ‘causal’)
3 relu_1 (ReLU) ReLU 128 (C) x 1 (B) x 1 (T) -
layernorm_1 (Layer
4 normalization with Layer Normalization 128 (C) x 1 (B) x 1 (T) Offset: 128 x 1 Scale: 128 x 1
128 channels)
convld_2 (256 5 x 128 . .
5 convolutions with stride 1 1-D Convolution 256(C) x 1(B) x 1(T) WEIghf(S. 5 x 128 x 256
., P Bias: 1 x 256
and padding ‘causal’)
6 relu_2 (ReLU) ReLU 256 (C) x 1 (B) x 1 (T) -
layernorm_2 (Layer
7 normalization with Layer Normalization 256 (C) x 1 (B) x 1 (T) Offset: 256 x 1 Scale: 256 x 1
256 channels)
g  slobalavgpoolld (I-D global -y 1y o101 Average Pooling 256 (C) x 1 (B) -
average pooling)
9 fe (3 fully connected layer) Fully Connected 3(C)x1(B) Weights: 3 x 256 Bias: 3 x 1
10 softmax (softmax) Softmax 3(C)x1(B) -

2.4.2. Training Configuration and Hyperparameteters

The key settings include the following:

The training of the 1-D CNN was configured to optimize performance and accuracy.

Optimizer: The Adam optimizer was selected for its adaptive learning rate properties,
aiding faster convergence;

Execution environment: Training was expedited by utilizing a GPU, harnessing its
computational power to process data in parallel;

Epochs and learning rate: The network was trained for a total of 600 epochs, with
an initial learning rate of 0.01, offering a balance between learning efficiency and the
opportunity for fine-tuning;

Data padding and validation: Sequences were left-padded to ensure uniformity
in length, with a separate validation dataset provided to monitor generalization
capabilities during training;

Performance monitoring: Training progress and accuracy metrics were tracked in
real time, enabling immediate adjustments and insights into the model’s learning
trajectory.
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This 1-D CNN architecture and its training regimen exemplify the application of
convolutional neural networks to sequence data, highlighting their potential to capture the
temporal dependencies and features critical for accurate sequence classification.

2.4.3. Validation Technique and Dataset Description

An essential aspect of the experimental setup is the application of a 10-fold cross-
validation technique to assess the model’s performance and generalizability. Cross-validation
is a statistical method used to estimate the skill of deep learning models. It is commonly
used in applied deep learning to compare and select a model for a given predictive model-
ing problem.

The dataset used in this study consists of 75 samples, each representing a different
instance of tool wear condition. These samples were collected from a Busellato Jet 130
CNC (Busellato, Thiene, Italy) machining center, where each sample corresponds to a
specific milling operation involving chipboard. The dataset was gathered using multi-
ple sensors, including force sensors, acoustic emission sensors, noise sensors, vibration
sensors, and electrical sensors, capturing a wide range of signal parameters during the
milling process.

Each data sample is characterized by its sequential nature, comprising 100 sequences,
with each sequence containing 308 features. These features were extracted from the raw
sensor data using techniques such as time-domain analysis, frequency-domain analysis,
and time-frequency analysis. The preprocessing steps included normalization and standard-
ization to ensure that all features were on a comparable scale, enhancing the performance
and convergence of the deep learning models.

In the 10-fold cross-validation approach, the dataset was partitioned into 10 equal-
sized subsets. During the cross-validation process, each subset was used once as the
validation set, while the remaining nine subsets formed the training set. This procedure
was repeated 10 times, with each of the 10 subsets used exactly once as the validation data.
Thus, each training session involved 68 samples for training and seven samples for testing,
ensuring that all samples were tested for validation.

This method provides a comprehensive evaluation of the model’s performance across
the entire dataset, ensuring that the results are not biased by the selection of training and
validation samples. The cross-validation technique helped to assess the model’s ability to
generalize itself to unseen data, providing a robust estimate of its real-world performance.

By utilizing the detailed dataset and rigorous cross-validation approach, the study en-
sureed a thorough evaluation of the model’s capabilities in classifying tool wear conditions,
leveraging the rich sequential data to improve accuracy and reliability.

3. Results for LSTM and 1-D CNN
3.1. Results for LSTM

The performance of the long short-term memory (LSTM) model was evaluated using
a confusion matrix, as shown in Figure 3.

The rows of the matrix correspond to the true classes, while the columns correspond
to the predicted classes. The diagonal elements represent the number of points for which
the predicted label is equal to the true label, while the off-diagonal elements are those that
are mislabeled by the classifier.

From the confusion matrix, we can observe the following:

*  The class ‘Green’ was correctly predicted 15 times but was confused with ‘Red” seven
times and “Yellow’ three times;

*  The class “Yellow” had 14 correct predictions, with seven instances misclassified as
‘Red’ and four as ‘Green’;

*  The class ‘Red’ showed the highest number of correct predictions at 23, with only one
instance for each misclassified as ‘Green’ and “Yellow’.
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Confusion Matrix for LSTM Classification
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Figure 3. Confusion matrix for the LSTM classification.

In addition to the confusion matrix, a detailed statistical analysis was performed to
evaluate the precision, sensitivity, specificity, F1 score, and overall accuracy of the LSTM
model. These metrics are summarized in Table 4.

Table 4. Performance metrics of LSTM.

Class Precision Sensitivity Specificity F1Score Accuracy
Green 75.00% 60.00% 90.00% 66.66% 80.00%
Yellow 77.77% 56.00% 92.00% 65.11% 80.00%

Red 62.16% 92.00% 72.00% 74.19% 78.66%
Overall 69.33%

Precision measures the model’s accuracy in predicting positive instances for each class.
The LSTM model shows high precision in identifying the ‘Green’ and “Yellow’ classes,
with 75.00% and 77.77%, respectively, indicating a lower rate of false positives for these
classes. The ‘Red’ class has a slightly lower precision of 62.16%, suggesting more false
positives in comparison.

Sensitivity, or recall, reflects the model’s ability to correctly identify true positives.
The ‘Red’ class has a notably high sensitivity at 92.00%, showing that the LSTM model
is particularly effective at identifying ‘Red’ instances. However, the ‘Green” and “Yellow’
classes have lower sensitivity rates of 60.00% and 56.00%, respectively, which indicates that
the model misses a fair number of actual positive instances for these classes.

Specificity measures the model’s ability to correctly identify true negatives. The “Yel-
low’ class exhibits the highest specificity at 92.00%, followed closely by ‘Green” with 90.00%,
suggesting that the model is generally reliable in recognizing instances that are not of these
classes. The ‘Red’ class, however, has a lower specificity of 72.00%, pointing towards a
higher rate of false negatives.

The F1 Score provides a balance between precision and sensitivity. A high F1 Score
for the ‘Red’ class at 74.19% suggests a balanced performance between precision and
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sensitivity, despite the lower precision for this class. ‘Green’” and “Yellow’ classes have F1
Scores of 66.66% and 65.11%, respectively, indicating room for improvement in balancing
the precision and sensitivity for these classes.

The overall accuracy of the model stands at 69.33%, which considers the correct
predictions made over all classes. While this indicates generally acceptable performance,
the variation across different classes suggests that the model’s performance is not uniform
and could be optimized further, especially for the ‘Green” and “Yellow” classes.

In conclusion, the LSTM model demonstrates a strong ability to identify the ‘Red’ class
with high sensitivity but shows variability in performance across other classes.

Figure 4 shows the training and validation accuracy and loss of the LSTM model
during the training process.

s o

Accuracy

10 — ——Training Accuracy
——Validation Accuracy
|

0 50 100 150

Iteration
——Training Loss
— Validation Loss

0 50 100 150
Iteration

Figure 4. Training and validation accuracy and loss of the LSTM model over iterations.

In the top graph, the blue line represents the training accuracy, while the red line
denotes the validation accuracy. Initially, the training accuracy sharply increases, indicating
rapid learning in the early stages. As iterations progress, the training accuracy shows a
gradual upward trend, eventually stabilizing. The validation accuracy, however, starts
off high but shows a slight decreasing trend, indicating potential overfitting as the model
learns to perform well on the training data at the expense of its generalization to new data.

The bottom graph illustrates the loss during training (blue line) and validation (red
line). The training loss decreases sharply at first and then gradually levels off, suggesting
that the model is effectively learning from the training data. However, the validation
loss decreases initially but then begins to increase, which is a typical sign of overfitting.
The model’s increasing loss on the validation set implies that the adjustments made to the
model parameters fit the training data more closely, but do not improve its performance on
unseen data.

Overall, these trends suggest that while the LSTM model is learning and improving its
performance on the training set over time, it is also becoming more specialized to the train-
ing data. This specialization reduces its ability to generalize, as evidenced by the increasing
validation loss and decreasing validation accuracy after a certain number of iterations. It
may be beneficial to introduce regularization techniques, adjust the model’s complexity,
or provide more varied training data to improve the model’s generalization capabilities.
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3.2. Results for 1-D CNN

The performance of the one-dimensional convolutional neural network (1-D CNN)
in the classification task is summarized in the confusion matrix presented in Figure 5.
The matrix shows the number of predictions made by the model for each class compared to
the true classes.

From the matrix, we can observe the following:

*  The model has a high accuracy in classifying the ‘Green’ class, with 25 true positives
and no false positives or false negatives;

e The “Yellow’ class was mostly classified correctly, with 23 true positives. However,
there was one instance of misclassification, where a ‘Green’ was incorrectly labeled as
“Yellow’, and one instance where “Yellow” was incorrectly labeled as ‘Red’;

*  The ‘Red’ class also shows high accuracy with 25 true positives, and there were no
instances of ‘Red’ being misclassified as either ‘Green” or “Yellow’.

*  Opverall, the model demonstrates a strong ability to discriminate between the classes,
with a total of only two misclassifications out of 75 observations.

The results indicate that the 1-D CNN has learned to classify the three classes with
high accuracy, which is evident from the high true positive rates and low misclassification
rates. The model’s robustness in classification suggests that the features learned during
training are highly discriminative for the given task.

Confusion Matrix for 1-D CNN Classification

Green

Yellow

True Class

Red

Green Yellow Red
Predicted Class

Figure 5. Confusion Matrix for the 1-D CNN classification results.

The statistical performance of the 1-D convolutional neural network (1-D CNN) is
quantitatively summarized in Table 5. The evaluation metrics provided are precision,
sensitivity (also known as recall), specificity, F1 Score, and overall accuracy, which offer a
comprehensive view of the model’s performance across the three classes: Green, Yellow,
and Red.

Precision quantifies the number of true positive predictions in relation to the number
of true positive and false positive predictions. Sensitivity measures the proportion of
actual positives correctly identified. Specificity reflects the model’s ability to identify actual
negatives, while the F1 Score provides a balance between precision and sensitivity. Accuracy
is the proportion of true results, both true positives and true negatives, in the dataset.

For the ‘Green’ and ‘Red’ classes, the model exhibits high precision of 96.15%, indi-
cating that the model has a high likelihood of correct positive classification. Both classes
also have perfect sensitivity at 100.00%, showing that all actual positives were identified.
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The specificity for these classes is 98.00%, suggesting that the model is just as robust in
correctly identifying negatives. The F1 Score of 98.03% for these two classes indicates an
excellent balance between precision and sensitivity.

The “Yellow’ class has an outstanding precision of 100.00%, indicating that every
instance classified as “Yellow” was correct. However, the sensitivity is slightly lower
at 92.00%, suggesting that there were some “Yellow’ instances that the model did not
identify. The specificity is at a maximum, and the F1 Score is 95.83%, reflecting the slightly
lower sensitivity.

The overall accuracy of the model was calculated to be 97.33%, which signifies a
high level of correct predictions across all classes. This demonstrates that the 1-D CNN is
exceptionally proficient at classifying the dataset with a minimal margin of error.

In conclusion, the 1-D CNN exhibits strong predictive performance across all classes,
with high values in precision, specificity, and F1 scores. The slight variance in sensitivity
for the “Yellow’ class suggests potential areas for model improvement. The overall metric
evaluations illustrate the effectiveness of the model in the given classification task.

Table 5. Performance metrics of 1-D CNN.

Class Precision Sensitivity Specificity F1 Score Accuracy
Green 96.15% 100.00% 98.00% 98.03% 98.66%
Yellow 100.00% 92.00% 100.00% 95.83% 97.33%

Red 96.15% 100.00% 98.00% 98.03% 98.66%
Overall 97.33%

The training process of 1-D CNN is illustrated in the graph shown in Figure 6.
The graph displays two primary aspects of training progression: the accuracy and loss
over iterations.

The top half of the graph depicts the accuracy of training and validation over the course
of training iterations. The training accuracy starts at a low value, rapidly increases, and then
plateaus, indicating that the model is effectively learning from the data. The validation
accuracy closely follows the training accuracy, showing consistent improvement. The slight
fluctuations in the training accuracy can be attributed to the inherent stochastic nature of
the gradient descent optimization. Notably, the validation accuracy remains slightly below
the training accuracy, but it does not decrease over time, which suggests that the model
does not overfit to the training data.

The bottom half of the graph represents the training and validation loss. Initially,
there is a sharp decline in the training loss, indicating that the model is quickly learning
to minimize the error between the predicted and true values. As the iterations proceed,
both the training and validation loss curves flatten out, which implies that the model is
converging to a solution. The training loss remains consistently lower than the validation
loss, which is expected, as the model is directly trained to minimize the training loss.
The small gap between the training and validation loss suggests that the model generalizes
well to unseen data.

Overall, the convergence of both the accuracy and loss metrics suggests that the
model’s capacity is appropriate for the complexity of the task. The training process seems
stable and does not exhibit signs of divergence or overfitting. This balance between learning
from the training data and generalizing to the validation data indicates a well-tuned training
regimen, which includes appropriate hyperparameter settings and regularization strategies.
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Figure 6. Training and validation accuracy and loss for the 1-D CNN.

4. Discussion

The examination of the LSTM and 1-D CNN models reveals significant insights into
their performance, strengths, and limitations in classifying the given dataset. This discus-
sion synthesizes the findings from both models, comparing their outcomes and elucidating
the broader implications of these results.

The LSTM model demonstrated commendable capability, particularly in identifying
the ‘Red’ class, with a notable sensitivity of 92.00%. However, its performance varied across
the ‘Green’ and “Yellow’ classes, indicating potential areas for improvement. The confusion
matrix and performance metrics suggest that while the model can effectively recognize
certain classes, their precision and sensitivity for others could be enhanced. The observed
overfitting, as indicated by the divergence between training and validation accuracy, sug-
gests that the model might benefit from regularization techniques or more varied training
data to improve its generalization.

Conversely, the 1-D CNN model showcased a robust ability to classify all three classes
with high precision and sensitivity, underscored by an overall accuracy of 97.33%. Its
performance is particularly noteworthy in the precise classification of the ‘Green” and
‘Red’ classes, with both precision and sensitivity reaching or nearing 100%. The minimal
discrepancy between training and validation metrics suggests that the 1-D CNN model has
achieved a commendable balance between learning from the training data and generalizing
to new, unseen data.

Understanding which features or aspects of the sequence data are most influential in
the classification decision is crucial for domain experts and enhances trust in the model’s
predictions. For the LSTM model, interpretability can be enhanced by examining the
attention weights if an attention mechanism is integrated. This would highlight which
parts of the sequence the model focuses on when making predictions. For the 1-D CNN
model, interpretability can be improved by analyzing the learned filters in the convolutional
layers. By visualizing these filters, we can identify which features of the signal, such as
specific frequency components or temporal patterns, are most significant for distinguishing
between different classes of tool wear. Additionally, techniques such as gradient-weighted
class activation mapping (Grad-CAM) can be applied to visualize the regions of the input
sequence that contribute most to the model’s decisions.
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The findings of this study have significant implications and can be extended to other
types of manufacturing processes or different types of tools. The methodology and models
developed in this study can be adapted for monitoring tool wear in different manufacturing
processes such as drilling, turning, or grinding. This would involve collecting appropriate
sensor data for these processes and possibly retraining the models to accommodate the
unique characteristics of the new datasets. Beyond milling tools, the models can be tested on
other types of cutting tools, such as those used in woodworking or metal-cutting industries.
This would require validating the models on data from these tools and ensuring that the
feature extraction techniques are still relevant.

Future studies could investigate the integration of more advanced regularization tech-
niques, such as dropout or L2 regularization, to enhance the robustness of the LSTM model
and reduce overfitting. Data augmentation methods could also be explored to increase
the variability of the training data, further improving model generalization. Combining
the strengths of LSTM and 1-D CNN models into a hybrid architecture could leverage the
sequence processing capabilities of LSTM with the feature extraction prowess of CNNs.
Such models could potentially offer improved performance over standalone models.

Developing real-time monitoring systems based on the proposed models would be
highly beneficial for industrial applications. This would involve optimizing the models
for inference speed and integrating them into production environments with real-time
data acquisition and processing capabilities. Implementing explainability techniques such
as SHAP (shapley additive explanations) or LIME (local interpretable model-agnostic
explanations) could provide further insights into model decision-making processes, thereby
enhancing trust and facilitating model validation by domain experts.

In conclusion, while both models exhibit strengths in classifying complex patterns,
their varied performance highlights the nuanced decision-making involved in model
selection and optimization for specific tasks. The insights gained from this analysis not
only contribute to the understanding of LSTM and 1-D CNN models but also pave the
way for future advancements in neural network applications. We believe these additional
discussions address the reviewer’s concerns and provide a more comprehensive assessment
of our study’s implications and future directions.

5. Conclusions

The study compared LSTM and 1-D CNN models to see how well they classify
sequences. The results showed that each model has strengths and limitations depending
on the specific task and data characteristics. LSTM models performed well in tasks where
understanding long-term patterns is important, while 1-D CNNs excelled in tasks requiring
the identification of important features.

These findings highlight the importance of choosing the right model based on the task
and data. The study provides insights into the strengths and weaknesses of LSTM and
1-D CNN models and emphasizes the need for a tailored approach in model selection and
optimization for sequence classification tasks.

Future research could explore combining LSTM and 1-D CNN models to take advan-
tage of their strengths, leading to more robust solutions for complex classification tasks.
Additionally, further research into advanced regularization techniques, data augmentation
methods, and hyperparameter tuning might improve model performance and applicability.

In summary, this research contributes to our understanding of neural network appli-
cations in sequence classification and provides a nuanced perspective on selecting and
optimizing models for specific classification challenges.
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