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Abstract: Tool condition monitoring (TCM) is crucial in the machining process to confirm product
quality as well as process efficiency and minimize downtime. Traditional methods for TCM, while
effective to a degree, often fall short in real-time adaptability and predictive accuracy. This research
work aims to advance the state-of-the-art methods in predictive maintenance for TCM and improve
tool performance and reliability during the milling process. The present work investigates the
application of Deep Learning (DL) and Reinforcement Learning (RL) techniques to monitor tool
conditions in milling operations. DL models, including Long Short-Term Memory (LSTM) networks,
Feed Forward Neural Networks (FFNN), and RL models, including Q-learning and SARSA, are
employed to classify tool conditions from the vibration sensor. The performance of the selected DL
and RL algorithms is evaluated through performance metrics like confusion matrix, recall, precision,
F1 score, and Receiver Operating Characteristics (ROC) curves. The results revealed that RL based on
SARSA outperformed other algorithms. The overall classification accuracies for LSTM, FFNN, Q-
learning, and SARSA were 94.85%, 98.16%, 98.50%, and 98.66%, respectively. In regard to predicting
tool conditions accurately and thereby enhancing overall process efficiency, SARSA showed the best
performance, followed by Q-learning, FFNN, and LSTM. This work contributes to the advancement
of TCM systems, highlighting the potential of DL and RL techniques to revolutionize manufacturing
processes in the era of Industry 5.0.

Keywords: milling; TCM; vibration signals; tool wear; deep learning; LSTM; reinforcement learning;
Q-learning

1. Introduction

The cutting tool is in contact with the workpiece during the machining process, and the
degree of wear will have a direct influence on the quality of the machining process. Making
changes to the tool based on personal experience will always result in poor judgment. Early
tool replacement will lower the tool’s utilization rate and raise production costs. If the tool
is not changed promptly, the workpiece’s surface quality will quickly deteriorate, resulting
in the creation of unqualified products. Acute tool wear can lead to chatter, chipping, and
tool fractures, as well as harm to the machine tool and operator. Hence, it is crucial to keep
an eye on the tool’s condition during actual machining to minimize unnecessary downtime
and the processing costs brought on by tool wear [1,2]. Tool Condition Monitoring systems
(TCMs) in the manufacturing sector have been increasingly favored to mitigate the expenses
linked to tool wear and failure. Twenty percent of machine tool downtime is caused by tool
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failure, indicating that tool wear affects the precision and quality of the machined surface,
as well as equipment efficiency [3].

TCMs with high accuracy are crucial for raising machine part quality and productiv-
ity. In light of this perspective, a substantial quantity of research in the field of TCMs is
being conducted globally [4]. Direct and indirect monitoring are the two major classes of
cutting tool monitoring techniques [2]. Since indirect approaches are more flexible than
direct methods, they have become very popular. Vibration signals [4–6], cutting force [7,8],
acoustic emission (AE) [7], spindle motor current [9], cutting zone temperature [10], vision
system [11], and machined surface images [12] are some of the commonly used indirect
monitoring signals. TCMs are essential to contemporary manufacturing procedures, partic-
ularly for tasks requiring a high degree of precision, like milling. Through cost reductions
and productivity increases, they offer considerable economic advantages in addition to
fostering sustainability and ongoing development. TCMs play a crucial role in attaining
operational excellence and competitiveness as manufacturing shifts to more sophisticated
and intelligent systems.

Many techniques, including data-driven/statistical models and physics-based mod-
els, have been developed to accurately predict tool wear. Physics-based models need a
thorough understanding of the system to create models based on the essential failure mech-
anisms. Because of the wear process’s complexity and a lack of complete understanding,
accurate analytical models are uncommon and, as a result, have a limited scope and set of
applications. For the models to be trained, data-driven models need a large amount of data,
but they do not require much process expertise [13,14]. Machine Learning (ML) algorithms
are used for classification and regression problems [15].

A TCM for end milling was developed through the extraction of Hoelder’s Expo-
nent (HE) characteristics from vibration signatures with various Machine Learning (ML)
algorithms, and it was found that the Support Vector Machine (SVM) and Decision Tree
(DT) with HE and wavelet features yielded better classification accuracies of 99.86% and
100%, respectively [5]. Vibration signals were processed to extract statistical characteristics
like variance, skewness, kurtosis, and mean [16]. A detailed review of Deep Learning
(DL) architectures and frameworks was reviewed [17]. The milling process employed a
Convolutional Long Short-Term Memory Network (ConvLSTM) to monitor the condition
of the tool. ConvLSTM combines the benefits of Convolutional Neural Network (CNN)
local characteristic extraction with the sequential modeling capability of LSTM to better
accomplish the anticipation task by substituting the convolution operation for the matrix
product in the LSTM cell [18]. CNN models are used for image classification problems [19]
and surface profile classification [20].

A TCM for the milling process was developed with vibration and cutting force signals
using a Deep Belief Network (DBN) and yielded a classification accuracy of 99% [21].
To develop the online TCMs, Dou et al. [22] gathered the cutting force and vibration
signals during the milling process and built a Sparse Auto-Encoder (SAE). Cai et al. [23]
employed stacked LSTM networks to gather deep features from NASA and PHM datasets.
The statistical, frequency, and time–frequency domain features were fed into a nonlinear
regression model to track the tool condition. Various ML models like Linear Regression
(LR), Support Vector Regression (SVR), Multi-Layer Perceptron (MLP), CNN, and LSTM
were applied, and LSTM yielded the highest accuracies of 97.85% and 90.06% for the
2010 PHM and NASA data sets, respectively.

Ou et al. [24] applied Gaussian kernel functions to augment the attribute learning
capability of the novel Deep Kernel Auto-Encoder (DKAE) optimized with Gray Wolf
Optimizer (GWO) to monitor the milling tool condition. The three-axis motor current was
considered an input feature, and various other ML models were employed to estimate
the performance of the suggested model. The results revealed that the suggested model
enhanced accuracy by 8% compared to the baseline ML models. Along with DL models,
transformers also have a significant role in classification problems [25]. Transfer learning
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(TL) has a significant effect on TCM. The Inception-V3 with TL model yielded a maximum
accuracy of 99.4% to predict the tool wear with images [26].

Liu et al. [27] employed Fully Connected Networks (FCN) to predict tool conditions, Par-
allel Residual Networks (PRes), and stacked bidirectional LSTM networks (PRes–SBiLSTM)
to extract features from AE, cutting force, and vibration signals. The proposed algorithm
was compared with LR, SVR, Residual Network (ResNet), ResNet and a Stacked Bidirec-
tional LSTM (ResNet–SBiLSTM), and Parallel CNN and SBiLSTM (PCNN–SBiLSTM) and
found that the proposed model performed better than the baseline models. Chen et al. [28]
combined an AE signal with tool images to monitor tool conditions during milling opera-
tions. They mapped the wear quantity taken from the vision camera with the attributes of
the AE and used ML techniques like BPNN and SVM. The proposed method yielded an
accuracy of 96.11%.

A deep CNN was used to extract attributes to afford automatic online TCM [29].
Nguyen et al. [30] introduced a DL model with Stacked Auto-Encoders (SAE) to recognize
tool conditions during the machining of cast iron. The SAE model recognized different
tool conditions with high accuracy and achieved high classification accuracy. Ma et al. [31]
created a DL model to predict the tool wear using force signals during titanium alloy
milling by combining two CNN + BiLSTM and a CNN Bi-Directional Gated Recurrent Unit
(CNN + BiGRU) models. The proposed model performed better than other DL models,
with an error of 8%.

Various research work has been carried out to predict tool wear and classify tool
conditions using ML and DL models with various features like time, frequency, and
time–frequency domain. To the best of the authors’ knowledge, the implementation of
TCM with Reinforcement Learning (RL) was not explored further. RL offers a powerful
framework for addressing dynamic decision-making problems in TCM. By leveraging RL,
TCM systems can continuously learn and adapt to changing conditions, optimizing tool
usage and process parameters in real time. The objective is to explore the performance
of RL in TCM applications and compare the results with DL algorithms. The research
questions addressed in this work are as follows:

RQ1: Study the effect of tool wear on vibration signals.
RQ2: Analyze the performance of DL and RL for TCM applications.

2. Materials and Methods
2.1. Workpiece Material

The workpiece, which had measurements of 100 × 50 × 50 mm, was designated as
“Mild steel” for the face milling process. For the operation, mild steel of the ASTM A36
grade was employed. Due to its low cost, high force resistance, and suitability for various
machining methods, mild steel was chosen as the workpiece. Additionally, due to these
qualities, mild steel is the most commonly used workpiece [32].

2.2. Cutting Tools

Face milling is a type of machining process that involves using a CNC milling machine.
The Gaurav BMV 35 series CNC milling machine was used. A tungsten carbide tool was
utilized in this face milling operation (Mitsubishi Materials, Tokyo, Japan SEMTI3T3AGSN-
IM VPISTF). The face-milling cutter had four flutes. The face-milling process was carried
out with optimal parameters of 2600 RPM spindle speed, 130 mm/min feed rate, and
1.5 mm depth of cut with commercial cutting fluid. Three different tools with different
wear lands were used. The tools were designated as “New”, “working” (less than 0.2 mm
wear), and “dull” (greater than 0.3 mm wear). The machining setup used is presented in
Figure 1.
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Figure 1. Experimental setup.

2.3. Measurement

An Arduino-based Data Acquisition System (DAQ) is integrated into a TCM. The
code in the Arduino IDE uses an Adafruit library to record acceleration in the x, y, and
z axes. Utilizing an MPU 6050 accelerometer (TDK InvenSense, San Jose, CA, USA),
the vibration signal is recorded. There is a sequential mention of the circuit connection
between the MPU 6050 Accelerometer and the Arduino Uno Rev 3 (Make: Arduino, Torino,
Italy, Controller: ATmega328P, Microchip Technology, Chandler, AZ, USA). Analog pin
A5 (Arduino)—SCL (MPU6050 Accelerometer), Analog pin A4 (Arduino)—SCA, GND
(Arduino)—GND (MPU6050 Accelerometer), and 5 V input (Arduino)—VCC (MPU6050
Accelerometer) are the connections that are made using jumper cables. The MPU6050 sensor
is calibrated to negate the slag value once it is fixed in the spindle of the CNC machine.

2.4. Decision-Making Algorithm

Decision-making algorithms are crucial for implementing effective TCMs in manu-
facturing. These algorithms analyze data from sensors and make decisions about the tool
conditions. From simple rule-based systems to advanced reinforcement learning tech-
niques, each approach has its advantages and challenges. By selecting and combining the
appropriate algorithms, TCMs can be designed to provide accurate real-time monitoring
and decision-making, leading to optimized tool usage, reduced downtime, and enhanced
product quality. In this work, DL and RL algorithms were used for predicting the tool
condition.

2.5. Deep Learning (DL)

A form of machine learning called DL uses multiple-layered neural networks to learn
from and extract features from vast volumes of data. Furthermore, it is anticipated that
tool condition and process monitoring will be among the possible manufacturing domains
where DL will find applications. As opposed to conventional machine learning methods,
DL has the potential to automatically learn complicated and hierarchical representations of
data, which can result in more accurate predictions and improved performance. Figure 2
represents the architecture of the DL model.
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2.6. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a kind of Recurrent Neural Network (RNN)
model that is extensively employed for prediction tasks, and it is designed to overcome the
hurdles of traditional RNNs, particularly the vanishing and exploding gradient problems
and a restricted capacity to recall long-term requirements. The core of LSTM architecture
is its memory cell, which can preserve its state over time, and three gates, the input, the
forget, and the output gates, regulate the flow of data into and out of the cell. The cell state
is the memory of the network. It carries information across the entire sequence processing
and can be modified by the various gates. The hidden state is the output of the LSTM unit
at each time step. It is used for the final output of the sequence processing and influences
the cell state updates. The architecture of the LSTM model is illustrated in Figure 3.

J. Sens. Actuator Netw. 2024, 13, x FOR PEER REVIEW 6 of 21 
 

 

  
Figure 3. LSTM of architecture. 

2.7. Feed Forward Neural Network (FFNN) 
A group of artificial neural networks known as FFNN evaluates input data and pro-

vides predictions using a network of linked layers. A single-layer perceptron is called 
FFNN. The architecture of FFNN is shown in Figure 4. A sequence of inputs is fed into the 
layer and multiplied by the weights of the model. The total is computed by totaling the 
weighted input values. The output layer generates the final predictions, whereas the input 
layer gets the data from the input source. The output value is 1 if the sum of the values 
goes beyond a set value, which is normally set at 0, and −1 if the sum is less than the set 
value. Backpropagation is a technique for training FFNNs that entails changing the net-
work’s weights to reduce the difference between the expected and actual output. An 
FFNN is an architecture where data move in one direction, moving from the input layer 
via hidden layers until reaching the output layer. There are no feedback connections in 
this network. In this study, the architecture consists of FC layers, where each neuron is 
linked to all neurons in the previous and following layers. This type of network is com-
monly employed for classification tasks, as it learns to associate input features with class 
labels by adjusting weights and biases during training. 

 
Figure 4. Architecture of FFNN. 

2.8. Reinforcement Learning (RL) 

Figure 3. LSTM of architecture.

The input gate establishes whether the data from the previous timestamp should be
saved in memory or if it is irrelevant and can be disregarded. The input to this cell is
where the forget gate looks for new information. The updated information from the present
timestamp is finally passed to the succeeding timestamp by the output gate. As illustrated
in Figure 3, the input at the present step and the hidden state of the preceding time step
are fed into the LSTM gates. For the input gate, forget gate, and output gate, three fully



J. Sens. Actuator Netw. 2024, 13, 42 6 of 19

connected (FC) layers with sigmoid activation functions calculate their values. All the gate
values are within the range of (0, 1) due to the sigmoid activation.

2.7. Feed Forward Neural Network (FFNN)

A group of artificial neural networks known as FFNN evaluates input data and
provides predictions using a network of linked layers. A single-layer perceptron is called
FFNN. The architecture of FFNN is shown in Figure 4. A sequence of inputs is fed into
the layer and multiplied by the weights of the model. The total is computed by totaling
the weighted input values. The output layer generates the final predictions, whereas the
input layer gets the data from the input source. The output value is 1 if the sum of the
values goes beyond a set value, which is normally set at 0, and −1 if the sum is less than
the set value. Backpropagation is a technique for training FFNNs that entails changing the
network’s weights to reduce the difference between the expected and actual output. An
FFNN is an architecture where data move in one direction, moving from the input layer via
hidden layers until reaching the output layer. There are no feedback connections in this
network. In this study, the architecture consists of FC layers, where each neuron is linked
to all neurons in the previous and following layers. This type of network is commonly
employed for classification tasks, as it learns to associate input features with class labels by
adjusting weights and biases during training.
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2.8. Reinforcement Learning (RL)

A type of ML called RL trains an agent how to function in a given environment by
observing how it is rewarded or punished for its behaviors. RL aims to discover the
best policy to expand the forecasted reward over time. Model-based and model-free RL
algorithms are the two basic subtypes [33]. While model-free algorithms learn directly from
experience without a model, model-based algorithms employ a model of the environment
to anticipate the effect of an action. The block diagram for RL is presented in Figure 5.
There are five fundamental components to the RL approach [34].

➢ An agent interacts with its surroundings after being trained by a goal-oriented algorithm.
➢ A state, represented by the symbol “st”, is the data gathered from the surroundings.
➢ An award is represented by the symbol “rt” and is the result of an agent’s interaction

with the environment, either positive or negative.
➢ A behavior is an agent’s manner of moving that is expressed as “at” and is determined

by the information they have gathered from their surroundings.
➢ The agent observes the given environment.
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By tuning a model’s parameters depending on input from the environment, reinforce-
ment learning may be used to increase the accuracy of predictions. For instance, in a speech
recognition system, the agent can be trained to modify the neural network’s weights to
increase the recognition accuracy of the speech. To increase the model’s accuracy, rein-
forcement learning may also be used to optimize hyperparameters like learning rates and
regularization parameters. The precision of predictions can be increased with less manual
adjustment and monitoring by utilizing RL.

2.9. Q-Learning

Q-learning is a type of RL algorithm, which is a model-free algorithm and an off-policy
algorithm that estimates the optimum action-value function Q (s, a) of an agent, which
represents the anticipated long-term reward for standing a given action in a given state.
The block diagram for Q-learning is shown in Figure 6. During the training process, the
agent cooperates with the environment by pleasing actions and obtaining rewards. It
uses the Bellman equation to update its Q-values based on the performed rewards and
switches between states and actions. The agent learns to select actions that maximize the
anticipated long-term reward, which is determined by the Q-values. By iteratively applying
the Bellman equation, the Q-values eventually converge to the optimal values.
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2.10. SARSA

For resolving Markov decision processes, reinforcement learning is employed with the
SARSA algorithm. The acronym “SARSA” stands for the algorithm’s update of its Q-values
through the use of the tuple (state, action, reward, next state, next action). It adopts an
“on-policy” strategy (epsilon-greedy), which suggests that it educates itself on how the
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policy being implemented will promote environmental interactions [35]. According to
the information the agent has learned from interacting with the environment, the SARSA
technique continuously modifies its Q-value estimations. The program uses an epsilon-
greedy technique, in which the agent selects the action with the larger value of Q with a
probability of 1, epsilon, and a random action with a probability of striking an equilibrium
between operation and searching.

Prediction accuracy, which includes estimating how well a model will perform on
data that has not yet been observed, is a fundamental machine learning challenge. SARSA
can be used to estimate a model’s accuracy by training it on a subset of the data and then
testing it on an unseen data set. The algorithm can discover the relationship between
the attributes and the target to assess the model’s accuracy on new data. SARSA can be
integrated with other methods, such as gradient boosting or neural networks, to improve
prediction accuracy. By estimating a model’s accuracy, researchers and practitioners can
assess whether it is suitable for a certain task and can identify areas that need improvement.

2.11. Performance Metrics

The performance metrics are crucial for estimating the efficiency of the model [36].
The metrics used in this work are given below.

Confusion Matrix: A table that describes the performance of the ML model by dis-
playing the values of True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN).

FP: No. of negative cases incorrectly categorized as positive.
TN: No. of negative cases correctly categorized as negative.
TP: No. of positive cases correctly categorized as positive.
FN: No. of positive cases incorrectly categorized as negative.
Precision: It evaluates the accuracy of the correct predictions.

Precision =
TP

TP + FP

Recall: It determines the ability of the model to find all the relevant cases. It is also
called “True Positive Rate” (TPR) or Sensitivity.

Recall =
TP

TP + FN

Accuracy: It represents the percentage of properly categorized cases out of the total
number of cases.

Accuracy =
No. o f correct predictions
Total No. o f predictions

False Positive Rate (FPR): It indicates the percentage of negative cases that are incor-
rectly categorized as positive. In other words, it measures how often the model incorrectly
predicts the positive class. A lower FPR indicates a better performance in terms of minimiz-
ing misclassification.

FPR =
FP

FP + TN
F1 Score: It is the harmonic mean of Precision and Recall, providing stability between

the two.
F1 Score = 2 × Precision × Recall

Precision + Recall
ROC Curve (Receiver Operating Characteristic Curve): A graph showing the perfor-

mance of a classification model at all classification thresholds. It plots the Recall against
the FPR.
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3. Results and Discussion
3.1. RQ1: Study the Effect of Tool Wear on Vibration Signals
Effect of Flank Wear on Vibration Signals

The nature of the vibration signal starts from the machining process and includes
the parts of free, forced, periodic, and random types of vibration. It is difficult to directly
measure the vibration signals due to its formative distinctive feature, and the mode of
vibration depends on the frequency. Hence, the vibration is measured as an acceleration
signal [37].

The vibration in the x, y, and z axes was used to estimate resultant vibration (Vr)
signals. The Vr signal was employed to predict the cutting tool condition. The Vr signals
for cutting tools with different tool conditions are presented in Figure 7. The dull tool had
a maximum vibration of 22 g. At the initial stage of the cutting process, the new tool also
exhibits significant vibration due to contact with the cutting tool and workpiece. Due to
the effect of tool wear, the vibration amplitude was increased [38].
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The statistical response of resultant vibration signals is presented in Figures 8–10. In
all the statistical responses, the amplitude for the dull tool was higher than for the new and
working tools. It was identified that time-domain vibration signatures were very sensitive
to tool wear. The experimental results proved that the RMS, kurtosis, and skewness values
heightened significantly for dull tools. The increase in amplitude for dull tools was found
in the literature [39,40]. Also, the same trend was found in the drilling process [41]. When
tool wear increased, the acceleration signal in each axis was increased. Hence, the resultant
vibration also increased. Due to failed cutting edges, the expanded wear leads to a rise
in the contact area between the tool and the workpiece. In general, vibration amplitude
increased with an increase in flank wear [42,43].
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3.2. RQ2: Analyze the Performance of DL and RL for TCM Applications
3.2.1. TCM Using DL Models

The classification algorithm incorporates an LSTM model, a variant of RNNs. First,
the training data is sourced from an Excel file and categorized into three groups. These
categories are then merged into a unified dataset. Next, the data is partitioned into training
and testing, with 80% assigned for training and the remaining 20% for testing purposes.
The training process for the input data involved utilizing a dataset comprising 24,000 data
points, categorized into three groups: 800 “new”, 800 “working”, and 800 “dull”. The
architecture of the LSTM model is defined, incorporating various layers such as sequence
input, LSTM, FC layers, Softmax, and Output layers. Training the model involves utilizing
the Adam optimizer and specific training options, including maximum epochs, mini-
batch size, shuffling, and validation data. Following training, the model is devoted to
anticipating outputs on the test set, and its performance is assessed using accuracy metrics
and a confusion matrix [44,45]. For each class, 200 data points were used for testing.

The confusion matrix offers valuable insights into the distribution of predicted labels
compared to the true labels. This algorithm effectively showcases the ability of LSTM
models to capture sequential dependencies, making them applicable to tasks such as time
series analysis or text classification. During the training process, the dataset was fed to
the LSTM model, which iteratively learned the patterns and relationships within the input
sequences. The learning rate of 0.001 determined the step size for adjusting the model’s
internal parameters during training, controlling the rate at which the model adapted to
the data. The average accuracy of 94.85% achieved on the test set indicated how well the
trained LSTM model generalized to unseen data. This accuracy was attained by configuring
the LSTM algorithm with specific parameters, such as a learning rate of 0.001, 100 epochs,
and 240 iterations per epoch. This repetitive training allowed the LSTM algorithm to
gradually improve its performance by refining its predictions and reducing the overall
prediction error. This performance metric serves as a measure of the model’s predictive
capability and provides an estimate of its accuracy when deployed in real-world scenarios.

A confusion matrix was generated to validate the obtained results and assess the
prediction accuracy of test data. The confusion matrix is depicted in Figure 11 and visually
represents the model’s performance. It consists of a tabular layout with three rows and three
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columns. The values in the confusion matrix represent the number of samples from each
category that were correctly or incorrectly classified by the model. In the given confusion
matrix, the first row indicates the new category. The model correctly predicted 181 samples
as new, while 19 samples from this category were misclassified as working. The second row
represents the working category. The model accurately identified 188 samples as working
but misclassified 12 samples from this category as new. The third row corresponds to the
dull category. All 200 samples from this category were correctly classified as dull. The
model’s performance can be evaluated by predicting the different categories by analyzing
the confusion matrix. It demonstrates that the model achieved high accuracy in classifying
the dull category, while it had a higher rate of misclassification between the new and
working categories.
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In summary, a prediction model was trained by utilizing the LSTM algorithm with
the specified configuration parameters, including the dataset size, learning rate, number
of epochs, and iterations per epoch. With an average accuracy of 94.85%, the LSTM
algorithm effectively predicted outcomes based on the given dataset. The classification
report and Receiver Operating Characteristics (ROC) curve are shown in Table 1 and
Figure 12, respectively. From Figure 12, it was observed that the ROC curves for all
three classes were closer to one, which indicates the accurate classification for all three
classes. The classification accuracy of the model is 94.85%, indicating that the model
correctly classifies 95% of all instances. The precision is 97.5%, meaning that when the
model predicts positive, it is correct 97% of the time. The recall is 83%, showing that the
model correctly identifies 83% of all actual positive cases. The F1 score, which balances
precision and recall, is 94.66%. Finally, the specificity is 87.5%, indicating that 87.5% of
the actual negative instances are correctly identified. High precision (94%) suggests the
model is good at minimizing FPs. A high recall (94%) signifies that the model misses very
few positive instances (false negatives). For monitoring tool wear over time, LSTMs can
analyze sequences of sensor readings to predict future tool conditions based on historical
patterns [46,47].

Table 1. Classification Report—LSTM.

Classes/Metrics Precision Recall FPR F1 Score Support

New 0.9378 1.0000 0.0300 1.0000 200

Working 0.9082 0.9050 0.0475 0.9211 200

Dull 1.0000 0.9400 0.0000 0.9238 200

Overall accuracy: 0.9485; Kappa statistics: 0.9225
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3.2.2. Feedforward Neural Network

The FFNN uses the Rectified Linear Unit (ReLu) activation function, which proposes
non-linearity, enabling the network to capture complex relationships between input features
and target labels. The final layer employs the softmax activation function to produce
probabilistic predictions over multiple classes. The FFNN algorithm was trained using
the same input data as the previous LSTM algorithm. Specific hyperparameters were set
throughout the training to optimize the model’s performance. A learning rate of 0.001 was
utilized, along with 100 epochs, a mini-batch size of 10, and 240 iterations per epoch. These
hyperparameters were carefully chosen to enhance the training process and maximize the
model’s accuracy.

Figure 13 represents this confusion matrix, which visually depicts the performance of
the model. The matrix consists of three rows and three columns. Examining the confusion
matrix allows us to assess how effectively the model predicted different categories. It
indicates that the model achieved a high accuracy rate in classifying the “dull” category, but
it had a relatively higher tendency for misclassifications between the “new” and “working”
categories. It has an overall classification accuracy of 98.16%. The kappa statistics value is
also closer to 1 (0.9725). The ROC curve and classification report for FFNN are presented in
Figure 14 and Table 2, respectively. An FFNN can model the intricate relationships between
various sensor data and tool wear levels, improving the classification of tool conditions [48].
A similar result of DL was reported in the literature [49,50].
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Table 2. Classification Report—FFNN.

Classes/Metrics Precision Recall FPR F1 Score Support

New 0.9596 0.9550 0.0050 0.9720 200

Working 0.9865 0.9900 0.0225 0.9729 200

Dull 1.0000 1.0000 0.0000 1.0000 200

Overall accuracy: 0.9816; Kappa statistics: 0.9725

3.2.3. TCM Using RL Models
Q-Learning

The Q-learning algorithm was applied to the training data for several episodes, and it
iteratively updated the Q-values based on monitored rewards and state transitions. Once
the learning process was completed, the algorithm made predictions on the testing data.
RL was successfully implemented in predictive maintenance problems [51]. The accuracy
of the predictions was computed, and a confusion matrix was generated to analyze the
model’s performance across different classes, depicted in Figure 15.
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The results displayed in the confusion matrix indicate significant challenges in accu-
rately classifying the instances. The model correctly predicted 192 samples as new, and
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4 samples from this category were misclassified as working, while 4 samples were misclas-
sified as “dull”. The model accurately identified 198 samples as working but misclassified
2 samples from this category as “new”. A total of 199 samples from the “dull” category
were correctly classified as “dull”, while 1 sample was misclassified as a “working” tool.
The average accuracy, calculated based on the values in the confusion matrix, was found
to be 98.5%. This higher accuracy suggests that the reinforcement learning algorithms
effectively capture the underlying patterns and features necessary for accurate classifica-
tion. Considering the performance of the RL algorithms and the insights gained from the
confusion matrix, it becomes evident that the employed algorithms were able to generalize
well to the unseen dataset. The ROC curve and classification report for Q-learning are
given in Figure 16 and Table 3, respectively. Q-learning operates based on a reward signal,
which aligns well with TCM goals where the aim is to maximize positive outcomes [52].
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Table 3. Classification Report—Q-learning.

Classes/Metrics Precision Recall FPR F1 Score Support

New 0.9851 0.9950 0.0050 0.9900 200

Working 0.9897 0.9700 0.0125 0.9797 200

Dull 0.9801 0.9900 0.0075 0.9850 200

Overall accuracy: 0.9850; Kappa statistics: 0.9775

3.2.4. SARSA

The SARSA algorithm was learned through multiple episodes by resetting the envi-
ronment and selecting an initial state. Actions were chosen according to an epsilon-greedy
policy, to balance the searching and operation. The algorithm updated the Q-values accord-
ing to the observed rewards, and the learned Q-values were used to predict labels for the
testing data. The results were visualized using a confusion matrix as shown in Figure 17.
The average accuracy was 98.6%, indicating that the model correctly predicted the labels
for the testing data. The ROC curve and classification report for SARSA are presented in
Figure 18 and Table 4, respectively. It revealed that for TCM problems, RL algorithms can
be successfully implemented. Thus, RL algorithms have been verified to be effective for
TCM applications due to the balancing mechanism for exploration and exploitation [53].
The vibration signals with different ML algorithms yield different classification accuracies.
SVM, KNN, and DT yielded classification accuracies of 90.8%, 81.3%, and 79.3%, respec-
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tively [54]. By tuning the KNN parameters, the authors yielded a classification accuracy of
93.7% [55]. Vibration signals with HE, yielded a classification accuracy of 99.98% [5]. In
this work, the overall classification accuracies for LSTM, FFNN, Q-learning, and SARSA
were 94.85%, 98.16%, 98.50%, and 98.66%, respectively. Compared with the literature, the
results obtained from the present work are closer and the misclassification rate is very low.
This indicates the effectiveness of the selected DL and RL models. Further, the model’s
classification accuracy can be enhanced by tuning the hyperparameters.
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Table 4. Classification Report—SARSA.

Classes/Metrics Precision Recall FPR F1 Score Support

New 0.9705 0.9950 0.0025 0.9875 200

Working 0.9850 0.9750 0.0075 0.9848 200

Dull 0.9801 0.9900 0.0100 0.9875 200

Overall accuracy: 0.9866; Kappa statistics: 0.9800

3.3. Research Implications

➢ Advancement in Predictive Maintenance: The DL and RL algorithms for TCM signif-
icantly enhance predictive maintenance strategies. High accuracy in the prediction
of tool condition and failure enables prompt maintenance, decreasing downtime
and increasing tool life. This may result in lower production costs, more effective
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manufacturing techniques, and higher-quality products. Industries can optimize their
operations by switching from reactive to proactive maintenance.

➢ Real-Time Monitoring and Decision Making: RL enables dynamic decision-making
capabilities for TCMs. This dynamic approach can handle the variability in milling
processes more effectively than static models. This adaptability can lead to increased
productivity and the ability to handle customized production requirements.

➢ Integration with Industry 4.0: By combining TCM with other Industry 4.0 technolo-
gies, like digital twins, cyber-physical systems, and the Industrial Internet of Things
(IIoT), manufacturing environments can become more intelligent and networked. The
development of “smart factories” where equipment can automatically check on itself,
anticipate problems, and plan maintenance without human assistance may result
from this integration.

4. Conclusions

In this work, during the milling of mild steel, TCMs were developed with DL (LSTM
and FFNN) and RL (Q-learning and SARSA) algorithms using vibration signals. The
following conclusions were arrived at from the research.

➢ The tool wear has a substantial effect on vibration signals. When the tool loses its
effectiveness at the cutting edge, it increases the tool-workpiece contact area and
considerably increases the vibration amplitude.

➢ DL algorithms such as LSTM and FFNN yielded a classification accuracy of 94.85%
and 98.16%, respectively.

➢ RL algorithms namely Q-learning and SARSA yielded a classification accuracy of
98.5% and 98.66% respectively.

➢ The SARSA RL model performed better than other models in terms of classification
accuracy, precision, recall, and F1 score.

➢ The results obtained from the performance metrics indicated the superior perfor-
mance of RL compared to DL due to the balancing mechanism for exploration and
exploitation.

➢ This balance is crucial in discovering effective tool conditions and avoiding premature
convergence to suboptimal solutions.

➢ The on-policy learning algorithm of SARSA through interaction with the environment
ensures that the learning process is consistent with the actions being taken, which can
be particularly useful in TCM applications.

➢ RL algorithms have been recognized as an efficient model for TCM applications due
to their learning behavior.
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