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ARTICLE INFO ABSTRACT

Keywords: Tool wear is a critical factor in machining processes, particularly when dealing with difficult-to-machine
Tool wear materials like Inconel 718, which are susceptible to rapid tool degradation due to their inherent toughness
Imlalge based machine learning and low thermal conductivity. Traditional methods of predicting tool wear, which rely on empirical models or
Milling

extensive sensor data, often suffer from limitations in accuracy and adaptability. To overcome these challenges,
we propose a novel approach utilizing a ResNet50-based model that leverages high-resolution images of
worn tools to directly predict wear levels. The study involved experiments using 35 different cutting tools,
each coated with various materials, and subjected to varying combinations of cutting speeds and feeds. A
comprehensive dataset of images from all the tools was collected and used to train the model. The ResNet50
algorithm, renowned for its deep residual learning capabilities, was employed to automatically extract relevant
features from the images and establish a predictive relationship with actual tool wear measurements. The
performance of the ResNet50 model was validated against other state-of-the-art deep learning approaches,
demonstrating superior accuracy in predicting tool wear under different cutting conditions. The proposed
model consistently provided tool wear predictions that closely matched experimental measurements and
generalized effectively across different cutting tools and edges, showcasing both accuracy and robustness. This
approach not only enhances predictive accuracy but also offers a scalable solution for real-time tool condition
monitoring in industrial settings.

Inconel 718

1. Introduction per minute, or $3 million per hour [5]. Furthermore, machining tools
are often replaced prematurely, with only 50%-80% of their tool life

In modern mechanical manufacturing, machining tools are crucial being utilized, leading to waste and reduced productivity [6,7]. These

to achieving high quality, efficiency, and cost-effectiveness. However, issues are exacerbated when machining Inconel 718, where rapid tool
the inevitable interaction between the tool and the workpiece during degradation necessitates more frequent tool changes and increases the
machining leads to tool wear, which can significantly impact these risk of unscheduled downtime. Therefore, accurate tool wear prediction
factors. This challenge is particularly pronounced when machining becomes essential for optimizing tool usage, ensuring timely replace-

difficult-to-machine materials like Inconel 718, a nickel-based superal-
loy widely used in aerospace and other high-performance industries [1,
2]. Inconel 718’s inherent toughness and work-hardening character-
istics accelerate tool wear, complicating the machining process and
further emphasizing the need for effective tool wear management.
Research indicates that as the manufacturing industry increasingly
adopts automation, machine downtime due to tool wear has surged,
rising from 6.8% to 20% [3]. The average cost of such downtime
is around $260,000 per hour across various industries [4], $50,000

ment, and implementing proper preventive maintenance. This approach
is vital for enhancing production efficiency, maintaining high-quality
standards, and reducing costs, especially when machining challenging
materials like Inconel 718.

In general, two approaches are used to predict tool wear: a
knowledge-driven approach and a data-driven approach [8-10]. The
knowledge-driven approach relies on domain expertise, theoretical
models, and empirical rules derived from an understanding of the
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machining process and the behavior of tools under various conditions.
Since it is typically based on well-understood principles, the predictions
obtained from this approach are more interpretable and explainable.
Additionally, it is less reliant on large amounts of data, making it
stable even when data are sparse or unavailable. Typical models based
on the knowledge-driven approach can be found such as, Taylor’s
tool life equation [11], wear rate models [12], tool wear prediction
based on wear mechanisms [13], tool wear prediction based on cutting
forces [14,15], tool wear prediction based on rule-based systems [16],
or finite element models [17,18]. However, while knowledge-driven
models have proven effective, they also come with limitations. De-
veloping accurate models can be complex and time-consuming, and
these models may struggle to adapt to new materials or conditions
without extensive recalibration. This is particularly problematic when
machining nickel-based superalloys like Inconel 718, which present
unique wear mechanisms due to their toughness and work-hardening
properties. Additionally, knowledge-driven approaches rely heavily
on expert knowledge, which may not always capture the variability
present in real-world machining environments, leading to potential
inaccuracies. In contrast, data-driven approaches use sensor data and Al
techniques to automate model development, adapt to new conditions,
and improve prediction accuracy over time. These advantages make
data-driven methods highly suitable for industrial applications. [19,
20].

Machine learning (ML), a subfield of Al, has raised numerous con-
cerns about the future of CNC machining operations and the evolution
of manufacturing processes [21]. With the development of affordable,
reliable, and resilient sensors, along with advanced acquisition and
communication systems, novel implementations of machine learning
approaches for tool condition monitoring have become feasible. Among
ML-based methods, artificial neural networks (ANNs) are the most
popular model used to estimate tool wear [22,23]. Recently, deep
learning (DL), a subset of machine learning, has emerged as a pow-
erful tool to model and understand complex patterns in data [24].
The DL techniques are designed to automatically learn hierarchical
features and representations from large datasets, and hence it has
been successfully applied in various fields, including image and speech
recognition, natural language processing (NLP), autonomous systems,
and healthcare [25,26]. The DL has gained attraction in manufacturing
applications with the goal of enhancing quality, productivity, safety,
and efficiency, while also aiming to reduce costs and cycle times [27].
Specifically, deep learning has become one of the most effective meth-
ods for monitoring tool wear conditions [28]. In particular, advances in
chip and sensor technology, along with the development of intelligent
monitoring systems in the manufacturing industry, have enabled the
application of more DL models for tool wear prediction based on
sensing signals such as force, vibration, acoustic emission, and current
during machining processes [29,30]. Such intelligent prediction models
enable early warnings of tool wear through automatic monitoring
programs.

On the other hand, advancements in machine vision methods and
image processing techniques enable the monitoring of tool wear con-
ditions by directly capturing images of the tools with a camera. Such
methods can be adapted to different types of tools and industries,
making them versatile for various applications. In particular, they
can analyze tool wear in real-time, providing immediate feedback
and enabling timely maintenance. Additionally, they can detect tool
wear patterns and changes with high precision, ensuring an accurate
assessment of the condition of tools. Several studies regarding the tool
wear condition monitoring based on images have been carried out in
recent years [31,32]. Ambadekar et al. [33] also developed a CNN
model to classify tool flank wear in three different classes including
low, medium, and high based on images of cutting tools. The CNN
model obtained an overall accuracy of 87.26% in tool wear classifica-
tion. Bergs et al. [34] introduced a deep learning approach for image
processing to quantify the tool wear state. Specifically, a CNN is used
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to classify cutting tool types and a fully convolutional network is used
to identify worn areas on the microscopic tool images. The proposed
model achieved an accuracy of 95.6% on the test dataset, highlighting
its potential for application as a fully automated cutting tool wear
analysis method using integrated microscopes in both scientific and
industrial environments. Brili et al. [35] used a CNN model to predict
tool wear and tool damage during the turning process based on a
dataset of over 9000 images. The model automatically determined
the state of a cutting tool with none, low, medium, or high wear
level based on thermographic process data. The classification accuracy
was 99.55%, demonstrating the effectiveness of the proposed method.
Banda et al. [36] used deep learning features and transfer learning
with pre-trained CNN models, including AlexNet and VGGNetl6, to
classify tool wear types based on images. The results showed that
the fine-tuned AlexNet outperformed VGGNet16, achieving an average
validation accuracy of 96.43% and a classification time of 0.244 s
for tool wear mechanism classification. Pan et al. [37] proposed a
deep learning based classification network and a multi-scale feature
fusion based denoising network called DSSNet for milling tool wear
classification based on an image dataset including two categories: wear
tools and no-wear tools. The proposed model surpassed the original
classification network by 3.250% after 50 training epochs, achieving a
top-1 accuracy of 95.375% on the test set. From the literature review,
it is seen that most current studies focus primarily on classifying tool
wear status, with relatively little research on regression prediction of
tool wear using image data. Additionally, as processing requirements
change, the allowable upper limit for tool wear also varies. In such
cases, regression prediction offers greater flexibility.

To bridge the identified research gap, this study introduces a deep
learning model designed to directly and accurately predict the wear
of cutting tools using image data. The research focuses on milling
operations involving Inconel 718, a notoriously difficult-to-cut mate-
rial, using 35 different tools across various combinations of cutting
speeds and feeds. After each milling process, the wear on every cutting
edge of each tool was meticulously measured. High-resolution images
capturing the wear on each cutting edge were then collected and
utilized as input for the proposed model. A comprehensive analysis
was conducted on the images and the corresponding tool wear mea-
surements obtained under diverse cutting parameters. To automate
the feature extraction process and establish a predictive relationship
between the image data and tool wear, a regression model based on
ResNet50 was implemented. The effectiveness of the proposed ap-
proach was validated using an image dataset derived from the 35
tools under various cutting conditions. The predictive performance of
the ResNet50-based model was rigorously evaluated and compared
against other state-of-the-art deep learning models including AlexNet,
ShuffleNet, ResidualAttentionNet, InceptionResNetV2, and DenseNet.

The structure of the paper is organized as follows: Section 2 presents
a description of the milling process experiments and data collection.
Section 3 introduces the proposed image-based Residual Network for
estimating tool wear. Following this, Section 4 provides a detailed
explanation of dataset preprocessing and implementation details. Tool
wear analysis and tool wear prediction results obtained by various
models are discussed in Section 5. Finally, Section 6 concludes with
key findings.

2. Experimentation

The milling experiments are performed on Mikron MILL S 400 U
considering Inconel 718 as workpiece materials. A block of Inconel
718 of 80 x 50 x 200 mm is used for experiments using different end
mill cutters and process parameters. The cutting speeds implemented
are 45 m/min and 55 m/min whereas the feed are 223 mm/min and
251 mm/min. The axial and radial depths are 8 mm and 1.2 mm
respectively. The 8 mm axial depth of cut was selected in alignment
with the tool diameter of 8 mm. A total of 15 passes are performed
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Fig. 2. Tool wear measured on each cutting edge of end mill.

for the machining length of 3000 mm. Fig. 1 presents the setup and
schematic of the end mill cutter used for experimentation. As tabulated
in Table 1, a total of 35 tools have been utilized in 4 different phases of
35 experiments in conventional flood cooling conditions. Conventional
synthetic cutting oil emulsion was used for cooling purposes. All the
tools have been procured from the industries and are labeled based on
their coating materials. The label for each tool is shown in Table 1.
Each end mill cutter is 8 mm in diameter, has four flutes and cutting
edge radius of approximately 0.5 mm-1 mm. The first 12 tools are
employed to perform the experiments at a cutting speed of 55 m/min
and feed of 223 mm/min, in the first phase. The same 12 tools are
utilized to conduct the experiments at a cutting speed of 45 m/min
and feed of 251 mm/min, in the second phase. In phases three and
four, a total of 12 and 11 experiments are performed, respectively, with
different tools at a cutting speed of 45 m/min and feed of 251 mm/min.
A KISTLER dynamometer is placed under the workpiece to acquire the
force signals during the process. The force signals are gathered in four
steps i.e., at the cutting length of 500, 1000, 2000, and 3000 mm.
Moreover, the tool wear is measured on all four cutting edges of each
milling cutter after cutting 3000 mm, as shown in Fig. 2. Images of
the tool wear observed on each cutting-edge of every cutting tool are
collected for processing using a deep learning algorithm.

2.1. Tool wear measurement

As previously mentioned, a total of 35 tools were utilized for
the experiments, each tested under different combinations of process
parameters. The tool flank wear was measured after 15 min of milling,
and images of each cutting edge were collected for every tool. The

Keyence VHX-5000 Digital Microscope was employed to capture the
cutting tool images, ensuring high-quality and consistent imaging for
wear analysis. To eliminate any potential effects of lighting conditions
on tool wear prediction, The microscope was aligned perpendicularly
to the tool surface to ensure accurate and uniform image capture across
all tools. This alignment allowed for consistent focus and clarity of
the tool wear areas. Secondly, the lighting setup of the Keyence VHX-
5000 Digital Microscope was standardized during the imaging process.
This ensured that the light intensity, angle, and exposure remained
constant for all captured images, minimizing any variability caused by
lighting conditions. In addition to that The microscope settings, includ-
ing magnification, illumination, and focus, were fixed and maintained
throughout the image acquisition process. By keeping these parameters
constant, variations due to lighting were effectively avoided. Fig. 3
illustrates the maximum width of the flank wear observed for each
cutting tool after 15 min of machining. The tools numbered 1-12 were
tested using two different combinations of process parameters,i.e., 55
m/min with 223 mm/min, and 45 m/min with 251 mm/min. The
remaining tools, numbered 13-35, were tested with a single set of
parameters, i.e., 45 m/min with 223 mm/min. For each experiment,
a fresh tool was used. Conversely, Fig. 4 displays images of the cutting
edges of a milling cutter at the initial phase (0 min), intermediate phase
(10 min), and final phase (15 min) of the milling process. Similarly, the
width of the flank wear and images of tool wear for all 35 tools were
collected and subjected to image processing for further analysis.

2.2. Tool wear analysis

Tool wear in machining Inconel 718 presents significant challenges
due to the material’s toughness and tendency to cause rapid tool
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Fig. 4. Flank wear images for each cutting edge collected for processing. (This images are for tool 1 at 55 m/min and 223 mm/min.)

degradation. Understanding the mechanisms of tool wear and im-
plementing effective monitoring techniques are crucial for improving
machining efficiency and tool life. Tool wear in machining Inconel
718 is influenced by several complex mechanisms such as adhesion,
abrasion, edge chipping, notch formation, etc., due to the alloy’s unique
properties [38]. Fig. 5 represents an SEM micrograph of the wear
pattern observed for tool 14, 15, 21 and 24. The main wear mechanisms
observed are adhesion, built-up edge (BUE) formation, edge chipping
and notch wear. In the machining of Inconel 718, the tool exposes a
larger cutting force than the machining of other easy-to-cut materials
bringing a significant increase in cutting heat. Due to the poor thermal
conductivity of Inconel 718, the temperature in the cutting edge region
can easily reach 900 degrees above, in such a high temperature and

pressure, the surface hardness of the workpiece material will rapidly
reduce, then rapidly build and expand the adhesive wear [39]. The
adhesive form of carbide tools includes the BUE and the thin layer
at the cutting edge of the tool. Consequently, the coating, substrate,
and bonding layer peel off and then reduce the tool capability. The
cyclic nature of the milling process, where the tool repeatedly engages
and disengages with the workpiece, further complicates the situation.
This cyclic action leads to the continuous formation and removal
of the BUE, which contributes to edge chipping. Additionally, notch
wear is commonly observed at the depth of the cut line, where stress
concentrations, high-temperature gradients, work hardening, and the
formation of saw-tooth chips combine to create severe wear conditions.
These wear mechanisms, driven by the high forces and temperatures
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Table 1
Tools and parameters for experimentation.

Phase  Tools  Coating Feed (mm/min)  Cutting speed (m/min)

1 TiXCo3-TiCN
2 TiXCo4
3 InoxaCon
4 Tisaflex
1 5 PSIX 55 223
6 Tisinos
7 AluCon
8 TiXCo3
9 nACro3
10 Latuma
11 AITIN
12 TiXCo4
1 TiXCo3-TiCN
2 TiXCo4
3 InoxaCon
4 Tisaflex
2 5 PSIX 45 251
6 Tisinos
7 AluCon
8 TiXCo3
9 nACro3
10 Latuma
11 AITIN
12 TiXCo4
13 PSIX 8s_2.5Pa
14 TiVB2_14 3.6
15 TiVB2_14 2.7
16 PSIX-E
3 17 PSIX 8s2.5Pa-E 45 251
18 PSIX 8s_3.5Pa-E
19 PSIX 10s_2.5Pa-E
20 PSIX_10s_3.5Pa-E
21 TiB2_MIE_V9
22 TiVB2_V16-MIE
23 SteelCon
24 LACS-AITiN-TiSiN
25 nACRO3
26 ZrN
27 TiB2+Zr
28 TiB2+Cr
4 29 TiB2+TiSi20 45 251
30 TiXCo3_eco
31 nACRO3
32 PSIX
33 TiXCo4
34 Hardcut Plus
35 TiaA

encountered during the machining of Inconel 718, underscore the
challenges in maintaining tool geometry to prolong its life.

3. Image-based residual network for tool wear estimation

Residual Network (ResNet) is known as a groundbreaking deep
learning architecture introduced by He et al. [40]. The core idea
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behind ResNet is residual learning. Unlike traditional neural networks
that aim to learn a direct mapping from the input to the output,
ResNet focuses on learning the residual, or the difference between the
input and the desired output. This approach simplifies the learning
process, as it allows each layer to concentrate on refining features
rather than fully reconstructing them. The architecture of ResNet is
formed by residual blocks. The structure of a residual learning block
is illustrated in Fig. 6. To implement residual learning in each residual
block, a skip connection concept is introduced. This connection allows
the preservation the information from earlier layers, which helps the
network in maintaining the identity of features during training. For
example, in a residual block, the input x is passed through several layers
(e.g., convolutional layers), resulting in the output F (x, {W,}), where
{W,} is the weight matrix. The skip connection then adds the original
input x directly to the output F (x, {W;}), producing the final output
of the residual block as

H (s (W) = F (5. (W) +x )

Following the same learning principle, the output of each residual
block is passed as input to the subsequent residual block for further
learning. This process continues until the network produces the final
output.

With the residual learning, ResNet enables the training of much
deeper networks than was previously feasible, without encountering
the issue of vanishing gradients. Using the ResNet architecture, net-
works with up to 152 layers were successfully trained. The origi-
nal ResNet architectures include models with 18, 34, 50, 101, and
152 layers. Among them, ResNet50 has shown outstanding perfor-
mance on various benchmark datasets, such as ImageNet, where it
significantly reduced error rates compared to previous state-of-the-art
architectures [41]. Its design balances high accuracy with efficient
computation, making it a popular choice for tasks involving deep
learning-based image analysis. ResNet50 is widely applied in computer
vision, including image classification [42], object detection [43], and
semantic segmentation [44].

In this study, the ResNet50 architecture is adapted for regression
tasks to estimate tool wear in the milling process. A detailed illustration
of the ResNet50 architecture for tool wear estimation is depicted in
Fig. 7 and the parameters for different layers in the ResNet50 are
provided in Table 2. The architecture of ResNet50 can be divided into
six stages. The first stage consists of a convolutional layer with 64
kernels, each sized 7 x 7 with a stride of 2, followed by a MaxPooling
layer with a 3 x 3 kernel and a stride of 2. This stage is responsible for
extracting features from the input tool wear images. The output from
this stage is then passed on to the next stage for further processing
and transformation. Stages 2 through 5 consist of residual blocks,
with each stage containing both a convolutional block and an identity
block, which are the core components of ResNet50. The identity block
passes the input through a series of convolutional layers and then
adds the original input back to the output, allowing the network to
learn residual functions that map the input to the desired output. The
convolutional block functions similarly but includes an additional 1 x 1
convolutional layer, which reduces the number of filters before the
3 x 3 convolutional layer. Specifically:

» The second stage includes convolutional layers repeated three
times, with each repetition consisting of 64 kernels of size 1 x 1,
64 kernels of size 3 x 3, and 256 kernels of size 1 x 1, resulting
in a total of 9 layers.

The third stage features convolutional layers repeated four times,
each repetition containing 128 kernels of size 1 x 1, 128 kernels
of size 3 x 3, and 512 kernels of size 1 x 1, totaling 12 layers.
The fourth stage comprises convolutional layers repeated six
times, with each repetition including 256 kernels of size 1 x 1,
256 kernels of size 3 x 3, and 1024 kernels of size 1 X 1, resulting
in 18 layers.
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Fig. 6. A structure of residual learning block.

« The fifth stage contains convolutional layers repeated three times,
with each repetition consisting of 512 kernels of size 1 x 1, 512
kernels of size 3 x 3, and 2048 kernels of size 1 x 1, adding up
to 9 layers.

In stages 1 through 5, each convolutional layer is followed by a batch
normalization layer and a ReLU activation function. In the sixth stage,
global average pooling is applied, followed by a fully connected layer
with a single neuron and a Sigmoid activation function to estimate the
tool wear value.

A comprehensive implementation of ResNet50 for tool wear estima-
tion is presented in the following section.

4. Implementation
4.1. Data pre-processing

To ensure that the most relevant parts of the images are used for
model training to estimate tool wear, the images undergo an initial

Table 2
Parameters for different layers in the ResNet50.

Stage Layer Output size

Conv 7 X 7,64,stride 2
1 . 64 x 64
MaxPool 3 X 3,stride 2

[ Conv1 x 1,64
2 Conv3 X 3,64 X3 32 x 32
| Convl x 1,256
[ Conv1 x 1,128
3 Conv3 x 3,128 (x4 16 x 16
| Convl x 1,512
[ Conv1 x 1,256
4 Conv3 x 3,256 X6 8x8
| Convl x 1,1024
[ Convl x 1,512
5 Conv3 x 3,512 X3 4 x 4
| Convl x 1,2048
6 FC, 1 1

analysis and preprocessing. As depicted in Fig. 8, tool wear is typically
located near the image boundary, with the wear area being relatively
small. To help the model focus on these critical regions during training,
the images are cropped and isolated to include only the area containing
the tool wear. Specifically, the coordinates of a triangle within the
bottom-right quarter of the image are identified to cover the wear
region. A mask is then created to highlight this triangle, cropping the
image to include only this section. The areas outside the triangle are
made transparent, so only the triangular region remains visible. The
cropped image is then resized to a 128 x 128 square to ensure that
all images fed into the model have the same dimensions, which is
crucial for consistent model input. Additionally, to improve model per-
formance and stability during training, the resized image is normalized
by dividing all pixel values by 255, scaling them from a range of 0 to
255 to arange of 0 to 1. A summary of these data preprocessing steps is
shown in Fig. 9. It is noted that the axis values of the processed image
in the figure represent the image size.

For training and testing, the entire dataset is split into two subsets:
a training set and a test set. The training phase involves images from 42
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Fig. 7. The architecture of ResNet50 for tool wear estimation.

experiments using 30 different cutting tools, with each tool contribut-
ing 4 images, one for each of its four edges. This results in a total of
168 images used for training. For testing, images from 5 cutting tools
(20 images in total) are used. A detailed illustration of data distribution
in the training and test sets is depicted in Fig. 10.

4.2. Model construction

To predict the wear of cutting tools based on images, a ResNet50
model is applied. Since ResNet50 was initially developed for classifica-
tion tasks, this study adapts the model for a regression task to estimate
tool wear. The fully connected and softmax activation layers in the
original ResNet50 model are replaced with appropriate fully connected
and sigmoid activation layers, respectively. A detailed illustration of
the adapted ResNet50 architecture and its layer parameters for the
regression task are provided in Fig. 7 and Table 2, respectively. In
addition, a regression loss function, specifically mean square error
(MSE), is employed for model training instead of a classification loss.
Formally, the MSE is defined as:

N
1 T P2
MSE—FZ(Y. -YF) )

1 1
i=1

where YiT and YiP denote the target value and the prediction value from
the model for sample i, respectively; N indicates the total number of
samples.

During model training, Adamax optimizer [45], a variant of Adam
with a learning rate of 0.001, is used to optimize the model parameters.
The model is trained with 1000 epochs and a batch size of 2. All code

and simulations are implemented in Python 3.11 using the TensorFlow
platform. Training and testing are performed on a LENOVO ThinkPad
T14, Gen 3, equipped with an AMD Ryzen 7 PRO 6850U processor,
Radeon Graphics, 2701 MHz, 8 cores, 16 logical processors, and 32 GB
of RAM, running Microsoft Windows 11 Enterprise. The performance of
ResNet50 in predicting tool wear is evaluated using three well-known
regression metrics: mean square error (MSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE). The mathematical
formulations for MAE and MAPE are as follows:

N
_ 1 T _ P
MAE_N’;Y,. v7| ®3)
N T P
Ly (b Y
MAPE =100~ ¥ |[-—"L 4
N; 7T @

5. Results and discussions

This section evaluates the performance and applicability of the
ResNet50 model in predicting tool wear based on images. A detailed
comparison is made between the robustness of the ResNet50 model and
several other state-of-the-art models, including AlexNet, ShuffleNet,
ResidualAttentionNet, InceptionResNetV2, and DenseNet. All models
are trained and tested on a unified dataset with identical network pa-
rameter settings to ensure fairness and consistency in the comparison.
Additionally, due to the stochastic nature of the Adamax optimizer used
to optimize model parameters during the training process, the results
from each training run of the same model may vary. To assess the
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Fig. 9. The image preprocessing procedure for model training to estimate tool wear.

stability of each model, they are trained 10 different times. Both the
best results and the average results along with the deviation for each
model are presented. Finally, the prediction results for five different
unseen cutting tools with four different edges obtained by the best-
trained ResNet50 model are compared with the experimental results to
validate the reliability of the ResNet50 model. For easier reading, each
tool i and its four different edges are denoted as Ti_l, Ti_2, Ti 3, Ti 4
in this section. In addition, the percentage decrease in the evaluation
metrics of the ResNet50 model compared to those of other models is
calculated as follows:

Metric — MetricgesNerso

modely
Metric,

X 100 5)

Percentage decrease =
modely
where Metricyqq,, and Metricgegeso are evaluation metrics of the N
model and ResNet50 model, respectively.

Table 3 shows the comparison of the best results achieved by
various models in predicting tool wear from images. It is observed
that the proposed ResNet50 consistently outperforms AlexNet, Shuf-
fleNet, ResidualAttentionNet, InceptionResNetV2, and DenseNet across
all metrics and datasets. In both training and test sets, ResNet50
demonstrates significantly lower MSE, MAE, and MAPE compared
to these other models. Specifically, in the training set, the MSE of
ResNet50 is approximately 80.33%, 53.85%, 97.21%, 92.36%, and
68.42% lower than that of AlexNet, ShuffleNet, ResidualAttention-
Net, InceptionResNetV2, and DenseNet, respectively. In the test set,

ResNet50’s MSE is around 22.46%, 20.15%, 23.02%, 59.32%, and
31.41% lower compared to the MSE of those same models. Similarly,
in the training set, the MAE of ResNet50 is approximately 49.9%,
8.2%, 83.1%, 65.8%, and 35.3% lower than the MAE of AlexNet,
ShuffleNet, ResidualAttentionNet, InceptionResNetV2, and DenseNet,
respectively. In the test set, ResNet50’s MAE is about 17.99%, 19.01%,
20.02%, 41.25%, and 18.85% lower compared to that of these same
models. Additionally, in the training set, the MAPE of ResNet50 is
also approximately 53.4%, 1.6%, 83.0%, 66.1%, and 36.3% lower
compared to the MAPE of AlexNet, ShuffleNet, ResidualAttention-
Net, InceptionResNetV2, and DenseNet, respectively. In the test set,
ResNet50’s MAPE is approximately 26.6%, 24.1%, 28.6%, 41.4%, and
24.9% lower compared to that of these same models. Overall, ResNet50
achieves reductions of up to 97.21%, 83.1%, and 83.0% in MSE, MAE,
and MAPE, respectively, in the training set, and up to 59.32%, 41.25%,
and 41.4% in these metrics in the test set. Moreover, Fig. 12 illustrates
the comparison of the average MSE, MAE, and MAPE of the six models
after 10 training runs, including their respective deviations. It is also
seen that the average MSE, MAE, MAPE of the ResNet50 are lower
than those of the AlexNet, ShuffleNet, ResidualAttentionNet, Incep-
tionResNetV2, and DenseNet. The figure also reveals that ResNet50
has smaller deviations in MSE, MAE, and MAPE compared to the
other models. These smaller deviations show that ResNet50 not only
provides lower average error metrics but also exhibits greater stability
and consistency across multiple training runs. This stability is crucial



T.T. Truong et al.

Wear 571 (2025) 205865

120 T

Number of samples

oSN

Percentage (%)

ST ,ﬁ,%\

fL
il

1\9‘\ ,Lb.'i\
Uag

\»\96‘ \\%6‘

Tool wear value range

(a) Distribution histogram of data samples in training set.

%»"“& b.s"q"b\ '5,'\60\ Q,'\%‘J\‘\
© \»& \t\"L \\6 \»\%
10

w 8

9

o

e

»

s

24

€

S

z

(66, 96]

(96, 126]
Tool wear value range

45
40
35
30
25
20

Percentage (%)

15
10

(126, 156] (156, 186]

(b) Distribution histogram of data samples in test set.

Fig. 10. Distribution histogram of data samples in training and test sets.

for practical applications where reliable and consistent performance is
required. Overall, these results highlight the robustness of the ResNet50
model in predicting tool wear based on images. The ability of the model
to maintain lower error metrics and reduced variability demonstrates
its effectiveness and reliability, making it a strong candidate for real-
world deployment in predictive maintenance and tool wear monitoring
systems. Moreover, Fig. 11 illustrates the loss history of ResNet50
during the training and testing process. The test loss closely follows the
trend of the training loss, indicating that the model generalizes well to
unseen data and does not overfit.

In addition, Table 4 presents the comparison of ResNet50 perfor-
mance with and without cropped image preprocessing. The MSE, MAE,
and MAPE evaluation metrics of the ResNet50 model with cropped
images are significantly lower than those of the model without cropped
images. This indicates that cropped image preprocessing significantly
improves the prediction accuracy of the model.

Furthermore, Fig. 13 provides a detailed comparison between the
tool wear predictions obtained by the proposed ResNet50 model and
the corresponding experimental measurements. The figure presents
side-by-side plots of predicted tool wear values and actual measure-
ments for each cutting edge of the five different cutting tools tested.
It can be seen from the figure that the predicted tool wear values
produced by ResNet50 closely match the experimental results. For each
cutting tool, the discrepancies between predicted and actual values are
minimal, indicating a high level of accuracy. The alignment of pre-
dicted values with experimental data demonstrates that the ResNet50
model effectively captures the patterns and features relevant to tool
wear. This close alignment suggests that the proposed ResNet50 model
is not only accurate but also highly applicable for predicting tool
wear based on images. The ability of ResNet50 to generalize well
across different cutting tools and conditions highlights its robustness

and potential for practical deployment in industrial settings. Such
performance underscores the model’s reliability and its potential as
a valuable tool for monitoring and managing tool wear in real-time,
thereby optimizing maintenance schedules and reducing operational
costs. Overall, the results affirm the effectiveness of the ResNet50
model in leveraging image data to make precise tool wear predictions,
demonstrating its potential as a significant advancement in predictive
maintenance technologies. However, a noticeable difference exists be-
tween the measured and predicted tool wear at several cutting tool
edges, such as T32_3, T334, T34_1 and T34_3. These particular edges
show substantially higher measured wear values compared to others,
with T32.3 = 124 pm, T334 = 169 pm, T34_1 = 131 pm and T343 =
138um. This discrepancy is likely attributable to data imbalance within
the training model, which may have led to less accurate predictions for
these specific tool edges. More specifically, as illustrated in Fig. 10(a),
the majority of data samples in the training set have tool wear values
within the range of [58,123]. Only a small fraction, less than 10% of
the data samples, fall within the higher wear range of (123,288]. This
uneven distribution of data likely contributed to the reduced prediction
accuracy for edges with higher wear, as the model had fewer examples
to learn from within this higher range. When the model encounters
fewer examples within a specific range during training, it struggles
to accurately predict values within that range. This is because the
model’s ability to generalize and make accurate predictions is directly
related to the diversity and representativeness of the training data.
The lack of sufficient data points in the higher wear range means the
model has not been adequately exposed to the full spectrum of possible
wear conditions, resulting in less reliable predictions for these cases.
To address this issue and improve prediction accuracy, it is crucial
to increase the number of samples within the range of (123,288]. By
increasing the dataset with more examples from this higher wear range,
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Table 3
Comparision of the performance of different models in predicting tool wear based on images.
Model MSE MAE MAPE
Training Test Training Test Training Test
RestNet50 0.0012 0.0107 0.0324 0.0775 0.0873 0.1162
AlexNet 0.0061 0.0138 0.0647 0.0945 0.1874 0.1583
ShuffleNet 0.0026 0.0134 0.0353 0.0957 0.0859 0.1532
ResidualAttentionNet 0.0430 0.0139 0.1908 0.0969 0.5126 0.1626
InceptionResnetV2 0.0157 0.0263 0.0951 0.1319 0.2583 0.1984
DenseNet 0.0038 0.0156 0.0501 0.0955 0.1370 0.1548
Table 4
Comparision of the performance of ResNet50 with and without cropped images for predicting tool wear based on images.
ResNet50 MSE MAE MAPE
Training Test Training Test Training Test
Cropped images 0.0012 0.0107 0.0324 0.0775 0.0873 0.1162
Without cropped images 0.0242 0.0147 0.1155 0.0979 0.3412 0.1533
Model loss
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0.35 4
0.30
0.25 1
%]
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) L—l
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Fig. 11. The training and test loss history of ResNet50.
the model will have access to a broader and more balanced dataset. This 0.25 w
enhanced dataset will enable the model to learn more effectively from a I ResNet50
wider variety of wear conditions, ultimately leading to more accurate [ DenseNet
. o . . . 0.2+ [ IShuffleNet i
and reliable predictions, especially for tool edges that are subject to 2T | . AlexNet
higher wear. [ Residual AttentionNet
[ inceptionResnetV?2 1,
6. Conclusions 2 0.15 { 1
=
An image-based ResNet50 model has been successfully developed to §
estimate tool wear during the milling of Inconel 718. The performance 0.1r 1
and stability of the ResNet50 model in predicting tool wear were com-
pared with those of five other advanced models: AlexNet, ShuffleNet,
ResidualAttentionNet, InceptionResNetV2, and DenseNet. Additionally, 0.05r ]
the tool wear predictions obtained by ResNet50 were compared with
experimental results to confirm the reliability of the proposed model. 0
Furthermore, detailed analyses are conducted on images and tool wear MSE MAE MAPE

mechanisms obtained from various cutting tools under different cut-
ting parameters. Based on the theoretical analysis and experimental
findings, several significant conclusions are drawn, as follows:

» The main tool wear mechanisms observed were adhesion, built-
up formation, edge chipping and notch formation, due to the
Inconel 718’s strong affinity to the tool material, high pressure
and temperature near the cutting edge.

10

Evaluation metrics

Fig. 12. Comparison of the average performance of different models after 10 training
runs in predicting tool wear based on images.

» The ResNet50 model provides tool wear predictions that closely
match experimental measurements, with a small MSE of 0.0107,
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Fig. 13. The tool wear prediction results for five different cutting tools with four different edges obtained by ResNet50 based on images.

and it generalizes effectively across different cutting tools and
edges, demonstrating both accuracy and robustness.

Under the same training and testing datasets, ResNet50 model
consistently achieves significantly lower MSE, MAE, and MAPE
compared to AlexNet, ShuffleNet, ResidualAttentionNet, Incep-
tionResNetV2, and DenseNet in predicting tool wear based on
image data, while also demonstrating greater stability and con-
sistency across multiple training runs.

The ResNet50 model’s accurate tool wear predictions help in

real-world manufacturing by improving maintenance planning.
Accurate predictions reduce unexpected machine breakdowns and
avoid replacing tools too early, saving both time and costs. This
leads to better production efficiency and product quality. Effec-
tive tool monitoring can significantly reduce maintenance ex-
penses and production delays, making operations smoother and
more reliable.

Although the ResNet50 model has demonstrated accuracy, applica-
bility, and stability in predicting tool wear based on images, data
imbalance in the training set may affect its prediction accuracy. This
highlights the need for a more balanced dataset to improve accuracy in
future work. To address this, we are considering alternative modeling
approaches that can enhance the robustness and generalizability of the
model. Some techniques are Ensemble Methods (e.g., bagging, boost-
ing) to combine multiple models for better accuracy, Advanced Neural
Networks, such as CNNs for spatial features, LSTMs for temporal
patterns, and attention-based models for focused analysis, and hybrid
Approaches that integrate traditional and machine learning methods.
In addition to these modeling strategies, we plan to specifically address
the issue of data imbalance at higher tool wear ranges through the
following steps: Data Augmentation: We will create more training
data by applying techniques like image transformations (e.g., rotating,
scaling, or adjusting contrast) to simulate higher wear examples, and
Additional Data Collection: We plan to collect more data, focusing
specifically on cases with higher tool wear. This will help balance the
dataset and ensure the model sees enough examples from all wear
ranges. These steps will help improve the model’s performance and
make its predictions more accurate, especially for severe tool wear
cases. These strategies aim to address discrepancies and provide more
reliable tool wear predictions.
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