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Abstract: Tool wear monitoring is of great significance for the development of manufacturing systems
and intelligent manufacturing. Online tool condition monitoring is a crucial technology for cost
reduction, quality improvement, and manufacturing intelligence in modern manufacturing. However,
it remains a difficult problem to monitor the status of tools online, in real-time and accurately in the
industry. In the research status of mainstream technology, the convolution neural network may be a
good solution to this problem, based on the appropriate sensor system and correct signal processing
methods. Therefore, this paper outlines the state-of-the-art systems encountered in the open access
literature, focusing on information collection, feature selection–extraction technologies based on
deep convolutional neural networks, and monitoring network architecture and modeling methods.
Based on typical cases, this paper focuses on the application of the convolution neural network in
tool wear monitoring. From the application results, it is feasible and reliable to apply convolution
neural networks in tool wear monitoring. Additionally, it can improve the prediction accuracy, which
is of great significance for the future development of technology. This paper can be a guide for the
researchers and manufacturers in the area of tool wear monitoring for explaining the latest trends
and requirements.

Keywords: tool wear; convolutional neural network; network structure; tool condition monitoring

1. Introduction

The rapid development of intelligent manufacturing at a global scale had a profound
impact on industrial development and the division of labor. It promoted the formation
of various new production methods, industrial forms and business models. Intelligent
manufacturing can shorten the product development cycle, reduce resource and energy
consumption, reduce operating costs, improve production efficiency, and improve product
quality. As typical intelligent manufacturing equipment, the intelligent machine tool is
an essential carrier for intelligent manufacturing technology and a powerful tool for
automation, intelligence, precision and the environment in the production process. It is an
important indicator for measuring national industrialization [1]. The intelligent machine
tools make independent decisions on all aspects of the manufacturing process, including
monitoring, diagnosing and repairing various process deviations, providing the optimized
solution for manufacturing. Moreover, it evaluates and predicts the remaining life of cutting
tools, spindles, bearings and guide rails, suggesting the remaining usage life, replacement
time and current status [2]. Therefore, the self-perception, self-learning, self-adaptation,
and self-optimization of the intelligent machine tool condition created challenges that
needed to be overcome [3]. With the development of automation and intelligence in the
manufacturing process, online condition monitoring has become increasingly important.
Tool wear monitoring has become a critical technology recognized by the global industry.
The tool is the end effector of the mechanical manufacturing system, and the tool wear and
damage directly affect the entire machining process. The failures caused by tool wear and
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tear significantly increase machining costs and maintenance time, reducing production
efficiency. Tool condition monitoring employs effective detection methods, feature analysis,
and pattern recognition to efficiently and accurately monitor the tool wear condition
during the machining process. It provides a basis for subsequent control and processing,
thereby reducing the manufacturing losses caused by the tool wear [4]. Effective tool wear
monitoring can improve tool utilization, machining accuracy and production efficiency,
increase the service life of machine tools, and ensure safe equipment operation, etc. At
present, the importance of digital twin technology is increasingly recognized by academia
and the industry, and it is recognized as one of the most promising technologies to realize
intelligent manufacturing and Industry 4.0 [5–8]. Its purpose is to create a digital object
that reflects the actual object behavior, and this technology can be successfully applied to
prediction, decision making, and reconstruction [9]. Using neural networks to extract and
fuse features of multi-source data in the machining process, and then to monitor tool wear
and predict tool life can promote the development of tool digital twin technology [10–12].

The tool wear refers to the deformation or damage of the sharp edge caused by the in-
teraction between the tool and the workpiece during machining. It is a complicated process
for monitoring the tool wear condition in order to realize the self-sensing and self-decision
in the machining process. A system is nonlinear if its output is not proportional to its input.
The inputs of the tool wear monitoring system, such as cutting force, vibration, stress elastic
wave, temperature, current, power and workpiece surface quality, are not proportional to
wear. Due to the coupling of working conditions, cutting parameters, workpiece material,
blade deviation, cutting vibration and other factors, it is difficult to accurately model and
predict wear in the cutting process. Tool wear is a very complex nonlinear system [11].
Traditional, supervised learning algorithms formulated various recognition and prediction
models for the wear and damage of cutting tools, which achieved recognition outcomes.
The deep convolutional neural network automatically learns the feature from the input
feature and combines low-level features to form high-level features through a multi-layer
convolution kernel [13]. It can accurately approximate continuous, nonlinear functions
and exhibits an excellent performance in terms of fault tolerance, adaptability and noise
suppression [14,15]. The most basic part of neural network is data information, and the
collection of information cannot be separated from sensors, so sensors constitute the most
important hardware part of the tool monitoring system [16–18].

This paper mainly studies the tool wear monitoring method based on a convolutional
neural network in order to promote the development of mechanical manufacturing and
intelligent manufacturing. This process is supported by the published literature. This paper
covers the main monitoring methods and the main structure of the monitoring network.

2. Tool Wear Mechanism

The phenomenon that a sharp edge is deformed or damaged due to the interaction
between the tool and the workpiece during machining is called tool wear. Tool wear
is divided into normal wear and abnormal wear [19]. Normal wear refers to the wear
that occurs gradually during the cutting process when the design and use of the tool
are acceptable. Additionally, the quality of manufacturing and sharpening meets the
requirements. Abnormal wear, namely tool damage, is generally an abnormal failure. It
is mainly related to improper use. Here, we mainly discuss and analyze normal wear.
As for the mechanism of tool wear, Relevant researchers have carried out much research
work [20–24]. Researchers generally believe that tool wear is the result of a mechanical
and chemical reaction between tool and workpiece material. Under different working
conditions, especially under the condition of high-temperature alloy cutting, the tool wear
mechanism mainly includes abrasive wear, adhesive wear, diffusion wear, chemical wear,
and so on [25].

Abrasive wear refers to tool loss or tool material loss during cutting friction caused by
the extrusion of peeled, hard particles on the tool surface and movement along the surface.
Some researchers also believe that work hardening burrs on the surface also cause abrasive
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wear when particles flow laterally. This is an important mechanism that is responsible
for flank wear, notch wear and nose wear in general [11,12,25,26]. Adhesive wear, also
known as bite wear, refers to a form of wear in which metal adhesion occurs locally at the
contact surface between the tool and the workpiece; the adhesive part is destroyed in the
subsequent relative sliding, and metal chips are pulled down from the tool surface or the
tool surface is scratched. Adhesive wear has a great relationship with cutting speed, and
the common results are flank wear, notch wear, nose wear, chipping, built-up edge (BUE)
and built-up-layer (BUL) formations [24,25,27]. Diffusion wear is caused by the diffusion
process of atom transfer from a high-concentration region to a low-concentration region
under the influence of a high temperature. The decisive factor is the chemical proximity
between a high-temperature tool and working material elements. It has a great influence
on coated, ceramic, and CBN cutting tools for high-speed cutting [28–30]. Chemical wear
means that at a certain temperature, some elements in the tool material react with some
elements in the surrounding medium to form a layer of compound with a low hardness on
the surface of the tool, which is taken away by the cutting and workpiece; therefore, tool
wear is increased or the tool material is corroded by a medium that causes tool wear. It is
not the main wear mechanism [31].

The amount of tool wear increases with the usage time, and the wear speed primarily
depends on the cutting conditions. The experiments demonstrated that the tool wear
process under different cutting conditions was similar, including three stages: initial wear,
normal wear, and sharp wear [32–34].

During the cutting process, tool wear is closely related to changes in the physical
parameters of the machine tool operation such as cutting force, vibration, acoustic emis-
sion, temperature, current, voltage, power, and resistance. The phenomena or parameter
changes related to the machine tool operation can be used as the basis for tool wear moni-
toring [35]. Therefore, monitoring the changes in the physical parameters can realize tool
wear monitoring [36]. For example, the cutting force is a variable of the machining process
condition and is very sensitive to the tool wear condition [37]. After the tool is worn, the
cutting force and cutting temperature increase, the workpiece machining accuracy and
surface quality deteriorate, and vibration and noise occur during machining. This will
significantly shorten the tool service life.

3. Common Methods of Tool Wear Monitoring

Tool wear monitoring is divided into two methods of offline direct monitoring and
online indirect monitoring [23].

Offline direct monitoring mainly evaluates the tool wear condition via the offline
measuring of changes in the tool dimension by visual and optical methods [38]. Before
CNC machining, the cutter aligner is used for tool presetting. The tool presetting data
difference is comparatively obtained after machining, and the difference is the tool wear
amount. However, this method is susceptible to thermal deformation, and its accuracy is
low. An improved method is to measure the data after the machine tool is fully heated to
thermal equilibrium. For a machine tool equipped with a tool changer, the tool holder and
tool are removed together and measured by an external tool detector. The comparison can
reduce the thermal deformation impact of the machine tool. There are two shortcomings in
the offline direct measurement: (1) Monitoring after shutdown is required. (2) The sudden
tool damage during machining cannot be monitored [24]. Therefore, offline monitoring
cannot predict the tool wear condition in real time. With the development of the manufac-
turing industry, especially intelligent manufacturing, the online monitoring of tool wear
conditions is increasingly essential.

Online indirect monitoring evaluates the tool wear condition in real-time by monitor-
ing the change of the data related to tool wear. These data can be collected by one kind of
sensor or the fusion of information collected by multiple sensors. It implements monitoring
when the tool is cutting without affecting the cutting process. It is a nondestructive, simple,
sustainable and non-interference monitoring method [17]. Its disadvantage is that the
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monitored process features contain a lot of interference information. Compared with the
offline direct monitoring method, the indirect online monitoring method is more flexible.
It combines the technologies of feature analysis, processing, and pattern recognition to
predict the online tool wear condition for achieving intelligent control. Therefore, the
research on tool wear monitoring in academia and industry focuses on the indirect online
monitoring method [39].

4. Information Data of Indirect Online Measurement on Tool Wear

The information data of indirect online monitoring includes cutting force, vibration,
acoustic emission, temperature, current, power, workpiece surface roughness, and multi-
information fusion.

4.1. Cutting Force

The cutting force change is closely related to the tool wear/damage conditions during
the cutting process. The cutting force information is easy to obtain, and it responds quickly
and sensitively to tool wear. The literature [40–43] suggested that cutting force monitoring
is a promising method. Machining centers and FMS commonly use the cutting force as
information data to monitor tool damage. Nouri et al. [38] proposed a method of tracking
cutting force model coefficients to monitor the wear condition of end milling tools in
real-time. This method studied the correlation between the cutting force model coefficients
and tool wear condition. Altintas et al. [44] established a method for identifying broken
cutters in the milling process based on the timing feature of horizontal cutting force. Kaya
et al. [45] adopted a rotating dynamometer to collect the cutting force in three directions
and the torque of the rotating tool. Wang et al. [46] proposed that the most reliable feature
in the cutting process was the cutting force feature, which directly caused the generation
of features such as vibration and acoustic emission. Huang et al. [47] used a piezoelectric
dynamometer to monitor tool wear conditions in the end-milling operations. Li et al. [48]
applied support vector machine regression to realize turning tool condition monitoring
based on the cutting force. The results showed that the model had a high prediction
accuracy. Zhu et al. [49] created a semi-hidden Markov model considering tool wear
continuity index to monitor tool wear. This model reduced the computational cost and
improved the recognition accuracy. Hua et al. [50] proposed a method for identifying the
milling tool condition based on cutting force features, geometric information, and process
information. It is suitable for single-piece and small-batch manufacturing processes, in
which the geometry and cutting parameters were constantly changing.

The disadvantage of the cutting force feature is that it is not suitable for processing
large workpieces. It is affected by the low stiffness and low-frequency bandwidth of the
workpieces. It interferes with the precise motion control of the machine tool spindle and
worktable, reducing the rigidity of the machine tool [51,52].

The installation diagram of a cutting force sensor is shown in Figure 1.

4.2. Vibration

Vibration feature monitoring has a low cost, easy assembly, and a periodic shape
similar to the cutting force. Thus, it is widely used in tool wear monitoring [53–55]. Dur-
ing the cutting process, the workpiece rubs against the worn side of the cutting edge,
causing vibrations of different frequencies. There are two methods for vibration feature
monitoring. The first is to divide the amplitude into high and low parts and compare the
amplitude of the two parts during cutting. The second is to divide the amplitude into
several independent bands and use a microprocessor to continuously record and analyze
the bands for monitoring the wear on the tool flank surface. Dang et al. [56] collected
the original high-frequency vibration features and performed batch standardization and
slice processing. These authors input a hybrid model based on a one-dimensional con-
volutional neural network and extreme learning machine and output the milling cutter
wear condition. Hsieh et al. [57] reported that the vibration acceleration feature change
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on the spindle can distinguish different tool wear conditions during micro-milling. Mad-
husudana et al. [58] used a three-axis IEPE accelerometer mounted on the spindle housing
to collect the vibration acceleration feature of face milling. Gao et al. [59] employed a
laser vibrometer to collect vibration displacement features to monitor the tool wear in
the face milling process and achieve a high monitoring accuracy. Tao et al. [60] analyzed
the morphological component characteristics and sparse characteristics of the vibration
feature in the high-speed milling process, and extracted the vibration characteristics to
monitor the tool wear condition. Cuka et al. [28] proposed that the change in tool wear
condition affects the vibration status change during milling. Li et al. [61] confirmed the
linear relationship between the milling force with the eddy-current displacement caused
by tool holder swing. Additionally, the eddy-current displacement feature was extracted
to monitor the milling cutter wear condition. Zhang et al. [62] used an accelerometer to
measure the workpiece vibration feature during milling and performed a 5-layer feature
decomposition by a wavelet packet to obtain the energy spectrum. Then, it was input into
the classic convolutional neural network to realize the recognition of tool wear condition.
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The disadvantage of the vibration feature is that it is limited by the installation position
and interference factors (e.g., cutting fluid) during the collection process, which leads to
errors, sensor data loss and complex feature filtering [28,38].

The installation diagram of a vibration sensor is shown in Figure 2.
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4.3. Acoustic Emission

The deformation, fracture and phase change of solid materials cause the rapid release
of strain energy, and acoustic emission is the stress elastic wave. Thus, acoustic emission
features with a higher amplitude can be monitored when the tool is broken [64–66]. Acous-
tic emission is not subject to mechanical interference and propagates much higher than
the characteristic frequency caused by machining. It has a better sensitivity than force and
vibration features. The tool condition monitoring based on acoustic emission is recognized
as the most potential monitoring technology [67–70]. Mathew et al. [71] reported that
acoustic emission features could effectively reflect changes such as tool breakage and tool
chipping. Wang et al. [72] collected the acoustic emission features during milling and
identified the tool wear condition through a model of linear-chain conditional random
field based on conditional probability. Vetrichelvan et al. [73] suggested that the acoustic
emission sensor mounted on the top surface of the tool holder could effectively monitor
the crater wear on the tool. Ren et al. [74] argued that the acoustic emission feature was
easy to collect and sensitive to the contact between the tool and the workpiece, suitable
for tool condition monitoring during micro-milling. Zhang et al. [75] reconstructed the
phase space of the acoustic emission feature, extracted the embedding dimension and
Lyapunov exponent as the input parameters of the support vector machine. It obtained
a high tool wear recognition accuracy. Wu et al. [76] collected acoustic emission features
during the life cycle of milling cutters and employed a random forest-based model to
predict tool wear condition. The findings suggested that the accuracy of the prediction
model is better than that of the artificial neural network and support vector machine. Liu
et al. [77] established a monitoring system of tool wear conditions based on the acoustic
emission features containing four time-domain characteristic parameters.

The limitation of acoustic emission features is that the other features interfere with
the acquisition, extraction, analysis, processing and storage of acoustic emission features
during milling, and it is very sensitive to the material properties of the test object [51,78].

The installation diagram of an acoustic emission sensor is shown in Figure 2.
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4.4. Temperature

Cutting heat is an essential physical phenomenon in the metal cutting process. Tool
wear and damage cause a sudden increase in cutting temperature. There are three main
ways to measure cutting temperature. (1) The natural thermocouple composed of the tool
and the workpiece measures the average temperature of the cutting zone. The different
materials of the tool and the workpiece need to be calibrated. (2) A thermocouple, com-
posed of two metal wires fixed at a point in the tool body, measures the temperature at
a certain distance from the tool edge. The method has the problems of time-consuming
preparation and a slow response to temperature changes. An infrared thermal imaging
camera measures the temperature distribution in the cutting zone, which has the character-
istics of a high sensitivity and short response time. However, the instrument is complicated
to operate, expensive, and difficult to focus on. Additionally, it is difficult to measure the
temperature in the cutting coverage area. Researchers conducted many studies on the
relationship between cutting edge temperature and tool wear [79–83]. Korkut et al. [84]
developed a method for predicting the temperature of the tool–chip contact area based on a
regression analysis and the BP neural network, in order to estimate the tool wear condition
accurately. Kulkarni et al. [85] proposed a work–tool thermocouple method to determine
the electromagnetic/thermal field feature generated by the interaction between the coating
and the workpiece. It suggested that the high temperature at the cutting tool edge has
a controlling effect on the wear rate of the cutting tool. Wang et al. [86] established a
mathematical model of milling cutter flank wear by obtaining the cutting force and cutting
temperature in real time based on determining the wear mechanism.

The cutting temperature depends on the material thermal properties of the workpiece
and the tool, and the coolant weakens the correlation between the cutting temperature and
the tool wear condition. Therefore, some scholars questioned the feasibility of monitoring
methods based on temperature features. Generally, the sensitivity of the temperature
sensor is relatively low, and can be easily disturbed by the signal of the environment and
affected by the temperature drift of the preamplifier. It is not suitable for measuring small
temperature changes.

The installation diagram of a temperature sensor is shown in Figure 3.
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4.5. Current

Tool wear causes the cutting torque to increase, and the equipment motor current
increases accordingly. As a result, the current can be used for online tool wear moni-
toring [36,87,88]. Because the sensor installation hardly affects the processing operation,
current monitoring is relatively simple and considered the most suitable method for work-
shop applications [89–92]. Ammouri et al. [88] collected, analyzed, and processed the
motor current feature through the current sensor connected to the spindle motor and
the X-axis drive motor. Drouillet et al. [93] comparatively found that current and volt-
age sensors could replace the cutting force sensors for industrial tool wear monitoring.
Stavropoulos et al. [94] presented that the current feature has better anti-environmental
noise performance and stronger correlation with tool wear, thereby better reflecting the
tool wear condition than the vibration feature. Li et al. [95] studied the correlation between
the tool wear condition with the input current of the servo motor inverter and monitored
the tool wear condition online in real time based on the inverter input side current. Rizal
et al. [96] collected the current feature of the motor stator through an instrument to monitor
tool wear conditions. The method has the characteristics of convenient operation, high
information integration, direct transmission path, suitable feature extraction, free from the
influence of the processing environment, cheap, and easy to transplant. This should be a
method worth exploring for machine tool applications where the transmission system is
closed and available sensors are difficult to install.

The disadvantage of the current feature is that it is greatly affected by noise. It is
difficult to detect small features, and high-frequency features are lost due to filtering. The
current feature is easily affected by the friction of the mechanical system and the viscous
damping of the feed system. Experimental studies indicated that the current is not sensitive
to the cutting force changes under high-frequency conditions. The motor current feature
is not suitable for monitoring the tool wear condition at high spindle speeds [90,96]. The
current sensor should be installed away from the processing area, resulting in reduced
sensitivity and reliability.

The installation diagram of a current sensor is shown in Figure 2.

4.6. Power

Spindle power is a comprehensive feature, and related research shows that the change
of spindle power is related to tool wear [90]; it can fuse other data information to accurately
predict tool wear. Xu et al. [97] found that there was a linear relationship between spindle
power and tool wear state. Shao et al. [89] proposed a threshold update strategy for tool
condition monitoring. In this study, the classification success rates for turning and drilling
are 96% and 93%, respectively. Al-Sulaiman et al. [98] monitors power consumption by
electrical features to drill holes and further explain tool wear. Siddhpura et al. [99] studied
the relationship between tool wear and extra power input. Drouillet et al. [93] uses neural
network (NN) technology to predict the remaining service life of the tool based on the
spindle power. It is reported that this method has a low calculation cost and can be used
for real-time predictions in the machining process.

At present, the power information data are mainly fused with other information data,
to become the supplementary information data of the neural network system, in order
to improve the information reliability and help the tool monitoring system achieve good
results [26].

The installation diagram of a power sensor is shown in Figure 4.
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4.7. Workpiece Surface Roughness

In terms of workpiece surface roughness, the surface roughness increases as the tool
wear increases or breakages occur. Based on this, the wear or damage condition of the tool
can be indirectly inferred. The measurement methods of workpiece surface roughness are
divided into two categories. (1) The contact measurement directly obtains the evaluation
parameters of surface roughness, which are only suitable for offline measurement. (2) The
non-contact optical reflection measurement obtains the relative value of the workpiece
surface roughness. Automatic monitoring usually adopts two types: fiber sensor and laser
test system [29,101]. Cuka et al. [28] carried out finished turning operations on hardened
materials, and measured the flank wear of the tool and the surface finish, which varied
with machining time under different machining conditions. Zel et al. [29] developed an
online surface roughness recognition system for a lathe based on a neural network and
sensor system.

Because the surface roughness feature is mainly used to measure the machined work-
piece and cannot be monitored in real time, its application in tool wear online monitoring
is limited.

The installation diagram of a power sensor is shown in Figure 2.

4.8. Multi-Information Fusion

Multi-information fusion is a new solution, which can deal with complex practical
problems. In industrial applications, this information is accomplished by more than one
sensor [102]. Using multiple sensors can compare the information obtained from different
resources, and it is easier to determine the status of tools and workpieces [20]. Kuntoğlu
et al. [26] studied the fusion of cutting force and acoustic emission feature. Ghosh et al. [27]
studied the fusion of cutting force, spindle current, spindle vibration and machining sound
feature. Wang et al. [103] studied the fusion of acoustic emission and cutting force features.
Cho et al. [104] studied the fusion of cutting force, vibration, acoustic emission and the
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spindle power feature. Shao et al. [105] studied the fusion of acoustic emission and sound
features. Torabi et al. [106] studied the fusion of cutting force, vibration and acoustic
emission features. Lopes et al. [107] studied the feature fusion of acoustic emission and
cutting power. According to the results of these studies, these multi-information fusion
technologies achieved good results in tool wear monitoring.

The installation diagram of the multi-information fusion of sensors is shown in
Figure 5.
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Scholars conducted a lot of research on the relevant information data of tool wear.
Table 1 lists the references, sensors and application environments corresponding to each
type of data information in this paper.

Table 1. Research literature and research situation of data information related to tool wear.

Data
Information References Main Sensors or

Tools Used
Main Application Environment

and Characteristics

cutting
force [38,41–52]

three-phase dynamometer,
dynamometer, strain force
sensor, piezoelectric
force sensor

applied to turning, milling, drilling, etc., real-time
detection, easy to use, widely used, not suitable for
processing large workpieces, interference control

vibration [53–62]
acceleration meter, laser
vibration meter,
vibration sensor

applied to turning, milling, drilling, etc., real-time
detection, sensitive, limited use, easy to lose data
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Table 1. Cont.

Data
Information References Main Sensors or

Tools Used
Main Application Environment

and Characteristics

acoustic
emission [64–77] acoustic emission sensor

applied to milling, grinding, drilling, etc., real-time
detection, sensitive, easy to be disturbed, high
requirements for the materials of the test object

temperature [79–86] pyrometer, thermocouple,
thermal imager

applied to milling, turning, etc., real-time detection, easy
to use, low sensitivity, cannot be used in the scene
with coolant

current [36,87–95] current sensor, hall
effect sensor

applied to milling, drilling, etc., real-time detection,
difficult to detect tiny features, greatly affected by noise

power [89,90,93,97–99] differential power detector,
power sensor, current divider

applied to drilling, turning, milling, etc., low cost, easy to
use, real-time detection, rarely used alone

workpiece
surface

roughness
[28,29,101]

roughness probe, roughness
meter, laser sensor,
infrared sensor

applied to milling, turning, etc., non-real-time detection,
limited application

multi-
information

fusion
[20,26,27,103–107] multiple sensors various processing environments; widely used

5. Tool Wear Monitoring Method Based on Deep Convolutional Neural Network
5.1. Deep Convolutional Neural Network

The neural network is a mathematical algorithm model that imitates the behavioral
characteristics of animal neural networks for distributed and parallel information process-
ing. Convolutional neural networks (CNNs) are composed of multiple layers of neural
networks. Each layer contains many two-dimensional planes with multiple independent
neurons. Its essence is a mapping from input to output. It self-learns many mapping
relationships between inputs and outputs through the networks and does not require
any precise mathematical expressions. The CNNs adopt the idea of a sparse connection
and parameter sharing. For example, the one-dimensional time series network and two-
dimensional pixel image data are obtained by regularly sampling on the time axis. Unlike
the traditional neural network connecting each output feature map with each input feature
map, the sparse connection makes each output feature map correlate with the neighboring
area of the previous layer feature map. Parameter sharing refers to using the same parame-
ters in multiple model functions; one convolution kernel is required to traverse the entire
input image each time. It not only dramatically reduces the number of stored parameters
and improves computational efficiency, but also gives the CNNs the characteristics of trans-
lation invariance. The CNNs automatically extract features at different levels in the image
and perform classification and recognition tasks accordingly. They have a high degree of
abstraction and generalization, thereby better reflecting the nature of data. The CNN is
considered as one of the best technologies for image content learning, demonstrating the
best outcomes in terms of image recognition, segmentation, monitoring, and retrieval [108].

The deep CNNs further reduce the parameter number of the neural network archi-
tecture. The low-level features are local, so the convolution window is used for feature
extraction. The low-level features (e.g., boundaries) of different image regions are similar,
and they share a set of filters. The convolution replaces the full connection for feature
extraction, and the low-level features are combined to obtain high-level features with more
semantic information. The deep CNNs are generally composed of the input layer, convo-
lutional layer, pooling layer, fully connected layer, and output layer [109]. The LeNet-5
structure of the classic convolutional neural network is shown in Figure 6.
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Here, the convolutional layer performs a convolution operation, similar to the filter
operation in image processing. It is mainly responsible for feature extraction operations,
and its output size is related to the input size, the convolution kernel size, the filling value
size and the step size.

The pooling layer is an operation to reduce the space in the length and height direc-
tions. The calculation formula of the output size is the same as that of the convolutional
layer. However, the pooling layer is not filled in most cases. Thus, the output size of the
pooling layer is only related to the input size, the convolution kernel size, and the step size.

According to the principle of image local correlation, a small area of the input feature
map is selected for feature pooling with the maximum or average value. Consequently,
the computational amount is reduced, and it has a certain degree of noise immunity.
Finally, the fully connected layer classifies the extracted features and outputs the final
result (probability) according to different tasks.

Alex et al. [111] proposed an AlexNet network model consisting of five convolutional
layers and three fully connected layers. The network innovatively used the rectified linear
unit to solve the gradient divergence and applied the dropout method in the fully connected
layer to avoid model over-fitting. Simonyan et al. [112] developed the VGGNet, including
network models with varying depths from eleven to nineteen layers. The VGG16 and
VGG19 are commonly used, and the model structure adopts the five sets of convolutional
layers, the three fully connected layers and the softmax output layer. The difference is more
and more cascaded convolutional layers involved in the convolutional layers. The model
verified that increasing the depth helps to improve the classification accuracy. Szegedy
et al. [113] proposed the GoogLeNet with an inception structure, using a large number
of 1 × 1 convolution kernels. It significantly reduced the parameter number, improved
the training speed and promotion ability of the model, and realized the approximation of
the dense component to the optimal local coefficient structure. Moreover, two auxiliary
classifiers were added to the model to conduct the gradient forward, effectively reducing
the phenomenon of gradient disappearance. He et al. [114] proposed the ResNet, which
directly transferred input information to output. It converted the direct learning of the
target value into learning the residual between the input and the output. To a certain extent,
it solved the problem of information loss and reduced learning difficulty. Sang et al. [115]
optimized the parameters and training algorithm of the original AlexNet convolutional
neural network. The findings suggested that the improved AlexNet convolutional neural
network algorithm could better judge the degree of tool wear. Wu et al. [116] employed
a convolutional autoencoder to pre-train the network model, combined with the BP and
Adam algorithms to fine tune the model parameters, thereby establishing an effective
model for tool wear type recognition. Liu et al. [117] selected two features of cutting force
and cutting vibration as initial data and used the wavelet packet analysis method to reduce
data noise for feature extraction. Then, the entropy result of the monitoring data was
calculated as the input of the predictive model. Through training and testing the deep
CNNs, the tool remaining life prediction model was finally formulated. Kothuru et al. [118]
used CNN to develop a tool condition monitoring model, implementing hyperparameter
adjustments to improve prediction accuracy.
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With the continuous development of computer hardware and deep learning algo-
rithms, deep CNNs achieved great success in computer vision tasks such as image clas-
sification, target monitoring, and image segmentation. Many deep CNN methods were
applied to tool wear monitoring. In order to improve the generalization performance of the
network, the number of layers of the network can be increased according to the situation, so
that the model can mine the tiny information of the machining feature and avoid gradient
dispersion. The model operation should facilitate adaptive feature extraction. However,
the deeper the network layers, the better; they must be judged according to the actual
application. If the data are insufficient, it will lead to problems such as insufficient training
and over fitting.

5.2. Acquisition and Preprocessing of Tool Wear Monitoring Feature

In the machining process, sensors are used to collect the information data related to
the tool wear. The information is processed and input into the model for evaluating tool
wear conditions.

The acquisition and preprocessing of a single-sensor feature are described in Section 3.
However, a single-sensor feature has certain limitations for system decision-making. Mul-
tiple sensors provide more redundant information, reducing the overall measurement
uncertainty. Consequently, the accuracy and resolution of the model system are improved,
and a better prediction performance is obtained. Cao et al. [39] employed multiple sensors
to collect seven time-domain features of the cutting force and acoustic emission. The cutting
force features included the cutting forces

(
Fx, Fy, Fz

)
and accelerations

(
ax, ay, az

)
in the

three directions. The features were subsampled into 5000 samples to form a tensor of (5000,
7), which was input into the CNNs for evaluating the flank wear condition. Liu et al. [117]
selected two features of the cutting force and cutting vibration as initial data, which was
processed and input into the prediction model. Through training and testing the deep
CNNs, the tool remaining life prediction model was established. Cho et al. [104] indicated
that the tool wear monitoring method using feature-level fusion significantly improved the
accuracy of tool condition classification. High-precision monitoring was achieved through
force, vibration and acoustic emission sensors, correlation feature selection methods, and
majority voting machine integration. Torabi et al. [106] applied the proposed clustering
method to analyze the wavelet characteristics of force and vibration features. The findings
supported that the clustering method can roughly capture the process condition for fault
diagnosis and tool wear monitoring. Downey et al. [119] monitored the CNC tool wear
condition by fusing the information of the force, vibration, and acoustic emission sensors.
Jauregui et al. [120] proposed a cutting force and vibration feature analysis method based
on frequency and time-frequency for monitoring tool condition in the high-speed micro-
milling. Shankar et al. [121] input the sound pressure and cutting force features to an
expert system for monitoring tool wear. Wang et al. [122] developed a multi-scale principal
component analysis method based on force and vibration features for online tool wear
monitoring during milling.

Adding new features may offset the sensitivity loss of the original feature. Therefore,
multi-sensing features can enhance the information richness on the potential wear level.
However, more sensor features are not necessarily better. Adding sensors increases the
system cost and maintenance difficulty. The more sensors, the greater the impact on the
machining process, and the more complex the feature processing. More importantly, too
much redundant information reduces decision-making accuracy. It is more effective to
select a few feature parameters of critical sensors than to select more parameters [123,124].
How to effectively set a few key feature parameters requires further in-depth study.

5.3. Network Model Structure for Tool Wear Monitoring

According to the actual requirements of tool wear monitoring, the classic network
model needs to be modified. Lu et al. [32] borrowed from the residual network design ideas
for arrhythmia training proposed by Wu’s team. They established the CNNs to predict
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tool wear conditions based on information related to cutting force, e.g., spindle load and
spindle torque. The network structure is shown in Figure 7. The batch normalization (BN)
layer is added to each layer in the model. The rectified linear units (ReLU) behind the
BN layer represent the nonlinear transformation of the feature matrix, using the modified
linear activation function f (x) = max(0, x) to operate on all elements in the feature matrix
individually. The dimension of the feature matrix remains unchanged after the ReLU con-
version. The function increases the network sparsity and improves the representativeness
and generalization of the extracted features.
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Wang et al. [36] regarded the currents of the three axes as the three input channels of
the network. The first convolution layer uses a large convolution kernel of size 21. The
size of the subsequent convolution kernel is reduced layer by layer. The step size of all
convolutional layers is two, halving the feature map size. The pooling layer is connected
to the back of each convolutional layer. The maximum value of the convolution kernel
size and step size is two, halving the feature map size again. The channel number in the
first convolutional layer is 32. The channel number in each subsequent network layer is
increased by two times or remains unchanged. The output size of the last pooling layer
is 3 × 128, flattened into a 384-dimensional vector. Finally, two fully connected layers are
connected for classification. The BN layers are added after each convolution operation and
before the activation function. To avoid network over-fitting, random dropout technology
is applied to the flattening layer after the last pooling layer. During the training process,
each neuron output in the hidden layer is set to zero with a probability of p = 0.5. As a
result, the interdependence between neurons is reduced, thereby decreasing the structural
risk. The network structure is shown in Figure 8.
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the literature [36]).

Zhang et al. [62] improved the training model for ImageNet images proposed by the
Caffe team. They used the original vibration feature in the machining process, converted
into an energy spectrum by a wavelet packet as the model input. The optimal parameters
trained by Caffe were used as the initial model parameters. The output of the original
model was modified to three types, which were accurately applied to the monitoring and
prediction of tool wear. The modified CNN structure is shown in Figure 9.
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Figure 9. The network structure of tool wear monitoring based on vibration features proposed by Zhang et al. (drawn from
the literature [62]).

Wu et al. [116] modified the AlexNet model trained by Caffe, taking the grey-scale
wear image with a pixel size of 256× 256 as an input to divide the tool wear into four types.
Consequently, a CNN structure was developed, which could intelligently identify the tool
wear type. The convolution kernel size of the C1 convolution layer in the AlexNet model
was modified to 14 × 14 × 96. The step size was adjusted to five. The edge expansion
parameter was modified to fourteen. Additionally, the final fully connected layer (i.e.,
output layer F8) was modified to four output types. The modified CNN structure of tool
wear type recognition is shown in Figure 10.
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Song et al. [125] used the images of the spindle current clutter to identify the wear
condition of the milling cutter and formulated a deep CNN model, as shown in Figure 11.
The network model consists of seven layers: an input layer, two convolutional layers, two
pooling layers, a fully connected layer, and an output layer. The spindle current clutter
feature is normalized and binarized into an image with a size of 140 × 80, used as an input.
The convolution kernel sizes of convolution layer I and II are 13× 15 and 9× 9, respectively.
The convolution step size is 1 × 1. The ReLU function is selected as the activation function.
The core size of pooling layer I is 4 × 4, and the step size is 4 × 2. The core size of pooling
layer II is 8× 8, and the step size is 8× 8. Random pooling is selected for the pooling layers.
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Figure 11. The CNN model structure proposed by Song et al. (drawn from the literature [125]).

Table 2 lists the main characteristics, experimental conditions and experimental results
of the above network structure.

5.4. Network Model Training

In the training process of the model, the selection of hyperparameters has a direct
influence on the training speed and classification accuracy of the model. Therefore, it
is necessary to try different hyperparameters before training, and constantly optimize
and select a set of optimal hyperparameters to improve the learning performance and
effect [21,22].
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Table 2. Main characteristics, experimental conditions and effects of network structure in several typical applications.

Reference Main Characteristics of
Network Structure Experimental Condition Experimental

Effect

[32]

The model is composed of an
input layer, five convolutional
layers, three pooling layers,
and two fully
connected layers.
BN normalization layer is
added to each layer of
the model.

The lathe equipped with Siemens 840dsl CNC
system is used to turn aluminum alloy 7109.
Cutting speed: 220 r/min.
Feed rate: 0.1 mm/r.
Cutting depth: 1 mm.
The CNC system collects the internal
information related to the cutting force such as
the spindle load, spindle torque, etc.

The recognition accuracy on
the training set is 100%, the
verification set is close to
89.9%, the recognition
accuracy meets
the requirements

[36]

The model is composed of an
input layer, four convolutional
layers, four pooling layers,
one flattening layer, and two
fully connected layers.
The random dropout
technology is applied to the
flattening layer.

YG8 spiral milling.
CFRP plate (material: QY9611-T700, spindle
speed: 10,000 r/min, revolution shaft speed:
720 R/min, feed rate: 1 mm/s) and aluminum
plate (material: TC4-DT, spindle speed:
2000 R/min, revolution shaft speed: 720 R/min,
feed rate: 0.4 mm/s).
Air cooling.
Using mik-dji-30a and mik-dji-1a Hall current
sensors to collect the current signals
during processing.

The tool wear monitoring
accuracy of the proposed
method is 99.29% and the
recall of severe wear stage
is 99.60%.

[62]

ImageNet model is adopted
and improved.
The model is composed of an
input layer, five convolutional
layers, three pooling layers,
and three fully
connected layers.
The initialization parameters
are the best parameters
trained by Caffe team, and the
output is changed to
three types.

The tempered steel (hrc52) was milled on a
micro-CNC milling machine with double edge
milling cutter (model: seco S550, diameter:
6 mm) covered with multi-layer titanium
aluminum nitride coating. Maximum spindle
speed: 2500 r/min.
Feed rate: 1000 mm/min.
A wireless triaxial accelerometer (model: m69)
with sampling rate of 1 kHz/channel was used
collecting vibration signal in the process
of machining.

The prediction accuracy of the
output is 98.05%, and the
minimum loss function
is 0.0353.

[116]

AlexNet model is adopted
and improved.
The model is composed of an
input layer, five convolutional
layers, three pooling layers,
and three fully connected
layers, and the output is
changed to 4 types.

Three axis vertical machining center (model:
vdl-1000e), indexable face milling cutter (CVD
coated carbide tool and PVD coated cemented
carbide blade of Sandvik 490R Series). Cutting
depth: 0.5 mm.
Feed rate: 0.05 mm/Z.
Linear speed: 109 m/min.
Daheng image industrial digital camera (model:
mer-125-30uc) was used to collect tool
wear pictures.

The average recognition rate
of CNN model after pre
training is 96.25%, the
recognition accuracy of
adhesive wear is 97.7%, and
the recognition rate of flank
wear is 94.9%.

[125]

LeNeT model is adopted and
improved. The model is
composed of an input layer,
two convolutional layers, two
pooling layers, a fully
connected layer and an output
layer, with 4 types of output.

Milling wear experiments were carried out on
DM1007 vertical machining center under seven
different working conditions.
The self-built system is used to collect the
vibration and current signals of the spindle,
including the single-phase current signal of the
spindle motor and the acceleration signal of the
spindle x-direction and y-direction.
The sampling frequency is 6.4 KHz.

The experimental results show
that the lowest accuracy rate
is 87.7%, and the highest
is 92.3%.

The next step is to use sample data for training, the sample data are divided into
training set data and validation set data [126]. Network model training refers to inputting
the training set data into the network to train parameters.
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The purpose of network model training is to gradually reduce the loss by adjusting
the network parameters, so that the network output is very close to the actual value. The
training is guided by the loss function, driving the network parameters to gradually change
in loss reduction. The loss function is used to measure the quality of a set of parameters.
Before each iteration, it compares the calculated result with the true value to guide the
correct the training direction in the current iteration.

The essence of the tool wear neural network is a multi-classification problem. The
most commonly used loss functions in neural network classification tasks are the mean
square error function and the cross-entropy function.

The mean square error represents the mean square error between the monitored
value and the actual value. The cross-entropy represents the gap between two probability
distributions [126].

The chain derivation method is used to calculate the gradient of the loss function
for each weight. The samples are selected to update the weights in batches, driving the
predicted value to continuously approach the actual value.

When training the network using the error backpropagation algorithm based on
gradient descent. A large learning rate may cause network oscillations to not converge. A
small learning rate may cause a slow convergence and increase training time. The initial
learning rate should be set reasonably according to actual conditions.

6. Existing Public Data Set

At present, the data sets of tool wear samples mainly include the NASA data set and
PHM data set [127].

National Aeronautics and Space Administration (NASA) introduced a variety of
commonly used scientific data sets. The milling data set is packaged into a mat file format,
collecting the experimental data of the tool wear on the milling machine at different feed
speeds and cutting depths. The data set is provided by the BEST laboratory at the University
of California, Berkeley. The New York Society of Forecasting and Health Management
(PHM) released the data from the 2010 high-speed CNC machine tool health prediction
competition. This data set recorded the relevant information of the high-speed CNC milling
machine through the dynamometer, accelerometer and acoustic emission meter. These
two data sets were widely used to verify the tool wear monitoring methods based on
deep CNN.

7. Challenges and Prospects
7.1. Challenges

From the advances in the tool wear monitoring method based on deep CNNs, many
excellent methods emerged. However, many monitoring methods have limitations in
practical applications, summarized as follows:

(1) The existing monitoring model is established under fixed cutting conditions.
Changes in the cutting process or parameters may cause the recognition model of the
tool wear condition to fail. Thus, the model has a weak adaptability and generalization.

(2) In recent years, there many recognition algorithms were applied to the field
of tool wear monitoring, for example, fuzzy logic, the hidden Markov model, support
vector machine and adaptive network-based fuzzy inference system. However, a single
model algorithm is challenging for realizing the high-precision recognition of tool wear
conditions [17].

(3) The monitoring performance of the network model depends on the feature data
collected by the sensors, and the accuracy of the feature data directly determines the
prediction effect. At present, due to the influence of the processing environment, it is
difficult for many sensors to collect high-precision feature data [28,38].

(4) Additionally, due to the investment cost and its increase with additional signal
acquisition hardware and software equipment, the current situation of sensors used in
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the industry, for the most part, is not at a sufficient level. These factors lead to the lack of
original information data, which limit the application of neural networks in this field [16].

(5) The performance of multiple sensors may be better than a single sensor. However,
using various sensors increases the complexity of noise and feature processing, resulting in
reduced monitoring accuracy [101].

7.2. Prospects

With deepening research, the intelligent monitoring method of tool wear will be
continuously improved.

(1) With the development of the era of Big Data, the deep convolutional neural
network has a stronger ability of feature learning and feature expression. Improving the
existing network structure or training the learning algorithm according to actual working
conditions, appropriately increasing the number of layers of the network, using larger
training data sets, and other methods can improve the adaptability of the network and
enhance the generalization ability of the model [128,129].

(2) The convolutional neural network is appropriate for nonlinear mapping, especially
for the monitoring condition tool during machining. Combined with the characteristics of
deep neural network structures, the deep mining of key feature parameters can enhance
the performance of the monitoring model. For example, in the literature [39], a deep convo-
lution neural network is used to mine the hidden, high-dimensional features in processing
features, which improve the monitoring accuracy and generalization performance.

(3) With the wide application of the feature processing system, data acquisition and
data understanding become more and more important. The proper integration of accurate
sensor systems and feature processing methods is of paramount importance in the field.
Additionally, with the continuous performance improvement in hardware (e.g., sensors),
the information collected will be more accurate and comprehensive. By collecting multiple
features at the same time to jointly improve the feature characterization rate, multi-feature
fusion can be used as the direction to try to improve the accuracy of monitoring results [16].

(4) Based on cutting-related database analysis, combined with the advantages of
different monitoring methods, in-depth analysis of the relationship mechanism between
the acquired information data and tool wear, we could obtain a tool wear monitoring
model with a better robustness and higher accuracy [130].

(5) Emerging technologies continue to emerge. Tool wear monitoring technology may
jump out of its own field and work together with digital twin and other related technologies
to promote each other [9,131].
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