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Abstract

Since the industrial revolution, there has been a steady and continued effort to bring
more automation and efficiency to the manufacturing process. Milling machines have long
been a valuable tool to create precise parts quickly and effectively. CNC Milling machines
have been the next evolution of automation in manufacturing and have allowed for complex
parts to be produced quickly and with high precision.

Although CNC milling machines are able to semi-autonomously produce parts effec-
tively, they still require significant human interaction to operate. This human interaction
is especially true since many tasks are completed in open loop configuration with little to
no feedback. To try to address this issue there has been significant effort in the literature to
develop systems to provide feedback to the machine controller. This work is often focused
on detecting anomalies such as chatter, broken tools and other conditions that will impact
the surface finish or machine health.

A limitation of much of the current work is that it tends to be machine or material
specific. These approaches developed in the lab often do not scale well to production as
they require custom setups or complex machine dynamics to be studied. To overcome this
problem, this thesis proposes a machine learning based solution that leverages deep learning
to create a solution that can potentially be quickly and easily transferred to machines in
production.

In this thesis we demonstrate that by using simple accelerometers mounted on the spin-
dle of a CNC milling machine, we can create an LSTM-Autoencoder to detect anomalies
such as chatter. This feat is accomplished by creating an artificial neural network that
is trained on sensor data from stable cutting conditions. This network aims to reproduce
the original signal with as little error as possible. If the network is provided data from a
stable condition it will reconstruct the signal with little error, but if it is presented data
from an anomaly condition it will reconstruct with significant error, which indicates that
an anomaly is present.

In Chapter 4 we show that this approach can also be achieved by implementing what
is known as transfer learning. In transfer learning we begin with a network that is trained
on one source data set, and then transfer the knowledge to another target data set. We
investigate under what conditions this is most feasible and demonstrate that we can train
a network from a robust data set on one three-axis CNC machine and then transfer it to
another three-axis CNC machine. We also demonstrate that this method works for both
chatter detection and broken tool detection.
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In Chapter 5, we introduce an incremental learning method based on ensemble learning.
This approach takes the LSTM-Autoencoder trained previously as a strong learner and
has weak learners continually learn as new data is made available. This approach is shown
to have comparable results to a large network trained from scratch and improves the
performance of a system trained with transfer learning.

Taking these transfer learning and incremental learning algorithms, we extend the ap-
proach to anomaly detection for five axis CNC milling machines in Chapter 6. This is
accomplished by introducing a stacked ensemble learning approach by transferring the en-
coder from the three axis CNC anomaly detection algorithm and then combining it with
an encoder and decoder that is trained from the target data. Incremental learning is
then integrated by adding weak learners to this strong learner. These weak learners allow
the network the ability to improve the performance of the system to be comparable to a
network trained from scratch with a fraction of the data.

Lastly, we demonstrate how these approaches can be used for multi-class prediction
in Chapter 6. In this chapter, we use the LSTM-Autoencoder to perform dimensionality
reduction. We then use this dimensionality reduced output and apply a one-versus-all SVM
classifier and Platt scaling to obtain a probabilistic prediction of the classes of interest.
This approach allows us the ability to both detect and differentiate cutting with broken
tools and chatter conditions.

The approaches presented in this thesis demonstrate that this proposed approach is
capable of not only detecting chatter in a specific lab setting, but can potentially be used
to detect multiple anomalies across a variety of machines and materials. This allows users
to potentially scale these approaches to many machines quickly with minimal setup and
minimal configuration.
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Chapter 1

Introduction

1.1 Motivation

Since the beginning of the industrial revolution there has been a steady effort to increase
the autonomy in the manufacturing environment. Increased autonomy can lead to higher
productivity and increased operator safety [37]. This automation has led to significant
advances in manufacturing, and significant impact on the manufacturing industry [66].

These advances in manufacturing ability were accompanied by increased globalization
and reliance on off-shore manufacturing in other countries. Although this approach of
globalization served North American manufacturing industries well for decades, in recent
years there has been an impetus to bring more of these manufacturing capabilities back
to North America, known as onshoring. This push has been exasperated by recent supply
chain issues, delays, price hikes and export/import restrictions [177] [24]. However, high
labor costs and a growing skills shortage are often a barrier to effective onshoring of man-
ufacturing [67]. To address this gap, there has been an increased effort to automate more
manufacturing processes to compensate for the lack of experienced affordable operators in
the last few decades.

In addition to these onshoring efforts, there has been renewed interest in developing a
“lights-out” manufacturing facility. First coined in the 1980s, in lights-out manufacturing
the machines run completely autonomously without any human intervention, facilitating
the idea of a factory running without need for lighting for humans [16]. This ideal would
allow for reduced accidents and increased worker safety, improved operational efficiency,
reduced scrap and rework and allow for more advanced maintenance strategies [152]. In the
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1980s, this work was envisioned as having automatic part loading and unloading, with the
same part manufactured over and over. This goal has been recently accomplished with the
introduction of collaborative robots, known as cobots, and other palletization techniques
[151]. These machine tending technologies have increased flexibility, throughput, system
performance while reducing operation costs and improving employee safety and satisfaction
[39]

Although these new technologies and systems do solve many issues, not all of the prob-
lems preventing a fully autonomous manufacturing facility have been solved. Furthermore,
the introduction of these connected systems provides opportunities for greater innovation
beyond simply loading and removing parts. One limitation in our current manufacturing
systems is that they do not know how to react when deviations from normal operating
conditions occur. Therefore, the occurrence of deviations, or risk of deviations, limits the
machines from truly running without human interaction. To achieve this lofty goal of a
machine that can run without any human intervention, we need to develop smarter ma-
chines that are not only capable of achieving the desired performance that we demand of
them, but are also able to adapt to changing demands such as the presence of anomalies
or the wear of tools overtime. This is required to ensure that a safe and continuous oper-
ating environment can be maintained without human intervention. Without this ability,
machines running autonomously may produce unacceptable parts or damage itself or its
surroundings; at worst, others in the surrounding area may be injured.

In many manufacturing environments, CNC milling machines are used to produce pre-
cise parts. Once these milling machines have been configured, they can be run with little
human intervention [16]. However, a limitation for these machines is that they run in an
open-loop configuration, namely, there is no built-in feedback to the machine when devia-
tions occur. Although some machines have rudimentary feedback, such as spindle current
detection, many of them are unable to obtain quality measurements of the cuts themselves.
This is a limitation of many production machines, as they are unable to detect or react to
anomalies when they occur [59]. To address this issue, there has been significant effort in
the literature to develop different algorithms and methods to detect anomalies during the
machining process. These methods have ranged from model based methods, described in
detail in seminal works such as [5], to sensor based methods [35][89][124][42][150][223], and
recently to data based approaches [52][62][6][21][77][126][221].

Although these approaches have shown considerable success in lab environments, they
have not been implemented widely in production. The methods developed in labs are
for particular machines, materials or machining operation such as milling, drilling and
more. Unless the specific machines, materials and operations are used in production, the
users are unable to achieve the same results as those observed in the lab. To achieve the
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benefits seen in lab setups the users have to invest significant time and capital recreating
the systems on the production floor. Furthermore, this approach requires all machines to
be instrumented, and the modeling procedures repeated to generate the specific models
required. This process is both expensive and time consuming. As a result of this, many
operators run the machines in overly conservative modes, since they do not have an accurate
model of their specific machine.

In recent years there have been significant advances in machine learning algorithms. A
day-to-day example of this is the automatic translation capabilities of many smartphones
and computers. These algorithms work by analyzing the sequences of words and looking
for patterns and then translating these patterns to a target language. This is achieved by
using neural networks with two parts, an encoder and decoder, and sequence-to-sequence
learning with networks such as a Recurrent Neural Network (RNN) [15]. The encoder
portion of these networks attempt to capture the meaning of the sequence in a numerical
representation, abstracted from the original input into a latent representation space. The
decoder, then translates this numerical representation to a target system. The abstraction
behind the translation system bears similarity to the scalability challenges faced in CNC
machines. These concepts can be used in manufacturing environments to abstract the
information captured from one machine to a numerical representation, and then translate
this generic model to a specific machine. This approach will allow for a general model to be
developed and quickly moved to another system. Thus, these machine learning methods
have the potential to overcome the limitations of developing expensive machine specific
models.

Motivated by Industry 4.0, machine learning algorithms have been used to overcome
limitations in modeling accuracy and to implement new approaches to analyze and predict
the output of machining operations. These methods have shown significant promise [94]
[3], and many in industry are keen to take advantage of these approaches. Although
effective, these algorithms require a significant amount of data to be collected on the specific
machines of interest to train machine learning algorithms capable of obtaining results
useful in practice and comparable to those in the literature. This requires a substantial
investment, as time and resources must be spent obtaining the data and instrumenting
machines with expensive sensors, rather than producing useful parts; ultimately limiting
the implementation and adoption of these technologies outside of lab environments.

Nevertheless, machine learning is an in-demand and emerging field, not only in man-
ufacturing but in many domains as well. This has resulted in a wide variety of new and
advanced machine learning algorithms being developed. Some of these new algorithms,
namely techniques such as transfer learning, ensemble learning and incremental learning,
have changed the way that many machine learning algorithms work. These algorithms have
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shifted the focus from obtaining data from a single application, to developing a connected
and evolving framework that leverages data from a network of machines for training. This
change in approach offers an opportunity for developing a black box model that can be
applied on any machine in general, without expert knowledge of the specific machine. In
addition, this change in methodology aligns well with the changes in Industry 4.0 technol-
ogy, which have created new interconnected manufacturing facilities, allowing data to be
collected and shared quickly. This evolution of technology presents a unique opportunity
that takes advantage of these new algorithms in an industrial setting to address the short-
comings of the approaches described previously, allowing anomaly detection systems to be
developed which are scalable to production environments without the need for extensive
experimentation and expensive experimental setups. This methodology has the potential
to be applied to CNC machining, if the problem is properly studied.

1.2 Problem statement

There is a desire to have smart CNC machines, capable of autonomously producing parts
with little to no human intervention. To achieve this goal, we must design machines with
systems that allow them to not only produce accurate parts, but to detect anomalies as
well. These systems should not be machine or material specific, less they be limited to lab
environments. These systems also should not require complex or expensive equipment, to
ensure that they have the greatest reach possible. Only by designing systems with these
criteria in mind, can we make progress towards the goal of a smart CNC machine.

To achieve this goal, we have identified, what we believe, to be four key issues that
are preventing these smart CNC machines from being implemented in production. These
issues are as follows

• Implementing machine learning algorithms requires substantial training data before
they can be used. This is often impractical or expensive for end users and those in
production settings, leading to low adaptation.

• Models trained for one instance of time do not adapt to changes in machine dynamics,
especially as a machine ages. This leads to models not accurately reflecting the
scenarios they are operating in and being ignored.

• The majority of research is focused only on three-axis CNC milling machines. Al-
though these are the largest segment of machines, five-axis CNC milling machines
represent a neglected area of the literature.
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• Anomaly detection alone is useful, but given the wide variety of potential anomalies,
and the different recovery formats, it is helpful to know what the anomalies are. For
example, the recovery method for chatter (change in spindle speed), is vastly different
from the recovery method for a broken tool (changing the tool).

1.3 Thesis objective

The main objective of this thesis is to present an approach that can be used to develop
a system that can be implemented across a large spectrum of CNC machines and cutting
materials by creating a robust Autoencoder anomaly detection neural network on one
machine, and then transferring it to another machine via transfer learning. The network
can then be extended to add enhanced capabilities such as incremental learning, multi-
axis anomaly detection or multi-class anomaly prediction capabilities through the use of
ensemble learning. This allows advanced technologies to be deployed quickly with a fraction
of the data required and is scalable to a wide variety of CNC milling machines with minimal
effort from the operator.

1.4 Proposed contributions

This thesis identifies four potential problems and four potential solutions to these problems.
Each of these proposed solutions addresses their respective problem described above. These
solutions provide contributions to the literature, as they represent new methods to solve
these potential problems. These contributions will be explored in detail in the subsequent
chapters, but are presented here in brief.

• Development of methods and machine learning parameters for applying transfer
learning for LSTM anomaly detection in CNC milling machines: In this work we
identify the key conditions necessary to apply transfer learning for deep networks
such as the LSTM-Autoencoder. This involves identifying network parameters, such
as network size and architecture, methods and relationships between the statisti-
cal measures and their physical meaning, to effectively train an anomaly detection
system using transfer learning.

• Development of a incremental learning method for anomaly detection in LSTM-
Autoencoders : In this work we develop an extension to train the anomaly detection
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algorithm through incremental learning. We then demonstrate that this approach
significantly improves the accuracy of the system trained via transfer learning.

• Development of transfer and ensemble learning methods for multi-axis anomaly de-
tection in CNC milling machines: In this work we show how transfer and ensemble
learning methods can be extended for anomaly detection beyond simply three-axis
CNC machines to multi-axis CNC machines. We demonstrate this work on a five-
axis CNC machine and show how incremental learning can be applied to significantly
improve the accuracy of this system.

• Development of a multi-class prediction method using Autoencoder dimensionality
reduction: In this work we show how the LSTM-Autoencoder designed previously
can be modified to not only detect anomalies, but can be used to predict multi-class
labels via dimensionality reduction. This work is also extended to systems trained
via transfer learning.

1.5 Thesis organization

This thesis is divided into three main parts, a description of an anomaly detection method
developed on a training data from a single source obtain from a sole CNC machine, ma-
chine learning techniques for anomaly detection developed using data from a variety of
machines and sources, and then extensions of these techniques to more advanced applica-
tions. This structure allows the reader to understand the current state of techniques and
the contributions that this thesis makes towards the literature.

The first part of the thesis provides the reader with an understanding of the anomaly
detection methods proposed and a comparison of different network and sensors options
within a limited scope. In Chapter 2 the reader is provided with the background and
motivation to the problem at hand, as well as providing a cursory overview of the common
approaches currently being applied and their limitations, and some preliminary informa-
tion. Chapter 3 provides an in-depth discussion to the key anomaly detection algorithm
implemented in this thesis, as well as a discussion on the sensing approaches applied.

The second part of this thesis describes the machine learning methods developed and
applied in this thesis. In Chapter 4 we introduce the concept of transfer learning and
demonstrate how it can be applied to connect machines to reduce the training data required
to bring an anomaly detection methods to industry. In Chapter 5, we discuss incremental
learning and how it, combined with transfer learning provide significant power for anomaly
detection in CNC milling machines.

6



The third part of this thesis investigates some potential applications of this transfer
and ensemble learning approach. In Chapter 6 we explore how this framework allows
users to leverage the algorithms developed for three axis CNC milling machines to higher
dimensions such as four or five axis milling machines. In Chapter 7, we show how the
system can be extended beyond simple anomaly detection, but can be applied to multi-
class anomaly prediction as well. This is concluded in Chapter 8 where conclusions are
presented and potential future work is discussed.
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Chapter 2

Background and literature review

2.1 Background

Beginning in the late 1700s, milling machines were introduced as a way to avoid manual
filing and cutting with hand tools [174]. Prior to this point, the production and manufac-
ture of parts was slow and labor intensive. Thus, from its inception, milling machines have
been seen as a way to effectively reduce time and effort spent in the production of parts,
allowing more parts to be made and for greater production overall.

This continual development of milling machines lead to the production of CNC milling
machines in the 1960s. This computerization allows for significantly more automation to
be implemented and has led to reduced human oversight in the production of high quality
components. However, this automation is not without its own limitations.

The current architecture of CNC milling machines allows for precise control of the cut-
ting tool of a machine. This control is accomplished by advanced modeling of the machine
and motor dynamics along with the implementation of sophisticated control algorithms.
Although this approach is effective at producing parts, this architecture does not allow
the machine to detect or react to anomalies that may occur during the machining process.
Without the ability to detect or react to anomalies, the machine may encounter an anomaly
and will attempt to continue its cutting operations. Ignoring the anomaly often results in
unacceptable and wasted parts being produced, or significant damage to the machine or its
surroundings. To avoid this problem, operators are often required to watch the machines
to catch the anomalies that may or may not occur, which results in wasted labor and lower
productivity.
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To address the limitation of the current architecture, there has been significant effort
within the research community to try to detect, predict and react to these anomalies. In
this thesis, these approaches have been classified into three classes: mechanistic modeling
based approaches, sensor based approaches and data driven approaches. Each of these
approaches have produced powerful techniques for anomaly detection in CNC machines,
but they have yet to gain mainstream adoption in production settings. Each of the key
aspects of the various classes will be summarized in the following sections, along with a
brief discussion on some of the limitations of each approach.

2.2 Literature review

To provide a reader with an understanding of the different approaches that have been
explored to solve this problem, the following literature review summarizes the contributions
in three main categories: mechanistic modeling based approached, sensor and statistical
based approaches and other data driven approaches.

2.2.1 Mechanistic modeling based anomaly detection

In traditional machining approaches, cutting conditions are often selected in a conservative
manner based on operator experience and rules of thumb passed on from master to appren-
tice during the training of a tradesmen. This often results in somewhat arbitrary settings
being chosen, which may not make optimal use of a milling machine’s capabilities. One
early approach to address this was to develop a mechanistic model of the CNC machine.
Mechanistic models aim to model the cutting forces of the machine end mill to calculate
the in-process chip geometry. These models can then be used to calculate tool vibration,
tool deflection and cutting forces using the model seen in Figure 2.1[153].

In mechanistic modeling, the cutting forces are related to the uncut chip thickness bh
through empirical cutting force coefficients Kt and Kr [5]. These coefficients are related to
the normal cutting force Fr and tangential cutting force Ft by

Ft = Ktbh (2.1)

Fr = Krbh (2.2)

where the coefficients are measured during cutting experiments and extracted by linear
curve fitting with varying chip thickness h [1].
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Figure 2.1: Resistor model of cutting tool used in CNC machining

Equation (2.1) and Equation (2.2) can also be modified to represent basic non-linearities
in the cutting force expressions when the edge forces are neglected in the mechanistic
models [4]. This is achieved by modifying the cutting constants as follows

Kt = KTh
−p (2.3)

Kr = KRh
−q (2.4)

where p and q and KT and KR are cutting force constants obtained from experiments
conducted at different feed rates.

These mechanistic models can then be used to model the cutting chip thickness as

h(t) = h0 − [y(t) − y(t− T )] (2.5)
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where h0 is the intended chip thickness, which is equal to the feed rate of the machine,
and y(t)− y(t−T ) is the dynamic chip thickness produced during a spindle revolution [5].
The equations of motion for the machine can be described as

myÿ(t) + cyẏ(t) + kyy(t) = Kfα[h0 + y(t− T ) − y(t)] (2.6)

By using these models, we can calculate the intended chip thickness and then monitor
for any differences. Although these models have been employed successful in the analysis
of machine tool dynamics, they are only applicable for specific conditions, thus needing
to be re-obtained for each milling operation with different cutter geometry and workplace
material [1].

One study identified that the main source of vibrational instability in machining was
due to regeneration in subsequent cuts [189]. This regeneration results in the end mill
bouncing away from the cutting surface between tool revolutions due to an increase in
energy in the system. This results in a zero-chip distance and zero cutting force when the
tool disengages with the cutting surface, leaving chatter marks on the machined part, and
undesirable parts with poor finish.

To address these issues, researchers used the dynamics described in Equation 2.6 to
attempt to predict the conditions when chatter would occur. They determined that the
phase difference between two consecutive waves could be modeled as a result of the struc-
tural dynamics of the machine tool, and the mechanics of the orthogonal cutting, resulting
in a linear delay differential equation [1]. Solving this equation produced what is known
as the stability lobe. An example of a stability lobe diagram is shown in Figure 2.2.

Stability lobes provide a relationship between the cutting depth and the spindle speed
for which the cuts will result in either stable or unstable conditions. Knowing this infor-
mation allows an operator to push their machines to the limits without unstable cutting
conditions.

These methods have proven effective and have been used within the literature and in
production for decades. However, as the machine conditions change, either due to age or
changes in material, the cutting parameters also change [188]. These changes can cause
cutting forces to change by as much as 30% [229]. With such significant potential variance
in cutting force, the machines cannot safely be run at the limit of the stability lobes,
causing operators to run them in overly conservative modes. Furthermore, to obtain the
data for stability lobes, an operator needs to have a high speed data acquisition card,
impact hammers, accelerometers, microphones and sophisticated software, often at a cost
in the tens of thousands of dollars. These limitations, along with the high cost to obtain the
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Figure 2.2: Example of traditional stability lobe [184]

stability lobes, restricts the use of many of these techniques to only expensive materials,
such as titanium, where the investment in this investigation may be worthwhile.

2.2.2 Sensor based methods of anomaly detection

When mechanistic models and stability lobes were first being developed, the primary sensor
used to develop these models was the dynamometer. Dynamometers are high precision
force sensing devices, that require careful calibration to use. Since that time, there have
been many different sensors developed, tested and integrated for anomaly detection in
CNC machines. These sensors present the possibility of changing the paradigm for data
collection in CNC machines.

Given the many types of sensors currently available, researchers have postulated it was
possible to obtain more information about the machining operations by looking at the
intersection of the data produced by these sensors. Sensor fusion techniques allow us to
close the loop between the mechanistic models and the state of the machine by leveraging
this intersection of information. By integrating these methods, we can achieve a clearer
representation of the physical state of the system, rather than simply relying on modeling
alone [223], [84]. This allows for a more complete picture of both the machining processes
and the machine state [42]
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Multi-sensor approaches for anomaly detection in CNC machining rely on taking mul-
tiple measurements from varying types of sensors. As shown in [87], systems made of
three sensors provide an optimal picture of the machining processes and allow for the most
information to be gained. Using these sensors, we aim to capture the dynamics of stable
cutting processes, and then observe changes from the sensors to identify when anomaly
conditions have occurred. For example, if an accelerometer is mounted onto the spindle
of a milling machine, there will be certain accelerations expected caused by the vibrations
from cutting. However, when an anomaly condition such as chatter occurs, we expect
the vibrations to be greater resulting in larger magnitudes of acceleration. An example
comparing accelerometer data from stable and unstable cutting conditions can be seen in
Figure 2.3 and Figure 2.4 respectively.

Figure 2.3: Example of accelerometer signal from stable CNC cutting conditions

By using these sensors and monitoring the outputs, we can detect when anomalies occur;
but monitoring time varying signals at various frequencies and different thresholds is a
time consuming and challenging task. To address this issue, researchers have implemented
signal feature extraction methods. These approaches allow for the key features of the
signals to be identified, thereby reducing the size of the original processed signal, but
maintain the relevant information in the extracted features [89], [42]. To achieve signal
feature extraction, researchers use signal processing techniques to decompose the sensor
signals, and then, depending on the signal processing technique, attempt to identify key
features relating to the desired anomalies.
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Figure 2.4: Example of accelerometer signal from chattering CNC cutting conditions

The most common signal processing techniques can be broken down into three major
categories: statistical analysis, frequency analysis, and wavelet analysis [90], [150]. These
three categories are broadly applied and represent many different approaches but will be
summarized here at a high level.

Statistical analysis

Statistical analysis techniques aim to represent the different sensor signals with a statistical
representation, an example of this is the Mahalanobis distance measure. This distance can
be calculated between two points with the following

dM(x, y) =
√

(x− y)TS−1(x− y)) (2.7)

where S is a positive-definite covariance matrix representing the distribution of interest.

In this approach, we are interested in measuring the magnitude of an expected signal
and then attempting to see if that magnitude lies within an expected threshold. This
threshold is determined by calculating the variance of a stable signal and then ensuring
that the signal does not deviate greatly from an expected mean [28]. If the deviation is
too large then it will be classified as an outlier caused by an anomaly.
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Frequency analysis

In frequency analysis, we analyze the sensor signals in the frequency domain. This fre-
quency domain analysis is accomplished with traditional algorithms such as Fourier trans-
formations and Power Spectral Density transformations, where the sensor signals are de-
composed into their respective frequencies. Once the sensor signal has been transformed
to the frequency domain, the user can search for representative peaks at specific frequen-
cies. Stable cutting conditions for a specific material will produce repeatable signals at
specific frequencies, whereas anomalies will produce frequency peaks outside of this range
[120]. An example of frequencies from stable and unstable cutting conditions can be seen
in Figure 2.5.

Figure 2.5: Example Frequency Analysis from stable and unstable CNC cutting conditions

Wavelet analysis

In wavelet analysis, a sensor signal is decomposed using wavelet package decomposition
(WPD). In WPD, the signal is broken down into both frequency and time domain rep-
resentations. This allows for both frequency and time series information to be captured
[231]. With this information, the users can look for specific shifts in sensor data in either
the frequency domain or the time domain to indicate the presence of anomalies. An ex-
ample of this can be seen in Figure 2.6 for a stable wavelet and Figure 2.7 for a chattering
wavelet. These wavelets are generated using the Daubechies wavelet that applies an or-
thonormal filter to the system. The figures for the stable and unstable wavelets indicate
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the decomposition of the signal into its subsequent components over three levels on the left,
with the signal output seen in the right. In these figures, we see the decomposition of the
acceleration signal for both the stable and unstable cutting conditions, with significantly
larger amplitudes noted for the chatter cutting condition.

Figure 2.6: Example of WPD signal from stable CNC cutting conditions

The feature extraction methods described have many different parameters, thresholds
and options that must be selected and tuned to properly detect anomalies. With such
a large number of variables, the accuracy of the anomaly detection approach can vary
greatly depending on the methods chosen. To complicate matters further, the thresholds
and values used in these algorithms are obtained from experimental data. This makes the
results sensor, material, and machine specific, making it challenging to apply to different
systems [134] [193]. These restrictions limit the application beyond a single machine and
requires a significant amount of time and investment to be made to obtain comparable
results.

2.2.3 Data driven methods for anomaly detection

Modelling the machine dynamics of a CNC machine is a challenging task requiring extensive
analysis and time to accurately develop a model of the system. These mechanistic and
sensor models, as described before, have been used for many years for anomaly detection
in CNC machines.

However, in recent years as machine learning algorithms have advanced and found
their way into application in many CNC machines. Machine learning and data driven
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Figure 2.7: Example of WPD signal from chattering CNC cutting conditions

algorithms allow for the complex dynamics of CNC machines to be modeled using experi-
mental data, rather than deriving mathematical models analytically. This allows for many
of the difficult or unmodeled dynamics to be captured in an effective repeatable method
[100] [61][180][157][141]. Of these approaches, the most common algorithms implemented
are the Support Vector Machine (SVM), Convolutional Neural Network (CNN), and the
Long Short-Term Memory (LSTM) variant of the Recurrent Neural Network (RNN).

Many machine learning algorithms implement the SVM approach as it is a simple
and lightweight machine learning algorithm. In an SVM, the system is attempting to
find a hyperplane to separate the data into different categories [15]. This is achieved by
attempting to optimize the following

min
1

2
|w|2 (2.8)

such that yi(wxi − b) ≥ 0 (2.9)

where

wxi − b ≥ 1 if yi = 1 (2.10)

wxi − b ≤ 1 if yi = −1 (2.11)

where w and b are network weights that are achieved by training data xi and yi.

This approach is simple to implement, as it forms a linear regression and allows au-
thors to establish a boundary between stable information and anomalies. This has been
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implemented in works such as [7] and [94]. Although the simplicity of this approach allows
it to be applied in real time, it also limits the potential to handle more complex cases,
since binary classifiers do not easily extend to more than one case at a time. This creates
significant issues when more than one anomaly needs to be detected, or if the anomaly
may result from several faults. Unless there is a clear separation in the sensor data, the
system may make errors and be unable to detect the changes due to an anomaly.

To address the limitations of the SVM algorithm, many authors have implemented
CNNs for anomaly detection. CNNs are a form of deep neural network based with special
convolutional networks built in. For example, if a neural network is represented by

y = fnn(x) (2.12)

then the various layers of the network can be represented as

y = fnn(x) (2.13)

= fn(...fl(f2(f1(x)))) (2.14)

where each layer is represented by

fl = gl(Wlz + bl) (2.15)

where l represents the layer and gl is the activation function parameters, Wl the layer
weights and bl the bias term. In this formulation, the individual inputs are selected based
on the weighting matrix Wl, with some bias term bl, feeding into an activation function
gl. In a CNN, the layers are made up of convolutional filters with trainable filter and bias
parameters, which allow the CNN to pass along key feature information from one layer to
the next, allowing for more complex information to be captured. This approach has found
significant success in the realm of computer vision and has spawned a plethora of research.

As a result of these successes, many of the techniques developed in computer vision
have been transferred to machining applications [221], [7],[147][71][117][116][224]. Although
CNNs allow for greater complexity to be captured, they are only able to evaluate infor-
mation as snapshots in time, and do not preserve the connection from one instance to the
next. This causes the network to lose the connections through time, causing patterns to
be missed.

Recurrent Neural Networks establish a connection between the different sequences in
the data. This is accomplished by modifying the traditional neural networks by adding
feedback loops between each layer. This is accomplished by establishing units u, for each
layer l and then capturing the state in a memory unit h(u, l).
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The LSTM is an extension of the RNN where, as the name suggests, the network
is capable of capturing both long term and short-term memory of the system of in-
terest. This is accomplished by establishing gates that control the flow of information
in and out of the cell. These gates, control the input and output of information, as
well as how much information is forgotten through each sequence. LSTM networks have
shown incredible promise and have been implemented in a multitude of works including
[52][62][6][21][77][126][116][224][104][139][200][165][227]. The details of these networks are
described in detail in Chapter 3.

Although these approaches have shown considerable promise and have addressed many
of the deficiencies of their predecessors, they require a significant amount of training data
to properly model the system. This training data can only be obtained by performing
cutting operations on the machine of interest. In practice, this either results in a long
delay before an algorithm can be used, or many unnecessary parts being produced for the
algorithm to function. This restriction limits the ability of the algorithms developed in
the lab to be implemented in production. To address this limitation, this thesis proposes
several methods that reduce the burden of data collection from the operator to increase
acceptance of the anomaly detection method. These methods are based on implementing
transfer learning and incremental learning techniques to reduce the upfront data collection
requirements.

Transfer learning is a technique that uses data from another data set, known as the
source, to train an initial network. The knowledge from this network is then “transferred”
to the network of interest, known as the target, and re-trained using data from that ma-
chine. This approach provides opportunities to significantly reduce the required amount
of training data to be collected, and reduce the training time on the target machine. This
proposed method is explored in detail in Chapter 4.

The second method that this thesis focuses on is incremental learning. As the name
suggests, incremental learning has the network learn in small batches, or increments. Al-
though there are many different types of incremental learning algorithms, a major tenet
of all of them is the focus on developing a model capable of learning and enhancing its
knowledge progressively, without forgetting previously acquired information. This could
potentially allow users to deploy a rudimentary system that incrementally learns and im-
proves its performance as more data is naturally made available. This method is described
in greater detail in Chapter 5.
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2.3 Preliminaries

This section provides the reader with some background information on popular machine
learning aspects that are used heavily in this thesis. The subsections are written to provide
a condensed background to easily understand the contributions in the thesis.

2.3.1 Recurrent Neural Networks

Machine learning is made up of many different types of algorithms, each with their own ad-
vantages and disadvantages. One of the most powerful types of machine learning algorithms
is the artificial neural network (ANN). These networks aim to mimic the connections of
the human brain for a machine. Early machine learning algorithms used shallow networks,
with minimal connections, and only a feed-forward flow of information. Although this
approach is lightweight and effective, it is also limited, as networks tend to only capture
instances in time, and do not fully capture time dependent trends.

Recurrent neural networks (RNN) are another type of ANN that introduce a bi-directional
flow of information. This means that the output from some nodes can act as subsequent
input to the same node. This effectively provides a closed loop response, and creates an
internal state, or memory, for each node. The RNN configuration can be seen in Figure 2.8,
with the mathematical definition presented later in this section.

Figure 2.8: Recurrent Neural Network architecture

In general, a RNN is a special type of neural network that focuses on sequential or time
series data. These types of networks are often used in temporal problems, such as language
translation, speech recognition, or natural language processing [66]. These sequences are
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learned by adding connections between the nodes of the network, allowing the network
to learn the relationship between each sequence of data, as well as the inter-relationship
between the data during the current time step. This approach allows the network to develop
a “memory” of the state of the system over time, where the state describes the system or
process dynamics in a given instance of time. This is particularly useful in engineering
applications, where system dynamics are heavily influenced by time dependent physical
phenomena.

Although RNNs are able to create a memory state of the system, they suffer from
only having a short-term memory. This means that if a time series is long enough, the
network will have problems carrying the impacts from earlier time steps forwards. To solve
this problem, two types of networks have been developed, namely the Gated recurrent
units (GRU) and the Long-short-term-memory networks (LSTM). Both types of networks
introduce memory gates that control the flow of information. These gates allow the network
to learn how to remember or forget certain features. Both GRUs and LSTM function in a
similar manner, but the LSTM has an additional output gate that allows it to control the
information output, as well as the input and feedback. For this reason, we believe it to be
a preferable choice for the types of problems of interest.

Long-Short-Term-Memory Artificial Neural Network

The Long-Short-Term-Memory (LSTM) algorithm is a type of artificial neural network
that is popular in the fields of artificial intelligence and deep learning. The LSTM network
is a form of RNN, which, as its name suggests, is capable of storing both long term and
short term memory about the system being modeled.

Although RNNs are effective, the networks are prone to suffering from exploding and
vanishing gradient problems. These problem occur when the networks grow too large due
to many sequences being added. As a result of the size of the network, the algorithm
is unable to properly update the network weights, preventing it from converging to the
correct solution. This effectively causes the system to lose the ability to make connections
between newer and older sequences, causing the system to lose its longer term memory.

To address the vanishing gradient limitation, Hochreiter and Schmidhuber developed
the LSTM network [58], which was then further refined by Gers in [44]. The LSTM
network allows the system to retain short term memory in excess of 1000 time steps, while
maintaining long term memory of past events. This is of particular interest, since key
events may have occurred with large gaps in-between one another [58].
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In a LSTM, each unit is composed of a cell, an input gate, an output gate, and a forget
gate. Each cell retains the memory for a time interval, with the gates controlling the flow of
information in and out of the cell. The input and output gates, as their names imply, control
the flow of information in and out of the cell. The forget gate calculates the proportion of
information to be kept, thereby avoiding the state from growing indefinitely and breaking
down [44]. An example of this could be a state representing a process variable in a system
such as temperature. If the network does not have the ability to “forget” the impact of
previous sequences, it may inadvertently increase the temperature beyond reasonable or
accurate limits, causing the network to no longer effectively be able to model the dynamics,
thus breaking down. This cell representation can be seen in Figure 2.9 that shows the flow
of information from the past cell ct−1, to the current cell and to the next cell ct. The figure
shows that various gates, represented by σ have been inserted to control the amount of
information that is used in each calculation.

Figure 2.9: LSTM Cell layout

Following the description of the network outlined in [170], and developed by [58] and
[44], the key equations of the LSTM network with forget gate are summarized in Equa-
tions (2.16) to (2.19). In these equations, the lowercase variables represent vectors, while
uppercase variables represents matrices.

As outlined in [58], the LSTM architecture can be defined with matrices Wq ∈ Rh×d

and Uq ∈ Rh×h and vector b ∈ Rh, which contain, respectively, the weights of the input
and recurrent connections, where the subscript q can either be the input gate i, output
gate o, the forget gate f , or the memory cell c. These weights and bias vector parameters
are learned during training, where the superscripts d and h refer to the number of input
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features and number of hidden units, respectively.

gt = C̃t = tanh(W gxt + U ght−1 + bg) (2.16)

ft = σ(W fxt + U fht−1 + bf ) (2.17)

it = σ(W ixt + U iht−1 + bi) (2.18)

ot = σ(W oxt + U oht−1 + bo) (2.19)

where the operator ⊙ denotes the Hadamard product, otherwise known as element-wise
multiplication, σ represents a sigmoid function and the subscript t indexes the time step.
The variables used are summarized in Table 2.1

Table 2.1: Variables used in LSTM

Parameter
name

Notation

xt Input vector to the LSTM unit

gt/C̃t Cell input activation vector
Ct Cell state vector
ft Forget gate’s activation vector
it Input vector to the LSTM unit
ot Output gate’s activation vector

2.3.2 LSTM Autoencoder

A key structure used in this thesis is the Autoencoder. An Autoencoder is a feed-forward
neural network with an encoder-decoder architecture [15]. This type of network is made
up of two parts, an encoder and a decoder, with bottleneck layer in between, and is trained
to reconstruct a given input. This architecture can be seen in Figure 2.10. In the figure we
see that information is flows through the network through layers of decreasing size towards
an embedding bottleneck. Afterwards, the data flows out of the network through layers of
increasing size.

The encoder is a series of layers that aims to capture a numerical representation of a
given input state. This is typically captured in a vector or matrix known as the embedding.
A decoder is another series of layers designed to perform the opposite operations from the
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Figure 2.10: LSTM Autoencoder Architecture

encoder, namely to take the embedding and reproduce the original input. This architecture
allows for considerable benefits as it is flexible and captures a large depth of information.

We leverage this architecture for anomaly detection by training the Autoencoder using
only information from stable cutting conditions. We can then evaluate the difference
between the original input and the reconstructed output from the network, this difference
is known as the reconstruction error. This reconstruction error is typically defined by
evaluating the Mean Absolute Error (MAE), defined as

MAE =

∑n
i=1|yi − xi|

n
. (2.20)

Given that the Autoencoder is trained only using stable cutting conditions, a properly
trained network will thus reconstruct a stable cutting signal with little error. However, a
signal from an anomaly condition, such as chatter or a broken tool, will reconstruct poorly
with a large reconstruction error. The reconstruction error can therefore be used as an
indicator of anomaly conditions, if its value crosses a pre-defined threshold.

The threshold for anomaly conditions can be determined by deriving a histogram from
the reconstruction error of stable cutting conditions. From this histogram we can determine
the mean and variance of the stable cutting data and then set a threshold based on the
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three-sigma distance from the mean, which is commonly used to determine a statistical
anomaly. An example of this histogram can be seen in Figure 2.11.

Figure 2.11: Histogram of reconstruction loss from LSTM Autoencoder

2.3.3 Data augmentation of training data for machine learning

A popular technique within the machine learning literature for providing more training
data and to reduce overfitting is called data augmentation [15]. In data augmentation,
synthetic data is created from original data by applying different transformations to the
original data. For an image, this could be accomplished by flipping or rotating the original
images to produce more training data.

As first outlined in [32], data augmentation is a statistical technique that generates
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maximum likelihood estimates from incomplete data. In the previous example with images,
the incomplete data may be a scenario where the image is askew. Data augmentation fills
in this gap by applying transformations to mimic these scenarios.

This data augmentation approach has also been extended to time series data to provide
similar results. Examples of data augmentation for time series data include adding random
noise, time warping, down sampling and flipping the data [207]. These data augmentation
techniques provide many powerful tools for improving the fitting of the data, but must be
explored carefully to select the optimal technique.

2.3.4 Ensemble learning

Ensemble learning is a technique that can be used to train deep neural networks and
potentially improve their performance. Rather than relying on a single system, an ensemble
learning approach trains many low accuracy models, known as weak learners, and then
combines their outputs [15]. The majority of these ensemble learning techniques can be
broken into two methods, boosting and bagging.

In boosting, multiple models are iteratively trained, with each model being different.
The aim of boosting is for the models to learn the differences that previous models could
not. This contrasts bagging, where copies of the models are made, each with minute
differences, that are then combined.

One of the most popular boosting algorithms is an adaptive boosting method known
as “AdaBoost” [41]. This algorithm creates an initial strong learner by training a model
on a large number of epochs, then trains many weak learners, that are created and trained
quickly, and combines the output with a weighted average. This weighted average allows the
model to adaptively change the output to favour more accurate weak learners and reduce
the impact of any misclassifications. This approach has proven effective and popular, and
has spawned many variants and extensions.

In AdaBoost, a boosted classifier is of the form

FT (x) =
T∑
t=1

ft(x) (2.21)

where ft represents a weak learner.

Each weak learner contributes a prediction h(xi) for a given input condition xi. The
weak learners are then combined with a weighting coefficient αt that is updated at each
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time step t. These coefficients are chosen such that the total error Et is minimized, where
Et is defined as

Et =
∑
t

E(Ft−1(xi) + αh(xi)). (2.22)
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Chapter 3

Anomaly Detection in CNC Milling
Machines using Sensors and Machine
Learning

3.1 Motivation for anomaly detection algorithm in

CNC milling machines

In the world of CNC machining, an anomaly is anything that causes the milling machine
to deviate from its expected cutting operations. This broad definition includes a multitude
of situations including tool breakage, machine chatter, spindle failure or severe tool wear
to name a few [108]. Given that there are so many potential anomalies to consider, it
is prudent to define which anomalies are of focus in this thesis. As such, the main two
anomalies considered in this thesis are chatter and tool breakage. These two anomalies were
considered because they are well studied and could be induced safely. By choosing these
two well studied anomalies, we can build a baseline with which to compare the accuracy
and effectiveness of the algorithms studied.

As outlined in [5], vibration due to self excited chatter is one of the most common
deformations seen within CNC machining. During this phenomena, the CNC end mill
vibrates and eventually jumps out of the cutting zone or breaks due to growing dynamic
displacement between the tool and the work piece. The phenomena, if not properly de-
tected and controlled, can lead to unacceptable surface finish, leading to the part being
scrapped and the effort wasted. Due to the frequency of this phenomena, and the financial
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losses associated with not addressing it, there has been considerable effort invested in both
industry and within the research literature.

The second anomaly of interest in this thesis is tool breakage. Extreme cases of tool
breakage where the entire end mill is broken are rare in production environments, where op-
erator experience and expertise prevent the end mill from being pushed to these extremes.
However, the wear on the tool through extended usage and the damage of cutting flutes
is more common and often undetected, as visible marks are not always left. Nevertheless,
cutting with damaged tools comes at a cost of increased energy consumption and potential
surface defects. To address this, there is a growing body of literature on detecting tool
wear and tool breakage.

3.2 Sensors used for anomaly detection in CNC ma-

chines

To detect the existence of anomalies and provide feedback to the system, some method of
sensing the workspace or machine is required. This is most commonly accomplished by
integrating sensors and signal processing systems into the CNC milling machine. From the
excerpt from [90], seen in Table 3.1, there are a variety of potential sensors that can be
chosen. This multi-sensor approach has produced a wide body of research where different
sensors have been implemented for monitoring machining processes. Although these ap-
proaches are effective, the level of investment in different sensing hardware and software
solutions often discourages their implementation [89]. As such, we wish to choose a limited
number of sensors that can provide the capability to detect a wide variety of anomaly
conditions. An accelerometer is an ideal choice for this implementation, as it can be used
to detect many conditions, including chatter, tool breakage and more[90]. An example of
the difference between a stable and unstable signal can be seen in Subsection 2.2.2. In
Figure 2.3, we see an accelerometer signal from a stable condition and in Figure 2.4, we see
an acceleration signal from an unstable condition. The stable condition has little variance,
whereas the unstable condition has many peaks and valleys.

To confirm the feasibility of the various sensors for anomaly detection, and to identify
the optimal choice, cutting experiments were completed using microphones, accelerometers,
encoders and cameras. These tests were completed on a simple test bench, described in
Section 3.4.

During these tests, stable and unstable cutting conditions were encountered and the
data was then post-processed using techniques described in the literature review. These
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Table 3.1: Typical sensors used in CNC milling operations

Utilized sensors Main objective
Accelerometer Flank wear monitoring
Dynamometer Tool wear prediction
Dynamometer Tool wear monitoring
Current sensor, vibration sensors Tool wear monitoring

Power sensors
Abnormal condition detec-
tion

Accelerometer, dynamometer, acoustic emis-
sion sensor

Tool wear prediction

Acoustic emission sensor, accelerometer Tool wear monitoring
Acoustic emission sensor, current sensor, ac-
celerometer

Flank wear prediction

Acoustic emission sensor
Sensor location determina-
tion

Dynamometer, accelerometer
Observing frequency band-
widths

Dynamometer, accelerometer Recognition of machining
Accelerometer, dynamometer, acoustic emis-
sion sensor

Tool wear prediction

Acoustic emission sensor, current sensor, ac-
celerometer

Tool wear prediction

manual techniques established a baseline and ground truth labels that were used for train-
ing machine learning algorithms in the future. This work also confirmed that using ac-
celerometers only, provided sufficient richness of information for the number of anomalies
of interest, but additional sensors could be used to detect more information in the future.
Nevertheless, accelerometers were chosen as the primary sensor used for this thesis, as
they are relatively inexpensive and could theoretically be deployed easily to every CNC
machine.

The greatest impact on cutting stability during a CNC milling operation will occur at
the most flexible point of the machine [5]. For CNC milling machines this occurs near or
at the spindle, thus to obtain the most accurate measurement of the machine’s state, the
accelerometers are mounted on the spindle housing, as seen in Figure 3.1.
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Figure 3.1: Piezoelectric accelerometers attached to a Hurco VMX42Di CNC machine.

By completing these cutting experiments on the simple test bench, we were able to
identify the optimal sensors and locations for anomaly detection in CNC machining.

3.3 Machine learning algorithm for anomaly detec-

tion in CNC Machines

Many typical CNC milling jobs take place over an extended period of time, with jobs taking
several hours to complete. However, anomalies such as chatter can occur in as little as half
a second, potentially destroying a part and ruining hours worth of work. In addition, the
state of a machine can change from years of prolonged use, with the machine’s tool cutting
parameters changing due to tool wear.

To capture both these long term and short term changes, we turn our attention to
a machine learning algorithm that is inherently designed to capture such dynamics, the
Long-Short-Term-Memory (LSTM), described in the preliminaries in Section 2.3.1. One of
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the advantages of using a deep network like an LSTM, is that the network can be arranged
in such a way to capture the dynamics of a system and attempt to reconstruct the system
input using an architecture known as an Autoencoder. The Autoencoder works by taking
an input signal and then attempting to reconstruct an estimate of the input signal. If
the system reconstructs the input signal properly, then the signal is likely from a stable
condition. However, if the signal reconstruction is poor, then the signal is likely from
an anomaly. The Autoencoder has proven to be a powerful tool for detecting a variety
of anomalies, but also opens up many possibilities that will be explored in this thesis.
The LSTM and the Autoencoder configuration are both explained in greater detail in the
following sections.

The Autoencoder is made up of two main components, an encoder and a decoder. The
encoder is made up of several LSTM layers leading to a bottle neck layer. The decoder
then takes the output from the bottle neck layer and reverses the work from the encoder.
This general design is used in many different types of Autoencoders, and is not specific to
the LSTM-Autoencoder. We define this mathematically as follows:

Given an input x, the encoder of a system is defined as

g(x) = fLSTMn(...fLSTMl(fLSTM2(fLSTM1(x)))) = h (3.1)

where h is a latent embedding of the input vector, and fLSTMl is a LSTM layer. We define
the decoder as

f(·) = fLSTMn(...fLSTMl(fLSTM2(fLSTM1(·)))) (3.2)

and the Autoencoder is defined as

f(g(x)). (3.3)

This Autoencoder is trained with a loss function to minimize the reconstruction error x̂−x,
where x̂ is a reconstructed estimate of the input vector.

Given the general nature of an Autoencoder, there are many different design parameters
to consider that impact the networks’ ability to converge to a viable solution, as well as the
network performance. The size and number of layers, as well as the methods for training
the system must be considered.

To determine the network structure for the Autoencoder, some simple cutting tests were
completed using an experimental platform. These tests were conducted with a limited
number of cutting tests, with data collected using an off the shelf, wireless three-axis
accelerometer (MPU6050). Fifteen test cuts at stable conditions were completed to obtain
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training data. Eight tests were then conducted, with six stable cuts and two from chatter
conditions, for testing conditions. Using this data, the size and number of layers were
iterated to ensure that the system could properly converge.

This network was trained using data augmentation and mini-batch gradient descent
[79]. In mini-batch gradient descent, we pick a small batch of data and feed it to the
neural network. We then calculate the mean gradient error between the output and data,
and then use this gradient error to update the weights, repeating this process for each
batch. This is accomplished effectively by using vectored implementations.

Several tests were conducted to compare various time series data augmentation tech-
niques to select the optimal choice. From the experiments, it was found that dynamic
time warping provided the most significant improvement for LSTM-Autoencoders for CNC
milling machines because the changes in cutting dynamics over time can still be captured
by this augmentation technique, whereas other techniques introduced knowledge that was
not pertinent to the situation. In addition, a moving average window was applied to the
sensor inputs to provide some filtering of high frequency noise from the accelerometer.
Through this design iteration, we were able to determine that the structure seen in Fig-
ure 3.2 would provide feasible results. Each rectangle seen in Figure 3.2 indicates a layer
of the network, with the size of the layer indicated in the upper corner of the rectangle.
This structure has approximately 45 000 training parameters, using fully connected layers
with ReLU activation functions and a MAE loss function. The Autoencoder is made up
of three encoding layers, a repeat layer for the embedding, and three decoding layers.

Through this experimentation, one important aspect that was discovered was the im-
pact of the bottleneck layer. The bottleneck layer constraints the amount of information
and forces the network to learn a “good but compressed” representation of the input
data[50]. If the network is constructed with too many layers and a “gradual” decrease in
layer size, then the key representations of the data may not be captured. As such, it is key
that there is a relatively rapid decrease in layer size towards the bottleneck layer to ensure
that the key aspects of the data are captured.

3.4 Experimental implementation of anomaly detec-

tion algorithm

To verify the anomaly detection algorithm’s ability to capture the anomalies of interest,
a test bench was setup to obtain training and testing data. A desktop X-Carve CNC
was instrumented with a variety of sensors to capture different dynamics during cutting
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Figure 3.2: Autoencoder structure for LSTM Autoencoder for anomaly detection
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operations. These sensors included a three axis accelerometer (MPU 6050), incremental
encoders, microphones and a high definition camera. Each of these sensors collected data
using an ESP32 microcontroller and then passed their information to a laptop computer.
This setup can be seen in Figure 3.3, with the incremental encoders mounted on the
machine, the accelerometer mounted on the spindle, and the microphones mounted on the
enclosure.

Figure 3.3: Test bench on X-Carve Desktop CNC

This test bench allowed us to compare different combinations of sensors and validate
experimental results against those seen in the literature and gain increased understanding
of other anomaly detection methods. Furthermore, this test bench allowed us to validate
the anomaly detection algorithm proposed in Section 3.3.

Using this test bench, fifteen cutting experiments of stable cutting conditions were
conducted. The data from these cutting experiments was then used to train an LSTM-
Autoencoder for anomaly detection, using the accelerometer data only. The other sensor
data was considered, but did not provide substantially more information that the ac-
celerometer alone could not provide. As such, the data from the other sensors was only
used to determine the ground truth stability conditions to compare the anomaly detection
system against.

Once the anomaly detection system was trained, eight more cutting experiments were
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conducted to test the anomaly detection system. From these eight experiments, six cuts
were completed in known stable conditions, and two were completed in known chatter
conditions. These eight cuts were used as validation of the system, with the results seen
in Figure 3.4. The figure has the reconstruction error on the y-axis and the associated test
cut on the x-axis.

Figure 3.4: Test results for anomaly detection Autoencoder with small sample set

With this limited testing data set of eight data points, the network exhibits some
oscillatory behaviour for the stable cuts, but is capable of making a clear distinction for
the final two chatter cuts. Although this is not a strong result, it does show that the
network is able to converge to a solution that can make a distinction between the data sets
with given input data. This indicates that the network structure is stable, and would likely
produce acceptable results with a larger data set, providing the motivation to complete
future cutting experiments.

With the choice of sensors and locations determined, the test bench was retired. Al-
though the test bench was useful for initial testing, its capability to machine parts was
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limited due to its limited power. The remaining experiments in this thesis were conducted
on larger more powerful CNC milling machines, capable of machining significantly more
complex materials and parts.

3.5 Discussion and summary of contributions

There are numerous anomaly detection methods, each with their own advantages and dis-
advantages. Based on our experimental results, we believe that many of the dynamics
associated with anomalies in a CNC machine can be captured using a series of accelerome-
ters feeding their information into a LSTM-Autoencoder. This structure allows for several
different anomalies to be detected, and its deep network structure also provides great flex-
ibility to explore many opportunities. For example, accelerometers can be used to capture
several different anomalies, allowing the system to be implemented in many applications.
This contrasts with microphones, which would allow for chatter detection systems, but
would likely have more trouble detecting broken tools.

This work shows that the proposed structure using accelerometers only can converge to
a solution that is capable of separating stable and chatter cuts. In addition, we have been
able to identify the impact of bottleneck layers as well as the optimal data augmentation
techniques to be used for these problems. Although only a small number of cuts were used
to evaluate the system performance, and the network was trained on a small data set, we
are able to show that this configuration does converge to a solution. This work provides
confidence and a baseline for other work to be developed and compared against.
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Chapter 4

Transfer Learning for Anomaly
Detection in CNC Machining

In Chapter 3 we showed how an LSTM-Autoencoder could be used with accelerometers to
capture the dynamics of a three-axis CNC milling machine for anomaly detection. This
method, although successful, requires a large amount of training data to be collected on
every machine before it can be generalized and implemented robustly in a production en-
vironment. In this chapter, we explore how transfer learning can be used to train neural
networks, and potentially reduce the burdens associated with implementing these algo-
rithms in production, by reducing the amount of training data needed to train an anomaly
detection system.

4.1 Motivation

First proposed in the 1970s by Bozinovski and Fulgosi [12], transfer learning is a machine
learning method where knowledge from a source system is used as a starting point for
training a second related system, with similar dynamics and limited new information [185].
This method allows us to take an existing model trained on one data set, and adapt it to
predict another similar data set, saving significant time and cost by re-using many of the
previous learned weights [15]. This approach is often used in vision processing tasks where
there may be similarity in the images. For example, a network trained to identify dogs
can be used as a starting point to train a network to identify cats [51]. Transfer learning
provides considerable benefits to users implementing machine learning algorithms, as they
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allow them to implement advanced controllers with considerably less training data [96].
This has been applied in other works for chatter detection [195] [217][141] , tool condition
monitoring [101] [29], and milling modeling [80][91][204]. These examples demonstrate
the feasibility of applying transfer learning in CNC milling, but do so only with vanilla
networks, such as SVM, or with CNN or Adaptive Neuro-Fuzzy Inference Systems (ANFIS).
These approaches do not explore the full capabilities of transfer learning, and are only
used to reduce the training effort, without truly capturing knowledge from one machine
and transferring it to another.

Transfer learning provides a promising approach for CNC manufacturers to reduce the
amount of effort and cost needed to ship a CNC milling machine with anomaly detection
capability. Since CNC manufacturers are continually developing new machines, unless
there is no change between a new machine and an old machine, a completely new large
set of training data would need to be obtained for every machine that is designed. Given
that cutting experiments cost several hundred, to several thousand, dollars to complete for
each cut, collecting these data sets costs considerable time and money. Transfer learning
allows manufacturers the ability to potentially re-use existing networks and data from old
machines as a basis for any new networks as new machines are developed.

In this thesis, we propose transfer learning as a method to train anomaly detection
networks in CNC machining using significantly less data than training a system from
scratch. The overall approach proposed is summarized in Figure 4.1. In this approach
we take a large dataset obtained from stable cutting conditions from one three axis CNC
machine, and then transfer its knowledge to a series of other machines.

4.2 Transfer learning algorithm mathematical defini-

tion

The mathematical modeling of transfer learning is expressed in detail in [12], and is pre-
sented in brief below. Following the conventions defined by Tan[185], we define a domain
D = {x, P (X)}, containing a feature space x and the probability distribution P (X), where
X = x1, ..., xn. A task can then be presented by T = {Y , f(x)}, where y represents a label
space and f(x) a target function. These labels and target functions are learned from the
training data consisting of pairs {xi, yi}, where xi ∈ X and yi ∈ Y .

Given a learning task TS from source domain DS, and a target domain DT and learning
task TT , where DS ̸= DT , or TS ̸= TT , transfer learning aims to improve the predictive
function fT (·) in DT using the knowledge in DS and TS. This is accomplished by using the
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Figure 4.1: Data flow for transfer learning approach

latent knowledge from DS and TS. In most cases the size of DS is much larger than DT

[185].

In practise transfer learning is often accomplished by first developing a deep model
based on the source domain data set. Once the deep model has been trained, the final
layers of the model are removed and replaced with new layers with randomly defined
weights, or additional layers are added on top of the source model. The source model layer
weights are then frozen and the new data set from the target domain is used to train the
new layers [15].

For transfer learning to be successful from the source domain to the target domain
there must be sufficient overlap between the two data sets. This overlap ensures that both
the source and target domain are reflecting similar environments, making the transferred
information useful. For example, in the context of a CNC machine, if the source data
contained only drilled holes but the target data was entirely curved surfaces, one would
expect there to be little overlap. To evaluate the overlap between the sets, a metric known
as the Maximum Mean Discrepancy (MMD) is often used.

40



4.2.1 Maximum Mean Discrepancy and transfer learning

For transfer learning to be successful, there must be similarity between the source and
target sets. Without this similarity, the knowledge from the source set either is not useful,
or will lead the network to an incorrect solution.

In early works, this analysis was completed by performing complex statistical tests
comparing the similarity between the training data in both the source and target domains
[12]. In this approach, a series of inequalities must be solved to show that there is a
positive rate of learning from one network to another. Solving these inequalities is done by
representing the output of the target and source neural network as a linear combination of
the output of the previous iteration of the target and source network, and an input aipi,
where pi is the number of appearances of a data pattern x and ai = xT

i xi. The user then
must solve seven different inequalities to show that the data has a positive rate of learning,
and thus transfer learning can occur. These inequalities are complex to solve, and become
only more complicated as the dimension of the problem increases.

More recently, a statistical measure known as the Maximum Mean Discrepancy (MMD)
has been used, as it is far easier to compute, and provides equally accurate results [47].
The MMD metric was first described by Gretton [47] and has been used to evaluate the
feasibility of transfer learning [204][106]. The MMD is a kernel based statistical test that
is used to determine if two data sets represent the same distribution. In the context of
transfer learning, if both the source and target training data have a low MMD score, then
we can conclude that they both represent similar domains and transfer learning will be
successful.

Given two distributions X and Y , we assume there is a feature map ϕ(∗) that maps
the distributions to a feature space F . The MMD is calculated as

MMD2(X, Y ) = ∥µX − µY ∥2F . (4.1)

where µ represents the mean of the distribution in the feature space.

This test is visualized in two dimensional space in Figure 4.2. From this figure we can
see that if the mean is small, then we can conclude that the data is likely from the same,
or similar, underlying phenomena, assuming the data from both sets is generated from a
similar type of distribution (e.g. both Gaussian distributions versus one Gaussian and one
bi-modal).

This expression has a straightforward description but is often difficult to implement,
especially in higher dimensional space. Thus, we use an empirical estimation by represent-
ing the system with a kernel k(xi, xj). There are many choices one can make for the kernel,
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Figure 4.2: Two-Dimensional visualization of MMD metric

but the most common choice is a normally distributed Gaussian kernel. This estimation
of the MMD can then be described as

MMD2(X, Y ) =
1

m(m− 1)

∑
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∑
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k(xi, xj) (4.2)
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∑
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∑
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k(yi, yj). (4.4)

In its practical implementation, the MMD score outlines the similarity in response
between two networks to the same input signal; this similarity response is explained in
greater detail in Section 4.3.3.

Given its wide acceptance in the literature, and ease of use, we use the MMD score as
an indication of whether or not a set of data meets the requirements for transfer learning.
From our experiments, we see that if the normalized MMD score is less than 0.1, then the
system meets the requirements for transfer learning.

4.3 Transfer learning experimental implementation

To explore the potential of transfer learning for anomaly detection in CNC machining, a
series of experiments were conducted. For these experiments, an Autoencoder was devel-
oped using the stable cutting conditions from an open source data set[215]. This data was
collected from a Dytran-3293A three axis accelerometer sampling at 2048 Hz on a Tongtai
TMV-720A three axis CNC milling machining on FDAC steel. The experimental setup
used in the paper can be seen in Figure 4.3. After this system is trained on this large
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data set, we freeze the encoder portions of the Autoencoder, saving it to be transferred
to another CNC machine later. We implement this approach of freezing the encoder and
then training the decoder on the target data set as it yields the better results in contrast
to freezing the entire Autoencoder and applying additional layers, and training the new
layers on the target dataset. We believe that this improvement is because the encoder
captures the latent data representation that is not machine specific, whereas the decoder
allows us to pick up more machine specific features.

Figure 4.3: Tongtai TMV-720A setup [215]

In parallel to training the Autoencoder on the open source data set from the Tongtai
system, we conducted cutting experiments on two different CNC machines on a variety of
materials. These experiments were completed on a Makera X-Carve and a Roland MDX-
40A using a WitMotion three axis accelerometer sampling at 200 Hz. This experimental
setup can be seen in Figure 4.4 Cutting experiments were completed at various depths and
spindle speeds on machining wax and wood. These experiments consisted of a mix of stable
and chatter cutting conditions. A sample acceleration signal from a cutting experiment
completed on the Roland MDX-40A on wood can be seen in Figure 4.5.
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Figure 4.4: Roland MDX-40A experimental setup

The stable and unstable cuts were identified by taking the acceleration signals and
performing a Fast Fourier Transformation (FFT) to obtain the frequency domain repre-
sentations. As outlined in the literature review, stable and unstable cutting conditions can
be separated manually by comparing the frequency peaks from the cutting experiments.
This process was applied to separate the cutting conditions and create classification labels
for training the Autoencoders. These labels were validated by comparing the labeled data
points with video recordings of the cutting conditions and visual inspection of the parts
and signals.

With the training data, testing data and ground truth information obtained, the trans-
fer learning algorithm was applied. In this proposed approach, we train the Autoencoder
with the stable cutting information from the Tongtai 3-axis CNC machine. We then freeze
the layers of the encoder and transfer the information to a new network on the target
machine, in this case, the Roland MDX-40A. We then re-train the decoder with the data
from the target machine. The training was completed using the same configurations de-
veloped in Chapter 3, and can be described algebraically as follows: Begin by training an
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Figure 4.5: Sample Acceleration Signal

Autoencoder on the Tongtai TMV-720A data described as

fTMV (gTMV (x)) (4.5)

then freeze the encoder gTMV (·) and construct a new decoder and Autoencoder for the
target system, the Roland MDX-40A

fMDX(gTMV (x)) (4.6)

re-train the decoder on data from the Roland MDX-40A, aiming to minimize reconstruction
error x̂− x.

By implementing this approach, we reduce the total number of training parameters from
approximately 45 000 to approximately 22 000, with the original network being trained on
200 000 data points and the transferred network trained with only 4200 data points, an
85% reduction in required data. These data points were collected from tests completed on
wood with varying spindle speeds and depths of cut ranging from 3.0mm to 7.0mm.

The system was tested using the data from the input signal seen in Figure 4.5. For
completeness, the original network from the Tongtai was provided the same input signal,
with the resulting output seen in Figure 4.6. In this figure, the blue line indicates a stable
cut, the red line a unstable cut and the green line is the threshold between the two. As
this figure shows, the stable and unstable cutting signals are nearly indistinguishable from
one another.
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Figure 4.6: Reconstruction Plot generated without Transfer Learning

These same input signals are then applied to the system trained with transfer learning.
The output from this test can be seen in Figure 4.7. As this figure shows, there is now a
clear distinction between the stable and unstable signals. Furthermore, the network is able
to make a clear indication when the signal moves into the unstable region. This is verified
when we compare the output from the network, to the ground truth in Figure 4.8.

To obtain a numerical metric for the performance of the system, we calculate the true
positives, false negatives, false positives and true negatives of the network. The results of
the un-transferred network can be seen in Table 4.1, and the network trained with transfer
learning in Table 4.2.

The un-transferred system has a precision of 57.74%, a recall of 37.52% and an accuracy
of 72.49%. The system trained with transfer learning has a precision of 69.86%, recall
of 74.85 % and an accuracy of 82.43%. These results were comparable to experimental
tests found in other works[204], which indicated similar accuracy rates in other systems
trained with transfer learning. It is also worth noting that the accuracy and precision are
somewhat low compared to other anomaly detection systems, due to the high number of
false positives, but this is due to a somewhat aggressive system that classifies many stable
conditions as chatter.
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Figure 4.7: Reconstruction Plot generated from Transfer Learning

Figure 4.8: Chatter Indicator Comparison

4.3.1 Closed loop implementation of anomaly detection using
transfer learning

The experimental implementations shown in Section 4.3 were completed offline, meaning
that the cutting experiments were completed while the data was being recorded and then
analyzed afterwards to see if chatter could be detected. This approach allowed us to develop
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Table 4.1: Confusion Matrix for Anomaly Detection without Transfer Learning

Confusion
Matrix

Anomaly
(predicted)

No
Anomaly
(predicted)

Anomaly
(actual)

194 323

Not
Anomaly
(actual)

142 1031

Table 4.2: Confusion Matrix for Anomaly Detection using Transfer Learning

Confusion
Matrix

Anomaly
(predicted)

No
Anomaly
(predicted)

Anomaly
(actual)

387 130

Not
Anomaly
(actual)

167 1006

a ground truth to compare the accuracy of the system.

With the verification of the anomaly detection system completed, we proceeded to
extend these tests to online verification with closed loop feedback. This task was accom-
plished by implementing the controller to react to real time data and then increasing the
spindle speed by a fixed amount. Although more complex and intelligent control tech-
niques could have been implemented, they were omitted due to being out of the scope of
this work.

These closed loop tests were completed on the Roland MDX-40A three-axis CNC milling
machine using the WitMotion three-axis accelerometers sampling at 200Hz. Cutting ex-
periments were completed on wood with the end mill at a 1/8“ depth of cut, completing
straight cuts. These cutting experiments began at 6000 RPM, which is known to cause
chatter from previous experiments.
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To implement closed-loop control, the Autoencoder trained on transfer learning was
integrated with the CNC controller. This control strategy had the anomaly detection
system read sensor data in real-time and then send a signal to the machine controller if
an anomaly, in this case chatter, was detected. The CNC controller would then increase
the spindle speed by 100 RPM when this signal was received. This choice was made since
it is known that the system is stable at 7000 RPM at 1/8” depth of cut on wood for this
machine, and more complex control action was not possible due to limitations in the CNC
controller. A more aggressive change could have been chosen, but given that this was an
arbitrary controller, it was decided to make a conservative choice.

An example of the acceleration signals from a cutting experiment can be seen in Fig-
ure 4.9 where no corrective action is taken on the top subplot, and corrective action is
taken on the bottom subplot. The figure shows the acceleration in the X, Y and Z axis,
in orange and green. As the figure shows, without corrective action the system continu-
ally experiences large unstable conditions, but with corrective action the system is able to
quickly stabilize the forces observed.

Figure 4.9: Accelerometer signal from closed loop cutting experiment

We can further see the impact of the anomaly detection algorithm in Figure 4.10 where
the output of the anomaly detection system, seen in blue, is overlaid on top of the acceler-
ation signals. As the figure shows, the system quickly captures the presence of chatter and
is able to send a signal to take corrective action within several milliseconds. We can see
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the resulting control action in Figure 4.11 that has the chatter indicators and the spindle
RPM plotted.

Figure 4.10: Accelerometer signal with anomaly detection indicators

The figures show that the system is able to detect the presence of chatter, and quickly
apply corrective action. This allows the CNC milling machine to complete stable cuts for
the duration of the cutting experiment, with minor issues detected. This result is promising
when we compare the acceleration signals between the uncorrected and corrected systems,
showing that the system can be brought to a stable condition in real time, and that the
proposed method is not excessively computational expensive or infeasible. It should be
noted that the results could likely be improved with a more intelligent control action that
is able to make more informed decisions, but is left for future work.
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Figure 4.11: Plot of spindle speed (RPM) and anomaly detection indicator

4.3.2 Anomaly detection of broken tool bit using transfer learn-
ing

The anomaly detection algorithm proposed in this thesis has demonstrated its potential
for detecting chatter conditions. To investigate its ability to detect anomalies beyond just
chatter, we also investigated the feasibility of detecting broken tools.

As outlined in [20], broken tools can also be detected using an accelerometer. By
using an accelerometer, we are able to implement the anomaly detection system designed
previously without having to make any major modifications.

To safely and consistently test for broken tool bits, we begin with two different end
mills. We purposely damage one of the cutting flutes on one of the end mills by cutting
away a portion of the end mill part way up. This can be seen in Figure 4.12, where a
new end mill is seen on the left, and the damaged end mill can be seen on the right. By
damaging the end mill in this way we can perform test cuts with the undamaged portion
of the damaged end mill and then increase the depth of cut with the damaged end mill to
introduce the impacts of the damaged flutes. Although cutting dynamics do change with
increased depth of cut, given the small size of the tool, the effects are minimal.

With the broken end mill, we were able to complete cutting experiments at a variety
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Figure 4.12: Comparison between new end mill and damaged end mill

of cutting speeds. The first of these tests was completed at 7000 RPM at a depth of cut
that was known to likely be stable. The results of this cutting experiment with the new
end mill can be seen in Figure 4.13. In this figure, the top plot represents the acceleration
signal from the accelerator, the middle plot represents a chatter indicator using established
methods described in [14], and the bottom plot represents the output from the anomaly
detection system described in this thesis.

Figure 4.13: Algorithm output with new tool bit at 7000 RPM

As this figure shows, aside from some anomalies due to the initial contact between the
end mill and the cutting material, the remainder of the cut is stable. This classification
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is consistent between the chatter indicator and the output from the anomaly detection
system.

The next cutting experiments were conducted with the same cutting profile, but using
the damaged tool bit. The result of this experiment can be seen in Figure 4.14. As this
figure shows, the traditional chatter indicator seen in the middle plot, is not able to detect
the presence of any issues. This contrasts the output from the anomaly detection algorithm
that repeatedly indicates that an anomaly has occurred.

Figure 4.14: Algorithm output with broken tool bit at 7000 RPM

Following these tests, cutting experiments were conducted with the end mills in which
chatter conditions would occur. The first of these experiments has the new end mill cutting
at 4500 RPM. As Figure 4.15 shows, both the traditional chatter indicator and the anomaly
detection algorithm indicate that an anomaly, in this case chatter, occurs at this depth of
cut and RPM.

Repeating this experiment with the broken tool bit, seen in Figure 4.16, we can see that
both the conventional chatter detection algorithm, and the anomaly detection algorithm
are able to detect the chatter that occurs after seven seconds, but the anomaly detection
algorithm detects the presence of other issues at the ten second mark.

One limitation of directly applying the anomaly detection algorithm as it is currently
designed, is that it can only detect that an anomaly has occurred, but is unable to distin-
guish between chatter and the broken tool. To address this limitation, a proposed extension
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Figure 4.15: Algorithm output with new tool bit at 4500 RPM

Figure 4.16: Algorithm output with broken tool bit at 4500 RPM

of the algorithm is described in Chapter 7. This extension potentially allows the system
to predict the class an anomaly belongs to in addition to detecting it.
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4.3.3 Meaning of Maximum Mean Discrepancy in relation CNC
Machining

One of the challenges of applying machine learning techniques to CNC machining is the lack
of physical intuition from the various metrics and algorithms. Often times, these machine
learning techniques have been developed for problems in vision and image processing, so
their relationship to a physical phenomena is not as clear. One metric of interest for
this thesis is the maximum mean discrepancy (MMD), and the physical intuition that it
provides.

As described previously, the maximum mean discrepancy is a characterization of the
distance between distributions. Although this provides a clear statistical meaning, the
clarity of this metric is lost when we begin to examine systems with a large number of
features or complex embeddings.

To gain a deeper understanding of the MMD score, and to determine its relationship to
transfer learning in CNC machining, a series of experiments were conducted on a variety
of machines with a few test materials. These experiments were conducted with support of
our industry partner, Hurco Companies Inc, at one of their beta tests sites. This beta test
site is a medium sized job shop that has a variety of different Hurco machines.

The cutting experiments were completed on a series of machines within the same family
of Hurco machines, but varied in some structural dynamics, as well as size. The majority of
tests were completed on a direct drive Hurco VMX42Di, with additional tests completed on
the belt driven Hurco VMX42i, as well as the large bed VMX6030. Several test networks
were created from the data from these machines, and the resulting outputs were compared.
These test networks are summarized as follows:

1. Train source network on Tongtai TMV-720A and transfer for Hurco VMX42Di

2. Train source network on Hurco VMX42Di and transfer to Hurco VMX42i

3. Train source network on Hurco VMX42Di and transfer to Hurco VMX6030

4. Train network on Hurvo VMX42Di on steel and test on aluminum

These test cases capture many of the different dynamics of the machines and answer
questions relating to transferring information from one set of conditions to another. Case
one studies the impact of transferring networks from two machines that have similar struc-
tural design, but are from different manufactures with different drive mechanisms. Case
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two evaluates the impact of transferring networks amongst two machines from the same
manufacturer with similar geometries and structural dynamics, but a different drive sys-
tem. In addition, these tests were repeated three times, on three different machines to
evaluate the repeatability of the methods. Case three evaluates transferring from the same
manufacturer to a similar but larger machine. Lastly, case four evaluates a system trained
on one material and implemented on another material but on the same machine. These
cases represent the impacts of structural dynamics, drive dynamics, manufacturer and
material impacts.

To capture the dynamics of interests in these experiments, uniaxial accelerometers from
PCB Piezotronics were used. Theses accelerometers were mounted in the X and Y axes of
the CNC spindle and had a ±15% sensitivity of 10 mV/g (1.0 mV/(m/s²)), measurement
range of ±500 g pk (±4900 m/s² pk), broadband resolution of 0.004 g rms (0.04 m/s² rms),
and ±5% frequency range of 1.0 to 10000 Hz. This data was collected using a LabJack T7
DAQ at a sample rate of 100 000 samples per second. This data was streamed to a laptop
computer that analyzed the data using a Python script. The data acquisition setup can
be seen in Figure 4.17 and the mounting of the system can be seen in Figure 4.18.

Figure 4.17: The inside of the plastic control box.
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Figure 4.18: The plastic control box mounted onto a Hurco VMX42Di CNC machine.

To establish a ground truth for the chatter indicators, the chatter detection methods
developed by Brecher[13] [14] were implemented. This method involved taking the piezo-
electric accelerometer values, performing initial filtering to denoise, and then numerically
integrating the acceleration signal from the accelerometers. This integration was used to
calculate the displacement of the headstock assembly in both X and Y directions. The
trajectory of the headstock was plotted using the displacement time series, and then used
to calculate the the standard deviation of the headstock’s trajectory. This standard devi-
ation is used to estimate the position of the tool in the spindle, which ultimately is used
to calculate the chatter indicator.

To determine the impact of the MMD score we begin by developing a series of networks,
using the previously described methods, from data obtained on a Hurco VMX42Di. We
then transfer this network to each of the different test conditions and use the training data
to obtain the MMD score between the source and target training sets.

We then take the acceleration signal from one of the test cuts, seen in Figure 4.19 and
apply it to the anomaly detection systems designed on the various networks. The accuracy
of these networks is obtained by comparing the output to the ground truth obtained using
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Brecher’s method. The results of this comparison can be seen in Figure 4.20.

Figure 4.19: Hurco VMX42Di Acceleration Signal

Figure 4.20: Hurco VMX42Di Test comparing transfer learning from different sources

The results of the test completed on the acceleration signal from the Hurco VMX42Di
can be seen in Table 4.3. In this table we compare the MMD score, minimum learning loss,
the cross entropy and the network accuracy. These metrics were chosen as the learning loss
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allows us a numerical metric to evaluate the network’s relative ability to learn, the cross
entropy is another commonly used metric for comparing distributions and the accuracy
is a measure of the performance of the network. It should be noted, that there is no
learning loss for the case of the VMX42Di with the aluminum test, as this network was
not re-trained.

Table 4.3: Comparison of MMD Scores and Accuracy for Experimental Test Cases on
Different Machines

Test Description MMD Score Learning Loss Cross Entropy Network Accuracy
TMV to
VMX42Di

55.62 × 10−2 0.8 × 10−2 0.14 61.58 %

VMX42Di to
VMX42i

15.31 × 10−2 1.33 × 10−2 0.06 83.00%

VMX42Di to
VMX6030

37.59 × 10−2 20.96 × 10−2 0.09 98.03%

VMX42Di on
VMX42Di Al

5.67 × 10−2 N/A 0.04 86.39%

From reviewing the table results alone, it is difficult to draw a conclusion about the
relationship between the MMD score, the learning loss, cross entropy and the network
accuracy. There is no clear correlation between the MMD score, learning loss, or accuracy.
We see that the MMD score follows the same trend as the cross entropy score, but neither
has a strong correlation between the learning loss or network accuracy. However, when we
evaluate the trend between the experiments, we see that applying transfer learning between
machines from the same manufacturer consistently produces higher accuracy.

As Figure 4.20, Figure 4.25 and Figure 4.27 shows, the ground truth generated using
Brecher’s chatter indicators align with the expected peaks and valleys seen in the accel-
eration signal. These points also align with the signals seen for the VMX42Di, VMX42i
and VMX6030. Although the network trained on the TMV-720A does pick up some of the
similar trends, it does not transfer the knowledge from the original system as well as the
other networks designed on data from the same manufacturer. The similarity in response
to signals can be noted by visual inspection.

We see a similar result when this test is repeated with acceleration inputs from a
cut done on aluminum, seen in Figure 4.21, with the results of these networks seen in
Figure 4.22. Since all of the previous networks were trained on steel, one would expect
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that the networks would have greater difficulty evaluating stability conditions on aluminum.
Since aluminum typically has a lower cutting force coefficient, its stability lobes tend to
show similar stability conditions as steel for the same depth of cut and RPM machining
conditions [160]. This result is confirmed when we evaluate the performance of the various
networks seen in Figure 4.22. Most notably, the networks with the largest MMD scores,
the TMV-720A and the VMX6030, track the input signal and ground truth poorly, while
the ones with low MMD scores, the VMX42Di and VMX42i, are able to track the signal
more reliably, with the VMX42Di tracking the signal the most accurately.

Figure 4.21: Hurco VMX42Di Aluminum Acceleration Signal

To evaluate the repeatability of this approach, the same experiment was done on three
machines of the same make and model. Data was collected for each machine individually
and then the networks were transferred from the VMX42Di to each of the VMX42i, num-
bered PFC1, PFC2 and PFC3. The summary of results can be seen in Table 4.4, and the
resulting system outputs can be seen in Figure 4.23. Consistent with the results seen in
the other tests, PFC1 has the largest MMD score and fails to capture some of the peaks
seen in the response from the VMX42Di, whereas PFC2 has the lowest score and captures
the peaks as well as the relative magnitudes. These results are consistent with the findings
from the other experiments.

The results from these experiments match our intuition, where the greater the differ-
ence between the source and target sets, the greater the difficulty the network will have
in distinguishing the stability of the system. Similar results can be seen for the tests com-
pleted on other VMX42i machines and the VMX6030, seen in Figure 4.24, Figure 4.25,
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Figure 4.22: Hurco VMX42Di Aluminum Test comparing transfer learning from different
sources

Table 4.4: Comparison of MMD Scores and Accuracy for Experimental Test Cases on the
same model of machine

Test Description MMD Score Learning Loss Network Accuracy
VMX42Di to
VMX42i 1

39.58 × 10−2 4.02 × 10−2 95.58 %

VMX42Di to
VMX42i 2

3.53 × 10−2 4.04 × 10−2 88.08%

VMX42Di to
VMX42i 3

22.28 × 10−2 3.04 × 10−2 97.05%

Figure 4.26 and Figure 4.27. These discrepancies also align with the structure of the mech-
anistic models, as described in Section 2.2.1. As the mechanistic models show, the cutting
parameters representing the tangential and normal forces will vary based on the cutter ge-
ometry and material parameters. Thus, we can expect that these differences in geometry
and material parameters would also have an impact on the MMD score, and the ability of
the network to transfer.
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Figure 4.23: Hurco VMX42i Comparison of transfer learning to the same model of machine

Figure 4.24: Hurco VMX42i Acceleration Signal

These results are also consistent when we evaluate the structural differences in the
machines. Following the approach detailed in [63], we can evaluate the VMX42Di, VMX42i
and VMX6030 to determine the impact that different structural elements have on the
structural dynamics of the various machines. An example of this analysis can be seen
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Figure 4.25: Hurco VMX42i Test comparing transfer learning from different sources

Figure 4.26: Hurco VMX6030 Acceleration Signal

in Figure 4.28 for the VMX42Di. Using finite element analysis, the frequency response
of VMX42Di was determined in the X, Y and Z directions to identify the most flexible
mode. This flexible mode will influence the structural dynamics of the machine through
the bending and twisting of the column. Thus, if there are significant differences in the
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Figure 4.27: Hurco VMX6030 Test comparing transfer learning from different sources

structural components of a machine, we can expect these differences to cause the machine to
respond differently. From this analysis we found that the greatest impact on the VMX42Di
occurred at 74Hz, with a similar result was seen for the VMX42i at 63 Hz in Figure 4.29
and for the VMX6030 the column bending can be observed at 61Hz in Figure 4.30. This
analysis indicates that all three of these systems have similar structural responses, at
relatively similar frequencies.

Following this analysis, we compare the spindle drive, column casting, base casting,
y-saddle, z-saddle and table configurations used for the various machines. Through this
comparison we see that the VMX42Di and VMX42i have the same column casting, base
casting, table configuration and y-saddle, but different spindle drives and z-saddle. The FE
analysis also shows that the z-column is the most flexible element, and thus has the largest
impact on the structural dynamics of the machine. Therefore any differences in the z-
column are likely to generate significant differences in the structural response. In contrast,
when we compare the VMX42Di and the VMX6030, we see that they differ in terms of
the spindle drive, column casting, base casting, y-saddle, z-saddle and table configuration.
This causes the column bending to occur at a different frequency and amplitude compared
to the VMX42Di and VMX42i, since the only similarity between the machines is the overall
geometry. From this analysis, we conclude that these differences are captured in the data,
resulting in the larger MMD scores observed.
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Figure 4.28: FE Analysis of Hurco VMX42Di

Based on the literature, a low MMD score indicates that the source and target training
sets have sufficient overlap for transfer learning to occur. From our experiments, we can
conclude that, in the context of anomaly detection in CNC machines, if the source training
data produces a network that is capable of tracking an input signal to detect an anomaly,
then the network transferred to the target machine will also produce a signal that outputs
similar characteristics. From this, we conclude that the physical meaning of a low MMD
score is that it indicates that the target machine will track the anomaly signal more closely,
but does not necessarily indicate that the accuracy of the network will also be low.
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Figure 4.29: FE Analysis of Hurco VMX42i

Furthermore, if the MMD score is sufficiently small, there may not be significant benefit
from transferring the network from one source to another. We see this effect when we
compare the networks design on steel cutting aluminum, and the networks designed on
the VMX42Di being deployed on the VMX42i. The MMD scores between these data sets
is small, and the network response is so similar, that the extra effort invested to train a
specific network for these cases is not worthwhile.
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Figure 4.30: FE Analysis of Hurco VMX6030

4.4 Discussion and summary of contributions

In this chapter we propose a method of transfer learning that can be applied for anomaly
detection in CNC machining. This proposed methods offers many potential contributions
to the literature. These contributions are summarized as follows

• Demonstrated that transfer learning can be applied for anomaly detection in CNC
milling machine when using deep learning as such as the LSTM Autoencoder, ulti-
mately reducing the amount of data required and reducing the training time.

• Demonstrated that the anomaly detection algorithms trained with transfer learning
can be used for chatter detection, but also extended to detection of broken tools.

• Verified that the MMD score can not only be used to check the viability of transfer

67



learning, but to provide a metric to show how similar one network will respond to
another network when transferred

• Verified that if a MMD score is sufficiently low, then transfer learning may not be
required, as the two networks will respond to a given input the same way (e.g. transfer
learning is not required for different materials or for similar machines).

One of the challenges in implementing machine learning algorithms is the high cost
associated with collecting training data. This cost often adds increased development time
before an approach can be implemented. Transfer learning allows us a valuable method
for quickly deploying deep networks; in addition, transfer learning allows us to re-use this
training data in other situations. For instance, through our work with the MMD score
analysis, we know that several of the CNC machines that we developed models for have
low MMD scores and are physically quite similar. This means that we can either choose
to train networks on the largest data sets and deploy them on the various machines, or we
could combine all of the data to create an even larger data set. This proposition means that
investments spent for data collection can likely be extended beyond a singular project or
machine, reducing the overall finance commitments required to implement these advanced
capabilities.

To illustrate the difference in training parameters and data required, the training pa-
rameters and data sizes for the VMX42Di, VMX42i and VMX6030 have been tabulated
in Table 4.5. To train the VMX42Di, nearly a million data points were required with
nearly a week of computation required to train the network. In contrast, the VMX42i and
VMX6030 were both trained with nearly a third of the required data, and only a day of
computation each. Given that cutting experiments cost several hundred to several thou-
sand dollars to complete, the dramatic reduction in required training data is of substantial
savings to the users.

This work and these contributions demonstrate the viability of transfer learning in
applications of anomaly detection in CNC machining and are explored further in this
thesis.
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Table 4.5: Comparison of network training parameters with and without transfer learning

Training Configuration
Approximate Number
of Parameters (×103)

Amount of Training
Data Required (×103)

VMX42Di Trained from
Scratch

45 1000

VMX42i Trained from
Transfer Learning from
VMX42Di

22 303

VMX6030 Trained from
Transfer Learning from
VMX42Di

22 338
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Chapter 5

Incremental Learning for Anomaly
Detection in CNC Machining

In this thesis we have presented an anomaly detection system based on the LSTM-Autoencoder
architecture. We have presented a potential solution to reducing the burden on the user
by applying transfer learning to take the knowledge from one system and transfer it to
another. However, the systems trained with transfer learning only represent a snapshot in
time, and does not encapsulate changes to the machine as more data becomes available. In
addition, the network trained from transfer learning alone, has lower accuracy compared
to a network trained from scratch.

In this chapter we introduce incremental learning as a potential tool for obtaining high
performance of neural networks in anomaly detection, without the need for substantial
initial data collection. This approach has the potential to reduce barriers for implementing
machine learning in production environments, by presenting a solution that is capable of
growing and adapting as a machine is used.

5.1 Motivation

One challenge for many machine learning algorithms is collecting enough high quality data
to properly train and test a system. Spending machine time to collect training data often
involves paying an operator to perform tests cuts, ultimately using material and time to
produce unproductive parts. This process is a costly proposition that is often undesirable
for those in production. Another issue with many machine learning algorithms, is the
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data only represents a snapshot in time. For example, in tool wear, the cutting forces
required can increase over time, causing changes in the observed cutting signals [229].
This limitation has a significant impact on models that may be trained in one domain, but
overtime, operate in situations where the conditions have changed. Models designed only
to represent new machines from the factory, may end up poorly matching machines that
have been used in production for several years.

This type of problem is common for time series systems, where underlying dynamics
change overtime. A well known example of this is HVAC controllers adapting to changes in
temperature demands due to changes in season, building occupancy and building integrity
as time changes [72]. One solution to these problems is to use an incremental learning
algorithm [119]. Incremental learning, as its name implies, has the network learn in small
batches over time. This approach ensures that the networks are able to incrementally learn
from non-stationary streams of data, and avoid losing their previously acquired capabilities
[199]. This aspect of machine learning algorithms has garnered significant attention and
produced many works such as [36], [43], and [127]. However, this work is often unstructured
and lacks a shared framework [199], making advancements fractured and inconsistent.

Incremental learning has been successfully applied in CNC machining for a variety of
different applications, demonstrating its feasibility within the domain. However, incremen-
tal learning has only been applied for shallow approaches, such as a K-Nearest Neighbors
algorithm [25], or Support Vector Machines [212] [220] [226]. The most complex types of
networks that incremental learning has been applied to are fuzzy inference networks in
[202], [111], [137]. These works show that the framework for CNC milling machines lends
itself to incremental learning, but not how, or if, it can be applied to deep networks such
as the LSTM.

5.2 Incremental learning algorithm definition

Using the framework in [198], we can classify the aforementioned problems in what is
known as domain-incremental learning. In domain-incremental learning, the structure of
the problem is the same, but the context or input-distribution changes. This problem
definition aligns well with the problems described in Section 5.1, as we are still aiming
to detect anomalies in the machining environment, indicating that the structure of the
problem is the same, but the inputs of the problem may change, indicating that the context
has changed. Thus, by addressing this domain-incremental learning problem, we propose
a system that is capable of learning how to adapt to changes in the environment, as the
machine’s dynamics change with use.
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5.2.1 Incremental learning problem formulation

To ensure that our incremental learning algorithms are effective, we follow the paradigm
set in the highly cited paper on the Learn++ algorithm [140]. In this work, an incremental
learning algorithm is defined as one that meets the following criteria:

• It should be able to learn additional information from new data.

• It should not require access to the original data, used to train the existing classifier.

• It should preserve previously acquired knowledge (that is, it should not suffer from
catastrophic forgetting).

• It should be able to accommodate new categories that may be introduced with new
data.

A key aspect introduced in these criteria is the concept of catastrophic forgetting.
Catastrophic forgetting is described in [75] as the inability of artificial neural networks
to retain old information in the presence of new information. This is a major concern in
system with memory like the LSTM, as they will lose their ability to generalize beyond
the most recent cases.

Another important idea that must be considered is concept drift. Concept drift occurs
when networks operate in a non-stationary environment. In these non-stationary environ-
ments, the underlying natural phenomena that generates the data may change, causing
the underlying data distribution to change as well [36]. These concept drift problems are
a subset of the domain shift problems mentioned previously.

In general, concept drift can be described mathematically using the Bayes posterior. If
we use the Bayes posterior to describe the probability of a given class as

P (w|x) = P (x|w)P (w)/P (x)

then concept drift is defined as any scenario where the posterior probability changes over
time, namely

Pt+1(w|x) ̸= Pt(w|x)

This phenomena is described in greater detail in [36].
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In the context of CNC machining, this change in data distribution often occurs due to
changes in tool conditions such as tool wear. Tool wear causes significant changes in the
cutting forces of the CNC machines, changing by as much as thirty percent [229] [188].

As previously mentioned, these problems fall within the context of domain-incremental
learning. In domain incremental learning, the algorithm aims to learn how to solve the
same problem, but in different contexts. This is defined mathematically as follows: given
an original input vector x0 ∈ X0, a new input vector xi ∈ Xi and an original context
label y ∈ Y, domain-incremental learning is the task of learning a mapping of the form
f : X0 ∪ Xi → Y. In this scenario, the structure of the problem is always the same, but
the context or input-distribution changes [123] [76].

5.2.2 Incremental learning algorithm description

The Learn++ incremental learning algorithm proposes a solution to the incremental learn-
ing problem by developing an algorithm based on the idea of ensemble learning[140] . This
algorithm takes its inspiration from the Adaboost (adaptive boosting) algorithm that com-
bines an ensemble of weak learners trained across a variety of training samples [41], de-
scribed in the preliminaries in Section 2.3.4. In Adaboost the weak learners are combined
by performing a majority-voting scheme to determine the final classification. Learn++
takes this idea and extends it by having the weak learners train themselves on new data,
allowing the network to incrementally grow. This approach has shown considerable success
and has been extended in works such as [125] and [36] .

Recently, this approach has been extended beyond multi-layer perceptron systems de-
scribed in the Learn++ algorithm. The authors further developed this algorithm to create
an incremental learning method for LSTM models and time series data[203]. This method,
named “IncLSTM” has a strong LSTM learner and then an ensemble pool of weak learn-
ers. The various learners are fed into a shared layer and selected based on a weighted
average, with weak learners being substituted over time. The IncLSTM method has shown
effective performance both in simulation and experimental environments, with considerable
improvements on accuracy compared to other methods.

Based on the criteria described in the problem formulation in Section 5.2.1, we propose
an incremental learning strategy that only uses new data to incrementally train a network,
once an initial network has been trained using an initial data set. This approach avoids
catastrophic forgetting by freezing the initial network. Following the strategies outlined
in [203], we first develop a strong learner using the LSTM-Autoencoder architecture in
Chapter 3. Once the strong learner is trained, then a weak learner is developed using the

73



same architecture. The output of the two learners are then fed into a shared layer. As
outlined in [203], and [141], the shared layer achieves better performance than a simple
fine-tuning layer. This layout can be seen in Figure 5.1.

As time passes, or as new data becomes available, new weak learners are continually
added to the pool of weak learners until the maximum number of learners is reached.
After this point, when new learners are to be added to the pool, the oldest learners are
removed. By removing the oldest learners from the pool, we remove data from a previous
machine state that is no longer as relevant. Furthermore, the duration between the addition
and removal of weak learners can be defined by the user and adjusted depending on user
knowledge of the system, as well as available memory on the controller. For example, if the
machine in question is constantly being used for machining high strength steel, one would
expect the tools to wear quickly, thus the weak learners would be updated frequently, or
vice versa.

These weak learners are trained on small data sets, normally a few cuts from a limited
number of cutting operations, over a limited number of epochs. On their own, the weak
learners make poor estimates of the machine state. However, strong learners spend a ma-
jority of their time fine-tuning their estimates[140]. By using an ensemble of weak learners,
we are able to compensate for their weak estimates, thereby allowing faster training and
less over fitting.

5.2.3 Incremental learning algorithm mathematical representa-
tion

We define the following: given sensor inputs XSL = {x1, ..., xn}, labels XSL = {x1, ..., xn},
and training pairs {xi, yi}, we train a strong learner fSL(·) of the form described in
Chapter 3. New data that is obtained during operation is then collected into the sets
XWLj

= {x1, ..., xn}, XWLj
= {x1, ..., xn}, where j represents the j− th operation. A weak

learner of the form described in Chapter 3 , is then trained on this data set and defined as
fWLj

(·). The pool of weak learners is represented by the set W .

Given these definitions, the Incremental Ensemble LSTM Algorithm (IncEnsemble) is
summarized in Algorithm 1.
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Figure 5.1: Network Structure with Strong and Weak Learner
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Algorithm 1 IncEnsemble LSTM Algorithm

Let Nlearners represent current number of weak learners (WL)
Let Nmax represent maximum number of learners
Measure IMU data from CNC machine XWLj

if Nlearners < Nmax then
Train fWLj

(·) based on XWLj

Add fWLj
(·) to W

else if Nlearners ≥ Nmax then
Remove oldest WL from W
Train fWLj

(·) based on XWLj

Add fWLj
(·) to W

end if
Concatenate output from fSL(·) and output from all fWLj

(·) ∈ W
Train shared and output layers based on XWLj

5.3 Incremental learning experimental implementa-

tion

For the incremental learning algorithm, both strong and weak learners were designed using
the results of the work described in Chapter 3. These choices for the learners resulted in
approximately 45 000 training parameters. For the strong learner, we trained the system
with 1 million data points, trained over 150 epochs using mini-batch stochastic gradient
descent (SGD) in batches of ten. Once trained, the strong learner was frozen to prevent
further training and catastrophic forgetting.

The weak learners were designed to use a similar structure as the strong learner, but
trained on a significantly smaller data set of approximately 33 000 data points for only two
epochs, while still having approximately 45 000 parameters. It was found that additional
epochs did not significantly improve the accuracy of the learners, but did significantly
increase the training time. As previously mentioned, the role of the weak learners was only
to generate an estimate of the state of the system at that time, with the fine details to be
determined with the strong learner.

The output from the strong and weak learners was combined with a concatenation layer,
with no training parameters. This concatenation layer was then fed into a fully connected
dense layer, with 3000 parameters. These parameters were trained each time and were not
frozen. This dense layer represents a weighted average between the learners, and by not
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freezing this layer, we are able to dynamically shift the weight to whichever learner most
accurately represents the system dynamics at that time.

One of the important factors in the incremental ensemble learning algorithm is the
maximum number of learners that are added to the pool of weak learners. To determine
an appropriate number of weak learners, experiments were done with the same input data
but varying the number of weak learners. Each weak learner was trained using a different
data set, representing a different instance of time, but the same training conditions were
provided. For simplicity, each set of data was from a different sequential cutting operation,
but data from an extended time duration could also have been used. The learning loss
for these experiments can be seen in Figure 5.2, with the original system in orange and
the ensemble system in blue. As the figure shows, even adding one learner significantly
improves the learning loss of the system, while there is no perceptible change from the
original system. This indicates that the additional learners allow the network to improve
its reconstruction ability, while the original system is no better given the same scenario.
However, given our system, we did not see significant performance increases after the
addition of four weak learners, but did note an increase in required memory.

Figure 5.2: Reconstruction Loss with Varying Numbers of Ensemble Learners

To obtain training data for the incremental ensemble learning algorithm, and to validate
its efficacy, experiments were conducted using the same configuration seen in Figure 3.1,
and described in Section 4.3.3. This testing involved accelerometers mounted on the Hurco
VMX42Di three axis CNC mill.

Cutting experiments were completed on 1020 mild steel with variations of spindle RPM,
depth of cut and tool engagement. These experiments varied the spindle RPM between

77



3000 to 6000 RPM, with the depth of cut ranging from 0.25“ to 1.25” and from 25% to
100% tool engagement using a straight tool path. All other parameters were kept constant
to ensure that the experiments could be distinguished only by the specific parameter being
varied. This large variety of experiments produced a great diversity of cutting conditions
for the network to be trained and tested on.

The incremental learning algorithm was tested by evaluating it using a cutting ex-
periment that contained both stable and unstable cutting conditions. The acceleration
measurements in the X and Y direction can be seen in Figure 5.3. The outlined sections
align with when audible chatter was heard by the operator, with the corresponding ground
truth seen in Figure 5.4. The ground truth for these experiments was also developed using
the methods outlined by Brecher.

Figure 5.3: Acceleration from test signal used for testing incremental learning algorithm

This experimental data was then tested on an LSTM-Autoencoder network that was
directly trained on training data from the machine, an LSTM-Autoencoder network with
the incremental ensemble learning algorithm, an LSTM-Autoencoder that was trained
using transfer learning from the Tongtai TMV three axis CNC machine, and a LSTM-
Autoencoder that was trained using transfer learning and the incremental ensemble learn-
ing algorithm. The LSTM-Autoencoder trained using transfer learning had the base Au-
toencoder trained using the data from the Tongtai[215]. The system was then transferred
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Figure 5.4: Ground truth from test signal used for testing incremental learning algorithm

to the Hurco VMX42Di with the decoding layers being retrained on 30 000 data points,
resulting in 22 000 parameters being retrained.

The output of the LSTM-Autoencoder is the signal reconstruction loss. If this recon-
struction loss is greater than a pre-determined threshold, then the signal is determined
to be an anomaly. This threshold is based on the three sigma rule from the reconstruc-
tion losses obtained during training. The reconstruction losses from the directly trained
network, and the directly trained network with incremental learning can be seen in Fig-
ure 5.5, with the incremental ensemble network seen on the top figure and the directly
trained network in the bottom figure.

Both subfigures show the reconstruction signals crossing the threshold limits at timings
that align with the chatter portions of the cutting operation, seen in the acceleration signal
and the ground truth indicators. There are some minor differences observed between the
two networks, but the same general trend can be seen in both. The directly trained system
has an accuracy of 95.01%, while the incremental ensemble learning system has an accuracy
of 95.62%, indicating little difference between the two system.

The reconstruction losses from the transfer learning trained network and the transfer
learning network with incremental ensemble learning can be seen in Figure 5.6. The output
of the transfer learning system can be seen in the bottom subplot with the transfer learning
network with incremental ensemble learning in the top subplot.

As the figure shows, the transfer learning system has greater difficulty identifying the
chatter condition and has significant reconstruction error near the end of the cutting op-
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Figure 5.5: Reconstruction Loss from directly trained network and ensemble-inc network

Figure 5.6: Reconstruction Loss from transfer learning network and ensemble-inc network

80



eration when nothing is occurring. This is in contrast to the transfer learning system with
incremental learning, which follows the cutting signals more accurately. Although there
are some differences in the reconstruction error, the overall trend matches that seen in
Figure 5.5, and matches the ground truth well. This can also be seen when the accuracy is
compared. The transfer learning system only has an accuracy of 75.23% but the transfer
learning system with incremental learning system has an accuracy of 93.57%. The accuracy
results of the four networks is summarized in Table 5.1.

Table 5.1: Accuracy Comparison of Different Machine Learning Architectures

Machine Learning Architecture Accuracy
Directly Trained Network 95.01%
Directly Trained Network with
Incremental Ensemble

95.62%

Transfer Learning Network 75.23%
Transfer Learning Network with
Incremental Ensemble

93.57%

In the experiments conducted, the directly trained system had a high accuracy rate
of 95%, which is comparable to other experiments seen in related work. We were able to
show that the incremental ensemble learning method was able to marginally improve this
accuracy, but most importantly, did not make the system worse. Given the already high
accuracy of the system, it is challenging to improve the accuracy of said system without
overfitting it, thereby reducing its ability to generalize.

Where we did observe considerable increase in accuracy, and thus improvement, is
with the transfer learning system. Systems trained with transfer learning often have lower
accuracy than those directly trained on a data set, with values ranging between 70-85%
[204][96]. This is noticeably lower compared to systems directly trained on a data set;
but transfer learning systems require significantly less data to train compared to systems
trained from scratch. Requiring less data is of significant interest for those hoping to
implement these algorithms in production settings, thus, the incremental ensemble learning
algorithm provides the user the “best of both worlds”. By using this approach, the user can
implement a network quickly using transfer learning and then have it continually improve
and reach accuracy levels comparable to networks directly trained on millions of data
points.

Although the incremental ensemble learning method is effective, one of its major trade
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offs is the amount of memory and computational resources it requires. Training an LSTM-
AutoEncoder directly on the data requires training approximately 45 000 parameters on
over a million data points. On a desktop computer with 16 GB of memory, this process
requires several days of intensive training and computation. However, this training is done
offline, and does not impact any of the machining processes. The final network that is
deployed requires only several megabytes of memory, and virtually no computational effort.
This is a similar result for the system trained with transfer learning, that only requires
training 22 000 parameters on 100 000 data points. In comparison, the incremental learning
method has 275 000 total parameters, with nearly 50 000 parameters being trained each
time a weak learner is added. Although this work can be done in the background, it is done
on the CNC machine itself. Depending on the computational load of the other processes
on the machine, this may or may not be possible. This problem is further complicated
when we compare the cost of an extra computer versus the cost of increased computational
load on the CNC machine.

Nevertheless, one benefit of the incremental learning method is the ability to learn and
add classifiers as time progresses. In our experiments we focused on increasing accuracy
of the system and the ability to accurately detect chatter conditions. However, one of
the strengths of incremental learning is the power it gives a network to learn how to deal
with new classes. In this case, new anomalies can be learned over time as new data is
made available, provided there are sufficient indicators to distinguish these classes. As new
anomalies are introduced to the network, the incremental learning method can be used to
identify them, using the same framework as the anomaly detection with little modification
required. This potential is discussed in Chapter 7 but is ultimately left as a future work

5.4 Discussion and summary of contributions

In this section we propose an incremental learning approach for anomaly detection in CNC
milling machines. This approach has several potential contributions to the literature.
These contributions are summarized as follows

• Developed and validated incremental learning algorithm for LSTM Autoencoders

• Demonstrated that proposed method produce comparable results for networks trained
from scratch to those trained with incremental learning

• Demonstrated that proposed incremental learning method can significantly improve
accuracy of LSTM Autoencoders trained using transfer learning approaches
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This proposed method has the potential to reduce the amount of data required overall,
and more importantly, spreads the burden of data collection over a longer period of time.
By applying transfer learning we are able to reduce the amount of data required to train
an initial system. As seen in Chapter 4, we are able to train a base anomaly detection
system using a data set that is 15-25% the size of one needed to train from scratch. In
our experiments conducted in this chapter, we trained each of the week learners with small
data sets that were only 2.2 % the size of the original data set. This combined approach
allows us to obtain comparable results to the network that is trained from scratch, but is
significantly smaller.

Although this approach gives us considerable accuracy, it does require more memory
to be used, and results in more computing resources to be used. This approach may
be a detriment to some smaller CNC milling machines that are limited on computing
power. This issue was not experienced during our experimental testing, and would not
likely be an issue with the machines that we used, as the Hurco CNC machines have
substantial computing power, but this could theoretically be a limitation of this approach.
Nevertheless, these methods show great potential for future applications and for reducing
much of the complexity for integrating machine learning methods in production.
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Chapter 6

Multi-Axis Anomaly Detection with
Transfer and Ensemble Learning

CNC machines are designed and built in a variety of configurations. The most common
types of CNC milling machines are three axis milling machines. However, a fourth rotatory
axis or five axis CNC milling machines are also commonly used in manufacturing. These
extra axes introduce more functionality, but also more complexity. Unfortunately, the
majority of work in the literature is only focused on three-axis CNC machining, leaving
few systems that can be deployed to multi-axis CNC machines.

In this chapter, we explore how the methods described early can be extended to CNC
milling applications beyond the three axis CNC machines described. We focus this work on
five axis CNC milling machines, but believe many of the techniques could also be applied
to four axis machines.

6.1 Motivation

Five axis CNC milling machines are capable of achieving high machining performance
when manufacturing parts with complex geometry, requiring high precision. Although
these machines have considerable capabilities, they also cost significantly more than their
three axis counterparts, with typical five axis milling machines being three times more
expensive. As a result of this increased cost, there are typically fewer five axis machines
implemented in production, and less available data as a consequence. This makes training
machine learning models challenging as an operator may not have an abundance of old data
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to draw from for training a network, ultimately limiting the amount of readily available
resources.

Of the many different types of configurations of five axis CNC milling machines, one
particular configuration provides a unique opportunity to leverage transfer learning to its
advantage. For swivel head and rotary table style CNC machines, such as the Hurco
VMX42SRTi, there is significant overlap in the geometry between a three-axis mill and
the five-axis mill. For example, the Hurco VMX42SRTi and the Hurco VMX42Di are
constructed with the same column casting, base case and y-saddle. This resemblance
means that the two machines will respond to an input signal with greater similarity [63].
An example of this swivel and tilt type of machine can be seen in Figure 6.1.

Figure 6.1: Hurco VMXSRTi showing the B-Axis Spindle and C-Axis Rotary Table[138]

We propose a method that leverages the similarity between these machines to create
an anomaly detection method using data from the three axis VMX42Di and transferring it
to the VMX42SRTi. This algorithm is described in greater detail in the following sections.
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6.2 Multi-axis anomaly detection algorithm using trans-

fer and ensemble learning

To leverage the similarity between the Hurco VMX42Di and the VMX42SRti, we propose
a transfer and incremental ensemble learning approach. In this proposed approach, we use
the encoder from the three-axis network to capture the known dynamics from the spindle.
We then implement an ensemble learner to capture the new degrees of freedom from the
spindle and the table. The transferred portion and the ensemble learner is then fed into a
decoder that is trained on data from the five axis machine. This topology can be seen in
Figure 6.2.

Figure 6.2: Block diagram of five axis ensemble learning approach

As described in the preliminaries in Section 2.3, ensemble learning is a machine learning
technique that combines several smaller models to generate a final prediction based on the
input of these models. These models work well by promoting a diversity among the models,
allowing the combined model a greater span [172]. We use this knowledge to implement
what is known as a stacking ensemble learner, also known as stacked generalization. In
stacked ensemble learning, we train a series of models on training data and then train a
combiner model using new training data. This stacked model produces a final prediction
based on acquired knowledge from all of the models [169]. An example of this data flow
can be seen in Figure 6.3 that shows the flow of data for a typical stacking process.

Given that one head of the network is taken from the three axis anomaly detection
network, its configuration is already known. This head, labeled the spindle side, is trained
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Figure 6.3: Typical stacking ensemble learning process flow

using the data and training parameters described in Chapter 3. We then create another
encoder head to capture the table and tilt dynamics, which we have named the table
side. This head is designed with the same architecture as the spindle side, but trained
on a different data set. Both encoders are then fed into a single decoder with a modified
architecture to capture the dynamics from both heads, this is done by having an LSTM
layer act as a second bottle neck layer, further capturing the dynamics of the interaction
between the two heads. Following this bottleneck layer, the decoder reverses the dynamics
of the encoders to reconstruct the original signal. This architecture is seen in Figure A.1
in Appendix A.

This algorithm can be described algebraically as follows. Given input xspindle and xtable

that represent sensor inputs from the spindle and table of the five axis CNC machine
respectively, we can define one encoder head corresponding to the spindle as gspindle(x)
and one encoder corresponding to the table as gtable(x). We then combine these two
encoders with an LSTM layer, where the output from the previous layer is defined as
the concatenation of the outputs from the two encoders

hLSTMEncoder(·) = [hspindle, htable]
T . (6.1)

This combined layer output then feeds into a combined LSTM decoder to reconstruct
a combined input signal of the form

x̂ = [xspindle, xtable]
T . (6.2)

The overall Autoencoder is thus defined as

fStackedDecoder(gspindle(xspindle), gtable(xtable)). (6.3)
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This approach contrasts a standard LSTM Autoencoder that would be trained from scratch,
which is simply defined as

fdecoder(gencoder(xspindle,xtable
)). (6.4)

This standard LSTM Autoencoder requires a large set of training data on the five axis
machine to properly converge, whereas the stacked encoder in Equation (6.3) can make use
of some trained parameters from the spindle encoder to reduce the overall data required.

6.2.1 Incremental Ensemble Learning for multi-axis anomaly de-
tection

To improve the accuracy and robustness of this network, we propose implementing an incre-
mental learning strategy using the methods described in Chapter 5. This approach allows
the network to compensate for limited initial training data, and improve its performance
over time, as more five axis machining data is made available.

This proposed method begins by training a stacked ensemble learner described in Sec-
tion 6.2 to act as the strong learner. This method transfers the encoder spindle from a
compatible three axis CNC anomaly detection system, and then trains an encoder for the
table and a stacked decoder. This training is completed on an initial dataset generated
from the five axis CNC machine.

This initial network can be deployed on the machine, then as more data is made avail-
able, weak learners are added to the system. These weak learners copy the same structure
as the spindle encoder head, the table encoder head, and the stacked decoder. This means
that each weak learner separately has two encoder heads and one decoder head. The out-
put of all of these weak learners and the strong learner are combined using a single dense
layer.

The weak learners are added periodically as more data is made available. For testing
purposes, each set of cutting data was immediately added, but a buffer of data could also
be added in practice. The weak learners were trained for two epochs, in batch sizes of
10 using mini-batch gradient descent. Through experimental testing, it was found a weak
learner pool of five learners provided the optimal result. The change in learning loss and
number of weak learners can be seen in Table 6.1.

A simplified block diagram outlining the construction of this network can be seen in
Figure 6.4, and the full network details seen in Figure A.2 in Appendix A.
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Table 6.1: Number of weak learners vs learning loss for multi-axis anomaly detection

Number of Weak Learners 0 1 2 3 4 5
Learning Loss (10−2) 17.92 12.54 10.05 5.61 5.30 4.67

Figure 6.4: Block diagram for five-axis ensemble incremental learning architecture
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6.3 Experimental implementation

To experimentally develop and validate the multi-axis anomaly detection algorithm, a
Hurco VMX42SRTi five-axis CNC milling machine was instrumented with accelerometers
to capture the spindle and table dynamics. To capture this data, a set of Erbessd EPH-
V11E wireless tri-axial vibration sensors were modified to capture the necessary cutting
information at an acceptable sampling rate. The information was sent via the Erbessd
Phantom gateway to a desktop computer, where it was recorded for post processing. The
Erbessd sensors were also supplemented with additional single axis accelerometers, pro-
duced by PCB Piezotronics. This experimental setup can be seen in Figure 6.5.

Figure 6.5: Experimental Setup on Hurco VMX42SRTi

Cutting experiments were completed by performing straight cuts in the X and Y di-
rection, and then completing a “ramp” cut in the XYZ direction. This 3D model of this
ramp can be seen in Figure 6.6, with the resulting cut part in Figure 6.7.

90



Figure 6.6: Solidworks model of ramp cut completed in XYZ

Figure 6.7: Experimental results of ramp cut completed in XYZ
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Upon inspection of Figure 6.7, we see that there are surface defects and chatter marks
near the end of the cut seen in the bottom right corner of the figure. This result is
corroborated when the frequency response of the system is evaluated, seen in Figure 6.8.
We note the change in magnitude for the cutting frequencies compared to the stable cuts at
the times coinciding with the onset of chatter during the ramp cut. Using these thresholds,
we were able to develop a ground truth indicator for when chatter occurred.

Figure 6.8: Frequency response from ramp cut completed on five axis CNC

Once the cutting experiments were completed, an anomaly detection system was trained
from scratch using the available data to develop an Autoencoder based on the structure
outlined in Chapter 3. This anomaly detection system was trained using all of the data
available for stable cutting conditions, and then was provided cutting signals from both
stable and chatter conditions for testing data. This system has approximately 70 000
trainable parameters and was trained on approximately 150 000 data points.

Using the available testing data, the network trained from scratch was tested with the
signal seen in Figure 6.9. The result of this network can be seen in Figure 6.10, that has
the reconstruction loss in the top plot, the decision from the chatter indicator in the middle
plot and the ground truth on the bottom plot. As the figure shows, the system is able to
capture many of the chatter dynamics, but has difficulty making a clear distinction at the
60 second mark. This results in an accuracy of 76.62% and a recall of 78.75%, which acts
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as a baseline accuracy for the system.

Figure 6.9: Example Accelerometer Signal for Five Axis Machine

Following the approach described in the Section 6.2, an initial network was created using
the transfer and ensemble learning approach, without incremental learning. The three axis
portion of this network was transferred from a Hurco VMX42Di system that was trained
and implemented in Chapter 3 and Chapter 4. This system has approximately 23 000
trainable parameters, and was trained on approximately 25 000 data points. The results of
this initial network are quite poor and can be seen in Figure 6.11. This network only has
an accuracy of 16.34 % and a recall of 13.28 %, indicating significant misclassifications.

The result from the transfer and ensemble learning approach is in stark contrast to the
transfer and incremental ensemble learning approach. In this system, we begin with the
network designed with only transfer and ensemble learning. Then as additional data is
provided to the system, the incremental learning methodology described in Section 6.2.1
can be implemented. These weak ensemble learners allow the network to gain a more
complete understanding of the impact the additional aspects of the five axis mill, namely
the swivel and tilt, have on the system. This final network is quite large, with nearly 415 000
total parameters, but only introduces 70 000 parameters during the training phase of each
weak learner. Furthermore, each weak learner is only trained on 4500 data points. This
means that the entire data set is only trained on 50 000 data points, which contrasts the
150 000 data points required to train the network from scratch. This result is encouraging,
since simpler CNN Autoencoder networks for five axis machines require approximately
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Figure 6.10: Anomaly Detection signal from directly trained network compared to Ground
Truth

Figure 6.11: Anomaly Detection signal from Transfer Learning compared to Ground Truth
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80 000 data points to train [156], and do not have the same capability as LSTM Autoencoder
networks. The results of our network trained using transfer and ensemble learning can be
seen in Figure 6.12. These experiments show that the network trained with transfer and
incremental ensemble learning have an accuracy of 72.87% and a recall of 74.85%, which
is comparable to the network trained from scratch. The comparison of these metrics for
the various networks can be seen in summary in Table 6.2.

Figure 6.12: Anomaly Detection signal from Transfer Learning and Ensemble Incremental
Learning compared to Ground Truth

Table 6.2: Comparison of network performance metrics

Network Configuration Accuracy Score (%) Recall Score (%)
Trained from Scratch 76.62 78.75
Transfer and Ensemble Learning Only 16.34 13.28
Transfer and Ensemble Learning with
Incremental Learning

72.87 74.85

These results indicate that we can leverage the data and encoder from the three-axis
anomaly detection system to a five-axis anomaly detection system, if we use an incremental
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ensemble learning approach. We are able to obtain similar accuracy compared to a tradi-
tional Autoencoder that is trained from scratch, but able to leverage the systems already
developed.

6.4 Discussion and summary of contributions

In this chapter we proposed a method for how the anomaly detection system designed
for a three-axis CNC milling machine can be extended to a five-axis milling machine.
This is accomplished by freezing the encoder from the three-axis milling machine and
then implementing an extension of the incremental ensemble learning method described in
Chapter 5. The results from this approach show that this method is able to produce results
comparable to a system trained from scratch on a much larger data set from a five-axis
milling machine.

This proposed approach has considerable potential benefit for the swivel-tilt style of
5-axis CNC milling machine, but could potentially be extended to and 3+2 style milling
machine. Through our approach we captured the dynamics of a vertical spindle in one
encoder and the table in another encoder. This dynamic is common for many 3+2 milling
machines, where one part of the machine is responsible for movement in three axes and one
part is responsible for another two. Depending on the configuration of the portion of the
machine responsible for the movement in three axes, there may be a greater MMD score,
but provided it is not excessively large, transfer learning may still be possible.

While this approach is likely to be effective for many 3+2 machines, it is likely not going
to be effective for 4+1 style milling machines, or true five axis milling machines. These
style of milling machines have four or more axes moving simultaneously, which would likely
introduce more complex dynamics, such as rotation, that have more coupled dynamics that
cannot be as easily separated. This aspect contrasts the 3+2 style machines that typically
make moves in one plane or the other, leaving the other axes fixed. Nevertheless, this does
represent a considerable improvement, as there are currently few options for any five axis
style milling machines, and the 4+1 style machines can be explored in future work.
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Chapter 7

Multi-Class Anomaly Prediction

In this thesis we have presented several methods for anomaly detection in CNC machining.
Although we have focused on chatter, these methods are not specific to any one anomaly,
and can be applied to many types of anomalies. Although detecting the anomalies is crucial,
being able to classify the specific type of anomaly is advantageous for troubleshooting and
maintenance operations.

In this chapter we discuss a proposed multi-class anomaly prediction method that can
be applied for three axis CNC milling machines. This proposed method is able to not only
detect an anomaly, but present a probable class label. This proposed approach builds on
the networks described earlier in this thesis and applies many of the techniques previously
discussed.

7.1 Motivation

As outlined in Chapter 1, there are many potential anomalies that may occur during the
CNC milling process. Through the work shown in Section 4.3.2, it was demonstrated that
the proposed anomaly detection approach is capable of detecting both chatter and the
presence of a broken tool bit. An example of this can be seen in Figure 7.1 that indicates
the portions a cutting signal that are stable, chatter and where a broken tool is engaged.
This signal was captured on the Roland MDX-40A using the wireless Erbessd tri-axial
accelerometers.

However, a limitation of this approach is the inability to distinguish one type of anomaly
from another. Although the presence of any anomaly is undesirable, being able to make a
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Figure 7.1: Example Cutting Signal Containing Stable, Broken and Chatter Cutting Con-
ditions

prediction as to what the anomaly is provides the user with a useful troubleshooting tool.
Furthermore, if this predictive ability can be further refined, estimates can be made as to
how likely a tool is to break or how likely it is that chatter may occur.

7.2 Multi-class anomaly prediction algorithm

To be able to predict a label for multiple classes of anomalies during CNC milling, we
propose an extension of the work described by Kvinevskiy [94]. Kvinevskiy proposed using
a CNN Autoencoder for dimensionality reduction of microphone data and then apply a
SVM to separate the data between stable and chatter cutting conditions. We propose
to use the LSTM Autoencoder we designed previously to apply a similar dimensionality
reduction and then apply a Linear SVC to develop decision boundaries for the stable,
broken and chatter cutting data. We believe that this approach is effective since we have
been able to detect both broken tool cutting conditions and chatter cutting conditions with
this Autoencoder. The overall algorithm can be seen in Algorithm 2.
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Algorithm 2 Multi-Class anomaly prediction algorithm

1: Let x represent an input signal to an Autoencoder anomaly detection system
2: Let f(g(x)) represent an Autoencoder with g(x) = h begin the encoder portion of the

network, f(·) being the entire decoder portion of the network, and h being a latent
representation of the features

3: Train f(g(x)) aiming to minimize the cost function x− x̂, where x̂ is the reconstructed
input signal

4: Modify the Autoencoder to fl(g(x)) where fl(·) is the desired layer of the decoder
5: Pass in training data to fl(g(x)) to create dataset Xmulti

6: Train a One-versus-all Linear SVC of the form S(x) = wT (x) + b where w is a matrix
of weights and b is a bias vector

7: Convert the output from the Linear SVC to percentages using Platt scaling by opti-
mizing parameters A and B in P (ŷ|x) = 1

(1+exp(A∗S(x)+B)
where ŷ is the predicted class

label
8: Monitor the output probabilities for changes above a user defined rate

7.2.1 Dimensionality Reduction using a LSTM-Autoencoder

Dimensionality reduction is often used to convert a network with a large feature set to
a lower dimensional output for visualization or interpretation. Of the many techniques
available, the Autoencoder is one of the most effective dimensionality reduction methods
because the bottleneck layer naturally acts as a reduced-dimensionality vector [15]. This
means that we can design and develop the Autoencoder using the already established meth-
ods, and then modify its output to easily produce a network for dimensionality reduction.

To accomplish this task, we begin by modifying the Autoencoder architecture from
our anomaly detection system to have a layer output at dimension of interest. Once the
network layer has been modified, the entire network can be trained using data from our
stable cutting conditions. After the entire network has been trained, the network can then
be truncated at our desired layer, producing the dimensionality reduction system. The
overall network design can be seen in Figure A.3 in Appendix A.

Through our experimentation it was found that the output from the bottleneck layer
alone did not provide a high degree of separation between data from different data sets.
To compensate for this, instead of taking the output from the bottleneck layer, we take the
output from the first layer of the decoder as the output for our dimensionality reduction
system. For this particular implementation, we found that the data separation could be
further improved by outputting the data in three dimensions and then projecting it onto
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a two dimensional plane using the dot product.

The dimensionality reduction system was tested using the data from the cutting exper-
iment seen in Figure 7.1. The data was manually separated in stable, broken and chatter
signals and fed into the dimensionality reduction system. The output from this network
can be seen in Figure 7.2. As the figure shows, there is a clear distinction between the
chatter data set and the broken data set. However, there are some sections of the stable
data set that do overlap with sections of the broken and chatter data sets. This is likely
due to transition periods where a signal is technically still classified as stable, but begins
to transition to chatter, or signals obtained during cutting with the undamaged flutes half
of the damaged tool bit. Nevertheless, this result demonstrates that the dimensionality
reduction system is capable of projecting the data sets in two dimensions with some degree
of separation observed between the classes.

Figure 7.2: Feature Mapping of Cutting Conditions through dimensionality reduction via
Autoencoder

7.2.2 Multi-class classification with Linear SVC

Using the dimensionality reduction system described in Subsection 7.2.1, we are able to
take the accelerometer sensor data and create a two dimensional representation. With
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this representation, we aim to build a multi-class label prediction system using simple
classifiers.

Due to its simplicity and effectiveness, a Support Vector Machine (SVM) based ap-
proach was chosen. The SVM is a popular lightweight machine learning algorithm that is
typically used for binary classification, but can be extended to multi-class classification by
using a one-versus-all approach. In a one-versus-all (OvA) approach, the system heuris-
tically iterates through the given classes and performs a binary classification between a
given class and the remainder of the options. The classifier then assigns a label based on
the result of these different combinations. A simple analogy for this approach would be a
Venn diagram where we aim to look for the unique combination of descriptors that most
correctly labels a data point.

An important design parameter during the construction of this SVM classifier is the type
of kernel that is used. The classical implementation for a SVM is to find a linear boundary
condition. However, data is often non-linear in nature and may not be easily separated
with a linear boundary. To compensate for this problem, the data can be transformed
using different kernels. Two popular kernel options are the radial basis function (RBF)
kernel and the polynomial kernel. Both of these options were considered, with the output
seen in Figure 7.3.

Figure 7.3: SVC with RBF Kernel and SVC with Polynomial

As the figure shows, neither kernel performs particularly well at separating the data.
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Moreover, the training of these classifiers grows with the dataset, taking away the simplicity
of this approach. After this experimentation, it was decided that the LinearSVC (linear
kernel) was the preferred approach, as it was able to generate clear decision boundaries
and could be computed quickly. The result of this classifier can be seen in Figure 7.4.

Figure 7.4: Linear SVC classifier with class boundaries for mapped features

7.2.3 Multi-class label prediction with Linear SVC

Using the methods described in previous chapters, we are able to generate a classification
for a given data point. However, in multi-class problems, it is often more useful to pro-
vide a probability of a given class rather than a specific label. This probability provides
specifics benefits for multi-class label prediction, by offering a numerical metric that can
be monitored. For example, if we were to monitor the broken bit probability and noticed
that the probability grew over a set time interval, we could make a prediction that the
scenario is likely leading to the tool breaking. This method is a common approach applied
with fuzzy inference, and could be easily integrated with the probability output from this
multi-class label prediction.

To transform the multi-class label to a probability, we use the well known Platt scaling
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equation, presented in the following

P (y = 1|x) =
1

1 + exp(A ∗ f(x) + B)
. (7.1)

In Platt scaling, the output of the classifier f(x) is used in a logistic transformation,
where parameters A and B are found by estimating a maximum likelihood from the training
data. This scaling produces a probability estimate of a given input for each of the classes
the classifier is trained on, rather than a specific class label.

To integrate the Platt scaling, we modify the output of our multi-class SVM and train
the A and B parameters from the training data. This allows us to generate a probability
for all three classes from a given input. We test the output of this system using the input
data seen in Figure 7.1. The resulting probability graph can be seen in Figure 7.5

Figure 7.5: Predicted Class Probabilities based on input signal

From the figure, we see that the output of the graph qualitatively tracks the results
observed. However, to properly evaluate the effectiveness of this class prediction method,
we calculate the negative log likelihood to produce a score that can be used to quantitatively
compare the performance of the algorithm. The negative log likelihood is an effective
measure that has been used in other multi-label classification problems and has a practical
meaning similar to the well known cross-entropy metric.
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In the negative log likelihood metric, a score of zero indicates a perfect fit where the
classifier is able to predict the correct class with no error, and a score of one is one where
the classifier incorrect classifies every instance. This score is calculated with

−log(ŷ) (7.2)

where ŷ is the prediction corresponding to the true class label, after the model outputs
have been converted to a probability through Platt scaling.

Using the negative log likelihood metric we evaluate the performance of the multi-class
label prediction system and obtain a negative log likelihood score of 0.03. This score is
extremely close to zero and indicates an effective system which is able to clearly predict
the correct classes.

7.3 Multi-Class anomaly prediction with transfer learn-

ing

Using the proposed multi-class anomaly prediction system described in Section 7.2 we are
able to generate an accurate prediction of a given anomaly. Given that the dimensionality
reduction in this system is accomplished using an Autoencoder, we propose an extension
that leverages transfer learning to implement the multi-class system while requiring less
training data.

In this proposed approach, we train an Autoencoder using the transfer learning tech-
niques described in Chapter 4, with the encoder trained using the source data set and
the decoder trained using the target data set. We then follow the dimensionality re-
duction methods described in Section 7.2.1 and apply the proposed method described in
Section 7.2.2 and Section 7.2.3 to generate a multi-class anomaly prediction method.

7.3.1 Experimental implementation of multi-class anomaly pre-
diction

To experimentally implement and validate the proposed approach, an Autoencoder was
trained using data from the Tongtai TMV-720A data set for the source network. Data was
then collected from the Roland MDX-40A using the Erbessd wireless tri-axial accelerom-
eters for the target dataset. A new Autoencoder was then trained using transfer learning
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from these two datasets and then modified for dimensionality reduction. The accelerom-
eter input shown in Figure 7.1 was then fed into this system with the output from the
dimensionality reduction seen in Figure 7.6

Figure 7.6: Feature Mapping of Cutting Conditions through dimensionality reduction via
Autoencoder trained with transfer learning

The multi-class classifier was then trained using this transfer learning trained dimen-
sionality reduction system and the data obtained on the target dataset only. The output
from this classifier with the given test input can be seen in Figure 7.7.

As the figures show, given the same input, the transfer learning system does not have
as qualitatively clear separation between the datasets as the system trained from scratch
seen in Figure 7.2. Nevertheless, the Linear SVC is still able to establish clear decision
boundaries that qualitatively align well with those seen in the system that is trained from
scratch.

This system is then extended to generate probabilities using the Platt scaling using
Equation (7.1). The resulting probabilities can be seen in Figure 7.8. As this figure shows,
there is greater uncertainty in the class probabilities. This result is especially apparent
between nine and eleven seconds where the potential class labels vary wildly.

To numerically compare the system trained with transfer learning we once again use the
negative log likelihood. Using the methods described in Section 7.2.3, we obtain a negative
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Figure 7.7: Linear SVC classifier with class boundaries for mapped features with Autoen-
coder trained with transfer learning

log likelihood score of 0.18. In practise, any score below 0.2 is considered to still be very
good, but we can see that the system trained with transfer learning is still considerably
worse than the system trained from scratch. Although the accuracy could potentially be
improved by applying techniques such as incremental learning, this work still indicates that
the proposed method is feasible and has merit.

7.4 Discussion and summary of contributions

In this chapter we explore a potential multi-class anomaly prediction method. This pro-
posed method has several potential contributions to the literature. These contributions
are summarized as follows:

• Demonstrated that multi-class anomaly detection is possible using an LSTM-Autoencoder
for dimensionality reduction and using a LinearSVC for generating decision bound-
aries

• Demonstrated that multi-class label prediction is possible by modifying the afore-
mentioned system using Platt scaling, which can be integrated into a fuzzy inference
system
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Figure 7.8: Linear SVC classifier with class boundaries for mapped features

• Demonstrated that transfer learning is a viable option for training the LSTM-Autoencoder
using in dimensionality reduction

The work for this chapter demonstrates a unique distinction from many other systems
seen in the literature, as we are able to not only detect, but identify multiple types of
anomalies. This ability to identify multiple types of anomalies is completed with relatively
inexpensive sensors and a flexible architecture that can be extended to many different
systems.

In this thesis we explored the ability to predict two classes, namely broken tool bits and
chatter, however, we can likely extend this approach beyond these two classes. Focusing
on only accelerometers, we can also aim to detect tool flank wear, but we can likely detect
even more classes if other sensors or inputs are included in the networks. For example, if
we were to modify the network to include spindle speed or force measurement, we could
likely predict the life of the spindle motor as well. These methods open the door to more
general machine health monitoring, and truly demonstrate the potential of these proposed
methods.
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Chapter 8

Conclusions and Future Work

Motivated by the need to develop technologies to facilitate autonomous manufacturing, the
work proposed in this thesis presents a potential framework for anomaly detection in CNC
machining. This framework makes uses of deep networks based on the LSTM-Autoencoder
and implement various machine learning techniques. These techniques demonstrate the po-
tential of this framework and propose potential methods to overcome common shortcomings
of machine learning techniques used in production.

In Chapter 3 we outlined a proposed methodology based on accelerometers and focused
on using an LSTM-Autoencoder for anomaly detection in CNC milling machines. This
methodology was experimentally tested for chatter detection and compared to established
chatter detection methods.

This work was then extended by proposing a transfer learning based method for training
the anomaly detection network in Chapter 4. This transfer learning approach allowed for
similar performance to the network trained from scratch, but used a tenth of the required
machining data and could be trained substantially faster. These methods were experimen-
tally validated on a series of three-axis CNC milling machines and showed considerable
promise. Furthermore, statistical measures were investigated in Chapter 4 Section 4.2.1
that investigated the relationships between the physical phenomena of CNC machining
and common statistical measures. This work allowed for a deeper understand of where
the impact of transfer learning could be greatest, and where there was limited benefit. In
summary, it was found that transfer learning between machines with similar structural
elements was most likely to be successful, with the source and target networks responding
in a similar fashion. However, if the source and target networks were too similar, there
was minimal benefit to applying transfer learning. This was most noticeable when net-
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works designed on the same model of machine were deployed on one another, or if different
materials were used.

The anomaly detection system was then extended by implementing an incremental
learning approach in Chapter 5. This incremental learning approach was based on the
popular Learn++ algorithm, which in turn, was based on the popular AdaBoost algo-
rithm. This boosting approach proposed a strong learner trained over many epochs on
a large data set, to be supplemented by weak learners that continued to learn as data
was made available. Through the experiments conducted, it was found that the proposed
incremental learning algorithm had little impact on networks trained from scratch, but
could substantially improve the accuracy of networks trained with transfer learning. This
combination of transfer and incremental learning allowed for the “best of both worlds” to
be obtained, by quickly training a new system on a limited data set and then improving
its accuracy over time.

This method of using transfer and incremental ensemble learning was then proposed
in several extensions for multi-axis CNC milling machines, specifically in five-axis CNC
machining in Chapter 6. In this work we propose a solution that transfers the knowledge
of the spindle dynamics from a three-axis CNC milling machine to a five-axis CNC milling
machine. We then supplement the spindle knowledge with an stacking based ensemble
learner to capture the dynamics of the other machine axes, and then train it with incre-
mental ensemble learning. Through experimental validation, we see that this approach is
able to produce a network capable of achieving accuracy comparable to a network trained
from scratch. This result is accomplished using significantly less target network training
data when transfer learning is applied, but is capable of comparable results.

The proposed anomaly detection method is capable of detecting several anomalies at
once. To further leverage this deep learning system, we propose a multi-class label predic-
tion system in Chapter 7. In this approach, we use the same LSTM-Autoencoder structure
used throughout this thesis. We then modify its output to create a dimensionality reduc-
tion system. This is accomplished by taking the output from one of the lower dimensional
LSTM layers from the decoder portion of the network, and then projecting it onto a two
dimensional plane. This lower projection is then separate using a Linear Support Vector
Classifier (SVC). The output from this SVC is then converted to a probability using Platt
scaling. This proposed approach allows us to track the changes in the system, and provide
a prediction as it trends towards one class or another. This approach is experimentally
validated and is able to predict the classes with a high accuracy. Transfer learning is then
implemented by training the LSTM-Autoencoder using the methods described previously.
This approach has the encoder portion of the network trained using transfer learning, and
the decoder trained on the target machine. This transfer learning approach is tested exper-
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imentally and still able to obtain good results, albeit lower than the system trained from
scratch. This demonstrates the feasibility of this approach, but indicating that further
refinement is required.

Through this work, we propose a framework based on the LSTM-Autoencoder that
leverages transfer and incremental ensemble learning to detect anomalies in a variety of
cutting scenarios using accelerometers, as a potential solution for CNC anomaly detection
that is not machine or material specific, and does not require any expensive experimental
setup. The experimental results show that this proposed framework has potential benefits
to implement accurate algorithms while reducing the heavy burden of data collection on
the end user, and can be done with commercially available off the shelf accelerometers.

Although deep learning methods, such as the LSTM Autoencoder, tend to be expen-
sive and time consuming to train, the structure also allows for considerable flexibility.
This means that the manufacturer can make a large initial investment to create a general
network that can be shipped with each machine. The end user can then improve their
own experience with incremental learning on the target machine. Furthermore, the man-
ufacturer can transfer the general network to a variety of machines within their family of
products. This flexibility demonstrates that the large initial investment does not need to
be repeated for each machine, making it easier to scale these advanced algorithms to end
users.

A potential strength of the methods proposed here is the modularity of the approaches.
LSTM-Autoencoders have shown to be powerful tools, since deep learning networks can
benefit from transfer learning. These systems capture the context of a machine well, and
allow us to transfer that context and knowledge to other systems. We can then customize
these networks with incremental learning to produce accurate systems that can adapt to
different three axis and five axis milling conditions. This flexibility allows machine tool
manufacturers to develop a central core that can be customized and deployed to a variety
of machines within their product lines, all built upon a single unifying architecture.

8.1 Future Work

Through the work completed for this thesis a number of potential solutions have been
presented. Although the results are promising, there is still future work that can be
explored.

The Autoencoder structure that has been proposed is capable of capturing many fea-
tures associated with CNC machining. However, the design of this network is not intuitive
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and convergence criteria is unclear. For example, the layer size parameters for the Au-
toencoder must be sufficiently distinct for the bottleneck effect to be observed, but cannot
be arbitrarily chosen, as the system may not converge. Future work could be completed
to investigate the convergence criteria necessary for these algorithms. This would allow
for different sensors and different features to be explored, if the convergence criteria was
better understood.

To demonstrate the feasibility of this system in a closed-loop setting, a simple control
strategy was used. Although this controller was able to achieve its goal of stabilizing the
cut from a chatter condition to a stable condition, the approach is far from scientific.
Further work can be done to better integrate anomaly detection and anomaly correction.

Looking beyond the architecture of the Autoencoder alone, we introduced a multi-class
anomaly prediction algorithm in this thesis. Transfer learning was demonstrated to show
potential, but the full extent of this system is unclear. It would be of potential interest
to see how incremental learning could be use to incrementally learn new classes, and how
this could be integrated into the existing architecture.

The work in this thesis has shown that the Autoencoder format has significant power
for anomaly detection in CNC machines. Although the work was focused on LSTM-
Autoencoders, we have demonstrated the deep networks have significant potential. Future
work could be completed to investigate other large Autoencoders, such as transformer
based Autoencoders, or different forms of traditional Autoencoder.

Lastly, in this thesis we have focused our work on CNC milling machines, but many
of the sensing methods and natural phenomena can be extended beyond just milling.
For example, milling, turning, grinding and drilling often experience many of the same
issues and can be detected using the same sensors. This work could be extended to these
applications, demonstrating the power of the approaches proposed here.

111



References

[1] Keivan Ahmadi. Machining Chatter in Flank Milling and Investigation of Process
Damping in Surface Generation. PhD thesis, University of Waterloo, Waterloo, 2011.

[2] Samet Akcay, Amir Atapour-Abarghouei, and Toby P Breckon. GANomaly: Semi-
Supervised Anomaly Detection via Adversarial Training. Asian Conference on Com-
puter Vision, 2018.

[3] Yahya Mohammed Al-Naggar, Norlida Jamil, Mohd Firdaus Hassan, and Ahmad Ra-
zlan Yusoff. Condition monitoring based on IoT for predictive maintenance of CNC
machines. In Procedia CIRP, volume 102, pages 314–318. Elsevier B.V., 2021.

[4] Y Altintas and E Budak. Analytical Prediction of Stability Lobes in Milling. Annals
of the CIRP, 44(1):357–362, 1995.

[5] Yusuf Altintas. Manufacturing Automation. Cambridge University Press, 1 2012.

[6] Qinglong An, Zhengrui Tao, Xingwei Xu, Mohamed El Mansori, and Ming Chen. A
data-driven model for milling tool remaining useful life prediction with convolutional
and stacked LSTM network. Measurement: Journal of the International Measure-
ment Confederation, 154, 3 2020.

[7] Oscar Velásquez Arriaza, Zagaa Tumurkhuyagc, and Dong Won Kim. Chatter Iden-
tification using Multiple Sensors and Multi-Layer Neural Networks. In Procedia Man-
ufacturing, volume 17, pages 150–157. Elsevier B.V., 2018.

[8] Muzaffer Ay, Max Schwenzer, DIrk Abell, and Thomas Bergs. Recurrent Online and
Transfer Learning of a CNC-Machining Center with Support Vector Machines. In
IEEE International Symposium on Industrial Electronics, volume 2021-June. Insti-
tute of Electrical and Electronics Engineers Inc., 6 2021.

112



[9] Davide Azzalini, Luca Bonali, and Francesco Amigoni. A Minimally Supervised
Approach Based on Variational Autoencoders for Anomaly Detection in Autonomous
Robots. IEEE Robotics and Automation Letters, 6(2):2985–2992, 4 2021.

[10] Long Bai, Xin Cheng, Qizhong Yang, and Jianfeng Xu. Predictive model of surface
roughness in milling of 7075Al based on chatter stability analysis and back propaga-
tion neural network. International Journal of Advanced Manufacturing Technology,
126(3):1347–1361, 5 2023.

[11] Soeren Becker, Kevin Styp-Rekowski, Oliver Vincent, Leon Stoll, and Odej Kao.
Federated Learning for Autoencoder-based Condition Monitoring in the Industrial
Internet of Things. In IEEE Conference on Big Data, 11 2022.

[12] Stevo Bozinovski. Reminder of the First Paper on Transfer Learning in Neural
Networks, 1976. Informatica, 44:291–302, 2020.

[13] Christian Brecher, Prateek Chavan, and Alexander Epple. Efficient determination
of stability lobe diagrams by in-process varying of spindle speed and cutting depth.
Advances in Manufacturing, 6(3):272–279, 9 2018.

[14] Christian Brecher, Ralph Klimaschka, Alexander Steinert, and Stephan Neus. Effi-
cient determination of stability lobe diagrams deploying an automated, data-based
online nc program adaption. MM Science Journal, 2021-October:4830–4835, 10 2021.

[15] A. Burkov. The Hundred-Page Machine Learning Book. Andriy Burkov, 2019.

[16] Daniel Carranco. Automation: The Future of Manufacturing Is Here - ProQuest,
2020.
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Figure A.1: Network Configuration for Five Axis Anomaly Detection
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Figure A.3: Network architecture for dimensionality reduction of multi-class network
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