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Abstract: Transfer learning is a machine learning method used to train a network using prior
knowledge from a source network. This method has been applied for anomaly detection in
CNC machines to detect anomalies such as chatter. Before transfer learning can be applied,
the Maximum Mean Discrepancy (MMD) score between the source and target data sets should
be evaluated. A low MMD score indicates that the system can be transferred, but it is unclear
what the physical implication of this score is. Experiments were conducted on a variety of
CNC machines and materials to determine a relationship between this score and observed
physical outputs and other measures. Through experimental testing, it was found that a low
MMD score will indicate that the source and target machines will respond to an input signal in
a similar fashion. Furthermore, the MMD scores and cross-entropy followed the same trend,
but this did not correlate with the accuracy of the system.
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1. Introduction

Accelerated by recent trade tensions, conflicts and the COVID-19 pandemic, there has been
an increased attention on re-shoring manufacturing capabilities within North America [1].
Re-shoring involves the returning of production and manufacturing capabilities back to a
company’s original country and has the potential to provide many benefits, such as decreased
transportation and logistics and reduced supply chain disruptions [2]. However, an impediment
to many re-shoring initiatives is the lack of skilled labor and manufacturing knowledge. To
address this gap, there has been an increased effort in automating the manufacturing process.

CNC milling machines are the ideal tool to implement more automated manufacturing
processes. Much of the current operation of CNC machines has already been automated, with
one operator able to monitor several machines. Although modern CNC machines are capable
of significant automation, they still operate in a primarily open-loop configuration and are not
able to detect or react when anomalies occur [3]. There have been many attempts to address
this gap, such as the machine learning-based tool condition monitoring in [4] and the indirect
tool condition monitoring through machine learning in[5], but this problem still remains an
issue yet to be widely solved.

In recent years, there have been significant advances in artificial technology and machine
learning. These advances have produced many successful data-driven approaches to anomaly
detection. Examples of this are the deep transfer learning of the machining process in [6], the
deep learning anomaly detection using spindle current in [7], and the deep learning approach
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to learn tool dynamics in [8]. While these methods work well in a lab setting, they often do not
extend well to production environments due to their need for large amounts of training data
before they can be implemented. For users in the industry to spend time collecting potentially
millions of training data points instead of producing useful parts results in significantly reduced
productivity and wasted operator time, a costly proposition.

The authors proposed to use transfer learning as a solution to collecting a large amount
of training data in production. In [9], it was found that users could invest a large amount of
time upfront in a controlled lab environment to collect the necessary training data and then
train an anomaly detection network. This network could then be transferred to a production
machine using a fraction of the training data that could be quickly collected within several
dozen sample cuts. This approach significantly reduces the amount of necessary training data
that needs to be collected outside of the lab, and allows for many advanced AI methods to be
implemented quickly.

Although the transfer learning methods outlined in our previous work [9] are effective,
the limitations of transfer learning were not clear. For example, for transfer learning to be
successful from a source to a target domain, there must be overlap between the source and
target data. This is measured by comparing the Maximum mean discrepancy (MMD), which
is a kernel based statistical test that is used to determine the similarity between two given
distributions and described in [10] and [11]. Although this has a mathematical representation,
the physical interpretation of this test is unclear.

The objective of this paper is to provide physical intuition on what the MMD score repre-
sents, and to detail the conditions for which transfer learning for anomaly detection in three
axis CNC machines will be most successful. This includes investigating transferring networks
between machines of different manufacturers, transferring networks between machines with
different but similar configurations, and applying networks on different materials on the same
machine and machines of different sizes. This paper will provide the reader with some prelim-
inary background on LSTM-Autoencoders for anomaly detection, transfer learning and some
discussion on mechanistic modelling. The organization of this paper is as follows: In section 2,
the necessary background information on the LSTM Autoencoder algorithm, transfer learning
and mechanistic modelling will be outlined. In section 3, the methodology implemented will
be discussed. In section 4, the experimental design and results will be presented and discussed.
Section 5 will provide a conclusion of these findings.

2. Background

2.1. Anomaly detection of CNC machines using mechanistic modeling

In traditional machining approaches, cutting conditions are selected in a conservative manner
based on operator experience. Mechanistic cutting force models for high-speed machining
have been developed to calculate in-process chip geometry. These models can be used to
calculate tool vibration, tool deflection, and cutting forces [12]. As outlined in [13], the

mechanistic model of a CNC machine creates a model of the cutting forces from the end mill
and are related to the uncut chip thickness bh through empirical cutting force coefficients Kt
and Kr. These coefficients are related to the normal cutting force Fr and tangential cutting
force Ft by

Ft = Ktbh (1)

Fr = Krbh (2)

Where the coefficients are measured during cutting experiments and extracted by linear curve
fitting with varying chip thickness h [14]. These models have been employed successfully in
the analysis of machine tool dynamics but need to be re-obtained for each milling operation
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with different cutter geometry and workplace material [14]. The above equations can also be
modified to represent basic non-linearity in the cutting force expressions when the edge forces
are neglected in the mechanistic models [13]. This is achieved by modifying the cutting

constants as follows

Kt = KT h−p (3)

Kf = KFh−q (4)

Where p and q are also 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 )] (5)

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 [13]. The
equations of motion for the machine can be described as

myÿ(t)+ cyẏ+ kyy(t) = K f α[h0 + y(t −T )− y(t)] (6)

In [15], it was identified that the main source of chatter and vibrational instability in machining
was due to regeneration in subsequent cuts. 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, resulting in chatter marks being left on the machining part, producing
undesirable parts with poor finish. To address these issues, researchers used the dynamics
described in Equation. 5 to attempt to predict the conditions when chatter would occur. It was
determined that the phase difference between two consecutive waves could be modeled as a
result of the structural dynamics of the machine tool, and the mechanics of the orthogonal
cutting, resulting in a linear delay differential equation [13]. Solving this equation produced
what is known as the “stability lobe”. The stability lobe produces a plot that outlines the
relationship between cutting depth and spindle speed, indicating where the dynamics of the
system are stable and when chatter may occur. Although these methods are very effective and
have been used within the literature and in production for decades, these stability lobes can be
time-consuming to obtain. Matters are further complicated when the machine dynamics change
with extended use, causing the stability lobes to become inaccurate. To avoid this potential,
many users in production run their machines in very conservative modes and significantly
restrict the output potential of the machines.

2.2. Anomaly detection using LSTM-Autoencoders

Recent advances in machine learning algorithms have produced very powerful techniques,
capable of modeling complex systems. One such technique is the Long Short-Term Memory
(LSTM) network. This network is capable of learning complex patterns over a period of time,
and capturing both the long-term and short-term dynamics of a system in the network.
As outlined in [16], the LSTM architecture can be defined with matrices W ∈ Rh×d and

U ∈ 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
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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 features and
number of hidden units, respectively.

gt = C̃t = tanh(W gxt +Ught−1 +bg) (7)

ft = σ(W f xt +U f ht−1 +b f ) (8)

it = σ(W ixt +U iht−1 +bi) (9)

ot = σ(W oxt +Uoht−1 +bo) (10)

Where the operator ⊙ denotes the Hadamard multiplication, σ represents a sigmoid function
and the subscript t indexes the time step. The variables used are summarised in Table 1.

Table 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

This network can then be arranged in what is known as an Autoencoder configuration. In an
LSTM Autoencoder, we develop a network with several layers for encoding, an embedding
layer and a decoding layer using LSTM layers. This network topology can be seen in Fig. 1,
with the first half of the network known as the encoder, and the second half of the network
known as the decoder. The encoder is responsible for reading the input sequence step-by-step
and extracting the hidden information in the data, capturing the system’s dynamics. The
decoder then takes this hidden information and reconstructs the original signal.
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Figure 1. LSTM Autoencoder Architecture.

In anomaly detection we train the LSTM Autoencoder to reconstruct stable, proper signals
based on stable cutting conditions. In this instance, if the network is given stable inputs, it
will reproduce a stable output with little reconstruction error. However, if the signals original
from an anomaly, the network will be unable to reconstruct the signal well, resulting in a large
reconstruction loss. This increased reconstruction loss can be used to determine if an anomaly
has occurred, by noting if the difference between the signals is greater than a pre-defined
threshold. This threshold can be determined by plotting the loss distribution histogram from a
given sample of stable conditions, and then determining the mean and three-sigma distance
using traditional statistical methods. This three-sigma distance allows us to determine a
threshold for reconstruction error, since reconstruction losses beyond three-sigma, most likely
represent outliers and do not belong to the proper set, and thus represent anomalies.

2.3. Neural Network training using transfer learning

Transfer learning is a machine learning method where knowledge from a first system is used
as a starting point for training a second related system, with similar dynamics and limited new
information [17]. 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 [18]. This approach is often used in vision processing tasks
where there may be similarity in the images. For example, a network trained to identify cars
can be used as a starting point to train a network to identify trucks.

The mathematical modelling of transfer learning is expressed in detail in [19], but is
presented in brief below. Following the conventions defined in the methodology of [17], we
begin by defining a domain D = {x,P(X)}, containing a feature space x and the probability
distribution P(X), where X = x1,x2, . . . ,xn. A task can then be presented by J = {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 Js from source domain Ds, and a target domain DT and learning
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task JT , where DS ̸= DT , or JS ̸= JT , transfer learning aims to improve the predictive function
fT (·) in DT using the knowledge in DS and JS. This is accomplished by using the latent
knowledge from DS and JS. In most cases the size of DS is much larger than DT [17].

In practice this is often accomplished by first developing a deep model based on the
source domain data set. Following this, 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 [18].

In our previous work, outlined in detail in [9], we developed a transfer learning strategy
for anomaly detection. This strategy involved developing an LSTM Autoencoder using a large
dataset from one three axis CNC milling machine. We would then freeze the encoding layers
of this Autoencoder and transfer the weights to a new network. The decoder was then trained
using a fraction of the data from the target machine. This approach of transfer learning, known
as transductive transfer learning, falls within the realm of domain adaptation. Namely, we aim
to develop a model from a source distribution and apply that model on a different but related
target distribution to achieve the same sort of tasks from the source and target domains. In this
case, these tasks are the detection of anomalies in CNC milling.

However, 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.

This analysis can be accomplished by comparing the similarity between the training data
in both the source and target domains using methods described in works such as the inner
product defined in [19], or more recently, using statistical measures such as the Maximum
Mean Discrepancy (MMD). The MMD metric was first described in [11] and has been used
in works such as [20] and [6] to determine the feasibility of transfer learning. 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 /0(∗) that maps the
distributions to a feature space F. The MMD is calculated as:

MMD2(X ,Y ) =∥ µX −µY ∥2
F (11)

where µ represents the mean of the distribution in the feature space.
This expression has a straightforward description, but is often difficult to implement.

Thus, we use an empirical estimation by representing the system with a kernel k(xi,x j). For
this implementation, we have chosen a linear kernel, since we are not aware of any particular
distribution that the data may take. The choice of a linear kernel may not be fully representative,
but allows for a simple consistent baseline to evaluate the different options.

3. Methods

To evaluate the feasibility of transfer learning methods in machining applications, and to
draw a more intuitive understanding of the numerical analysis, several experiments were
conducted where these approaches could be applied. These experiments were conducted
with the assistance of an industrial machine shop that has a wide variety of CNC milling
machines. This machine shop services many customers looking for custom parts and has a
variety of machines with different, but similar capabilities, providing the ideal test bench for
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implementing the test cases.
The transfer learning algorithms described in the methodology section of [9] were applied

with a source network being trained on a large data set and then a re-trained with a smaller
target data set from each of the test cases. To properly evaluate each of the different scenarios,
the large data sets all had approximately 250 000 training samples, while the target sets had
roughly 23 000 test samples. Although more data was available in some cases, these training
parameters were kept constant to try and isolate any differences in the system to differences
from the data and not for the amount of available data. During training, 80were randomly
selected for training and the remainder was used for validation. These datasets were composed
of a variety of cutting conditions at various depths and speeds, all chosen from stable cutting
conditions. The networks were trained using mini-batch stochastic gradient descent with
approximately 45 000 parameters trained over 50 epochs, with Mean Absolute Error (MAE)
as the loss function.

Each of the test scenarios were evaluated by comparing the MMD score between the
two machine data sets, namely, the source data set and the target data set of each machine.
Traditional machine learning algorithms are compared using the accuracy score, which is
derived by adding the true positives and true negatives, divided by all classifications (i.e. total
of true positives, true negatives, false positives and false negatives). This score provides an
understanding of how the MMD score can relate to the accuracy of the network, and provides
further insight into how the similarities between systems impacts the accuracy of a network,
prior to training. The accuracy was determined by establishing a ground truth using the
methods described in [21] and [22].

The test cases performed involved the following scenarios:
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
For the reader’s convenience, the output from a pre-trained anomaly detection system has

been included in Fig. 2. This system was originally trained with the data available from the
Tongtai TMV-720A and had a network accuracy of 95own machine. However, when the same
network is applied to data from the Hurco VMX42Di without transfer learning applied, it is
completely unable to detect any anomalies.
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Figure 2. Anomaly detection system output without transfer learning.

3.1. Experimental design

To produce chatter indicator values following the method presented in [21], machining vibra-
tion data was collected on a variety of Hurco three-axis CNC machines using a custom-built
vibration measurement system consisting of three major components. This system included
a pair of uniaxial piezoelectric accelerometers for sensing vibrations, a DAQ for collecting
electrical signals from the accelerometers and then transmitting the information via USB, and
a computer for running a Python script to produce chatter indicator values.

3.1.1. Vibration measurement system components

The accelerometers used were PCB Piezotronics miniature piezoelectric unixial accelerom-
eters, with one being the 352C22 model and the other being the 352A21 model. Different
models were used due to supply issues, but both had the same technical specifications, with
±15sensitivity 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 ±510000 Hz.

Aside from the accelerometers, the DAQ used was a LabJack T7. Analog input (AIN)
ports on the LabJack T7 were used to stream input from the piezoelectric accelerometers. Since
the maximum sample rate of the LabJack T7 was 100 000 samples per second, it was able to
stream input at a suitable speed to the computer running the Python script. The computer used
to generate chatter indicator values from collected accelerometer readings was an Asus ROG
G551J laptop with a processor base frequency of 2.60 GHz.

3.1.2. Vibration measurement system setup

Due to the need to set up the vibration measurement system on a variety of CNC machines,
the DAQ was mounted inside of a plastic control box along with the circuitry required for the
piezoelectric accelerometers. This plastic control box had permanent magnets attached to its
underside so that it could be quickly mounted onto different CNC machines. The inside of the
plastic control box is shown in Fig. 3 below.
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Figure 3. The inside of the plastic control box.

To set up the vibration measurement system on a Hurco machine, the plastic control box
housing the DAQ and sensor signal conditioning circuitry was first mounted to the outer metal
shell of Hurco three-axis CNC machines using the permanent magnets its back. This is shown
in Fig. 4 below.

Figure 4. The plastic control box mounted onto a Hurco VMX42Di CNC machine.

The accelerometers were then threaded through gaps between the CNC machine’s head-
stock assembly and its outer shell, before either being glued directly to the spindle assembly
or being glued to small permanent magnets that were then attached to the spindle assembly.
An example of accelerometers set up on a CNC machine is shown in Fig. 5 below.
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Figure 5. The piezoelectric accelerometers attached to a Hurco VMX42Di CNC machine.

Coaxial cables 10 feet in length were then partially threaded into the machine and used
to connect the accelerometers to the plastic control box. The computer for producing chatter
indicator values was then placed beside the CNC machine on a cart so that it could be connected
to the DAQ within the plastic control box via a USB cable. Finally, an Ethernet cable was
used to connect the computer with the CNC machine, this connection allowing for information
from the machine’s motor drives to control the duration of chatter indicator generation.

The setup process for the vibration measurement system described above took an average
of 15 minutes for each machine. To produce chatter indicator values for a machining operation,
the feed rate of the CNC machine would have to be manually set to zero and then returned to
a non-zero value. This manipulation of the feed rate caused a momentary stop to movement
on all axes of the machine, and this specific state was detected by the computer via Ethernet
connection and used as a signal to begin generating chatter indicator values. Similarly, chatter
indicator value generation was halted once the computer detected that all axes of the machine
and its spindle drive had stopped moving, this being a sign that the machining operation had
completed. Each completed series of chatter indicator values for a machining operation was
saved to the computer as a CSV file, with each chatter indicator value being accompanied with
the time of the machining operation at which it was recorded. The CSV files produced by the
vibration measurement system were used as the measure for ground truth in determining the
efficacy of the transfer learning networks presented in this paper.

3.1.3. Chatter indicator data

The data collected on the Hurco CNC machines were time series of chatter indicator values. To
determine these values, the method presented in [21] and [22] was used. This method involved
taking the piezoelectric accelerometer values, performing initial filtering to denoise, and then
numerically integrating the acceleration time series of the piezoelectric accelerometers to get
displacement time series of the headstock assembly in the X and Y directions. After plotting
the trajectory of the headstock using these displacement time series, the standard deviation of
the headstock’s trajectory can be used to estimate the position of the tool in the spindle, and
thus the chatter indicator for said tool can be calculated.

10



Adv. Manuf. Article

Chatter indicator time series were generated for a variety of models of Hurco CNC
machines using the vibration measurement system. For each machine, a series of straight cuts
through material were programmed. These cuts were performed with standard 0.5 inch end
mills and would have varying depths of cut and tool engagement percentages so that periods
of stable cutting and unstable cutting would be induced. The material used throughout these
tests was standard 1018 steel that was loaded into the CNC machine as a 4.12 inch long, 3
inch wide, and 1 inch tall piece of rectangular stock material.

4. Results

The experiments in the industrial machine shop were completed as detailed in Section. 3.1..
From these experiments, the main measurements taken were the MMD score between the
source and target data sets, the minimum learning loss from re-training the network through
transfer learning, the cross entropy score, and the network accuracy from testing conditions.
These results have been summarized in Table 2 for the results for the tests completed on
multiple machines.

Table 2. 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 0.8×10−2 0.14 61.58%

VMX42Di to
VMX42i

15.31 1.33×10-2 0.06 83.00%

VMX42Di to
VMX6030

37.59 20.96×10−2 0.09 98.03%

VMX42Di on
VMX42Di Al

5.67 N/A 0.04 86.39%

From reviewing the table results alone, it is difficult to draw a conclusion as to a 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 can see that the
MMD score follows the same trend as the well-known cross-entropy, but neither has a strong
correlation between learning loss and 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.
To further investigate this trend, we apply the same source input signal amongst the various
networks. For example, we apply the acceleration signal seen in Fig. 6 to the network
trained with source data sets from the Tongtai TMV-720A, Hurco VMX 42Di, VMX42i and
VMX6030 to another Hurco VMX42Di. These networks are each trained using the data
sources and targets described in Table. 2 above. The results from these retrained networks are
compared to the ground truth and can be seen in Fig. 7.
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Figure 6. Hurco VMX42Di acceleration signal.

Figure 7. Hurco VMX42Di test.

As the figures show, the ground truth generated using Brecher’s chatter indicators align with
the expected peaks and valleys seen in the acceleration 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
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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 Fig. 8, with the results of these networks can be seen in Fig. 9. Since all of
the previous networks were trained on steel, one would expect 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 [23]. This result is confirmed
when we evaluate the performance of the various networks seen in Fig. 9. 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, with the VMX42Di tracking the signal the most
accurately.

Figure 8. 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, numbered PFC1,
PFC2 and PFC3. The summary of results can be seen in Table 3, and the resulting system
outputs can be seen in Fig. 10. 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.
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Figure 9. Hurco VMX42Di aluminum test.

Table 3. 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 4.02×10−2 95.58%
VMX42Di to VMX42i 2 3.53 4.04×10−2 88.08%
VMX42Di to VMX42i 3 22.28 3.04×10−2 97.05%

The results from these experiments match our intuition, where the greater the difference
between the source and target sets, the greater the difficulty the network will have in distin-
guishing the stability of the system. Similar results can be seen for the tests completed on other
VMX42i machines and the VMX6030, seen in Fig. 11, Fig. 12, Fig. 13 and Fig. 14. These
discrepancies also align with the structure of the mechanistic models, as described in Section
.2.. As the mechanistic models show, the cutting parameters representing the tangential and
normal forces will vary based on the cutter geometry 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 10. Hurco VMX42i acceleration signal.

Figure 11. Hurco VMX42i test.
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Figure 12. Hurco VMX6030 acceleration signal.

Figure 13. Hurco VMX6030 test.

These results are also consistent when we evaluate the structural differences in the machines.
Following the approach detailed in [24], we can evaluate the VMX42Di, VMX42i and
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VMX6030 to determine the impact that different structural elements have on the structural
dynamics of the various machines, as seen in Fig. 15. Using finite element analysis, the
frequency response of VMX42Di was determined in the X, Y, and Z directions to identify
the most flexible mode, which influences the strucual dynamocs of the machine through the
bending and twisting of the column at 63Hz and 74Hz, with a similar result was seen for the
VMX42i in Fig. 16 and for the VMX6030 the column bending can be observed at 61Hz in
Fig. 17.
From our analysis, we can 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, thus has the largest impact on the
structural dynamics of the machine in the range independent of spindle 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, hence
the maximum frequency response due to column bending coming at a different frequency
and amplitude compared to the VMX42Di and VMX42i and the only similarity between the
two machines beings the overall geometry. From this, we conclude that these differences are
captured in the data, resulting in larger MMD scores.

Figure 14. FE analysis of Hurco VMX42Di.
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Figure 15. FE analysis of Hurco VMX42i.

Figure 16. FE analysis of Hurco VMX6030.
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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, that the target machine
will also produce a signal that outputs similar characteristics. Thus, 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. A low MMD score not only indicates whether or not transfer learning will be successful
but indicates how similar the resulting network output will mimic the source network. A
system with a lower MMD score will have an output that responds to the input data in a similar
fashion between the source and target networks. However, this similarity does not have any
relationship to the ultimate accuracy of the target network. A system with a low MMD score
will not guarantee that the target network will be accurate, but will only tell us if the system
can be transferred. In addition, these experiments show that networks trained on machines
from the same manufacturers are more likely to have a lower MMD score. This is likely due to
the fact that the structural dynamics and design criteria are more similar for machines within
the same manufacturer than those from other competitors. Lastly, we see that the MMD score
does not have a strong relation to the learning loss, and thus does not impact the likelihood of
convergence for a system.

5. Conclusion

As the demand for more automated CNC machines continues to grow, the need for more
advanced anomaly detection systems also grows. Many of these advanced systems are data-
driven and often require significant amounts of data to be obtained to train powerful machine
learning algorithms. One solution to this problem is to apply transfer learning to reduce the
burden of obtaining large amounts of data. A key indicator for whether or not transfer learning
can be successful is the statistical test, the Maximum Mean Discrepancy (MMD) score. From
our experiments, we have the following conclusions:
•A low MMD score indicates that a transferred system will respond similarly to the source
system
• A low MMD score does not have any correlation with system accuracy
• Networks dervied from data from machines of the same manufactures will likely have lower
MMD scores due to similarities in design criteria and structural dynamics

Our experiments show that a low MMD score can be used as a prediction for how similar
a source and target network will respond to a given input signal. This allows us to conclude
that transfer learning will be most successful within a given family of machines. Furthermore,
experiments done on one machine, in one set of conditions, will likely transfer well to another
machine of the same or similar model under different operating conditions, but may not
transfer as well to a machine with significant differences in its structural dynamics.
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