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Abstract: Typical approaches to monitoring in the machining process involve frequent readings from
sensors such as vibration, acoustic emission, and cutting force sensors. In many cases, though, the
sampling frequency of controller/plant historian-based spindle load signals is much lower than
what is used for high frequency sensors. The focus of this paper is thus on machining-process
monitoring using slow sampling spindle-load signal collected by controllers and plant historians,
based on a titanium machining process in aerospace industry. For this case study, there are a total of
18 synchronized spindle loads of Program 1543, Tool 6040, and Machine T5-1, in which Run 237 and
Run 241 are flagged as abnormal with onset at approximately 189 s and 303 s. These 18 spindle-load
trajectories are characterized via functional principal components analysis, and are evaluated using a
combination of outlier detection in the score space along with reconstruction residuals. The proposed
framework allows one to retain the simplicity of using a low-rate controller for monitoring while
switching from point-wise density check to trajectory-wise modeling of the machining process.

Keywords: condition monitoring; CNC machining; spindle load; low sampling rate; functional
principal component analysis; anomaly detection; smart manufacturing

1. Introduction

Process monitoring has become an essential component of modern manufacturing
because any anomalies in equipment behavior, tooling, and processing lead inevitably to
scrap, unnecessary stoppages, and increased cost. While monitoring algorithms in the era
of data-driven smart manufacturing should aim to not only identify abnormalities but also
to model sufficiently well the normal process behavior to isolate any suspicious runs before
they yield faulty parts [1–5].

The overwhelming majority of research into machining monitoring uses high-rate
sensing. From classical to contemporary papers, vibration, cutting force, acoustic emission,
motor current, or multi-sensor fusion are considered with kilohertz or even faster sampling
due to their sensitivity to transient, chattering, and other wear-related phenomena [6–11].
However, this approach faces difficulties in practical implementation, which is usually
limited by compatibility with existing control and history databases, lack of room for
additional sensors, and heterogeneous machine pools [12–14].

Methodologically speaking, industrial low-rate monitoring has close connections with
the domain of process monitoring in statistics. The contributions of principal-component-
based monitoring, residual-based control schemes, multivariate batch analysis, and dy-
namic latent variable models proved that it is possible to reliably perform statistical surveil-
lance using historical data when correlation structure of the process is modeled and ex-
ploited [15–25]. This body of knowledge is especially relevant in the case of low-sampled
controller variables because, unlike traditional sensing approaches, they allow virtually
no room for feature engineering and require exploitation of trajectory dependence and
historical variation.
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One specific instance of the problems mentioned above was addressed by Bernard
et al., who studied spindle load monitoring during titanium parts manufacturing using
only 1/3 Hz sampling of controller-level spindle loads. They showed that reliable process
monitoring was possible at such a high sparsity level, provided repeated runs were aligned
and analyzed statistically. Specifically, the previous authors developed kernel density
estimation (KDE) based algorithm to identify in real time a time-dependent spindle-load
distribution of normal process behavior and compare incoming runs’ measurements against
it. Their procedure was practical, automated, and applicable for industrial deployment,
though it did face typical practical challenges associated with low-rate monitoring – e.g.,
heterogeneity of data, sub-program- and tool-specific effect, lack of sufficient timestamps,
and proprietary and storage-constrained historical archive [26].

Pointwise density estimation has its applications in spindle-load monitoring, but this
approach remains inherently local in time: it learns spindle loads that might be observed
at every time-bin index but does not capture the trajectory structure, namely shape, rises
and valleys, plateaus, etc. This idea of using functional modeling, in fact, appears in other
density-based and even PCA-based studies of machining processes and rotating equipment:
they emphasize the utility of kernel density ideas but demonstrate once again that anomaly
information is distributed across the whole trajectory and not a few isolated time-bins
[27]. Given the extremely sparse character of industrial low-sampled data, modeling the
trajectory globally and analyzing its shape is crucially important in detecting and isolating
abnormal runs.

In order to overcome the drawbacks mentioned above, the current paper applies func-
tional principal component analysis (FPCA) and two derived monitoring statistics. Every
spindle load run will be viewed not as a set of independently sampled time-bin measure-
ments, but as a functional trajectory defined over normalized machining time. Historical
normal runs are analyzed using FPCA to recover latent variation modes, which allows
representing the incoming trajectories as low-dimensional score vectors and associated
prediction residuals. The displacement and reconstruction information is used to compute
two monitoring statistics – T2 statistic and squared prediction error (SPE), respectively.

The motivation behind FPCA is twofold. On the one hand, functional data techniques
allow capturing trajectory shapes and supporting smooth latent deformation modes –
properties that make it easier to connect industrial sparsely sampled time-series data to a
statistical model. On the other hand, robust principal component analysis (PCA) methods,
outlier detection principles, and recent data-driven manufacturing research highlight the
importance of separating usual process variation from novel structural abnormalities in
the absence of large labeled archives [28–30]. These factors are even more critical on the
shop-floor, where abundant but low-rate industrial datasets and the need to understand
monitoring decisions go hand-in-hand.

Therefore, the current paper is concerned with the question of developing FPCA-
based trajectory modeling for spindle loads in aerospace machining process monitoring
and assessing its ability to discriminate between normal and abnormal trajectories on an
industrial dataset. Specifically, synchronized data of controller-level traces are considered,
trajectory model is proposed and evaluated based on two abnormal runs 237 and 241 of
Program 1543, Tool 6040, and Machine T5-1 with their KDE scores of 47.52% and 45.34%,
and respective onset times near 189 s and 303 s [31]. In addition to the problem-solving
aspects, we will investigate whether such a model can be realistically applied in the low-rate
environment.

The remainder of this paper is organized as follows. Section 2 introduces the dataset
and the problem statement. Section 3 gives an overview of FPCA-based trajectory model-
ing. Section 4 contains the main findings about abnormal runs’ discrimination via FPCA.
Section 5 analyzes some deployment-related aspects of industrial low-rate monitoring,
while the conclusion is drawn in Section 6.
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2. Dataset and problem formulation
2.1. Industrial context

The data analyzed in this paper correspond to the industrial machining setup [26]. The
data collection process involved collecting data from an aerospace production line, where
complex titanium components were manufactured. The shop floor data infrastructure
collected data from three main sources: the CNC controller, a spindle-based system respon-
sible for tool use logging, and the spindle-based machine software containing operating
condition information. The variable that is especially useful from the point of view of the
controller variables is spindle load. It is an important parameter because it indicates the
energy required for maintaining the spindle movement when the tool engages with the
workpiece. Therefore, spindle load becomes a useful signal for cutting engagement and
process deviation, in accordance with other process sensing and machining monitoring
applications described in the related literature [4,5,31].

One of the most challenging aspects of the considered dataset is its acquisition fre-
quency. Data were logged at the rate of 1/3Hz regardless of whether the machine performs
an active machining operation. The sampling rate is orders of magnitude lower than what
could be achieved by spindle-based or dedicated tool condition monitoring techniques.
Thus, it can serve as a good benchmark for the monitoring approaches which are able to
derive relevant information using a very sparse data acquisition strategy [1,2,12,26].

Figure 1 and Table 1 describe the hierarchical structure and controller-level data
gathering environment of the considered runs. These data are important because the model
is developed according to the same program-level grouping and tool-level classification
as well as taking into account the variables of the controller interface, allowing data
synchronization.

Figure 1. Relationship between machines, tools, program blocks, sub-programs, program runs, and
sensor readings in the industrial machining dataset [26].

2.2. Data structure and synchronization

The data exhibit hierarchy in accordance with practical machining operations; each
finished part involves multiple CNC programs, which include a number of sub-programs
within themselves, and specific tools can be either reused, substituted or swapped via the
sister-tool mechanism during operations. As a result, a similar nominal part production
process could produce signals with great variety in the order length, local timing, and
transition delay when considered based on timestamps in their raw form only. This
particular problem was noted and addressed in the original study through a process
of synchronization, involving reorganization of the measurements into program blocks,
program runs and sequence order. This synchronization process is followed here since
comparison of such processes at a low rate of sampling necessarily involves alignment
of repeated program/tool combinations runs prior to building a statistical model. After
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Table 1. Controller parameters recorded for the analyzed industrial machining runs [26].

Data Units
Date Y/M/D H:m:s:mill

Motor Coil Temperature ◦C
Front Bearing Temperature ◦C
Rear Bearing Temperature ◦C

Actual Spindle Speed RPM
Command Spindle Speed RPM

Spindle Override %
Spindle Direction CW, CCW, STOP, ORIENTATION
Instructed Feed [mm/min], [in./min]
Feed Override %
Cutting Signal ON / OFF
Jog Override %

Rapid Override %
Feed Signal axis %
Relative Position [mm], [in.], [◦]
Absolute Position [mm], [in.], [◦]
Machine Position [mm], [in.], [◦]

Distance to go [mm], [in.], [◦]
Feed Load %
NC MODE MEMORY, MIDI, REMOTE

Spindle FTN #
Spindle ITN #

Main Program #
Exec Program #
Seq Number #

Execution Block G-Code
Block Counter #

Vibration (x, y, z) g
Spindle Load %

synchronization, each run can be regarded as a one-dimensional spindle load trajectory
in a common process coordinate system. The current example involves Program 1543 in
conjunction with Tool 6040 at Machine T5-1. In total, there are 18 runs, where Runs 237 and
241 are marked as anomalous with reference analysis [26].

Figure 2 illustrates hierarchy among machining program blocks and sub-blocks of
tools over time, whereas Figure 3 demonstrates synchronized spindle load trajectories of
Program 1543, Tool 6040 at Machine T5-1. Figure 4 summarizes the mean and normal band
extracted from this aligned set of runs.

2.3. Objectives of monitoring

The following problem was considered in the present study. Assume there exists a
group of synchronous spindle-load runs of some program/program-part/tool combina-
tions. Some/most of them are indicative of the correct operation. The goal is to build a
model of spindle-load development and assess, whether the newly incoming spindle-load
run should be treated as typical or non-typical for the program/program-part/tool in
question. Such approach should fulfill several criteria. First, it has to function properly
in the conditions of a low-frequency sampling of measurements. Second, it has to be
computationally efficient in terms of memory and processing power required. Third, it
cannot rely on the availability of explicit labels of faults, since most of the abnormalities
in practice become known through the inspections of machined parts. Fourth, it has to be
sufficiently interpretable to enable engineers understand what kind of deviation from the
expected machining process led to generating an alarm [2].
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Figure 2. High-level organization of a machining program with tool changes and sub-program
execution over time [26].

Figure 3. Synchronized spindle-load trajectories for the 18 runs of Program 1543, Tool 6040, and
Machine T5-1; runs 237 and 241 are highlighted [26].

Figure 4. Mean spindle-load curve, 5th–95th percentile normal band, and historical trajectories for
the aligned runs of Program 1543, Tool 6040, and Machine T5-1.
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Table 2. Industrial dataset characteristics used in this study.

Characteristic Description
Manufacturing domain Aerospace machining of titanium parts

Primary monitoring variable Spindle load from CNC controller
Acquisition rate 1/3 Hz
Signal structure Repeated synchronized runs of a given program/tool combination

Analyzed program/tool/machine Program 1543, tool 6040, machine T5-1
Number of reported runs in example 18 runs

Abnormal runs 237 and 241
Reference density-based method Kernel density estimation with density-threshold monitoring

Industrial challenge Low-rate, unsynchronized, heterogeneous controller data

3. Shape-Based FPCA Monitoring Method
3.1. Overview

A complete spindle-load trajectory xr(t) for run r at index t is considered as a single
object instead of a collection of independent time-binned samples here. Specifically, let
xr(t) be the spindle-load measurement at run r and time t, where r = 1, 2, . . . , N and
t = 1, 2, . . . , T. Since the shop-floor process executions vary slightly in length, all sequences
are first rescaled along a standard process axis. The next step involves fitting a robust FPCA
model to capture the dominating pattern of normal behavior, and analyzing the run based
on its latent space representation and reconstruction error.

The monitoring pipeline consists of five interrelated steps which are compatible with
the functional monitoring tradition, PCA-based statistical process control approaches, and
batch trajectories. The steps are as follows:

1. Segmentation according to program and tooling,
2. Synchronization and rescaling of the trajectory length,
3. Smoothed functional data representation,
4. Robust FPCA of in-control data,
5. Run-level and local alarms using persistent homology-based criteria.

An overview of the workflow is shown in Figure. 5, starting with the controller-level
segmentation step and ending with run-level and local alarms for shop-floor interpreters.

Figure 5. Robust FPCA monitoring workflow for low-sampling-rate spindle-load trajectories: seg-
mentation, synchronization, smoothing, latent-space learning, and alarm generation.
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3.2. Functional representation of spindle load runs

Once the synchronization procedure has been applied to the data, each spindle-load
run can be represented as a function of the normalized time τ ∈ [0, 1]. A light smoothing
operation based on a cubic smoothing spline has been applied to the data to mitigate the
staircase effect induced by the low sampling frequency while preserving the shape of the
spindle-load run. Due to the low acquisition rate, the smoothing is very light. In such way,
x̃r(τ) represents the corresponding smoothed run on a common grid of T∗ points.

In order to estimate the mean normal spindle-load trajectory, one should compute

µ(τ) =
1
N

N

∑
r=1

x̃r(τ), (1)

where N is the number of historical runs used for the model creation. The centered spindle-
load trajectories read

zr(τ) = x̃r(τ)− µ(τ). (2)

It already reflects an important feature of the proposed technique: normal machining
is not just a cloud of point-wise observations, but a curve fluctuating about a particular
operational shape [? ].

3.3. Robust functional principal component analysis

A centered functional curve can be described as a linear combination of orthonormal
modes, i.e.,

zr(τ) ≈
K

∑
k=1

arkϕk(τ) + ϵr(τ), (3)

where zr(τ) represents a run r, ϕk(τ) is the k-th principal component function, ark is the
corresponding score coefficient of the run on this mode, K is the number of selected
components, and ϵr(τ) is the part that cannot be represented by the selected subspace.

The principal modes are calculated as eigenvectors of the empirical covariance of the
functional dataset. Since we want the approach to be robust to noisy and borderline runs in
the archive, especially when it is small and labels are not reliable, a robust alternative to
the classical sample covariance estimator must be chosen [28]. To decide which K should
be selected, the number of components retained until a particular threshold in explained
variability is reached needs to be determined. This is usually set in the range from 90% to
95%:

∑K
k=1 λk

∑T∗
k=1 λk

≥ η. (4)

Here, K is the number of retained components and λk is the eigenvalue corresponding to
ϕk.

As a result of the step above, one obtains a compact latent representation of the normal
behavior of the process under study. The first principal component accounts for global
amplitude differences, while the second one is responsible for shape bending or mismatch
during the process. Further principal components account for smaller details. These modes
may be analyzed by engineers and understood as certain deviations in operation. Figure 6
presents three modes of deformations used for interpreting latent bases for spindle load
trajectories.

3.4. Run-level monitoring statistics

For a new run x̃new(τ), the centered trajectory is projected onto the learned basis:

ak =
∫ 1

0
(x̃new(τ)− µ(τ))ϕk(τ) dτ, k = 1, . . . , K. (5)

Two complementary monitoring statistics are then computed.
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Figure 6. Dominant FPCA deformation patterns around the mean spindle-load profile: amplitude
shift, mid-cycle bending, and recovery distortion.

3.4.1. Hotelling’s T2

The first measure quantifies the departure of the score vector from the center of the
latent space, assumed to have a multivariate normal distribution:

T2 = a⊤Λ−1
K a, (6)

where a = [a1, . . . , aK]
⊤ and ΛK = diag(λ1, . . . , λK).

Large T2 implies that the run appears anomalous relative to the nominal process even
after being projected onto the latent space of nominal processes. That is, although the
trajectory belongs to the same family as the nominal ones, it is situated at an extremely
remote location within the family.

3.4.2. Squared prediction error

The second test checks how well the run can be approximated by the retained modes
of variation:

SPE =
∫ 1

0

[
x̃new(τ)− µ(τ)−

K

∑
k=1

akϕk(τ)

]2

dτ. (7)

If SPE takes on large values, then this means that the run contains some components
that lie outside the space of normal modes. Such a criterion is helpful for identifying struc-
turally anomalous runs, which cannot simply be considered the most extreme realization
of the nominal process.

The pair (T2, SPE) provides more information than a single anomaly score. For
instance, a run with high T2 but modest SPE may correspond to a strong yet familiar
variation of the normal process, while a run with high SPE may reveal a genuinely new
abnormal shape [19].

3.5. Local residual detection and alarm persistence

In industrial environments, a simple run alarm might not suffice; there is also a need
to know when the process begins to deviate from its usual behavior. For this purpose, we
define the local residual measure as follows:

d(t) =
|x(t)− x̂(t)|

σ̂(t) + ε
, (8)
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where x̂(t) is the FPCA reconstruction, σ̂(t) is the time-dependent standard deviation of the
residuals obtained through historical normal runs, and ε is a constant used for numerical
purposes.

The presence of a local warning signal implies that the value of d(t) is above some
threshold δ. To decrease the number of false alarms caused by noise or synchronization
errors, a minimum of m consecutive time points must have this property before an anomaly
is declared. Given the low-rate nature of the problem considered here, the values m = 3 to
m = 5 can be expected, in accordance with the alarm logic employed in low-rate machining
process control.

3.6. Estimating thresholds

Since industrial datasets are typically small, and cannot be assumed to be well-behaved
in terms of distributions, the critical thresholds of T2, SPE, and d(t) must be obtained via
empirical analysis of the historical normal dataset [15]. Let qT2 and qSPE represent the 99th
percentile levels of the in-control training distributions of T2 and SPE []. Then, the new run
is classified as an anomaly when

T2 > qT2 or SPE > qSPE, (9)

and the local departure criterion based on d(t) is used to identify the approximate onset
time of the anomaly.

Algorithm 1 FPCA monitoring procedure for low-rate spindle-load runs.

Require: Historical synchronized runs {xr(t)}N
r=1, new run xnew(t)

Ensure: Run-level alarm and local onset indication
1: Normalize all runs to a common process axis
2: Lightly smooth and resample each run to fixed length T∗

3: Compute the mean trajectory µ(τ)
4: Estimate the robust covariance of centered runs
5: Extract principal modes ϕk(τ) and eigenvalues λk
6: Select the smallest K satisfying the target explained variance
7: Project xnew(τ) onto retained modes to obtain scores a
8: Compute T2 using Eq. (6)
9: Compute SPE using Eq. (7)

10: Reconstruct the run x̂(t) and compute the local residual profile d(t)
11: if T2 > qT2 or SPE > qSPE then
12: Mark the run as suspicious
13: end if
14: if d(t) > δ for at least m consecutive samples then
15: Confirm the abnormal run and report the first sustained violation time
16: end if

4. Results and Discussion
4.1. Normal operating manifold

The set of synchronized spindle-load trajectories for Program 1543, Tool 6040, and
Machine T5-1 comprises a concentrated group exhibiting a steep early slope, a range of
mid-cycle variation, and a final recovery stage, as depicted in Figure 3. The summary of
this group by the mean trajectory and the 5th–95th percentile normal band is provided
in Figure 4. This dataset is well-suited for FPCA since the principal components capture
coherent trajectory characteristics and not individual events.

In the context of the dataset being considered here, the first FPCA mode represents
the general level of spindle load, the second accounts for mid-cycle bending, and the
third captures recovery distortion, as can be seen in Figure 6. Modes provide a reasonable
characterization of acceptable variation in the manufacturing process under consideration.
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This feature sets it apart from pointwise density mapping. While density maps can
help us understand the location of the distribution at each aligned time, FPCA can help us
understand the dynamics of changes across the entire trajectory and thereby help detect
whether the suspicious trajectory is due to gradual drift or changes in onset behavior, or
perhaps some other cause [27,32].

Figure 7 illustrates the differences between monitoring based on KDE applied to time
bins and shape monitoring using FPCA for the spindle-load trajectories aligned in time.

Figure 7. Time-bin-wise KDE monitoring and FPCA-based shape monitoring for the aligned spindle-
load trajectories.

4.2. Anomalous Runs 237 and 241

Among the 18 runs, runs 237 and 241 appear to be the two most anomalous runs based
on the reference analysis performed through density clustering, which yielded average
values of 47.52% and 45.34%, respectively. These runs were observed to exhibit sustained
abnormal behavior from around 189 s and 303 s, respectively.

These results corroborate the conclusions made using the FPCA framework. For
example, run 237 starts exhibiting abnormal behavior sooner than run 241. As explained by
Nomikos [19], in the context of FPCA, an anomaly may be seen as either large displacement
in score space or a large reconstruction residual or both.

Figure 8, 9, and 10, along with Table 3, serve as complementary evidence to show
the anomalies. Specifically, score space illustrates geometric separation in the retained
latent space, while residual persistence focuses on the onset of persistent abnormality.
The integrated diagnostic summary incorporates spindle load evolution and monitoring
statistic. Thus, the results indicate that runs 237 and 241 are trajectories rather than local
anomalies [33].

The above figures illustrate the residual-persistence behavior and the onsets at 189
s and 303 s for runs 237 and 241. The figure below gives an integrated summary of the
spindle load evolution and monitoring statistic behavior for runs 237 and 241 in a single
plot.

4.3. Advantages of using a shape-based model in low sampling rate

When the sampling rate is low, as it is here with one sample per three seconds, the
dynamics of the process trajectory can no longer be characterized in terms of high-frequency
transients or any other frequency domain characteristics. It is now the shape of the function
which is relevant in assessing stability of the machine. Relevant features include rapidity
with which spindle load grows in the beginning, stabilization of the process trajectory at
the expected levels, depth of the valleys, and similarity of the trajectory shape in the latter
stages to the historical ones.



TK Techforum Journal (ThyssenKrupp Techforum) 11

Figure 8. Score-space separation of the 18 synchronized runs, showing the displaced positions of
runs 237 and 241 in the retained FPCA manifold.

Table 3. Density-based run scores for the 18 synchronized runs; lower scores indicate more abnormal
behavior [26].

Run Score (%) Run Score (%)
69 68.37 233 80.00
73 74.47 237 47.52
89 51.89 241 45.34
93 73.47 320 63.22

127 63.26 324 63.93
131 59.03 328 73.30
135 80.28 354 68.85
186 77.47 356 77.91
190 80.13
194 56.44

Figure 9. Illustration of residual-persistence onset detection for runs 237 and 241, indicating long-term
deviations around 189 s and 303 s.

The advantage of FPCA in low sampling rate regimes is obvious, since FPCA operates
on the entire trajectory directly. Moreover, FPCA compresses data dimensions without
losing time dependency. Hence, in the industrial implementation scenario discussed above,
very little model memory is needed. Namely, the mean function, few modes of the trajectory,
and some threshold values are sufficient. Finally, computations associated with monitoring
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Figure 10. Integrated diagnostic summary for runs 237 and 241, combining spindle-load evolution
with monitoring-statistic trends and onset markers.

of new run consist mostly of projections and residuals calculation, hence, are relatively
cheap compared to learning-oriented data-driven models.

4.4. Comparison with the KDE approach

The density-based model and the FPCA model used in this paper are compared below
in Table 4. In addition, Figure 7 provides a visual illustration of the difference between
pointwise density monitoring and trajectory space monitoring.

Table 4. Comparison between density-based monitoring and FPCA-based trajectory model used in
this paper.

Aspect Density-based monitoring (KDE) FPCA monitoring in this study
Basic representation Local spindle-load density Trajectory of the entire run
Principal strength Local probability envelope Trajectory shape

Interpretation Normal region for each time bin Trajectory mean and dominant shape modes
Taking correlation across time into account Indirectly Directly, through functional modes

Anomaly identification Local outliers Extreme deviations or bad reconstruction in score space
Storage demands Local density models for all time bins Mean trajectory, basis functions and thresholds

Suitability for low sampling rates Good Excellent if the trajectory shape carries most information
Potential pitfall Underutilization of run structure Careful selection of basis functions needed

4.5. Methodological significance

In terms of methodology, the key improvement of the current approach lies in its
shift from density check on the local scale to structural analysis at the level of individual
runs. The use of both T2 and SPE allows us to differentiate between atypical runs that
can still be reconstructed using our learned normal manifold and runs that possess shape
characteristics that cannot be captured by the latter. Persistence of the residual further
introduces a notion of temporal localization into the picture, allowing the model to retain
an overarching view while still specifying the start of the sustained deviation. All of the
above features become possible due to the use of controller-only synchronization and the
resulting possibility to calculate the necessary values based on that trace only.

5. Industrial Deployment Considerations

Industrial applicability is one of the decisive factors when it comes to choosing an
adequate monitoring technique for manufacturing purposes. Since the proposed FPCA-
based model relies on spindle load data obtained via controllers only, it does not incur
costs associated with installing high-frequency sensors; the training procedure and model
calibration are efficient and relatively quick, and on-line evaluation reduces to simple
projections. That said, certain conditions should be met to ensure good performance in the
industrial environment.
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First, similarly to any data-driven approach, our model assumes availability of a rep-
resentative sample of normal runs. Any changes in production, including switching tools,
changing the cutting regime, or modifying the CNC program, will necessitate retraining.
Second, synchronization plays a crucial role for the proposed model, as the accuracy of
it might otherwise lead to artificially elevated residuals. Finally, as the whole database
of controller records belongs to the manufacturer, the analysis is currently limited to the
synchronization cases included in our sample. Still, despite those limitations, the model
fits the reality of industrial environment quite well.

Despite the limitations, the trajectory model is still applicable to real-world settings.
Factories cannot afford to have dense sensing and sophisticated data engineering pipelines
along with complex algorithms for learning. In such a scenario, a model based on sparse
sensing and learning is a good balance point.

6. Conclusion

In this paper, we have presented an approach to CNC machine monitoring based
on shape-based functional principal component analysis with spindle load trajectory syn-
chronization. Our study focused on 18 runs for Program 1543, Tool 6040, and Machine
T5-1, where the sampling rate was set to 1/3 Hz, and we used the two recorded abnormal
runs 237 and 241 as examples of runs requiring engineering attention. Rather than using
a separate normality decision criterion at each time bin, we propose modeling runs as
functional trajectories and estimating a low-dimensional normal manifold. Hotelling’s T2

statistic combined with the squared prediction error helps distinguish between anomalies
characterized by unusual placement in relation to normal data points and anomalies with
an unusual shape relative to the estimated normal basis. Additionally, the local residual
profile and the persistence rule give an easy way to compute the estimated time at which
anomalies arise. Based on our findings, the applicability of FPCA depends on whether the
process of interest is best characterized by trajectory shape or transients. Future research
could investigate applying our proposed methods to complete controller archives, com-
pare with the KDE reference directly, as well as explore multivariate trajectory monitoring
techniques incorporating spindle load, feed load, spindle speed, and vibration data. Nev-
ertheless, even with the current limitations, this research demonstrates the robustness of
FPCA as an alternative approach to monitoring CNC machining processes when compared
with pointwise KDE.
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