The International Journal of Advanced Manufacturing Technology
https://doi.org/10.1007/s00170-025-16491-x

ORIGINAL ARTICLE l‘)

Check for
updates

Semi-supervised tapping wear detection in nodular cast iron
workpieces under real industrial conditions

Jose Alberto Maestro-Prieto! - Alain Gil-Del-Val?3 . Andres Bustillo®

Received: 4 July 2025 / Accepted: 31 August 2025
© The Author(s) 2025

Abstract

The tapping of metal components is a manufacturing task with great potential for automation, because the conditions affecting
the industrial components are of limited variability. However, automation encounters two main problems: both the human- and
the time-related costs associated with the manual classification of threads are excessive, and thread quality can vary greatly,
due to tapping tool wear. In this study, the use of semi-supervised algorithms is proposed to improve the performance of
machine learning—based models trained on real industrial datasets. The strategy was validated on a dataset of more than 7000
threads produced with 36 different tapping tools under the same working conditions involving nodular cast iron workpieces.
Several algorithms were trained using datasets with different features and data processing. The best results were obtained
with datasets using linear regression in which sinusoidal fluctuations in the raw signals were replaced by linear regressions
and the slope of an 11-element rolling window was applied to extend the raw dataset. Algorithms were trained with different
percentages of labeled datasets. The co-training-based algorithms almost systematically obtained the best results, yielding
better results than the reference algorithms using a 100% labeled dataset. Besides, the proposed solution also achieved higher
performance with 50% of labeled instances in the training dataset, drastically reducing the costs of manual labeling for that
sort of industrial dataset.

Keywords Semi-supervised learning - Fault detection - Tapping - Wear

1 Introduction also require an internal thread, with which a detachable
though high-strength join can fasten different parts of the
same or different materials. The process is therefore found
in many industrial applications, such as the manufacturing
of automotive, railway, and aeronautical components. As
pointed out in [29], the threading operation is typically the
last or nearly the last step of processing the part, so any
machining error leads either to the rejection of a value-added

part nearing completion (e.g., on-board aeronautical compo-

Opening a hole in a metallic workpiece is a type of machining
process called hole-making. Some hole-making operations
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nents) or additional costly manual work to correct the failure.
A risk turns a simple process, such as threading, into a critical
task in many manufacturing processes.

There are three ways to create a thread in metallic com-
ponents: thread milling, thread forming, and tapping [21]. In
thread milling, the tool is slightly smaller in diameter than
the pre-drilled hole where the thread will be cut, in a pro-
cess similar to milling. Thread forming (also called turning)
uses a tool to deform rather than to cut the material, so no
chips are produced and better results are obtained in highly
malleable materials. Tapping is similar to thread milling, but
the tool diameter and the pre-drilled hole are nearly the same
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Fig.1 Geometry of tapping
operations

diameter. Internal threading can either be done in a blind hole
that does not go through a part or as a hole that goes through
a part. Tapping is a very complex operation, especially for
go-through taps, because different threading stages require
different feed and rotation speeds, so both the rotation and
feed motion of the machine must be synchronized.

Tapping is performed with a tap, a cutting tool with a
unique profile (see Fig. 1). The cutting portion of the tap
is tapered with a number of teeth. Its conical shape ensures
that friction progressively increases as the tap perforates the
workpiece. Tool geometry greatly influences the type of tool
failure. According to [29], a cutting tool can fail in four
ways: (/) tool deformation, (2) chipping due to mechanical
breakage, (3) overheating, and (4) progressive wear. Under
industrial conditions, tap breakage is very rare, because taps
are changed long before the tool weakens. The most com-
mon failure mode is therefore when progressive wear affects
the threading that eventually exceeds the tolerance limits
of a workpiece. The wearing processes of taps have been
extensively described: teeth blunten as they wear, which
increases energy consumption and heat production during
cutting. Heat can cause teeth to soften and wear, leading to
chipping at the tip, which may result in poor quality tapped
thread flanks, smaller thread diameters, and ultimately unac-
ceptable threading [20].

Although tapping might seem to be a simple process,
due to its high repeatability in industrial components under
the same processing conditions, tap life depends on many
parameters such as cutting speed, feed rate, depth of cut, tool
geometry, cutting tool material, tool coating, and workpiece
material. Other issues that may arise include chip handling
and tool lubrication. Lack of synchronism and rigidity of
the tap can result in uneven threads. Successful threading of
certain materials requires specific synchronization and tap
hardness patterns. The numerous cutting edges of the tap
and the intricate coordination between its rotational and feed
movements make high-speed operations particularly chal-
lenging. All these issues leave ample room for further tapping
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research, as tapping optimization is a high priority indus-
trial need. Some authors, such as [29], have proposed using
vibration to determine wear failure in high-speed tapping.
In [31], a dynamic (mathematical) model for lateral and tor-
sional/axial vibrations in tapping operations was developed.
The model was tested with an AIIS1045 steel workpiece and
a high-speed steel tap. It was found that vibrations affected
the errors, due to feed rate and spindle speed and that tor-
sional/axial vibrations were the main source of instability
in the tapping process. Cutting tool coatings are a common
method of increasing tool life. For example, the effects of dif-
ferent coatings on tool performance, tool wear mechanisms,
and tool life were practically tested in a tapping operation on
a nodular iron workpiece in [28]. Three different tools were
tested: uncoated HSS-PM (High Speed Steel-Powder Met-
allurgy), coated HSS-PM TiN (titanium-nitride), and coated
HSS-PM TiCN (titanium-carbon-nitride). The wear mecha-
nisms of the HSS-PM tool and of the two coated tools were
plastic deformation in the first case, and abrasive wear of the
coating and localized peeling in the second. The HSS-PM
TiCN coating outperformed the other two tools. [33] used
an experimental approach to take direct measurements of
cutting section forces of parts of the tapping tool. In [34], a
similar study was conducted to measure tapping tool temper-
ature variations. Finally, [29] studied cutting speed and helix
angle as determining factors of tool wear and failure during
internal thread machining. Three types of taps and different
helix angles were used to tap C45 steel,! which is a standard
material for long-term durability tests.

Besides the research focused on understanding the wear
process in tapping, industry is pursuing a different goal: the
development of reliable solutions for online monitoring of
thread quality. In [15], three possible model-based strategies
were identified for tapping quality prediction: mechanically

1 DIN 17200 grade C45 steel is a non-alloy medium carbon steel used as
areference material for live testing according to relevant standards [29].
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based models, statistical models extracted from experimental
data, and machine learning-based models.

Mechanically based models mainly apply finite element
method (FEM) to the tapping tool. For instance, a model was
presented in [32] to calculate torque values for tapping tools
of different diameters. In [17], an FEM model was proposed
for the design of a tool holder, to reduce the risk of tap break-
age during the return instant, and to increase the life-span of
the tool.

FEM modeling is nevertheless a challenging task and
simulations are time-consuming, due to the different geome-
tries of each tooth, and the non-uniform load distribution on
the tap, the radial forces of which can cause lateral deflec-
tion of the tool. Some experimental-based models have been
combined with statistical approaches to circumvent that limi-
tation and to improve model reliability. For instance, in [21], a
model of forces on a single tooth was developed and empir-
ically evaluated. Once the actual forces of the process on
each tooth are known, the torque and radial forces can be
predicted by multivariate regression from the empirical data.
Other examples of this mixed solution can be found in [18,
19]. In those cases, the threading performance was studied
in cast iron GG25 without coating and in HSS tapping with
TiN, TiCN, TiAIN (titanium aluminum nitride), and TiAIN +
WC/C (tungsten carbide/carbon) coatings. In both works, an
online monitoring system for thread quality based on torque
signal was developed, and principal components analysis
(PCA) was used for information extraction and as a statistical
technique for thread quality classification.

In line with the data-driven statistical models, ML-based
models have also been tested in tapping diagnosis, espe-
cially supervised algorithms. Typical machine learning (ML)
approaches are the decision tree (DT) and the regression tree
(RT), as well as combinations of both models, called ensem-
bles. Following this strategy, two objectives were addressed
in [5] for a forming tap operation. First, an experimental
measurement of tap wear during threading of cold-forged
micro-alloyed HR45 steel was proposed, as abrasive and
adhesive wear mechanisms on tap lobes were identified.
HSS taps with TiN coating under dry and lubricated condi-
tions were used to perform the experiments. Then, several
ML methods for predicting form-tap wear were tested,
and a random forest (RF) ensemble without pruned regres-
sion trees was selected on the basis of its accuracy as the
most appropriate model. [2] also suggested using an ML
approach to process quality monitoring, treating the process
as a binary classification task [30]. An RF ensemble was
also proposed for classification, based on the current pro-
file, to detect out-of-control behavior in a ductile cast iron
(GGG50) workpiece tapping process using TiN-coated HSS
taps. Finally, [15] pointed out that, in comparison with other
machining processes such as milling and turning, the tapping
process data showed significant variance, due perhaps to non-

deterministic tool wear patterns. It was concluded that this
over dispersion in the observed behavior of the tool meant
that the automation of quality prediction would be of great
value. The same authors also demonstrated the capabilities
of ensemble classifiers especially designed for imbalanced
datasets, such as boosting and bagging DT ensembles com-
bined with the Synthetic Minority Over-Sampling Technique
(SMOTE), and undersampling, among other ML algorithms,
to predict thread quality, using torque and force signals as
inputs.

All these solutions demonstrate the capability of ML tech-
niques to generate reliable models for the prediction of thread
quality under laboratory conditions. Models can also be used
to predict the high variability of thread quality due to tapping
tool wear. However, a new limitation under industrial con-
ditions also has to be overcome: both human and time costs
derived from manual classification of threads are too high
and only a low rate of threads are labeled, mainly in binary
terms: either failure or no-failure. Conventional ML tech-
niques such as supervised learning (SL) algorithms are not
able to deal with unlabeled instances in the datasets, and any
such instances should be deleted from the dataset. But a novel
family of ML techniques, called semi-supervised learning
(SSL) algorithms, includes strategies to extract information
from unlabeled instances, improving the accuracy of final
prediction models.

In this research, an initial application of SSL to thread
quality prediction is presented, considering tapping tool
wear, in which the capability of the algorithms to improve
upon traditional SL solutions is evaluated. A road map is also
shown for the implementation of highly accurate and reliable
ML solutions in industrial tapping processes. Figure 2 shows
a graphic illustration of the steps proposed to obtain an SSL
quality diagnostic solution for a tapping process. To the best
of our knowledge, this is the first time a semi-supervised ML
approach designed for fault detection and diagnosis during
threading operations has been evaluated.

The rest of this article is organized as follows. In Sec-
tion 2, the semi-supervised approach to machine learning is
introduced and the algorithms with the best results are briefly
described. In Section 3, the experimental tapping setup, the
data collection and treatment procedures, and the datasets
that were generated are all described. The results obtained
using SSL approaches are then presented in Section 4 and
compared with those obtained using SL approaches. Finally,
the conclusions and future research directions are presented
in Section 5.

2 Semi-supervised learning (SSL)

SSL is described in this section. First, a brief overview of
this learning approach and a description of its main features

@ Springer
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Fig.2 Processes and steps for performing a semi-supervised learning (SSL) diagnosis of threading quality

are presented. Knowledge Extraction based on Evolutionary
Learning (KEEL) [38], an open source ML software package,
is then explained. A more detailed overview of SSL, its main
methods, and features can be found in a review [40]. The
authors categorized the different SSL methods and proposed
a taxonomy. A recent review of the use of SSL methods
and techniques for industrial applications can also be found
in [35].

2.1 Semi-supervised learning (SSL)

The primary objective of ML is to identify patterns and rela-
tionships within data so that automated execution of key tasks
can be performed, such as detecting abnormal rather than nor-
mal behavior, classifying data observations, and optimizing
processes based on current behavior. Certain data have to be
collected before a process may be automated. The acquisition
of machining data is common in many industrial processes,
that already have monitoring processes, automated control
systems, and other data collection systems. The data, also
known as instances or observations, are typically organized
into registers, which contain values associated with various
measured or calculated features and are collected in a timely
manner. For machine learning purposes, the available data
are organized into datasets.

ML approaches are classified into four main types [1,
40]: SL, unsupervised learning (UL), reinforcement learning
(RL), and SSL. The classification is based on the require-
ments that the available data must meet and their usage.
With SL, the available data must contain the desired ground
truth feature(s), such as a measure of tool wear or a classi-
fication for a quality measure. Providing these ground truth
values is a process commonly referred to as “labeling.” When
the available data does not contain a ground truth, the term
used is “unlabeled” data. UL attempts to discover hidden
relationships in the collected data without adding any other
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information. RL implies that once a model has been learned
it can be refined, based on its performance as it is used. Nev-
ertheless, improvements can only be accomplished if reliable
data on inaccuracies in the model forecasts can be auto-
matically acquired. Figure 3 shows a perhaps oversimplified
graphical representation of the classification of major ML
approaches. The figure includes an SSL co-training algorithm
as an inductive ML method. For a more complete classifica-
tion, see [40].

The main drawback commonly cited in SL is the manda-
tory need for labels for each data instance. Labels must
usually be provided by a human, in some cases, an expert.
The process is often time-consuming and more expensive
than data collection and model learning. Using UL is not a
solution because the less information that is available, the less
precise the learned model will be, and consequently, fewer
models, methods, and approaches may be used to exploit the
available data. Alternative methods have been developed to
address these issues by integrating SSL and UL techniques,
such as active learning (AL) and SSL. On the one hand, AL
attempts to create a model with minimal ground truth infor-
mation, thereby reducing the time and cost of its acquisition.
Some of the available unlabeled observations are sent to an
oracle, usually an expert, to be labeled. Then, a model is built
and tested. If the desired level of accuracy is not achieved,
more unlabeled observations are selected and sent to the ora-
cle. The process is repeated until the model is trained to the
desired level of accuracy. Different AL approaches primarily
stem from the criterion used to select unlabeled instances for
labeling. However, this approach still requires the availability
of an oracle.

In contrast, SSL uses a dataset containing a small num-
ber of labeled instances and a large number of unlabeled
instances. The objective of SSL is to leverage unlabeled
instances to improve model accuracy, which could only be
achieved by using the available labeled instances. SSL meth-
ods are based on two different approaches [40]: transduc-



The International Journal of Advanced Manufacturing Technology

Fig.3 Simple classification of
machine learning (ML)
approaches and methods.
Co-training is classified as a

Machine Learning

BN il ~ e D

semi-supervised learning (SSL)

inductive method Supervised Learning

Unsupervised Semi-supervised Reinforcement

tive and inductive learning. Both approaches use unlabeled
instances to improve the learning model, but in different
ways. Transductive learning focuses on obtaining the best
possible labels for the unlabeled instances in the dataset, and
it often relies on graph-based methods. It will not therefore
always yield an accurate model. Inductive learning, on the
other hand, usually yields a model that can be used to label
new, unseen instances. Different inductive learning methods
rely on different assumptions, leading to a classification of
methods based on these assumptions. For more information
on the ideas behind SSL and the differences between the
methods, see [35, 40]: transductive and inductive learning.

Although the main goal of this research was to study the
capabilities of SSL algorithms for the forming problem, some
learning approaches had to be discarded at the beginning of
the research. The limited number of observations available
for training meant that certain learning approaches and mod-
els, such as neural networks, which typically require large
datasets to generate accurate models, could not be tested.
Our approach is somewhat the opposite, as it involves gath-
ering a large labeled dataset versus having a minimum set of
labeled observations and many unlabeled observations. Also,
other typical approaches to SSL had to be discarded, such as
transductive approaches, because the inherent goal of a clas-
sification problem is to classify new, unseen observations,
and transductive approaches require training with the whole
dataset (including validation instances). Finally, this study
was focused on the algorithms available in KEEL, so every
algorithm or learning approach was obviously not included.
For example, the well-known SSL algorithm S3VM [4, 12]
is not implemented in KEEL nor are any of the different
SSL versions for Fisher Linear Discriminant Analysis (LDA)
included [37, 39].

Finally, it is necessary to outline that although using SSL
has very interesting benefits, it also has some drawbacks.
One benefit is the reduced number of labeled observa-
tions. Another benefit is the capability to extract information
from unlabeled observations, which can improve the model

Learning Learning Learning
Inductive Transductive
Co-Training

(compared to the model obtained using only the labeled
observations in the dataset). However, the main drawback
of using a reduced set of labeled observations with some
unlabeled observations is that the result is highly dependent
on the number and perhaps the specific labeled observations.
Depending on the SSL approach, mistakes in pseudo-labeling
unlabeled observations can lead to poor learner model per-
formance that can be worse than a model trained using only
labeled observations.

2.2 Knowledge Extraction based on Evolutionary
Learning (KEEL)

KEEL is a tool that includes several implementations of dif-
ferent ML algorithms [38] and different algorithm types.
Some examples are evolutionary and soft computing tech-
niques, for approaching typical ML problems such as classi-
fication and regression. Mainly, three different types of ML
algorithms are included, grouped into modules such as SL,
SSL, methods for learning from unbalanced datasets, and
algorithms for data pre-processing.

The set of SSL algorithms includes the following: Self-
training [42], co-training [6], tri-training [45], Democratic
Co-learning [44], Co-training by Committee (CoBC) [23],
Co-Forest [26], ADE-CoForest [14], RASCO [41], Rel-
RASCO [43], CLCC [24], APSSC [22], SETRED [25],
DE-Tri-Training [13], and various regression types such
as LDA and logistic. Versions of the basic supervised
methods—the C45 implementation of a DT, Nearest Neigh-
bor (NN), Naive Bayes (NB), and Support Vector Machine
(SVM)—can also be used with semi-supervised datasets.

Several of the ML algorithms, such as co-training, tri-
training, RASCO, or REL-RASCO, use one or more basic
learning algorithms (C45, NN, NB, and SVM). As the basic
algorithms are selectable, there are a number of possible com-
binations of basic algorithms that can be tested for the same
SSL method. In addition, the CoBC algorithm can be trained
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using either the Adaboost or Bagging learning algorithms,
each of which also requires a training base algorithm.

Two different experiments can be defined with KEEL
using cross-validation: a ten-fold cross-validation and a 5 x
2-fold cross-validation. In the first, the dataset is randomly
divided into ten equal parts, and ten experiments are run. In
each experiment, the model is trained using 9 of the 10 parts,
and the remaining part is used for testing. A different part
is used for testing each time, and the results are averaged.
In the 5 x 2-fold cross-validation, five different datasets are
randomly created, each containing half of the instances. The
model is then trained on one half and tested on the other. The
results are averaged over the five datasets.

2.3 Brief description of SSL algorithms

Descriptions of the various semi-supervised learning algo-
rithms can be found in the cited references for each algorithm.
Several SSL algorithms are also described in recent review
articles by [35, 40]. The following only describes the algo-
rithms that achieved the best results for the different datasets,
mostly versions of the co-training approach for SSL.

As noted in [6], co-training relies on a dataset contain-
ing enough information to define two independent subsets of
features (X1 and X») by splitting the dataset. Two learning
algorithms (A and A») are then trained, with each algorithm
using the labeled instances of a view. The unlabeled instances
are predicted using both models. A reduced number of unla-
beled instances predicted with sufficient confidence by one
algorithm are “pseudo-labeled” and added to the other algo-
rithm’s view. This process is usually repeated until either a
loop limit set by the parameter k is reached or there are no
more unlabeled instances. An underlying assumption of co-
training is that each view can be used to train a good enough
model. The co-training algorithm implemented in KEEL is a
variation of the above-described algorithm. Three classifiers
can be selected. The use of two is as described above, and
the third is for the computation of an accuracy metric at each
iteration.

The co-training method relies on two key points. First, the
confidence of the obtained label for an unlabeled instance has
to be computed or estimated. Second, multiple independent
views of the same dataset have to be generated while ensuring
that sufficient information is contained to construct multiple
accurate classifiers.

A similar practice is followed in the tri-training algo-
rithm [45]. Three classifiers are trained. At each iteration,
if two of the three unlabeled instances agree upon their pre-
diction, the other unlabeled instance is pseudo-labeled for a
particular algorithm. However, instead of assuming that there
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are enough redundant views of the features or that there are
different learning algorithms, tri-training achieves diversity
in a different way by using a bootstrapping process to train the
initial models, and it then iteratively adds more pseudo-labels
to each specific labeled dataset when the label predictions of
the other two models agree. In doing so, there is no need for
confidence evaluation with tri-training.

CoBC [23] is another algorithm that uses a co-training
approach. It uses a two-view approach to improve results, but
it combines the co-training approach and tree-based ensem-
bles. CoBC is best suited for datasets with four specific
characteristics: (1) sufficient redundant views can be defined,
(2) there is a large number of classes, (3) there are rel-
atively few labeled instances, and (4) there is a relatively
large number of unlabeled instances. CoBC uses a statisti-
cal approach to consider the probabilities of the intermediate
outcomes of the internal nodes of the trees, rather than sim-
ply traversing the ensemble trees to obtain a prediction. In
that way, both the path to the selected leaf node and the other
paths can contribute to the predicted class. The KEEL CoBC
implementation can use an Adaboost boosting method and
Bagging, a bootstrapping method, both of which are ensem-
bles that can be implemented in KEEL. Both require a base
classifier, so C45, NN, and SMO can be chosen as base clas-
sifiers for the ensembles in CoBC.

Democratic co-learning [44] avoids the need for redundant
and independent feature sets by training different algorithms
instead of having multiple views. Different algorithms are
expected to have different inductive biases even when trained
on the same data. The predicted label is obtained by means
of weighted voting of the classifiers, and the pseudo-labeled
instance is added to the training sets of the classifiers whose
predictions are unlike the majority predictions.

Co-Forest [27], a variation of the co-training algorithm,
employs RF [7] to identify the most confident instances for
pseudo-labeling. RF is an ensemble, H*, of n classifiers,
rather than two or three classifiers, with other co-training-
based approaches. In the ensemble H*, the confidence of
an unlabeled instance for a classifier, 4;, is determined by
computing the degree of agreement on labeling with the other
classifiers. Therefore, the set of classifiers, H*, are firstly
trained in Co-Forest using the labeled instances, and then the
unlabeled instances that the other classifiers have previously
selected are labeled to refine each classifier, h;, in H*.

DE-Tri-Training [13] (tri-training with data editing) is
an SSL clustering algorithm that makes use of the tri-
training SSL algorithm. Firstly, it uses the labeled instances
to increase the labeled set. The Nearest Neighbor Rule [11]
is used to improve the quality of the increased labeled set,
to reduce the influence of noise and misclassified instances.
The labeled instances are then used for a Seeded-K-means
and Constrained-K-means algorithm [3].
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2.4 Additional basic algorithms with the KEEL
co-training method

The KEEL co-training implementation offers a choice
between four basic learning algorithms that can be com-
bined using the co-training method, namely C45, SMO, NB,
and NN. These well-known basic algorithms use different
approaches to machine learning, and many of them, although
relatively simple compared to other learning algorithms,
achieve reasonably good results on many datasets. However,
the idea of applying the co-training approach to other gener-
ally more complex learning techniques and approaches has
led to proposals such as tri-training, Co-Forest, CoBC, and
democratic co-learning. Based on the above approach, the co-
training implemented in KEEL was therefore extended, as the
use of more complex basic algorithms might have improved
the results when using the original co-training method.

Three more complex learning algorithms were added
as basic algorithms for use in the KEEL SSL co-training
method, to test whether an improvement can be achieved
by using more complex basic learners in co-training. These
are a logistic regression classifier (LOG in the results tables)
and two ensembles that use the C45 algorithm as the base
classifier. Although they do not appear in the results tables,
AdaBoost, a boosting method, and Bagging were added to
the set of learning approaches.

Implementations of those new basic learning algorithms
for co-training were already included in KEEL and were
adapted, so that they could be used with the co-training
method.

2.5 SVM: a reference SL algorithm for comparison

The capabilities of SSL techniques must always be com-
pared with the performance of an SL algorithm to identify any
improvements over conventional and simpler ML solutions.
For instance, [15] proposed the following SL algorithms
as base algorithms for comparative purposes: k-NN (with
k = 3), multi-layer perceptron (MLP), SMO, Tree U (a J48
implementation of a non-pruned DT), Bagging, and RF.
Therefore, the SSL datasets were tested in this research
with the SSL version of the basic SL algorithms implemented
in KEEL for comparative purposes: C45SSL, NBSSL,
NNSSL, and SMOSSL. All four algorithms are simple
adaptations of the supervised C45, NB, NN, and SMO algo-
rithms for use with semi-supervised datasets where unlabeled
instances are first removed, and then the algorithms are
trained using only the labeled instances, so that the same
semi-supervised dataset may be used as input for training
the supervised algorithms. The C45 instead of the C45SSL
algorithm was selected for the following task, and the same
applies to the other basic algorithms. Finally, the algorithm
selected in this research for comparative purposes was the

KEEL SMO algorithm for SSL datasets (SMOSSL), as dis-
cussed in Section 4.1.

2.6 Experimental design

The experimental design was focused on varying the avail-
able algorithms more than on finding the optimal parameters
for the algorithms that were tested. Variations were incor-
porated, based on the nature of the SSL algorithms and the
complexity of their configurations. In KEEL, one or more
base learning algorithms may be selected for use with several
SSL algorithms. For example, three base learning algorithms
may be selected for KEEL’s co-training algorithm: one for
each view and one for evaluating the results. tri-training,
CoBC, and others also require one or more base learning
algorithms. Thus, changes to the base classifiers used in the
configuration of the SSL algorithm meant that approximately
400 algorithms and combinations of algorithms could be
evaluated in this research. Additionally, some base learning
algorithms, such as the SMO algorithm, require considerable
training time. So, extensive tuning of algorithms parameters
was not considered a priority in this research, and the KEEL
algorithms were run using their default parameter values that
were expected to produce good results.

3 Experimental setup and dataset
description

In this section, the experimental setup and the data collection
procedure are introduced, outlining the similarities between
this procedure and real industrial conditions for tapping. The
original experimental dataset is also presented. Secondly, the
plain semi-supervised datasets, generated from the original
experimental dataset to simulate an extensive range of real
industrial conditions, are presented. Thirdly, the extended
semi-supervised datasets, based on the application of the
SMOTE technique to the plain semi-supervised datasets, are
presented to simulate balanced conditions between failure
and non-failure conditions, a key requirement for a proper
evaluation of SSL solutions with different levels of unlabeled
instances. Then, the datasets were improved considering a
sliding window, to take into account that under industrial
conditions each tap is correlated with the measurements of
some previous tapping operations (historical data on the same
tapping tool). Minor improvements to the datasets, due to a
measurement drift in the experimental signals, are proposed
in the last two subsections.

3.1 Experimental setup and data collection

The experimental data sheet was collected using a com-
puter numerical control (CNC) under high-speed cutting
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Fig.4 Geometry of the tap tool

(65m/min) and dry conditions while executing a tapping
cycle. A nodular cast iron (GGG50) workpiece was used.
The tapping process required previous drilling operations.
All holes were inspected according to the ISO 2 requirement
(6 H). The tapping tool has three flutes to sculpt M10 x 1.5
mm metric threads, as can be seen in Fig.4.

Five different coatings were selected as can be seen in
Table 1, because each coating has different mechanical prop-
erties to improve the cutting process. Moreover, a g0-no-go
gauge (6H) was selected to inspect the quality of all the
threads. If the go side of the gauge could not pass through
the thread, then the thread was considered faulty. The reason
for that evaluation strategy was directly related to one of the
advantages of go-no-go gauges: quick and efficient verifica-
tion of thread specifications. The gauge tolerance was lower
than 10% of the product tolerance, fixed by the ISO 1502
standard for screw threads and test gauge instruments.

The results of the experimental tests are summarized in
Table 1. The first column shows the five tap-tool coatings.
The second column shows the number of tap tools with each
kind of coating. The third column shows the total number of
sculpted threads per type of coating. The fourth one shows the
percentage of acceptable threads that passed the inspection,
and the last column shows the percentage of unacceptable
threads that were not within the set tolerance margins.

For each thread, torque signals were recorded. Figure5
illustrates the torque signals extracted from the internal drive
device of the spindle motor. The blue and red profiles are
the first acceptable and unacceptable threads, respectively.
Both signals have the same stages, the first one is the cutting
zone when the thread is sculpted, and the second stage is the
reverse zone when the tap returns to the initial point, as can
be seen in the movements of the tap in Fig. 5.

The thread profile was divided into seven areas (Al—
A7) to characterize the tapping operation. The torque signal
throughout a tapping cycle was divided into two stages to
understand the physics of each area. The first is the cutting
stage when the tap tool sculpts the thread profile from the ini-
tial to the final positions, respectively. This zone is divided
into four torque areas. Area Al represents the torque evolu-
tion area of the main spindle motor during the acceleration
period. Area A2 is the torque evolution of the main spindle
motor while the threads are cut with the tap. Area A3 is the
torque evolution in the deceleration stage. Once the tap base
is at the final point, there are always feedback signals to both
motor regulators. As the CNC is programmed to maintain
synchronism between both motors, minute shifts will occur,
leading to friction torque, recorded in Area A4.

In the reverse stage, Area AS represents the torque evo-
lution during the tap acceleration phase to invert the spindle
rotation when beginning to exit the hole. A6 is the tap torque
evolution area during the tap reversal phase. Finally, the
deceleration torque is represented in Area A7. Graphs of
the evolution of A1-A7 for each tap can be found in the
Supplementary Material, along with the dataset.

The features and their variation range in the dataset are
summarized in Table 2. The coating and tool ID features were
coded as numbers. The thread number was the sequence of
threads that each tap sculpted, before it was rejected, due to
significant wear. Tool ID is the number assigned to each tap
tool. The last column shows the range of each experimental
feature in the datasheet.

A more detailed description of the tapping process, the
physical machines and the electronic devices, a description
of the signals, the method of obtaining the measurements,
data pre-processing, and data curation can be found in [15].

Table 1 Contents of the

experimental results Coating Tools Number of threads Go threads No-go threads
TiN 15 2290 7% 23%
Steam 1751 86% 14%
TiNC 1148 91% 9%
AICiN 1519 89% 11%
TiN + Steam 4 407 92% 8%
Total 36 7115 85% 15%
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Fig.5 Torque evolution during
acceptable and unacceptable
thread cycles, respectively
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This procedure is well-established in the state of the art; for
instance, the same data acquisition and signal processing pro-
cedures have also been followed by other authors [2].
Feature importance was studied using the permutation
importance tools available in the Python package scikit-learn,
with a random forest base classifier. The results are shown
in Fig. 6. Features with lower importance are closer to O.
According to the figure, features corresponding to Areas 2,

Table 2 Features and ranges of experimental data

Feature Abbreviation Range

Coating ID Coating 1-5

Tool ID ToollD 1-36

# Thread number 1-519

Torque signal area Al Al 0.0-11.31 N*m*s
Torque signal area A2 A2 0.0-9.87 N*m*s
Torque signal area A3 A3 0.0-11.10 N*m*s
Torque signal area A4 A4 0.0-17.34 N*m*s
Torque signal area AS AS 0.0-11.73 N*m*s
Torque signal area A6 A6 0.0-6.41 N*m*s
Torque signal area A7 A7 0.0-10.92 N*m*s
Thread quality inspection £0, N0-go 1-2

4, and 6 were the most important for classification. This result
was predictable, because there is lengthy contact between the
tap tool and the material (direct thread, reverse thread, and
friction torque stage) in all 3 areas during which time most
information on the tapping process may be collected.

3.2 Plain semi-supervised datasets

In an SSL setting, some of the available instances, usually
only a few, will be labeled, while most of the instances will
be unlabeled. To approach this situation, a training and test-
ing process was performed using files in which some of the
labels of the instances in the training files had been removed.
Different percentages of labeled and unlabeled instances
were used to train the models. The test files were fully
labeled.

Using a 5 x 2-fold cross-validation approach, the initial
dataset should be randomly divided more or less equally into
a pair of training and test files (Fig. 7). Bearing in mind
that the number of tapping tools, and hence the number of
instances, is not the same for each coating, some care should
be taken to maintain the proportion of instances for each
coating in both training and test files. Otherwise, the initial
problem of imbalance may be magnified, accentuating or ren-
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Fig.6 Estimated importance of
the features for classification

Covering -

dering nearly impossible the problem of obtaining accurate
models, especially if the most unbalanced files were used for
training. Five different pairs of training and test files should
be generated, and the final result is the averaged results of
the five test files.

Several datasets were generated, in order to assess the
importance of the number of labeled instances in the training
files and the improvement that the unlabeled instances can
provide. Each one maintained a certain percentage of labeled
instances in the training files (the same percentage in the five
training files). Again, due to the unbalanced nature of the
original dataset, special care should be taken when selecting
the instances to be unlabeled. As the less represented class
is the no-go (fail) one, in general, at least one no-go (fail)
instance was kept for each tapping tool in the training files. It
should be said that this constraint makes the training files with
fewer than 30% of labeled instances somewhat unrealistic, as
the effect of the constraint can actually be seen as a process of
“balancing” the datasets. When 30% or more of the labeled
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Fig. 7 In a 5 x 2 cross-validation, the original data file is randomly
split into two files, one for training and one for testing. Five different
splits are performed
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instances were kept in the training files, the “balancing” effect
almost disappeared. In addition, the same seed was used to
generate the random number sequences, to assess whether
increasing information improved the model or not, so that a
file with a higher percentage of labeled instances contained
the labeled instances in a file with a lower percentage of
labeled instances, plus some new ones.

The different percentages used for learning and evaluating
the models are shown in Table 3. The first column shows the
percentage of labeled instances in the training files, ranging
from 1 to 90%. The second and third columns contain the
number and percentage of Go (ok) and No-go (fail) labeled
instances in the training files. The fourth and fifth columns
contain the number of Go (ok) and No-go (fail) labeled
instances in the test files. As can be seen from the percent-
ages in the third column of the table, the number of no-go
instances labeled for the 1% and perhaps 10% training files
was higher than in the other files, due to the imposed con-
straint of having at least one no-go labeled for each tapping
tool.

Table 3 Percentage of labeled instances and number of labeled and
unlabeled instances in training and test files

Labeled Semi-supervised
Instances Training Test
Go (ok) No-go (fail) Go (ok) No-go (fail)

1% 41 35 (85.36%) 3026 520

10% 306 61 (19.93%) 3026 520

30% 913 163 (17.85%) 3026 520

50% 1528 274 (17.93%) 3026 520

70% 2131 376 (17.64%) 3026 520

90% 2738 481 (17.56%) 3026 520
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Once the unlabeled instances were selected, the features
ToolID and Thread Number were removed and the actual files
for training and testing contained only 9 features: CoatingID,
A1-A7 torque signal areas, and thread quality. The quality
value of the unlabeled instances was replaced with the KEEL
key value “unlabeled.” All the features were scaled down (or
up) to values between 0 and 1, as there can be significant
differences within the ranges of the different features, and
some learning algorithms are very sensitive to the magnitude
of the different features.

However, as observed in [15], more than one dataset was
generated, with different features. The different datasets are
shown in Fig. 8 and described in the following subsections.

3.3 Extended semi-supervised datasets: SMOTE

In [15], it was noted that the imbalance in the number of
instances per class might have a detrimental effect on the
learned classifiers, and two additional approaches were used
to mitigate that effect. The first approach was to use clas-
sical rebalancing strategies: oversampling, or increasing the
instances of underrepresented classes, and undersampling, or
reducing the instances of overrepresented classes.

Basically, the oversampling strategy consisted in the use
of SMOTE-based techniques [8]. However, oversampling
can be applied in several ways. SMOTE was applied to the
plain dataset by generating several different numbers of new
instances for the less represented class (increasing them by
100%, 300%, 500%, or as many new instances as needed,
so that the classes were equally represented). But some
techniques, such as boosting, have their own approach. In
summary, in [15], Bagging + SMOTE (with different number
of instances generated), Bagging + Random Undersampling,
Bagging + Random Balance [10], RAMOBoost [9], RUS-
Boost [36], and RB-Boost [16] rebalancing techniques were
applied, depending on the learning algorithm.

Extended Dataset

Plain Dataset lbalaicsd)

Extended Dataset
+ Slope

Extended Dataset
(sinusoidals
replaced) + Slope

Plain Dataset
(sinusoidals
replaced)

Fig. 8 The original data file generates five different datasets with
slightly different information

Furthermore, in [15], rebalancing techniques were used in
conjunction with the different datasets that were generated:
both the simple dataset and the extended semi-supervised
dataset with the slope of the torque signal areas (A1-A7) on
a sliding window, as described below.

The same rebalancing approach was modified when used
in conjunction with the SSL approach, due to several prob-
lems. First, although SMOTE is implemented in KEEL,
the algorithms in the KEEL SSL module take no account
of unbalanced datasets. Furthermore, in SSL datasets with
fewer labeled instances, it can be difficult to generate new
instances with sufficient variance to be useful for learning
purposes. The same can be said of undersampling strate-
gies, as removing instances when there are too few labeled
instances hardly appears to be a very good idea, so the under-
sampling techniques were discarded. The cross-problem of
SSL with unbalanced datasets is not addressed in KEEL.

New datasets were therefore generated for testing pur-
poses, using the SSL plain datasets and the SMOTE algo-
rithm implemented in the Python programming language,
without changing the default values for the parameters of
Python’s SMOTE algorithm.

3.4 Extended semi-supervised datasets: sliding
window

In [15], in addition to using just the plain dataset in its SL
setting, data enhancement was also suggested through the use
of a sliding window and including, as new columns, the slope
of a linear regression computed using the data in the sliding
window for each of the torque signal area features (A1-A7)
in the dataset. The best results were obtained using a sliding
window of length 11. Indeed, in [15], four datasets were
used: the plain dataset, and using a sliding window, a dataset
extended with the slope of the linear regression, a dataset
extended with the slope and error of the linear regression,
and finally a dataset extended with the slope and standard
error of the linear regression and the True Strength Index
(TSD).

Following the same path as in [15], a second dataset was
therefore generated using a sliding window of length 11,
computing the slope of the linear regression in the slid-
ing windows, and adding the seven slopes to the available
instances. The slopes were separately computed for each
tool. The first 10 values of each tool sequence of threads
meant that the slope could not be computed and the data were
therefore removed from the datasets. Obviously, the number
of dataset instances was reduced accordingly. Again, after
the sliding windows were generated, the linear regression
was computed, the unlabeled instances were selected, and
the ToolID and Thread Number features were removed, until
the actual training and test files contained 16 features: Coat-
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inglD, A1-A7 torque signal areas, S1-S7 slope of the linear
regressions for the torque signal areas, and thread quality.
Neither the linear regression error nor the TSI values were
computed. For the unlabeled instances, the quality value was
replaced by the KEEL key value “unlabeled.” Since there
can be a noticeable difference in the ranges of the different
features, and some learning algorithms are very sensitive to
the magnitudes of the different features, they were all scaled
to values between 0 and 1.

3.5 Extended semi-supervised datasets: A1, A3, A5,
and A7 sinusoidal signals replaced by linear
regressions

Two other datasets were also generated for the SSL approach.
The torque signal areas Al, A3, A5, and A7 in the dataset
were sinusoidal signals. However, when using an SSL
approach, labeled instances provided only a few reference
points in the sinusoid. Therefore, these few available points in
the sinusoidal signals could have hidden the trend and could
have been interpreted by the learning algorithm as noise in
the signal.

Usually, the sinusoidal signal initially varied in a fairly
flat range, and at some point, a downward trend appeared
(Fig.9). A linear regression was calculated using a 2nd degree
polynom as shown in Eq. 1. The regression output of a 2nd
degree polynom followed the trend observed in the signal
better than a 1st degree polynom.

Ap, =bo+ by x x + by x x° (D

Therefore, the Al, A3, AS, and A7 signal values were
first replaced by their calculated linear regressions. Then,
the process of generating the SSL datasets was repeated. The
unlabeled instances were selected, and the features ToollD
and Thread Number were removed, so the training and
test files contained only nine features: CoatingID, A1-A7
torque signal areas, and thread quality. For these unlabeled
instances, the quality value was replaced with the KEEL key

value “unlabeled.” Finally, all features were scaled to values
between 0 and 1.

3.6 Extended semi-supervised datasets: A1, A3, A5,
and A7 sinusoidal signals replaced by linear
regressions + sliding windows

After replacing the sinusoidal signals A1, A3, A5, and A7 by
their linear regressions, a sliding window of length 11 was
taken and the slope of the linear regression of the instances
within the sliding window was calculated.

The seven slopes were added to the available instances.
The slopes were calculated for each tool separately, as the
slopes cannot be calculated with the first 10 values of each
tool, which were therefore removed from the datasets. After
calculating the slopes of the linear regression for each sliding
window and selecting the unlabeled instances, the features
ToolID and Thread Number were removed, and the actual
training and test files contained 16 features: CoatingID, A1-
A7 torque signal areas, S1-S7 slope of the linear regressions
for the torque signal areas, and thread quality. Neither the
linear regression error nor the TSI value was calculated. For
the unlabeled instances, the quality value was replaced by
the KEEL key value “unlabeled.” Finally, all features were
scaled to values between 0 and 1.

4 Results and discussion

In this section, the results obtained using the SSL methods
and algorithms on the different datasets that were generated
for different percentages of labeled instances are presented,
discussed, and compared with other authors. In [15], the
same dataset was used, but with an SL approach. The results
obtained with the SSL techniques and methods were com-
pared to those obtained with the SL approach. The goal, of
course, was to obtain similar results or, if possible, better
results using an SSL approach. However, it should be noted
that in [15], several SL algorithms were tested on the sim-
ple (class unbalanced) dataset, and two additional approaches

Fig.9 Area 3 of ToolID 25
original signal (in blue) and
linear regression computed (in
orange)
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Table 4 Percentage accuracy levels of the different supervised algo-
rithms

Labeled

Supervised methods

Labeled instances SMO C45 NN NB

1% 86.55% 84.56% 82.07% 88.14%
10% 89.98% 88.72% 88.17% 89.26%
30% 90.31% 89.79% 88.38% 89.38%
50% 90.33% 90.54% 88.96% 89.42%
70% 90.56% 90.53% 89.17% 89.42%
90% 90.68% 91.13% 89.36% 89.31%
100% 90.77% 90.64% 89.40% 89.36%

Each row represents the results, using a different percentage of labeled
instances, ranging from 1 to 100%. The first column shows the dataset
percentage of labeled instances. The remaining columns are the accu-
racy of the different supervised learning (SL) algorithms in KEEL. The
best result for each row is shown in bold

were tested in an attempt to improve the results by modifying
the initial dataset. Namely, the intention was to balance the
number of instances of the different classes using SMOTE
and to increase the number of dataset features.

4.1 Plain semi-supervised dataset

Firstly, the performance of the supervised learning algo-
rithms available in KEEL on the plain semi-supervised
datasets was tested for comparison with previous works. The
test results are shown in Table 4. The first column shows
the percentage of labeled instances, from 1 to 100%. The
other columns show the results obtained for each of the SL
algorithms. The best results for each percentage of labeled
instances in the dataset are shown in bold.

After observing the results shown in Table 4, it was
decided to use the SMO algorithm as a reference. It obtained

the best score for accuracy more frequently than the sum of
the others, showing a clear progression in its accuracy score
as the number of labeled instances in the dataset increased,
and it was close to the highest score obtained by the C45
algorithm in two datasets where over 50% of the instances
were labeled..

Once the SL algorithm that will serve as the baseline had
been chosen and its accuracy evaluated, the SSL algorithms
were tested on the plain semi-supervised datasets. The test
results are shown in Table 5. The first column shows the per-
centage of labeled instances, and the second column shows
the results obtained using the SL reference algorithm (SMO).
The following columns show the SSL algorithms that had the
best results for each percentage of labeled instances within
the datasets.

As Table 5 shows, the results ranged from 63.02 to
91.53%. The SL reference algorithm achieved an accuracy
level of 89.98% with the dataset of 10% labeled instances,
and it hardly improved the result, even with the dataset of 90%
labeled instances. The SSL algorithms hardly improved the
results of the reference SL algorithm. An accuracy level of
91.53% was achieved using the 90% labeled dataset, which
was only a slight improvement over the SL algorithm. Only
in the case of very few labeled instances (1% dataset) did the
accuracy of most models drop significantly. It is interesting
to note that different combinations of base algorithms for
the co-training and tri-training algorithms yielded the best
results.

For comparison, in [15], using a 100% of labeled instances
and the plain dataset, the accuracy of the most basic clas-
sifier, a DT, was 90.683%, the MLP yielded an accuracy
of 91.667%, and a Bagging algorithm, with an accuracy of
92.229%, yielded the best performance. These accuracies are
in the same range as those obtained in initial first tests and
shown in previous tables.

Table 5 Accuracy of the

diff . ised Supervised Semi-supervised methods

1‘ erent S;glﬁ'sﬁper‘."ze Lab TENB-  CILSMO-  TIL-C45- TIESMO- _ TI.SMO-  TT.C45-

carning (SSL) algorithms inst  SMO SMONB  C45L0G ~ SMOSMO  SMOC45  C455MO  C45SMO

versus SMO algorithm in

percentage 1% 86.55% 88.37% 63.02% 86.41% 86.40% 86.47% 85.72%
10%  89.98% 89.48% 90.98% 90.30% 90.23% 90.29% 89.79%
30%  90.31% 89.80% 90.78% 90.97% 90.94% 90.96% 90.55%
50%  90.33% 89.74% 90.88% 90.99% 91.01% 91.00% 90.58%
70%  90.56% 89.83% 91.02% 91.33% 91.34% 91.34% 91.03%
90%  90.68% 89.92% 90.98% 91.52% 91.53% 91.53% 91.53%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%.
The first column contains the percentage of labeled instances in the dataset. The second column contains the
results of the reference SL algorithm (SMO). The remaining columns show the best results of the different
SSL algorithms for a given dataset. The best result for each row is shown in bold. In the table, CT stands for
co-training, T'T for tri-training, L O G for logistic
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Table 6 Accuracy of the

different algorithms in Supervised ~ Semi-supervised methods
Lab TINB-  TI.SMO- TLNN- _ COBC- TT.C45-  TI.C45-

percentages inst  SMO NBSMO NNNN SMONN  ADABOOST-C45 C45NN  NBNN
1%  85.48% 8831%  83.41% 82.62%  84.67% 83.44%  87.48%
10%  87.56% 88.28%  89.45% 89.30%  87.88% 88.36%  88.35%
30%  88.00% 88.87%  89.57% 89.60%  88.75% 89.37%  89.05%
50%  87.77% 88.56%  88.99% 89.01%  89.19% 89.06%  88.71%
70%  87.73% 88.48%  88.58% 88.59%  89.23% 89.73%  89.10%
90%  87.98% 88.65%  88.41% 88.42%  89.35% 89.04%  89.89%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%.
The first column contains the percentage of labeled instances in the dataset. The second column contains the
results of the reference SL algorithm (SMO). The remaining columns are the different SSL algorithms that
gave the best result for a given dataset. The best result for each row is shown in bold. In the table, 7T stands

for tri-training

4.2 Extended semi-supervised dataset with SMOTE

Balancing the dataset may be a suitable strategy to increase
model accuracy. Table 6 shows the results of using the
datasets obtained after SMOTE was applied to the plain
semi-supervised datasets. Again, the first column shows the
percentage of labeled instances, the second column shows the
results obtained using the SL reference algorithm (SMO),
and the following columns show the SSL algorithms that
achieved the best results for each dataset.

As can be seen, the results ranged between 82.62 and
89.89%. The reference SL algorithm with 10% of labeled
instances reached 87.56% with the dataset and there was
almost no improvement in the results, even when using the
dataset with 90% of labeled instances. It is of interest that
some combinations of basic classifiers with the tri-training
algorithm almost always performed best of all.

Comparing the results in Table 6 with the results in Table 5,
it can be seen that some improvement was obtained when
using the least labeled dataset, but the reference SL algorithm
obtained worse results and the SSL algorithms basically

obtained equally poor or worse results, so using SMOTE and
an SSL approach may not be a good solution to the problem.
A conclusion that might explain why adding the synthetic
observations to the original labeled observations decreased
the accuracy results of the SSL algorithms.

Generating new synthetic observations from a limited
number of labeled observations may not produce examples
that represent the underlying data distribution sufficiently
well. So, creating new synthetic observations to match the
number of class observations might not compensate for the
lack of sufficient labeled data. Missing information cannot
be replaced, which could lead to bias in the data and that
could in turn explain why adding the synthetic observations
to the original labeled observations decreased the accuracy
of the reference SMO algorithm. The results demonstrated
a decrease when new synthetic observations were added to
the original labeled observations for all the tested datasets.
Conversely, SSL techniques have the potential to extract suf-
ficient information from unlabeled observations to improve
the model obtained from labeled observations. The approach
shows promise in enhancing the quality of information avail-

Table 7 Percentage accuracy of

the different algorithms Supervised Semi-supervised methods

Lab TT-NB- TT-NN- TT-SMO- TT-NB DTT-C45-
inst SMO NNSMO SMONB NNNB SMOSMO NBSMO
1% 76.93% 86.63% 86.25% 85.98% 81.56% 72.25%
10% 85.33% 89.10% 89.12% 89.05% 88.82% 88.10%
30% 88.04% 89.08% 89.12% 89.30% 88.79% 86.11%
50% 87.89% 89.07% 89.11% 89.11% 89.83% 88.73%
70% 88.57% 89.31% 89.35% 89.37% 90.06% 89.53%
90% 89.22% 89.32% 89.34% 89.30% 90.07% 90.51%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%. The
first column contains the dataset percentage of labeled instances. The second column contains the results of
the reference SL algorithm (SMO). The remaining columns show the different SSL algorithms that yielded
the best result for a given dataset. The best result for each row is shown in bold. T'T stands for tri-training
and DT T stands for DE-Tri-Training
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able for building the model, potentially surpassing the contri-
butions of synthetic observations generated by SMOTE. The
accuracy of SSL algorithms may therefore be affected by the
incorporation of labeled observations synthetically generated
by SMOTE, compared to the results obtained if SMOTE is
not used.

Therefore, SMOTE was discarded, as its use together with
the plain dataset provided no significant improvement to the
results obtained using the plain dataset alone, and it may
introduce bias into the dataset, as seen in the performance of
the SL reference algorithm.

4.3 Extended semi-supervised dataset that includes
the linear regression slopes within a sliding
window of length 11

Asnoted in previous works [15], the strategy of a sliding win-
dow in this sort of dataset may increase model accuracy, so it
was tested. The results of using the extended semi-supervised
dataset including the linear regression slope within a sliding
window of length 11 are shown in Table 7. The first column
shows the percentage of labeled instances, the second column
shows the results obtained using the SL reference algorithm
(SMO). The following columns show the SSL algorithm that
achieved the best performance for each percentage of labeled
instances within the dataset.

As can be seen in Table 7, the results rarely improved on
those in Tables 5 and 6. The results of the SSL algorithms in
no way improved upon previous results.

After examining the results in Table 7, it can be con-
cluded that the addition of the slope, computed using the
sliding windows, to the available datasets rather than improv-
ing the learning process, actually misled it. The reason
may be because of the way that the SSL algorithms work.
co-training-based algorithms, such as tri-training, use the

labeled instances to train two or more models that are used to
compute a label (pseudo-label) for the unlabeled instances in
the semi-supervised dataset, in the hope that increasing the
number of labeled instances will improve the learned model
and improve the accuracy measure of the classifier. However,
if the wrong label is chosen for pseudo-labeling, the desired
improvement may not be achieved.

Therefore, using a few isolated values of the sinusoidal
signals in A1, A3, A5, and A7 might be interpreted as back-
ground noise by the learning algorithm. Depending on the
labeled instances, there might be no difference or not enough
difference in the values for the sinusoidal signals. Worst of all,
adding the slope could make the problem worse. Although
this experiment did not achieve better results, it did provide
a possible reason for the low performance, prompting the
search for more suitable data-treatment techniques.

4.4 Plain semi-supervised dataset, replacing the A1,
A3, A5, and A7 torque sinusoidal signal areas
with a linear regression

A linear regression on the signals Al, A3, AS, and A7 was
applied to dampen the noisy sinusoidal behavior of the sig-
nals, and the performance of the SSL algorithms was tested
on the new datasets. Table 8 shows the results of using the
plain semi-supervised dataset, replacing the sinusoidal sig-
nals Al, A3, A5, and A7 by a linear regression computed
from their values. The first column shows the percentage
of labeled instances, the second column shows the results
obtained using the SL reference algorithm (SMO), and the
following columns show the SSL algorithms with the best
performance for each percentage of labeled instances in the
dataset.

As can be seen from the results in Table 8, better results
were obtained by replacing sinusoidal signals with the cor-

Table 8 Percentage accuracy of

the different algorithms Pabeled Supervised Semi-supervised methods
instances SMO TT-NNNNNN TT-C45C45NN TT-C45NNC45
1% 88.61% 90.42% 86.38% 86.33%
10% 92.85% 95.48% 95.49% 95.10%
30% 93.85% 96.94% 96.76% 97.01%
50% 94.11% 97.82% 97.79% 97.70%
70% 94.11% 98.10% 97.91% 97.93%
90% 94.20% 98.30% 98.04% 98.00%

Each row represents the results when using a different percentage of labeled instances, ranging from 1 to
90%. The first column contains the percentage of dataset labeled instances. The second column contains the
results of the reference SL algorithm (SMO). The remaining columns are the different SSL algorithms that
gave the best result for a given dataset. The best result for each row appears below in bold. In the table, 7T

stands for tri-training
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Fig. 10 Accuracy of different trained models as a function of the
percentage of labeled instances in a dataset containing the features Coat-
ingID and the torque signal areas A1-A7

responding linear regression values. The results in Table 8
improved on the results of the SL reference algorithm (SMO),
achieving accuracy levels of 94.11% using the 50% labeled
dataset and 94.20% using the 90% labeled dataset. The semi-
supervised methods achieved accuracy levels of 97.82%
using the 50% labeled dataset and 98.30% using the 90%
labeled dataset. Those results improved on the results shown
in Tables 5, 6, and 7. The SSL methods that obtained the
best results were all different combinations of basic learn-
ers for the tri-training algorithm (C45C45NN, C45NNC45,
NNNNNN).

Comparing the accuracy results in [15], it can be seen
that the highest accuracy value among the SL algorithms
was obtained by the Bagging algorithm with an accuracy
of 92.229% obtained using the dataset containing only the
CoatingID and the torque signal areas A1-A7. All other algo-
rithms showed lower accuracy.

Figure 10 shows graphs of the main results: the evolution
of the accuracy obtained by the TT-NNNNNN algorithm as a
function of the percentage of labeled instances, the accuracy
of the SMO algorithm for the same datasets, and the result of

the best algorithm obtained in [15]. The SSL TT-NNNNNN
algorithm performed better than the SL algorithm in all of
the tests.

4.5 Extended semi-supervised dataset that replaces
the A1, A3, A5, and A7 torque sinusoidal signals
areas with a linear regression and includes
the linear regression slopes in a sliding window
of length 11

Once a better strategy had been found, it was followed up
to search for the best performance integrating the sliding
window proposed in the bibliography [15]. Table 9 shows
the results of using the extended semi-supervised dataset,
replacing the torque sinusoidal signals areas Al, A3, AS,
and A7 by a linear regression computed from their values,
and adding the slopes of a linear regression computed using
a sliding window of length 11. The first column shows the
percentage of labeled instances, the second column shows the
results obtained with the SL reference algorithm (SMO), and
the following columns show the SSL algorithms that show
the best results for each percentage of labeled instances in
the dataset.

As can be seen in Table 9, better results were obtained
by replacing the sinusoidal signals with their linear regres-
sion and calculating the slope of a linear regression in the
sliding window of length 11. The results in Table 9 improved
upon the results of the SL reference algorithm (SMO), which
achieved accuracy levels of 93.91% using the 50% labeled
dataset and 94.21% using the 90% labeled dataset. The semi-
supervised methods achieved accuracy levels of 98.20%
using the 50% labeled dataset and 98.88% using the 90%
labeled dataset, which improved upon the results shown in
Tables 5, 6, and 7 and slightly improved upon the results
shown in Table 8. The SSL methods that obtained the best
results were the Co-Forest algorithm, and different combi-
nations of basic learners for the tri-training (NBSMOSMO)
and co-training (SMOSMONN) algorithms.

Table9 Accuracy of the

different algorithms in Pabeled Supervised Semi-supervised methods

percentages instances SMO TT-NBSMOSMO CT-SMOSMONN COFOREST
1% 73.30% 74.37% 58.92% 71.23%
10% 92.52% 91.44% 94.86% 94.35%
30% 93.75% 92.55% 96.23% 96.73%
50% 93.91% 92.70% 96.93% 98.20%
70% 94.06% 92.85% 97.14% 98.65%
90% 94.21% 92.92% 97.42% 98.88%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%. The
first column contains the dataset percentage of labeled instances. The second column contains the results of
the reference SL algorithm (SMO). The remaining columns are the different SSL algorithms that gave the best
result for a given dataset. The best result for each row is shown in bold. In the table, CT stands for co-training

and T'T for tri-training
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Table 10 Time spent training

and testing each algorithm per Pabeled Supervised Semi-supervised methods
fold and dataset, in seconds instances SMO TT-NBSMOSMO CT-SMOSMONN COFOREST
1% 1-2s 3-5s 12-14s 1-2s
10% 1-2s 4-5s 8-10s Is
30% 1-2s 6-8s 8-9s Is
50% 2s 8-11s 12-13s Is
70% 3s 15-20s 23-25s Is
90% 3-5s 24-29s 32-37s 1-2s

Table 10 shows how much time was spent training and
testing each fold for the algorithms in Table 9. Training
and testing were performed using a machine with two AMD
EPYC 7513 processors, each with 32 cores. The machine had
2 TB of RAM memory and no GPU. The programs were exe-
cuted on an Ubuntu 22.04.1 LTS operating system. As can be
seen, some algorithms were faster than others. Although the
SMO algorithm was relatively quick to train, as can be seen
in the supervised reference column, the training time of the
co-training algorithm significantly increased when the SMO
algorithm was included as the base learning algorithm. Nor-
mally, the testing phase takes a negligible amount of time
(i.e., Co-Forest can run tests in less than a millisecond for
each fold).

Figure 11 shows the confusion matrix for the test observa-
tions from the 30% labeled dataset (on the left) and the
90% labeled dataset (on the right). As can be seen from
the figure(s), the algorithm correctly classified most of the
observations in both testing subset(s). As expected, the
more labeled observations in the dataset, the better the
classification. The model also performed worse with the
underrepresented (no-go) class.

The graphs of the main results are shown in Fig. 12 and
are summarized in Table 9. The results of the SSL CoForest
are shown in blue and the comparative SL algorithm (SMO),
in black. It also includes the accuracy results from [15] for
the 100% labeled dataset. Using the dataset containing only

100%
o
8.99 80%
60%

-40%

no-go

Actual

go

-20%

-0%
no-go go
Predicted

the CoatingID, the torque signal areas A1-A7, and the S1-
S7 slopes of the linear regression with a sliding window of
length 11, the accuracy levels were 92.827% when using the
Bagging algorithm and 93.408% when using the RB-Boost
algorithm. However, in [15], more datasets were used. The
higher accuracy value was obtained with the simpler ensem-
ble SL Bagging algorithm with an accuracy level of 96.518%,
and a better accuracy level of 97.277% was obtained with the
more complex ensemble SL. SMOTEBoost algorithm. Both
results were obtained using the dataset containing the larger
number of features: the CoatinglD, the torque signal areas
A1-A7, the S1-S7 slopes of the linear regression with a slid-
ing window of length 11, the error of the linear regression,
and the TSI value. As can be seen in Fig. 12, the SSL CoFor-
est algorithm outperforms all the SL algorithms when using
a dataset with 50% or more of labeled instances.

4.5.1 Other metrics

However, accuracy may not be the best metric to use when
dealing with unbalanced datasets. It may be necessary to look
at other metrics that focus on the accuracy achieved for each
class in the dataset, rather than the accuracy achieved in the
majority class that might be masking poor performance in the
other classes. Other metrics were therefore evaluated, such as
recall, precision, and F1 score. Those metrics may be defined

Actual
no-go

go

no-go go
Predicted

Fig. 11 Confusion matrix for the Co-Forest algorithm using the test observations from the 30% labeled dataset (left) and 90% labeled dataset

(right), in percentages
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Fig. 12 Accuracy of the trained models as a function of the percent-
age of labeled instances within the two datasets. One dataset contained
the features CoatingID, torque signal areas A1-A7 and slopes S1-S7.
However, two SL methods were also tested on a dataset containing the
features: CoatinglD, torque signal areas A1-A7 and slopes S1-S7, lin-
ear regression error, and TSI. The SL algorithms were trained using a
100% of the labeled instances in the datasets

as follows (using the same criteria found in [15]: the positive
class is the one that has fewer instances, and the negative
class is the one that has more instances):

Recall = TP/(TP + FN) 2)

Precision =TN/(TN + FP) 3)

F1score =2 x (precision * recall)/(precision +recall)  (4)

Recall, as defined in Eq. 2, is the ratio of true positive (TP)
instances divided by the sum of TP and false negative (FN)
instances. It refers to the proportion of instances correctly
classified as positive out of all instances belonging to the
positive class. The higher the recall, the fewer errors occur
in classifying the instances of the positive class. Precision,
as defined in Eq. 3, is the ratio of true negatives (TN) divided
by the sum of TN and false positives (FP). It refers to the

proportion of instances correctly classified as negative out
of the sum of TN instances plus the negative class instances
misclassified as positive. The higher the precision, the fewer
the errors there are in classifying negative class instances.
The F1 score, as defined in Eq. 4, is considered the harmonic
mean of precision and recall.

The above metrics were then evaluated in the last and the
most-promising data-treatment strategy, using the same algo-
rithms as shown in Table 9. It can be seen that the recall metric
results (Table 11) of the model trained with the SSL Co-
Forest algorithm were better than the corresponding results
of the other algorithms. Also worth noting is that the model
trained with the Co-Forest algorithm obtained a recall metric
of 94.38% when trained with the 30% labeled dataset and the
recall metric achieved 98.34% when the model was trained
with the 90% labeled dataset.

The precision metrics for the trained models in Table 9
are shown in Table 12. As can be seen, the precision met-
rics of the model trained using the SSL Co-Forest algorithm
are, in general, better than the corresponding results of the
other models. The model trained with the Co-Forest algo-
rithm obtained a precision metric of 93.07% when trained on
the 30% labeled dataset, and the precision metric achieved
97.34% when the model was trained with the 90% labeled
dataset.

The F1 metrics of the trained models in Table 9 are shown
in Table 13. As can be seen, the F1 metrics of the model
trained using the SSL Co-Forest algorithm are, in general,
better than the corresponding results of the other models.
The model trained with the Co-Forest algorithm obtained a
precision metric of 93.72% when trained on the 30% labeled
dataset, and the F1 metric scored 97.84% when the model
was trained with the 90% labeled dataset.

The results shown in these tree tables (Tables 11, 12, and
13) support the conclusions of the accuracy evaluation of
the capabilities of SSL techniques to improve SL techniques
applied to datasets with fewer labeled instances, as described

Table 11 Sensitivity or recall of

the different algorithms Labeled Supervised Semi-supervised methods
instances SMOSSL TT-NBSMOSMO CT-SMOSMONN COFOREST
1% 72.68% 73.00% 66.47% 73.56%
10% 85.76% 81.04% 89.94% 90.61%
30% 87.01% 82.09% 92.89% 94.38%
50% 86.94% 82.61% 94.26% 97.27%
70% 87.24% 82.95% 94.34% 98.05%
90% 87.33% 82.92% 94.69% 98.34%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%.
The first column contains the dataset percentage of labeled instances. The second column shows the results
of the reference SL SMO algorithm. The remaining columns are the different SSL algorithms that gave the
best accuracy metric for a given dataset. The best result for each row is shown in bold. In the table, CT stands
for co-training and 7'T for tri-training
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Table 12 Precision of the
different algorithms

Table 13 F1 score of the
different algorithms

Table 14 SFDA, label
propagation, and S3VM
accuracy metric results

Labeled Supervised Semi-supervised methods

instances SMOSSL TT-NBSMOSMO CT-SMOSMONN COFOREST
1% 63.06% 63.52% 58.42% 62.94%

10% 85.20% 84.12% 89.95% 88.13%

30% 88.18% 87.25% 92.45% 93.07%
50% 88.72% 87.40% 93.78% 95.83%
70% 89.02% 87.73% 94.46% 96.78%
90% 89.48% 87.99% 95.18% 97.34%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%. The
first column contains the percentage of labeled instances in the dataset. The second column shows the results
of the reference SL SMO algorithm. The remaining columns are the different SSL algorithms that gave the
best Accuracy metric for a given dataset. The best result for each row is shown in bold. In the table, CT stands
for co-training and 7'T for tri-training

Labeled Supervised Semi-supervised methods

instances SMOSSL TT-NBSMOSMO CT-SMOSMONN COFOREST
1% 67.53% 67.93% 62.18% 67.84%
10% 85.48% 82.55% 89.95% 89.35%

30% 87.59% 84.59% 92.67% 93.72%
50% 87.82% 84.94% 94.02% 96.55%
70% 88.12% 85.27% 94.40% 97.41%
90% 88.39% 85.38% 94.93% 97.84%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%. The
first column contains the percentage of labeled instances in the dataset. The second column shows the results
of the reference SL SMO algorithm. The remaining columns are the different SSL algorithms that yielded
the best Accuracy metric for a given dataset. The best result for each row is shown in bold. In the table, CT
stands for co-training and 7'7T for tri-training

Labeled Semi-supervised methods

instances SFDA Label propagation Label spreading S3VM

1% 0.896232% 0.849581% 0.849581% 0.515969%
10% 0.912679% 0.849581% 0.849581% 0.509749%
30% 0.918840% 0.849581% 0.849581% 0.679665%
50% 0.917464% 0.850359% 0.849581% 0.262919%
70% 0.914354% 0.851136% 0.849581% 0.673266%
90% 0.919139% 0.852931% 0.849581% 0.430443%

Each row represents the results, using a different percentage of labeled instances, ranging from 1 to 90%. The
first column contains the percentage of labeled instances in the dataset. The second column shows the results
of the reference SFDA algorithm. The following columns show the label propagation and label spreading
algorithm results and finally the S3VM algorithm results
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in the previous section. Both the recall and precision met-
rics demonstrate good classification capabilities for the two
classes in the different datasets. Since the figures were close
and high for each dataset, the F1 score was also high, falling
somewhere between the two metrics.

4.5.2 Other SSL approaches

Some alternative SSL approaches were tested to compare
them with the methods not included in KEEL. The results are
shown in Table 14. The scikit-learn Python package was used
to obtain the transductive label propagation results. It con-
tains two algorithms: label propagation and label spreading.
Both algorithms were tested. Semi-supervised Fisher Linear
Discriminant Analysis (SFDA) was also tested. SFDA was
implemented in Python based on the work of [46]. The mar-
gin maximization S3VM method [4], was also implemented
in Python and tested. It should be noted that label propa-
gation is a transductive approach and that the models must
be trained using both the training and the testing subsets,
with the testing subset remaining unlabeled. Nevertheless,
its results were worse than the results for SFDA, and S3VM
obtained the worst results.

It is worth noticing that the results in Table 14 for the
dataset with 1% of labeled observations are better than those
obtained so far. Other approaches apart from co-training (and
its variations) may be capable of obtaining better results in
datasets containing very few labeled observations.

5 Conclusions

The first test of semi-supervised algorithms to predict tap-
ping process quality in terms of real industrial conditions
(binary class and extensive repetitions with different tap tools
in terms of tool coatings) has been presented in this study.
Data were collected from an internal threading process using
taps under high-speed cutting conditions without coolant
on nodular cast iron plates. Various supervised and semi-
supervised learning methods and algorithms were trained
and tested. The models trained using the semi-supervised
approach even outperformed those using supervised learn-
ing techniques tested on the same original dataset. The main
conclusions that can be drawn from this study are as follows:

e First, the SSL approach can achieve the same results as
the SL approaches or better. The best accuracy value
obtained using the SSL approach was 98.20% using the
50% labeled dataset, yielding higher accuracy levels than
the SL SMOTEBoost algorithm that obtained 97.277%
as its best result (using a 100% labeled dataset). There-
fore, SSL techniques can achieve higher performance (in

@ Springer

terms of accuracy, precision, and recall) using half of the
data labeled, which is associated with a significant cost
reduction.

e Second, the treatment of the features can have a major
impact on accuracy. Using the original dataset, which
contains sinusoidal fluctuations from experimental per-
turbations, did not yield the highest performance. How-
ever, a simple change in the data representation, such as
replacing the sinusoidal signals with a regression with a
second degree polinomy, meant that the trained models
obtained better results.

e Third, the addition of some additional statistical infor-
mation, such as the slope of the linear regression with a
sliding window of length 11, contributed to better classi-
fication capabilities of the trained models.

e Fourth, although the datasets were unbalanced, oversam-
pling techniques (SMOTE) combined with SSL algo-
rithms hardly improved the results.

e Fifth, co-training based algorithms (co-training, tri-
training, CoBC, CoForest, ...) appeared to mitigate the
problems that can arise due to the unbalanced nature
of the dataset. Despite the fact that no oversampling or
undersampling techniques were used to rebalance the
different classes in the dataset, the recall and precision
metrics computed were quite good. Surprisingly, all the
learning algorithms that achieved better results were co-
training-based algorithms.

Future work will be focused on conducting further exper-
iments using semi-supervised techniques in other highly
repetitive machining processes. If possible, a more com-
plete study of other SSL algorithms and methods based on
alternative approaches, such as label propagation, margin
maximization, consistency regularization, and neural net-
works, should be explored. Also, extensive tuning of the
most accurate SSL algorithms might also lead to mod-
els of greater accuracy in final industrial implementations,
while the modeling of the wear level as a continuous output
might also provide interesting academic insight into thread-
ing processes. It was surprising that the co-training-based
algorithms achieved the best accuracy results, an observa-
tion that deserves further attention, as perhaps the use of more
than one different base algorithm with a different approach
to machine learning can reduce the impact of the unbalanced
datasets. Perhaps the presence of a learning algorithm that
is less sensitive to unbalanced data could improve the accu-
racy of the overall classifier. It may also be said that other
approaches could reach better results than the co-training
approach when using an extremely limited number of labeled
observations (in this study case, 76 labeled observations,
about 1%).
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