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Abstract
Experimental data sets that include tool settings, tool and machine-tool behavior, and surface roughness data for milling
processes are usually of limited size, due mainly to the high costs of machining tests. This fact restricts the application of
machine-learning techniques for surface roughness prediction in industrial settings. The primary objective of this work is to
investigate thewaydata streams that aremissingproduct features (i.e. unlabeleddata streams) can contribute to the development
of prediction models. The investigation is followed by a proposal for a semi-supervised approach to the development of
roughness prediction models that can use partly unlabeled data to improve the accuracy of roughness prediction. Following
this strategy, records collected during the milling process, which miss roughness measurements, but contain vibration data
are used to increase the accuracy of the prediction models. The method proposed in this work is based on the selective use of
such unlabelled instances, collected at tool settings that are not represented in the labeled data. This strategy, when applied
properly, yields both extended training data sets and higher accuracy in the roughness prediction models that are derived
from them. The scale of accuracy improvement and its statistical significance are shown in the study case of high-torque face
milling of F114 steel. The semi-supervised approach proposed in this work has been used in combination with supervised
k Nearest Neighbours and random forest techniques. Furthermore, the study of both continuous and discretized roughness
prediction, showed higher gains in accuracy in the second.

Keywords Face milling · Roughness prediction · Unlabeled data · Semi-supervised techniques

Introduction

Any traditional machining process depends on a significant
amount of process inputs, most of which can not be directly
controlled (Benardos and Vosniakos 2003). If we focus on
face milling, only some of these inputs can be fixed by the
process engineer when selecting the right cutting tool (diam-
eter or number of teeth) and cutting conditions (axial and
radial depths of cut). Some others are fixed by the machine
operator (feed-rate and rotation speed). Both these groups
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of inputs are summarized in this research as tool settings.
Many process inputs, depend directly on non-controllable
parameters of the material workpiece (non-expected mate-
rial in the workpiece), of the cutting tool (tool wear), and
of the machine-tool behavior (the appearance of chatter)
(Quintana and Ciurana 2011). The non-controllable param-
eters are especially important in face milling, while they can
be negligible in other milling processes with less demand-
ing cutting conditions, such as end-ball milling; the reason
is due to the fact that face milling is done with very stiff
tools and under very high cutting forces, causing excitation
of the eigen-frequencies of themillingmachine (Iglesias et al.
2014). Such face milling processes and machines are neces-
sary for the manufacture of many industrial goods such as
molds and dies for the automotive industry and the structural
components of wind turbines. The investigation of experi-
ments performed with these machines and repeated with the
same tool settings yield wide variations in roughness values,
which clearly confirms the impact of machine-tool inputs on
surface roughness (Quintana et al. 2012). The only way to
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evaluate all the uncontrollable process inputs as a whole is
by on-line measurement of cutting vibrations as close as pos-
sible to the cutting tool tip (Benardos and Vosniakos 2003).

Although different approaches have been considered to
predict surface roughness in face-milling processes (Benar-
dos andVosniakos 2003), only approaches based onArtificial
Intelligence (AI) techniques are of interest in this research.
Artificial Neural Networks (ANN) are the most widely used
AI technique (Quintana et al. 2012; Grzenda et al. 2012;
Díez-Pastor et al. 2012; Benardos and Vosniakos 2002;
Samanta et al. 2008; Correa et al. 2008), although other
techniques like neuro-fuzzy inference systems (Samanta
et al. 2008), Bayesian networks (Correa et al. 2008), genetic
algorithms (Brezocnik et al. 2004), swarm optimization tech-
niques (Zainal et al. 2016), and support vector machines
(Prakasvudhisarn et al. 2008) have also been tested for the
same industrial task. Unfortunately, ANN models are highly
dependent on the parameters of the neural networks (Bustillo
et al. 2011) and the process of fine-tuning these parameters is
a highly time-consuming task that frequently requires exper-
tise for good results. Moreover, studies on surface-roughness
prediction in face milling are scarce, compared with the
large amount of studies focused on this prediction task for
other milling operations, as emphasized in reviews of this
domain (Chandrasekaran et al. 2010; Abellan-Nebot 2010).
An imbalance that is perhaps because face milling requires
very extensive machining tests to provide data sets, com-
pared with processes that demand less power and torque;
therefore the size of these data sets ranges between 50 and
250 instances (Grzenda and Bustillo 2013).

The need to develop classifiers using limited data sets has
always been a major challenge for the Machine Learning
(ML) community (Schwenker and Trentin 2014). However,
recent developments in network monitoring (Loo and Mar-
sono 2016) among many other fields, have resulted in an
abundance of data streams, possibly of large volumes, yet
they frequently lack labels i.e. ground truth values of the fea-
ture to be predicted. In the case of face milling, a machine
Computer Numerical Control (CNC) can capture tool and
machine-tool settings and record themon-line. Still, the prob-
lem of how to perform roughness measurements remains, as
it has to be performedmanually in many cases while off-line.

It may be asked whether unlabeled data streams miss-
ing surface roughness can contribute to the development
of roughness prediction models. The answer lies in semi-
supervised techniques (Tiensuu et al. 2011; Triguero et al.
2015; Schwenker and Trentin 2014) i.e. techniques capable
of exploiting labeled training data sets and unlabeled data.
These techniques attract particular attention with the grow-
ing availability of high-volume data streams, which contain
delayed or only partly available labels (Loo and Marsono
2016; de Souza et al. 2015; Wu et al. 2012). A major group
of semi-supervised techniques are self-labeled techniques i.e.

the techniques that attempt to obtain an enlarged labeled data
set, which includes originally unlabeled instances that are
augmented with labels generated from their own predictions
(Triguero et al. 2015; Loo and Marsono 2016).

There are only a few limited studies on the industrial
applications of semi-supervised methods. In Kondratovich
et al. (2013), the authors examine classification performed
with small data sets in the domain of chemistry and biology
with transductive Support-Vector Machines. Importantly,
this study relies on transductive inference i.e. inference in
which predictions can not be made outside of a particular
testing data set (Kondratovich et al. 2013). It means that the
approach is not applicable to data streams, with data sources
of potentially unlimited and a priori undefined content. A
transductive classification approach has also been proposed
by G. T. Jemwa and C. Aldrich to model faults in metallurgi-
cal systems (Jemwa and Aldrich 2010). One further example
is the use of co-training-style algorithms for modeling the
temperature of hot rolled steel plate (Tiensuu et al. 2011). To
the best of our knowledge, there are no studies on the use of
semi-supervised methods for face-milling modeling.

In this work, we propose a semi-supervised method based
on a self-training approach to the development of models to
predict surface roughness in the face-milling process. The
method exploits the availability of unlabeled vibration data
streams. It integrates instances from such data streams with
the original training data set to improve roughness prediction
accuracy. Importantly, the method allows robust integration
of various supervisedmethods, already used in industrial set-
tings, such as (k)Nearest Neighbors ((k)NN) and Random
Forest. In particular, the work shows how techniques such
as kNN, previously used for roughness modeling elsewhere
(Teixidor et al. 2015), can be usedwhen partly unlabeled data
becomes available.

The method described in this study can be used both
for classification and for regression. Here, it is in particular
used to predict roughness treated as both a continuous and
a discretized variable. Moreover, we propose and compare
different stream integrationmethods to be usedwith the semi-
supervised method proposed in this study. The experimental
results, developed with the extensive data collected in indus-
trial environments, showed that the proposed combination of
the semi-supervisedmethodwith the stream integration strat-
egy yielded statistically significant accuracy improvement of
roughness prediction.

The remainder of this work is structured as follows: first,
the way the reference data has been collected is described in
“Face-milling data acquisition under modern industrial set-
tings" section, next a proposal for semi-supervised methods
is outlined in “Semi-supervisedmethod ofmodelingmachin-
ing processes” section. The previous section is followed by a
proposal for two stream integration methods in “Stream inte-
gration methods and their evaluation” section. The analysis
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of experimental results is done in “Results” section. Finally,
the conclusions are drawn and future works are outlined in
“Conclusions” section.

Face-milling data acquisition under modern
industrial settings

Milling is a cutting process inwhich the cutting tool rotates at
a fixed speed while linearly moving in a perpendicular direc-
tion to the axis of the tool. Face milling, also called roughing,
is a type of milling operation. In this cutting process, the cut-
ting speed, Vc, is the peripheral speed of the cutting tool
obtained from the tool diameter and its rotating speed N , the
feed rate f is the linear movement of the cutting tool related
to the workpiece, and the axial depth of cut Ap is the axial
contact length between cutting tool and workpiece. Figure 1
shows a scheme of a face-milling operation and its main
cutting parameters. The number of teeth, Z , of the cutting
tool also defines other cutting parameters: the feed rate per
tooth f z and tooth passing frequency f t . All these parame-
ters define the cutting conditions in a milling process that the
process engineer can fix before the cutting process begins.
During the cutting process, the machine operator may record
noise outside of the expected range that is the immediate
effect of undesired self-excited vibrations, called chatter (Fu
et al. 2017). These vibrations will affect the surface quality
of the workpiece and the tool life (Jain and Lad 2017).

The data set used in this work has previously been pre-
sented elsewhere (Grzenda and Bustillo 2013). The milling
tests consisted of a simple raster along the machine tool’s
Y axis. During the milling tests, vibrations on the milling
head were captured with two unidirectional accelerometers
placed on the machine tool to track the X and Y vibrations:
one on the spindle and the other on the table. The specifica-

Fig. 1 Scheme of a face-milling process

tion of the accelerometers and the data-acquisition platform
have previously been described elsewhere (Quintana et al.
2012). Different vibration variables were considered on the
X and Y axes of the milling machine: low, medium, and
high-frequency vibration amplitudes (lx , ly,mx ,my, hx and
hy respectively), temporal domain vibration amplitude (tdx ,
tdy) and tooth-passing frequency amplitude (tpx , tpy). Only
the vibrations signals corresponding to the engagement of
the tool in the workpiece were considered for the purpose
of data generation. Then the Fast Fourier Transform was
used to transform the signals to the frequency space, where
they were split into three ranges: low frequencies i.e. fre-
quencies lower than 500Hz that are related to machine-tool
structural modes (usually around 200Hz); medium frequen-
cies i.e. between 500 and 2500Hz, related to the spindle, the
tool-holder, and the cutting tool vibration modes (typically
around 2000Hz); finally, high frequencies i.e. those between
2500 and 5000Hz. Considering the Nyquist-Shannon sam-
pling theorem, we set amaximum frequency for evaluation at
half of the sampling frequency (10kHz in this case). Finally,
the face mill, a tool with a radius of 20 mm (R) and Z = 4
cutting inserts, and the cast iron blank used for the tests are
typically used for machining wind turbine components.

A third group of variables was also considered that refers
to productivity indicators, bearing in mind their industrial
value: the cutting section (As) and the material removal rate
(MRR). The milling tests were designed to evaluate a wide
range of values for the selected cutting parameters, covering
an extensive spectrum of real industrial conditions.

Once the milling tests had been performed, a Diavite DH5
roughness tester with a nominal stylus tip radius of 2 µm
was used to measure surface roughness in the feed direc-
tion. The roughness profile was measured five times along
a 0.8 mm tool path and the mean value was considered in
the study. The Ra parameter (Ra) was considered to evaluate
surface roughness, because it is the most common indus-
trial parameter for this task in accordance with ISO standard
4287:1997 (ISO 1997). The Ra value was first used as a con-
tinuous value and then it was discretized according to the ISO
4288:1996 standard (ISO 1996); this standard assigns differ-
ent roughness levels depending on required quality standards
for different industrial applications. For example, a Ra level
of 4, N4, is assigned to surfaces with a Ra in the range
0.4–0.8 µm required for holes of ejector pins or gear teeth
surfaces, to guarantee correct ejection of mold components
following plastic injection or smooth movement of the gears
in a gearbox, respectively. Four levels of Ra were identified
within the range of Ra under study, in accordance with ISO
4288:1996: N3:0.2–0.4 µm, N4:0.4–0.8 µm, N5:0.8–1.6
µm and N6:1.6–3.2µm. A total of 141 different chatter-free
cutting conditions were tested, producing a data set of 423
different records. Although some records share the same cut-
ting conditions, the different levels of cutting tool wear and
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Table 1 Variables used in the study including symbols, units, ranges and inter-dependencies

Variable Symbol Unit Range Rel., nature, group

Axial depth of cut Ap [mm] 0.1–3.0 i, f, T(x)

Feed rate f [mm/min] 993–2978 i, f, T(x)

Rotating speed N [rpm] 1655–2483 i, f, T(x)

Number of teeth Z n.a. 4 (fixed) i, f, T(x)

Radius of the tool R [mm] 20 (fixed) i, f, T(x)

Temporal domain vibration amplitude in X direction tdx [10−3mm/s2] 0.095–3.96 i, m, O(x)

Temporal domain vibration amplitude in Y direction tdy [10−3mm/s2] 0.13–11.89 i, m, O(x)

Tooth-passing frequency amplitude in X direction tpx [10−3mm/s2] 0.02–1.92 i, m, O(x)

Tooth-passing frequency amplitude in Y direction tpy [10−3mm/s2] 0.02–10.90 i, m, O(x)

Low-frequency vibration amplitudes in X direction lx [10−3mm/s2] 0.20–12.00 i, m, O(x)

Low-frequency vibration amplitudes in Y direction ly [10−3mm/s2] 0.10–377.6 i, m, O(x)

Medium-frequency vibration amplitudes in X direction mx [10−3mm/s2] 0.25–0.90 i, m, O(x)

Medium-frequency vibration amplitudes in Y direction my [10−3mm/s2] 0.10–0.90 i, m, O(x)

High-frequency vibration amplitudes in X direction hx [10−3mm/s2] 0.51–1.40 i, m, O(x)

High-frequency vibration amplitudes in Y direction hy [10−3mm/s2] 0.24–1.20 i, m, O(x)

Tooth passing frequency f t [Hz] 110–165 d, ( N ·Z
60 ), T(x)

Cutting section As [mm2] 8.13–12.50 d, (2 · R · Ap), T(x)
Material removal rate MRR [103mm3/min] 3.9-178.7 d, ( f · As), T(x)
Feed per tooth f z [mm/tooth] 0.10–0.22 d, ( f

N ·Z ), T(x)
Cutting speed Vc [m/min] 208–312 d, ( 2·π ·R·N

1000 ), T(x)

Roughness Ra [µm] 0.24–1.96 Output

the material inhomogeneities produce different vibrations
levels and, therefore, as previously stated, different surface
roughness qualities. The only way to provide information to
the AI model on the fact that the cutting conditions fixed by
the process engineer are not the only factors that influence
the cutting process is, first, to measure the vibration levels
and, second, to repeat the experiments under the same cut-
ting conditions, but in another part of the workpiece and after
having tested other cutting conditions, so that the tool wear
will be higher.

Each record is composed of the 18 previously described
non-constant variables. Importantly, every record includes
roughness. Hence, the original data is fully labeled. It is
important to note that many of the input variables are deter-
mined by the others. Table 1 shows the main information on
all variables: their symbols, units, and variation range, fol-
lowed by variable origin and inter-dependencies.With regard
to the last column of Table 1, (i) stands for parameters inde-
pendent of others, while (d) stands for analytically obtained
parameterswith formulas contained in brackets. In the case of
nature, (f) stands for a parameter set by the process engineer
before the cutting process; (m) denotes the parameter mea-
sured during the cutting process. In the case of the group,
T (x) denotes tool settings i.e. fixed parameters, while O(x)
denotes tool behavior observed during the milling process.

Finally, in the table, the output variable, surface roughness,
is shown in bold.

Semi-supervisedmethod of modeling
machining processes

The increasing volumes of data processed nowadays explain
the growing interest in Big Data systems. However, fre-
quently the data lack ground-truth labels. In the case of
surface roughness prediction, the labeled data is composed
of labeled machining vectors describing tool settings and
tool behavior combined with the surface roughness observed
in the product developed with these machining settings.
Hence, a labeled machining vector x ∈ Rn is a vector
of [T (x), O(x), L], where T (x) is a vector representing
tool settings defined before the machining process starts,
such as feedrate per revolution; O(x)is a vector represent-
ing observed tool behavior, such as vibration; and L is the
label. In the case under analysis, L denotes the roughness of
the surface developed with the process. The roughness label
gives information on either a continuous roughness, r , or a
discretized roughness, d(r). Time consuming and expensive
off-line roughness measurements are performed, to include
roughness in the data. As illustrated in Fig. 2, such measure-
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Fig. 2 The extension of supervised model development (shown on the left) with semi-supervised techniques exploiting unlabeled data streams (on
the right)
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ments are a vital step towards constructing and evaluating
prediction models, M , developed in supervised processes.
The need to perform such measurements inevitably results
in the use of only a limited number of records acquired from
CNC in the role of training and testing data.

The key assumption of the methods proposed in this study
is the use of other records acquired from the CNC with no
extra overheads for manual measurements i.e. the records
for which no roughness measurements are made. This is to
use unlabeled machining vectors y = [T (y), O(y)] ∈ U to
improve the accuracy of the prediction models. Such vec-
tors are available in the form of data streams from modern
CNC. The way these data are used is shown in the right part
of Fig. 2. First of all, stream integration method is used to
select the subset of the data arriving from the CNC. Then, the
machining vectors y are provided with propagated labels i.e.
roughness predicted by model M to be added to the training
data R in the next step. Hence, the extension of the original
training set, R, to R̃ : R ⊂ R̃ by adding new experimental
vectors with propagated roughness labels is considered. We
expect that the prediction model M̃(), i.e. the model built
with the extended data set R̃ will yield higher accuracy than
the corresponding model M() built with the original train-
ing data set R. We propose the process of label propagation
based on self-training to attain this objective, i.e. using a pre-
diction model M to generate labels for initially unlabeled
vectors y ∈ U to include [y, M(y)] in the data used to train
the ultimate prediction model.

The proposed semi-supervised method and the evaluation
of its impact are defined in detail in Algorithm 1. The initial
labeled data was collected first of all; including roughness
measurements, as shown in Fig. 2. The initial data was split
into a training set, R, and a testing set, T . Selected instances
from the remaining unlabeled data stream U were used in
a semi-supervised process to extend the training data. The
performance of the instance selection method is defined by
stream integration method and relies on tool settings. The
inclusion of instances, u ∈ U , captured under tool settings
already present in R, and the inclusion of instances collected
under new tool settings, are both considered in this study.
As the division of available data into R, T ,U has a possi-
ble impact on model accuracy, multiple divisions of data and
multiple method runs are applied to develop accuracy esti-
mates for individual stream integration methods. The details
of both instance selection performed by stream integration
methods and the evaluation process are discussed in “Stream
integration methods and their evaluation” section.

As far as the supervised process is concerned, R data are
used to develop a prediction model, M , which is represented
by DevelopSupervisedModel(). The model is capable of
forecasting surface roughness in an on-line manner i.e. using
tool settings and tool behavior captured during the process.
As the data are constantly transmitted from the CNC, the

Input: R ⊂ DxR - training data i.e. machining vectors with
known roughness in its continuous or discrete form,
T ⊂ DxR - test data, Ut ⊂ D - unlabeled machining
vectors available at time t , card(Ut+k) ≥ card(Ut )

Data: St ⊂ Ut - the set of instances selected to be labeled by
model M and included in R̃t . In particular, St = Ut is
possible. R̃t - the extended set of labeled instances.

Result: M = Mc or M = Md - prediction model taking the
form of a regression model predicting continuous
roughness r or a classification model predicting
discretized roughness c(r), developed with initial
training data R only; M̃ = M̃c or M̃ = M̃d - prediction
model taking the form of a regression model predicting
continuous roughness r or a classification model
predicting discretized roughness d(r), respectively;
developed with R̃; E and Ẽ - the vector of accuracy
indicators for the machining data set and the problem it
describes, based only on originally labeled instances,
and, on all labeled instances, respectively.

begin
M=DevelopSupervisedModel(R);
St = SelectInstances(Ut , R);

R̃t = R ∪ {[x, M(x)] : x ∈ St };
M̃t=DevelopModel(R̃t );
E=CalculateAveragedIndicators(M, T );

Ẽt=CalculateAveragedIndicators(M̃t , T );
end

Algorithm 1: The semi-supervised roughness prediction
model development

volume of unlabeled data,Ut , available at time t is also con-
stantly growing. Hence, a part of the unlabeled data stream
can be extracted with the help of the stream integration
method Select I nstances() to form St . The machining vec-
tors contained in St after having been providedwith predicted
roughness are added to R to form an extended training data
set R̃t . Subsequently, the M̃t model is built with R̃t data.
Finally, its performance indicators are calculated and com-
pared with the performance indicators of model M built in a
standard supervised process.

Some of the key aspects of the method outlined in Algo-
rithm 1 are as follows:

– The algorithm relies on the fact that tool settings and
tool behavior are available during the machining process.
These data can be automatically collected from the CNC
of the machine and vibration acquisition equipment and
extracted through the Programmable Logic Controller
(PLC)of themillingmachine, as has alreadybeendemon-
strated in huge milling machines with a standard CNC,
under real-life industrial conditions (Palasciano et al.
2016).

– The key value of stream data St extracted with the stream
integration method is the tool behavior O(x) observed at
known tool settings T (x), x ∈ St , a core aspect of which
is vibration data. Importantly, the vibration data acquired
for new tool settings, not represented in the training data
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R, can be used by the proposed algorithm to train the
prediction model M̃ .

– We propose a method capable of using potentially dif-
ferent artificial intelligence techniques to exploit the
unlabeled data from industrial processes. Various super-
vised techniques such as neural networks, kNN, and
random forest can be used in DevelopModel(). Peri-
odical updates to R̃ have to be considered to take into
account newly arriving y ∈ U instances received from
a data stream produced by the machine CNC. Hence,
techniques with a limited need to search for parameter
values, such as random forest and kNN, are preferred to
techniques that are less resilient to improper parameter
settings, such as multilayer perceptrons, known to rely
largely on appropriate network topology settings.

Stream integrationmethods and their
evaluation

Two stream integration methods to be used with the high
level Algorithm 1 in its Select I nstances() step are proposed
in this study. The key objective is to select the data from
an unlabeled data stream for inclusion in the self-training
process. This yields two combinations ofAlgorithm1 and the
stream integrationmethod,which inwhat follows are referred
to as the methods. The first is the Self-training over New
Tool Settings (SToNewTS)method.Thismethod relies on the
selection of unlabeled data only collected under tool settings
not present in the training data set. Therefore, St includes
machining vectors such that ∀x ∈ St : �y∈R : T (y) = T (x).

Another approach is the use of the Self-Training over the
SameTool Settings (SToSameTS)method. The lattermethod
assumes that the data set St contains the same tool settings
as labeled data R. Hence, unlabeled St data is selected, such
that ∀x ∈ U : ∃y∈R : T (y) = T (x).

These two methods have been verified with extensive cal-
culations that are shown below. The question is whether
propagating labels from training records to initially unla-
beled records attained in every day production can improve
roughness prediction. In industrial settings, the two methods
described above could be mixed, as both new tool settings
and machining under tool settings already represented in the
training data could take place.

What is crucial for the evaluation of any semi-supervised
technique is the procedure aiming at calculating the perfor-
mance indicators based on multiple runs of the technique
with multiple data subsets. This approach ensures that mul-
tiple data sets are taken into account in method evaluation,
while addressing the real-life constrained size of difficult-to-
attain labeled experimental data.

In response to all of these points, a formal algorithm for
evaluating semi-supervised techniques is required, especially

in view of the need to model machining processes. This
algorithm is summarized in Algorithm 2. The key part of
Algorithm 2 is selecting the subsets of Ω data to play the
role of training, unlabeled, and testing data sets, respectively.
Let us denote by H(A) = {T (x) : x ∈ A}. Spli t(Ω, T (Ω))

generates random divisions of available data into three dis-
joint subsets, possibly of equal size,while taking into account
tool settings present in each of the vectors contained in Ω .
In the case of SToNewTS, the Split() method satisfies con-
dition H(Si ) ∩ H(S j ) = φ, i 	= j . However, in the case
of SToSameTS, the Split() method yields another division.
Namely, under the latter technique, ∀i, j : H(Si ) = H(S j ).
The proportion of machining vectors to be provided with
predicted roughness M(x) is controlled by an α parameter.
This parameter makes it possible to see the impact of grow-

ing proportions of card(R̃)−card(R)

card(R̃)
on model accuracy. The

selection of the subset of vectors to be provided with pre-
dicted roughness is performed within Select() and can be
based on various random and non-random strategies. Finally,
RunSemi Supervised() calls Algorithm 1. Importantly, it is
St = Ut in the latter case, as the stream integration method
has been already applied in Algorithm 2.

As a consequence of Algorithm 2, 3 × Nmax runs were
performed, which provided a basis for modeling accuracy
estimates produced over a number of data sets of varied con-

Input: Ω - the set of machining vectors with known roughness,
Nmax - the number of algorithm runs, α ∈ [0, 1] - the
proportion of unlabeled instances to be provided with
labels in a semi-supervised manner

Data: M - regression models predicting continuous roughness,
r , or classification models predicting categorized
roughness, d(r). R ⊂ Ω - training data i.e. machining
vectors with known roughness, U ⊂ Ω - unlabeled
machining vectors,
Uα ⊂ U : card(Uα) = 
card(U ) × α� - unlabeled
machining vectors selected to be provided with propagated
labels, ei error of supervised model developed with R data,
ẽi - error of a model developed with R̃ data

Result: e - the vector of accuracy indicators developed for a
semi-supervised technique and initial data set Ω

begin
for i = 1, . . . , Nmax do

[S0, S1, S2] = Spli t(Ω, T (Ω));
for k = 1, . . . , 3 do

[UL, T , R] = [Sk mod 3, S(k+1) mod 3, S(k+2) mod 3];
U = [T (x), O(x)], x ∈ UL;
Uα = Select(U , α, R);
[ei×3+k−1, ẽi×3+k−1]=RunSemiSupervised(R,Uα, T );

end
end
[E, Ẽ]=CalculateAveragedIndicators(e);

end
Algorithm 2: The evaluation of self-training modeling
methods taking into account the role of tool settings T (x)
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tent. Moreover, the varied outputs of the modeling technique
applied to the same training datawere also taken into account.

Results

Key assumptions and objectives of the evaluation
method

When estimating the impact of adding extra records with
propagated labels, several aspects have to be considered. First
of all, it is important to verify whether the models M̃ devel-
oped in a semi-supervised manner yield improved prediction
accuracy as compared to the M models developed with the
original training data.

Secondly, the statistical significance of possible accu-
racy improvements should be verified. Moreover, whether
the improved model accuracy is observed under one model-
ing technique such as kNN needs to be verified. One further
aspect is to test the impact of using a growing volume of
stream data Ut to develop prediction models i.e. whether
models developed based on Ut+Δt data attain higher accu-
racy than the models developed while using Ut data.

Last, but not least, the industrial aspect is of particu-
lar importance. More precisely, the question is whether the
addition of experimental data missing measurement-based
roughness labels, which have been gathered from exper-
iments under the tool settings already represented in the
training data, can improve model accuracy. Equally impor-
tantly, the question ofwhether enrichment of the training data
set with the data from tool settings that are not represented in
the original training data will yield improvements in model
accuracy needs to be answered.

A number of simulations were performed using Algo-
rithm 2 to answer all of these questions and to verify the
merits of the proposed method. Two embedded techniques
were used to develop prediction models. The first, Nearest
Neighbor (kNN, k = 1), is an example of an instance-
based method that illustrates the impact of semi-supervised
approaches on distance-based machine learning techniques.
The other method in use, random forest with k = 50 trees,
illustrates the class of methods relying on an ensemble of
trees. Both techniques were used to develop the roughness
prediction models.

In relation to the experiments performed with the
SToNewTS and the SToSameTS methods, the identical tool
settings, were defined as T (x) = [Ap, f , N , f z, Vc, f t,
As, MRR]. Hence, in the case of the SToNewTS approach,
the unlabeled data, U , only contains records with new com-
binations of [Ap, f , N , f z, vc, f t, As, MRR] not found in
the training data R. In particular, some new settings of indi-
vidual parameters not present in the training data may be
present in the unlabeled data.

Continuous versus discretized roughness case

The results of sample experiments performed for discretized
roughness are summarized in Table 2. These results were
attained under SToNewTS method i.e. where only unlabeled
records collected under tool settings not present in the train-
ing data are potentially added to the training data. So that
different possible data divisions could be taken into account
in the analysis, Algorithm 2 was used with Nmax = 50. This
yields 150 runs of the process for each α value. The table
shows the accuracy of roughness prediction starting from
α = 0 i.e. fully supervised model development. So, only
originally labeled data is used for model development. Next,
as α is growing, more and more instances x ∈ U are labeled
and added to the training data to contribute to the develop-
ment of the model. It can be observed that correct prediction
of discretized roughness grew gradually from 64.80% for
α = 0 to 69.86% for α = 1 in turn.

Accuracy distribution of the prediction models sum-
marised in Table 2 is shown in Fig. 3. The figure depicts the
distribution of roughness prediction accuracy for discretized
roughness cases under α = 0, 0.1, 0.2, . . . , 1 and confirms
the growth of median accuracy of the models, which follows
from the growth of α coefficient. Observe that the stan-
dard deviation of the accuracy of individual models tends to
decrease with growing values of α. In other words, the devel-
opment of the self-trainedmodelwith kNN in the SToNewTS
approach with α = 1 yields more stable results than the
results of model development with only scarce training data.
However, although important, Fig. 3 does not verify whether
the difference in the accuracy of models only built with train-
ing data in comparison with the models developed with both
original training data and unlabeled instances provided with
propagated labels is statistically significant. Statistical signif-
icance tests were therefore applied to establish the statistical

Table 2 Summary of hypothesis testing results for kNN technique;
discretized roughness and SToNewTS method case

α Aα(T ) (%) p value cmin cmax

0.000 64.799 1.000 − 1.231 1.231

0.100 65.499 0.261 − 0.523 1.922

0.200 65.797 0.107 − 0.216 2.211

0.300 66.241 0.019 0.237 2.647

0.400 66.728 0.001 0.746 3.112

0.500 67.201 0.000 1.218 3.586

0.600 67.735 0.000 1.765 4.108

0.700 68.156 0.000 2.193 4.521

0.800 68.610 0.000 2.663 4.958

0.900 69.149 0.000 3.208 5.492

1.000 69.868 0.000 3.942 6.195
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Fig. 3 The impact of extending
the training data with the data
containing propagated
roughness labels; discretized
roughness and SToNewTS
method case

Fig. 4 The accuracy of roughness detection under supervised and semi-supervised model development; the case of SToNewTS a α = 0, b α = 1

significance of the difference between model accuracy under
the supervised and the semi-supervised approaches observed
in the testing sets, T . In particular, Table 2 includes p values
and confidence intervals [cmin, cmax] of the aforementioned
difference of the classification accuracy of models M̃ and
M developed in 150 method runs. It follows from the table
that the accuracy improvement is statistically significant at
p < 0.05 already for α ≥ 0.3. Hence, even a limited number
of cases can contribute to the improvement of the roughness
model accuracy.

To provide further insight into the calculations docu-
mented in Table 2, let us investigate two confusion matrices,
developed for worst case and best case scenario i.e. for α = 0

and α = 1, respectively. These matrices are visualized in
Fig. 4, each shown with its own graph composed of tiles
representing matrix entries. In the upper part of every figure

tile, pC(l, l̃) = 100×
∑3×Nmax

i=1 card({(x,L)∈Ti :L=l∧M(x)=l̃})
∑3×Nmax

i=1 card({(x,L)∈Ti :L=l}) is

provided i.e. the percentage of testing records having true
roughness l, for which predicted roughness was l̃. A darker
color means higher pC(l, l̃) values i.e. that for test cases
having true class l, class l̃ was frequently predicted. The
concentration of dark tiles along diagonals of the figures
reflects the fact that most frequently correct prediction of
true class or one of similar classes is made. In addition,
the lower part of every tile contains in brackets p(l, l̃) =
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100 ×
∑3×Nmax

i=1 card({(x,L)∈Ti :L=l∧M(x)=l̃})
∑3×Nmax

i=1 card(Ti )
i.e. the percent-

age of all testing records having true roughness of class l
for which predicted roughness was l̃. Hence, the confusion
matrix is extended with the share of individual (l, l̃) cases
in the testing data set. This reveals that the data is largely
imbalanced with only

∑
l̃∈{N3,N4,N5,N6} p(N3, l̃) = 4.02%

cases beingN3 class cases. Furthermore, only 4.72%of cases
belong to class N6.

On the left part of the figure, the accuracy observed under
α = 0 i.e. when only original training data was used to
develop roughness prediction models is shown. It follows
from the figure that the recognition of individual classes
largely varies. Only 23.29% of N3 cases were correctly pre-
dicted to haveN3 roughness. This can be attributed to the fact
that N3 records are relatively rare in the data and whether N3
roughness is attained depends on unmeasurable conditions
such as tool wear ormaterial inhomogeneities. The classwith
the highest correct prediction rate is N5 with an accuracy
of 76.08%. Importantly, N4 and N5 cases are very frequent
in the data; out of all test records, p(N5, N5) = 44.96%.
Hence, the models correctly predict roughness for the major-
ity of cases in industrial experiments.

On the right side of Fig. 4, the accuracy attained under
α = 1 i.e. best case scenario with the semi-supervised
approach used to its full extent is shown. It can be observed
that by switching to semi-supervised models and extending
the training data using the SToNewTS approach, accuracy
improvements were attained for classes N3, N4 and N5. A
minor decrease was observed only for the N6 class. Impor-
tantly, (N4, N5) misclassification was reduced from 26.59
to 11.88%. At the same time, the growth of the share of cor-
rectly recognizedN5cases from76.08 to 81.59% is observed.
What is of particular industrial value is the fact that only
0.74% of all testing records were misclassified at more than
one level, which directly follows from the combined value
of p(N3, N5) and p(N5, N3). This is a major reduction com-
pared to 1.71% of all testing records misclassified at more
than one level under α = 0. Hence, the semi-supervised
approach increased overall accuracy, increased recognition
of the majority of classes and largely reduced major errors
in roughness prediction.

There is also the question of whether the benefits arising
from the semi-supervised approach might also be observed
in other embedded supervised techniques such as random
forest. Figure 5 was developed to answer this question.
It shows the confidence level of the differences in model
accuracy between the semi-supervised SToNewTS and the
fully-supervised approach, for varied α values attained from
the same evaluation process laid out in Algorithm 2 and per-
formed with 150 runs. The confidence levels of two series of
data are shown: i.e. for models developed with both Nearest
Neighbor and randomforest. The dark gray sections highlight

the α ranges that yield statistically significant differences
between the accuracy of models M̃ and M . For each series,
not only is the mean accuracy difference line shown, but
also the [cmin, cmax] ranges below and above it. It can be
observed that accuracy improvement caused by the use of
unlabeled machining vectors [T (x), O(x)] starts at the level
of α = 0.2 in the case of random forest. Hence, even though
the data from other tool settings than those present in the
labeled training data set were placed in the unlabeled data
set, the latter data set made a successful contribution to the
development of the model.

It may be asked whether semi-supervised model devel-
opment yields similar improvements in the accuracy of the
SToNewTS for the continuous roughness value. The results
of each evaluation are shown in Fig. 6. This time it can
be observed that a statistically significant reduction of the
Mean Absolute Error (MAE) ΔEα(T ) observed on testing
sets is only attained for the kNN technique exploiting rela-
tively large unlabeled data sets developed for α ≥ 0.8. This
phenomenon can be explained by the fact that discretized
roughness can be predicted with higher confidence than con-
tinuous roughness. Hence, the development of the model can
benefit more from the use of the self-training approach when
the prediction problem is treated as a classification task per-
formed with discretized roughness. Still, large volumes of
unlabeled data can also yield accuracy gains in the case of
the prediction of continuous feature values.

Label propagation under the same and different
tool settings

Finally, Table 3 provides the comparison of the SToNewTS
method with the SToSameTS method in the case of dis-
cretized roughness. The first part of the table shows the
results for the SToNewTS technique, previously depicted
in Fig. 5. However, the latter figure shows the change in
the correct classification rate Aα(T ) between the fully and
the semi-supervised scenarios. Table 3 provides the correct
classification rate, Aα(T ), and p value for different α set-
tings starting from the fully supervised scenario of α = 0
through to the possible addition of many instances provided
with propagated labels. The accuracy values Aα(T ) that are
statistically different at p = 0.05 from the accuracy A0(T )

are shown in bold. What can be observed in the case of
SToNewTS is that random forest yields higher accuracy than
the kNN technique.

It is interesting to compare these results with the results
attained for SToSameTS. First of all, in the latter case, it
can be observed that the initial accuracy for α = 0 is higher
than in the case of SToNewTS. This result is not surprising,
because the SToSameTS method assumes that testing is only
performed on the data containing the same tool settings as
present in the originally labeled training set. Interestingly,
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Fig. 5 The statistical
significance of accuracy
improvements with the
SToNewTS approach; the case
of discrete roughness

Fig. 6 The statistical
significance of MAE error
reduction with the SToNewTS
approach; the case of continuous
roughness

in such a scenario, the attempts to use the semi-supervised
approach yielded no statistically significant improvement in
accuracy for random forest. Even more importantly, for the
kNN technique the results worsened with the growth of α,
which can be explained by the fact that the initial training data
set contains the data for all tool settings present in the testing
phase. Hence, extending it with the instances provided with

propagated labels may result in training data R̃ that are more
noisy than the initial training data R. While random forest is
resilient to such noise, kNN is more dependent on individual
instances. This clearly shows that additional instances, aris-
ing from semi-supervised approach have to be introduced on
a selective basis. In particular, there is a need for stream inte-
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Table 3 Summary of
SToNewTS and SToSameTS
method results for discretized
roughness

α SToNewTS SToSameTS

kNN RF kNN RF

p Aα(T )(%) p Aα(T )(%) p Aα(T )(%) p Aα(T ) (%)

0.0 1.000 64.80 0.978 66.75 1.000 71.19 0.665 71.52

0.1 0.261 65.50 0.135 67.53 0.568 70.99 0.525 71.46

0.2 0.107 65.80 0.003 68.26 0.326 70.88 0.424 71.40

0.3 0.019 66.24 0.002 68.28 0.191 70.78 0.460 71.43

0.4 0.001 66.73 0.005 68.21 0.192 70.78 0.467 71.43

0.5 0.000 67.20 0.000 68.63 0.057 70.60 0.368 71.38

0.6 0.000 67.74 0.000 68.97 0.022 70.49 0.418 71.41

0.7 0.000 68.14 0.000 69.65 0.020 70.49 0.746 71.57

0.8 0.000 68.61 0.000 69.47 0.007 70.38 0.480 71.89

0.9 0.000 69.15 0.000 70.31 0.065 70.64 0.096 72.18

1.0 0.000 69.87 0.000 70.85 0.001 70.21 0.976 71.68

gration methods which extract only a part of the data stream
from the CNC for use as a training data extension.

Conclusions

In this study, the improvement of roughness prediction tech-
niques based on the use of otherwise discarded unlabeled
data from the CNC has been proposed. A method based on
the idea of semi-supervised learning has been developed.
More precisely, the method that has been proposed in this
paper is based on a self-training paradigm and is focused on
data stream processing. We have shown that this approach
can yield statistically significant improvements in prediction
accuracy, if properly applied. Moreover, the benefits of the
proposed approach were shown to be at their best when dis-
cretized roughness was predicted and new tool settings were
present in the data stream. Hence, the method is capable
of exploiting the data acquired under tool settings that are
not represented in the training data. Furthermore, the need
for stream integration methods that select only a part of the
vibration data stream from the CNC has been confirmed.
It should be emphasized that the same trends in accuracy
changes resulting from the integration of unlabeled data were
observed for different machine learning techniques, namely
instance-based learners and random forests.

Futureworkwill focus on the iterativemodel development
and the comparison ofmultiple techniques for selecting unla-
beled instances that can be labeled with high confidence and
that can contribute to extended training data sets. Moreover,
the model will also be applied to other manufacturing sec-
tors where experimental tests are very costly such as the laser
machining of microcomponents.
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