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Abstract The main objective in machining processes is to
produce a high-quality surface finish which, however, can
be measured only at the end of the machining cycle. A more
preferable method would be to monitor the quality during
the cycle, what result a real-time, low-cost, and accurate
monitoring method that can dynamically adjust the machin-
ing parameters and keep the target surface finish. Motivated
by this premise, results of investigation on the relationship
between emitted sound signal and surface finish during turn-
ing process are reported in this paper. Through experiments
with AISI 52100 hardened steel, this work shows that such
a correlation does exist presenting strong evidences that
Mel-Frequency Cepstral Coefficients, extracted from sound
energy, can detect different surface roughness levels, what
makes it a promising feature for real-time process quality
monitoring methods.
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1 Introduction

Customers who need parts machined place a premium on
the quality of surface finish [1]. Thus, to identify changes,
failures, or tears in the machining process, researchers have
studied and developed monitoring methods for many years,
as can be seen in the overview presented by Teti et al. [2].
Sick [3] showed that monitoring methods can be classified
as either direct or indirect, where direct methods analyze
measurements of tool wear or surface roughness but carry-
ing out of such methods must either interrupt the machining
process or wait until its completion. Indirect methods how-
ever make use of other sources of information, such as,
cutting forces [4], vibration signals [5], electric current,
image [6], and many other sources. The great advantage
of indirect methods is that they can be carried out without
stopping or interfering with the machining process, thereby
increasing efficiency and allowing online adjustments [7].

One indirect method that has recently attracted
researchers attention concerns is the sound generated
during the machining process [8–10] because using the
produced sound to gauge information about machining pro-
cess has two major advantages: ease of installation [8] and
implemented at a lower cost than other sensors [11].

Some examples of investigations into the use of acoustic
emissions to determine the status of processes and struc-
tures include, but are not limited to, Boutros and Liang [12],
where a method based on sound signals allied to discrete
HMM was proposed to detect and diagnose mechanical
faults in machining processes and rotating machinery. In
the case of cutting tool, the proposed method detected cor-
rectly three different states (i.e., sharp, worn, or broken). For
bearing tests, the model classified the severity of the faults
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seeded in two different engine bearings with a success rate
greater than 95 %.

In another work based on sound signals collected in the
milling process, Ai et al. [10] showed a relationship between
each order component of LPCC and the flank wear, mainly
concentrated in the sixth-, seventh-, and eighth-order com-
ponents of LPCC. Correlating sound patterns and tool wear
was carried out in another study by Mannan et al. [9] where
authors concluded that tool condition can be monitored by
combining sensory data from a microphone and a central
composite design (CCD) camera.

Airborne sound was found by Robben et al. [13] to be
a valuable source of information in an ongoing machining
process for the cut-off grinding of concrete. The authors
highlighted that because of the very high sound emis-
sion of the machining process in a controlled environment,
there was no total influence of environmental noise on the
proposed monitoring method.

Salgado and Alonso [14] proposed a tool condition mon-
itoring system based on feed motor current and sound
signal where Singular Spectrum Analysis (SSA) was used to
extract information correlated with tool wear from the sound
signal. Experiments using AISI 1040 steel showed that the
proposed technique is fast and reliable for tool condition
monitoring.

Lu and Wang [15] analyzed the high-frequency sound
signals (range between 20 and 80 kHz) generated in micro-
milling process and proposed a wear monitoring method.
Results indicated that the normalized sound signals can be
potentially applied in monitoring methods with the proper
selection of feature bandwidth and other parameters.

Downey et al. [16] examined the feasibility of audible
sound emissions in the frequency range spectrum of human
hearing (between 0 and 20 kHz). They observed that it was
possible to correlate the sound energy with tool wear in
machining operations. Furthermore, audible acoustic spec-
tra highlighted the possibility of identifying discrete phases
in the cutting interface performance.

Most of presented works have focus on monitoring tool
wear, and analysis of data that is offered by the machin-
ing process from the sensor configurations. As the objective
of a machining process is the final quality of the work-
piece, actually many efforts are directed to find efficient
ways to monitor the quality of the machining process. Sur-
face roughness raised as an important parameter for quality
monitoring [17], as presented by [18], which proposed a
dynamic surface roughness monitoring system based on
artificial neural networks (ANN) achieving a success rate of
99 %.

Following this idea, the fundamental aim of this work
is to determine if, instead of detecting tool wear, it is pos-
sible to identify differences in audible acoustic emissions
for different finishing surface roughness levels and also if

those differences are correlated with the machining cutting
parameters, enabling its utilization in quality monitoring of
machining process. Also, Mel-Frequency Cepstral Coeffi-
cients (MFCC) extracted from sound energy are used as
acoustic spectrum features and their correlation with surface
roughness are analyzed. MFCC is commonly used in other
research areas, such as speech recognition [19, 20], but has
not been explored for monitoring machining process, so this
is the major contribution of this work.

The rest of the paper is organized as follows. The process
of extracting acoustic features is presented in Section 2. In
Section 3, the experiment is outlined showing all the steps
for database creation. In Section 4, the obtained results are
shown and also detailed in Section 5. Finally, conclusions
and future work are given in Section 6.

2 Signal processing and feature extraction

2.1 Short-time fast Fourier transform

The sound that comes from the machining process is a
dynamic signal: it varies with time due to small differences
in the machined material, vibration, fluctuations in rotat-
ing speed, etc. Therefore, it is reasonable to consider it as a
non-stationary signal and the use of classic FFT for analysis
can loose the dynamic behaviors of all frequency compo-
nents along the time. Such type of signal requires analysis in
both time and frequency domain which can be achieved by
the use of short-time Fourier transform (STFT), or spectro-
gram (power of STFT) [21, 22]. The STFT is based on the
assumption that, during short time intervals, the signal can
be considered stationary [23]. Therefore, the entire signal is
divided into small successive overlapped frames multiplied
by a non-zero window function, on which the FFT is applied
[24].

According to [23], the STFT for a signal s(t) can be
expressed as

ST FT (t, ω) = 1√
2π

∫ +∞

−∞
s(τ )h(τ − t)e−jτω dτ (1)

where h(t) denotes a window function at time t . Window
functions are used to avoid signal distortion and ensure
a smooth transition from frame to frame of the estimated
parameters [25]. A Hamming window was selected to be
used in this paper.

Thus, the energy density at instant t can be calculated as

SPE(t, ω) = |ST FT (t, ω)|2 (2)

where ST FT (t, ω) is obtained from Eq. 1.
As recorded data is a discrete signal, time instants are

updated on a frame by frame basis where a frame consists
of NS samples of signal representing a time frame TF . This
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is the length of time (in seconds) over which a set of param-
eters is valid. Then the analysis moves TW samples forward
for a new frame k, and a new frame energy is calculated. It
is important to notice that there is a superposition between
adjacent frames. The amount of overlap to some extent con-
trols how quickly parameters can change from frame to
frame, which normally corresponds to an overlap of 50 %
[25]. Finally, the result for each frame k = 1, 2, ...K , is
a spectral energy vector

−→
Sk containing N/2 + 1 values of

energy, where N corresponds to the number of FFT points.
The total number of framesK depends on the selected frame
interval (TF ) and time shift (TW ) besides the total signal
length.

2.2 Mel-frequency cepstral coefficients

Depending on the size of N , a correlation analysis of all
N/2 + 1 energy values with each machining parameter and
also finishing surface roughness may not be satisfactory
since many energy components tend to be auto-correlated.
Also, this representation should remove as much irrelevant
information as possible, for instance intensity, background
noise, and retain only the information relevant for the signal
classification. Thus, the acoustic vectors should attend the
following requirements:

1. be of low dimensionality to allow a reliable estimation
of the free parameters of the recognition system,

2. be independent of the recording environment, and
3. be characteristic for each machine setup, to allow an

optimal discrimination between the different acoustic
models.

One such parameter that has achieved a great success in
this task is the MFCC feature, first proposed for the speech
recognition problems [26]. It consists on a filter bank-based
approach, which can be regarded as a crude model of the

initial stages of transduction in the human auditory system
[25].

There are two main motivations for the filter bank rep-
resentation: first, the position of maximum displacement
along the basilar membrane for stimuli such as pure tones
is proportional to the logarithm of the frequency of the
tone; second, experiments in human perception have shown
that frequencies of a complex sound within a certain band-
width of some nominal frequency cannot be individually
identified. When one of the components of this sound falls
outside this bandwidth, it can be individually distinguished.
We refer to this bandwidth as the critical bandwidth [25].
A critical bandwidth is nominally 10 to 20 % of the center
frequency of the sound.

The Mel scale attempts to map the perceived frequency
of a tone onto a linear scale. It is often approximated as a
linear scale from 0 to 1 kHz, and then a logarithmic scale
beyond 1 kHz, and it is possible to define a mapping from
the actual frequency f to a perceptual frequency scale by

fmel = 2595 log10

(
1 + f

700

)
. (3)

The process for extracting the MFCC using this idea is
outlined as follow. The first step is to calculate the energy
spectrum of each frame k [19, 27] that is given by Eq. 2.
Next, each energy frame Sk is filtered using a triangular fil-
ter bank, with the center frequencies (see Table 1) of each
filter calculated by Eq. 3, resulting s̃k . The filtering process
can be represented by

s̃k(l) =
N/2∑
j=0

Sk(j)Ml(j), ∀l = 1, 2, ..., L (4)

where N is the number of FFT points and L is the number
ofMel filters [6, 27].

Table 1 Central frequencies
for a filter bank inMel scale Filter index Center Freq. (Hz) Filter index Center Freq. (Hz) Filter index Center Freq. (Hz)

1 100 13 1516 25 8000

2 200 14 1741 26 9190

3 300 15 2000 27 10,556

4 400 16 2297 28 12,126

5 500 17 2639 29 13,929

6 600 18 3031 30 16,000

7 700 19 3482 31 18,379

8 800 20 4000 32 21,112

9 900 21 4595 33 24,251

10 1000 22 5278 34 27,858

11 1149 23 6063 35 32,000

12 1320 24 6964 36 36,758
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Finally, a discrete cosine transform (DCT) is applied to
the natural logarithm of the Mel spectrum, resulting in the
mel-frequency Cepstral coefficients, as follows

c(m) =
L−1∑
i=0

ln(s̃k(i)) cos
(πm

2L
(2i + 1)

)
(5)

where m = 1, 2, ..., C and C is the number of desired coef-
ficients [28, 29]. Since most of the signal information is
represented by the first coefficients, normally C is chosen
between 12 and 20.

3 Experimental outline

3.1 Experimental setup

The experimental setup is based on a CNC lathe with a
maximum rotational speed of 4000 rpm and power of 5.5
kW and using Wiper mixed ceramic (Al2O3+TiC) inserts
(ISO code CNGA 120408S01525WH) coated with a very
thin layer of titanium nitride (TiN; Sandvik-Coromant GC
6050). The workpieces were made of AISI 52100 steel with
dimensions of 49–50 mm and a hardness between 49 and
52 HRC, up to a depth of 3 mm below the surface. Figure 1
detail the actual experimental setup, the location of micro-
phone in relation to cutting interface and the tool holding
configuration.

Surface roughness was measured using a Mitutoyo
portable roughness meter model Surftest SJ 201, fixed
to a cut-off length of 0.25 mm. The sound emissions
were recorded using an audio microphone connected to
the soundcard of a Dell Vostro laptop, using the software

Fig. 1 Machining setup

Audacity [30], configured for a sample frequency of 44.1
kHz with a resolution of 16 bits.

3.2 Experimental methodology

CCD was used to determine the machining operational
parameter values and to create a sequential set of exper-
imental runs [31]. Due to the number of tools available
for the experiment, 10 sets of machining parameters were
selected based on D-optimality criteria [32]. Table 2 shows
the resulted values for each experimental run considering
cutting speed (CS m/min), feed rate (F mm/rev), depth of
cut (D mm) and material removal rate (MRR).

During the experiment, it was guaranteed that there were
no other machining operations taking place in the vicinity,
which might have added interfering acoustic components
and compromise the signals being detected. Each row of
Table 2 was replicated 15 times to guarantee the statistical
reliability of the experiment, resulting a total of 150 experi-
mental runs. For each execution, sound signal was recorded
and the following surface roughness parameters were mea-
sured: arithmetic average surface roughness (Ra), maximum
surface roughness (Ry), root mean square roughness (Rq),
10-point height (Rz), and maximum peak to valley (Rt),
measured three times at four positions in the work-piece
middle, as proposed by [31]. From these results, the mean
and variance were calculated for each surface roughness
obtained. For each experimental cycle, the only change was
the replacement of the cutting tool insert with an identical
in order to guarantee the same wear condition.

4 Results

As outlined measurements of the surface finish of the work-
piece were taken regularly during the experimental cycles to

Table 2 D-Optimal design for hard turning of AISI 52100 steel

Machining Setup CS F D MRR

Ms1 200.00 0.10 0.10 2.00

Ms2 240.00 0.10 0.10 2.40

Ms3 200.00 0.20 0.10 4.00

Ms4 200.00 0.10 0.20 4.00

Ms5 240.00 0.10 0.20 4.80

Ms6 240.00 0.20 0.20 9.60

Ms7 186.36 0.15 0.15 4.19

Ms8 220.00 0.23 0.15 7.72

Ms9 220.00 0.15 0.23 7.72

Ms10 220.00 0.15 0.15 4.95
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Table 3 Surface roughness
average for all machining
setups

Machining Surface roughness

setup Ra Ry Rz Rq Rt Rsm

Ms1 0.15 1.05 0.75 0.18 1.44 85.60

Ms2 0.16 1.17 0.81 0.20 1.56 91.30

Ms3 0.44 2.39 1.76 0.53 3.09 169.72

Ms4 0.19 1.36 1.00 0.24 1.80 58.91

Ms5 0.18 1.32 0.89 0.23 1.89 100.67

Ms6 0.52 2.90 2.24 0.63 3.41 195.46

Ms7 0.26 1.87 1.25 0.33 2.71 104.31

Ms8 0.50 2.62 2.06 0.60 3.10 212.34

Ms9 0.26 1.90 1.29 0.33 2.70 73.04

Ms10 0.19 1.42 0.97 0.24 2.10 88.14

evaluate the performance of the cutting operation and also
correlate with sound energy. Table 3 shows the average of
15 replicas for all surface roughness parameters resulted for
each experimental run.

Samples in the range of 7 to 10 seconds duration were
taken from the audio data for all experimental trials. The
sample time range was chosen considering just the stable
cutting period avoiding moments when cutting tool enters
and exits of the work-piece [16], as illustrated by Fig. 2.

Energy frames was obtained from audio data using N =
1024 FFT points, a frame length of 20 ms and frame shift
of 10 ms, that are common values used in speech analysis
[27] and also have been applied in machining monitoring
methods [10]. For each frame, C = 12 Mel-frequency
Cepstral Coefficients were calculated using L = 31 fil-
ters which resulted a total of K = 900 energy vectors
(on average).

Differently then expected, MFCC level distribution pre-
sented a stochastic behavior along time what reflected
directly to the MFCC behavior. The same behavior was
noted for all audio data, as can be seen in some examples on
Fig. 3. Based on that, instead of using all K = 900 frames,
it was calculated a mean and a standard deviation vector
to represent each audio data. Therefore, the MFCC of each
machining setup can be represented by −→

cm = (−→μm, −→σm),
where −→μm and −→σm are the mean and standard deviation of all
K frames for each coefficient m = 1, 2, ...C, respectively,
composed by C = 12 MFCC levels each.

5 Discussion of results

Correlation analysis was applied to identify which Mel-
Frequency Cesptral Coefficient have strongly correlation

Fig. 2 Full audio recorded
during machining (CS = 200,
F = 0.10 and D = 0.10)
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Fig. 3 Resulted spectrogram
for different machining setups

with machining parameters and surface roughness. Table 4
shows that each coefficient presents higher Pearson1 cor-
relation with different machining parameter, for exam-
ple, c1 and c2 coefficient correlates with material remove

1The Pearson product-moment correlation is used to assess the
strength and direction of association between two continuous variables
that are linearly related. Its coefficient, r, indicates the strength and
direction of this relationship and can range from -1 for a perfect nega-
tive linear relationship to +1 for a perfect positive linear relationship.
A value of 0 (zero) indicates that there is no relationship between the
two variables.

rate (MRR), and also with all finishing surface roughness
parameter (Ra, Ry, Rz, Rq, Rt, and Rsm) presenting higher
correlation with maximum peak to valley surface roughness
(Rt). Already c5 coefficient, stronger correlation occurs with
cutting speed (CS) machining parameter. Each coefficient
cm presented in Table 4 is represented by its mean μm since
standard deviation σm presented no strong correlation with
any machining parameter or surface roughness, and hence it
was omitted.

This correlation presents that the cutting specific energy
(related to the MRR) applied to the system is probably
transformed in other types of energy like heat (tool edge,
work-piece, chip, and air), sound, vibration, and others. In
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Table 4 Correlation analysis between scores, machining setup parameter and surface roughness

MFCC CS F D MRR Ra Ry Rz Rq Rt Rsm

c1 0.061b 0.594a 0.563 0.781 0.595 0.665 0.629 0.607 0.685 0.419

0.457c 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

c2 -0.069 -0.703 -0.506 -0.802 -0.649 -0.722 -0.671 -0.662 -0.752 -0.507

0.403 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

c3 0.123 0.430 0.210 0.414 0.228 0.265 0.220 0.235 0.318 0.285

0.135 0.000 0.010 0.000 0.005 0.001 0.007 0.004 0.000 0.000

c4 0.440 -0.240 0.334 0.204 -0.040 -0.053 -0.003 -0.048 -0.158 -0.097

0.000 0.003 0.000 0.012 0.629 0.523 0.974 0.558 0.054 0.238

c5 0.673 0.029 0.437 0.432 0.003 0.037 0.037 0.006 0.018 0.021

0.000 0.722 0.000 0.000 0.974 0.657 0.656 0.938 0.831 0.803

c6 0.566 0.001 -0.098 0.058 -0.052 -0.126 -0.066 -0.063 -0.216 0.093

0.000 0.995 0.233 0.483 0.528 0.125 0.422 0.445 0.008 0.260

c7 -0.069 0.029 0.077 0.106 -0.081 -0.058 -0.039 -0.072 -0.037 -0.135

0.403 0.720 0.349 0.196 0.327 0.477 0.637 0.378 0.650 0.099

c8 -0.607 0.207 -0.228 -0.173 0.063 0.076 0.051 0.068 0.165 -0.031

0.000 0.011 0.005 0.034 0.447 0.358 0.534 0.411 0.043 0.707

c9 -0.562 -0.021 -0.361 -0.296 -0.032 -0.066 -0.069 -0.036 -0.043 0.010

0.000 0.799 0.000 0.000 0.694 0.424 0.403 0.666 0.602 0.900

c10 0.013 0.239 -0.032 0.110 0.291 0.237 0.237 0.280 0.206 0.346

0.874 0.003 0.696 0.179 0.000 0.003 0.004 0.001 0.011 0.000

c11 0.616 -0.037 0.271 0.324 0.062 0.062 0.065 0.059 0.014 0.159

0.000 0.653 0.001 0.000 0.453 0.448 0.433 0.472 0.867 0.052

c12 0.614 0.052 0.334 0.363 -0.020 0.025 0.012 -0.013 0.024 0.006

0.000 0.529 0.000 0.000 0.808 0.758 0.880 0.872 0.772 0.946

aItalic values represent higher Pearson correlations that are statistically significant (P-value < 5 %)
bPearson correlation
cP-value

this case, the part of the energy transferred to the acoustic
signal can be identified by MFCC, what makes this feature
a good component for applying in monitoring methods.

Figure 4 illustrates the experimental results for 15 repli-
cas as well as determines how strongly negative were
the correlations between second MFCC (c2) and surface

Fig. 4 Line plots for
standardized surface roughness
parameters and Mel-frequency
cepstral coefficient (c2)
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Fig. 5 Line plots for
standardized surface roughness
(Rt) and Mel-frequency cepstral
coefficient (−c2)

roughness parameters. It highlights this correlation showing
that for all machining setups, when the surface roughness
increases, the MFCC has the same behavior but in the oppo-
site way, presenting a negative correlation. Also, Fig. 5
highlights that c2 level follows surface roughness Rt with a
higher correlation, as presented before on Table 4.

Two replicates were randomly selected for applying the
response surface analysis in the surface roughness param-
eters Ra, Ry, Rz, Rq, Rt, and the Mel-frequency cepstral
coefficient c2. Table 5 shows regression coefficients, R-Sq
(adj.) and Anderson-Darling normality test for residuals of
each response. The results have presented not only ade-
quate coefficients of determination (above 95 %, exception
for Rt = 86.13 %), but also enough evidence to affirm
that residuals are following normal distributions. As can be
observed in Table 5, feed rate F was the most important
factor explaining the average behavior of surface roughness

parameters and was also one of the most import factors
explaining the second MFCC. Reference [33] showed that
the surface roughness is strongly correlated to feed rate
(F) so this similarity might be one of the reasons why
strong correlations between surface roughness parameters
and MFCC were observed. On the other hand, the depth
of cut D had higher impact on MFCC coefficient than on
mechanical properties. Hence, practitioners must dedicate
close attention to this control variable in order to guarantee
the reliability of decision-makings for process monitor-
ing. Probably, this is the main reason why the correlation
structure was not even stronger.

Finally, Fig. 6 graphically represents the response surface
models comparing two surface roughness parameters (Ry
and Rt) to the second Mel-Frequency Cepstral Coefficient
c2 and their negative relationship are clearly visualized,
mainly due to the contour plots for F × CS and D × F .

Table 5 Regression
coefficients and coefficients of
determination

Ra Ry Rz Rq Rt c2

Constant 0.185a 1.387 0.958 0.236 2.133 -32.234

CS 0.074 0.202 0.24 0.079 0.074 2.765

F 0.169 0.746 0.616 0.194 0.773 -9.278

D -0.053 -0.035 -0.111 -0.051 0.075 -10.073

CS2 0.075 0.33 0.267 0.084 0.201 0.091

F 2 0.014 0.002 0.044 0.015 -0.123 0.78

D2 0.057 0.198 0.172 0.062 0.162 3.079

CS × F 0.077 0.197 0.266 0.081 0.043 5.743

CS × D -0.01 -0.051 -0.052 -0.011 -0.009 0.743

F × D -0.063 -0.081 -0.159 -0.063 0.046 -5.759

S 0.013 0.135 0.085 0.018 0.262 1.283

R-Sq(adj) 99.27 % 95.79 % 97.62 % 98.80 % 86.13 % 98.70 %

Normality test 0.433b 0.268 0.117 0.118 0.328 0.382

for residuals 0.273c 0.646 0.988 0.988 0.492 0.365

1Italic values represent the significant terms in the models (P-value < 5 %)
aAnderson-Darling test statistic
bP-value
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Fig. 6 Contour plots for for surface roughness andMel coefficient

6 Conclusions

During the last years, notable efforts have been made to
develop reliable and industrially applicable machining mon-
itoring systems based on different types of sensors, espe-
cially indirect methods that does not required to interrupt
the machining process. The main focus of this work is the
establishment of correlation between audible sound energy
and surface roughness in order to allow the effective use of
such feature in quality monitoring methods.

In order to characterize the audible sound energy sig-
nals emitted by different cutting conditions during turning
of AISI-5210 hardened steel, machining parameters were
varied based on a CCD and the corresponding acoustic sig-
nals were detected and processed in the frequency domain
by calculating the Mel-Frequency Cespstral Coefficients.

Pearson correlation analysis was performed to evaluate
the linear relationship between MFCC levels and machining
parameters where it was possible to detect strong correla-
tions such as c1 and c2 with material removal rate (MRR)
and all surface roughness, and also c5 with cutting speed
(CS). To better understand such relationship, graphical anal-
ysis was used where the linear relationship was highlighted
since machining parameters change resulted proportional
changes in the MFCC levels.

Also, a response surface analysis was applied in the
surface roughness parameters Ra, Ry, Rz, Rq, Rt and the
Mel-frequency cepstral coefficient c2 and showed that feed
rate F was the most important factor explaining the aver-
age behavior of surface roughness parameters and was also
one of the most import factors explaining the second Mel
coefficient, which explains the strong correlations between
surface roughness parameters and MFCC. Those obser-
vations lead us to conclude that features obtained from
sound energy can be applied in quality monitoring process
methods.

Further works can be performed in order to test this
approach for different machining process, such as milling
and drilling. Classification methods based on ANN and also
Gaussian Mixture Models (GMM) can be tested in order to
propose monitoring methods using MFCC extracted from
sound energy.
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