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Abstract
This paper investigates the detection and diagnosis of brush seizing faults in the spindle positioning servo
drive of a high-precision machining centre using a recently developed time–frequency pattern classiﬁcation
technique known as selective regional correlation (SRC). It is shown that SRC is capable of signiﬁcantly
enhancing the resolution of fault diagnosis when compared to conventional correlation-based techniques.
The performance of this approach is evaluated using three time–frequency transformation techniques: the
short-time Fourier transform (STFT), continuous wavelet transform (CWT) and S-Transform. In addition,
three different 2D windows are used to isolate features for use with SRC: a rectangular (boxcar) window, a
Gaussian window and a Kaiser window. The results have indicated that SRC is a promising tool for
machine condition monitoring (MCM).
r 2005 Elsevier Ltd. All rights reserved.
Keywords: Machine condition monitoring; Selective regional correlation; Time–frequency transformations; Pattern
classiﬁcation

1. Introduction
In manufacturing, there is an increasing demand for higher production rates, improved part
quality and larger throughput volumes [1]; in short ‘‘faster, better and cheaper’’. Thus, there is a
strong desire to move from the current state of manufacturing automation to total autonomy. To
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do so, effective monitoring and control of machining processes are required; degradations in
machine tool performance must be detected and acted upon in a reliable and timely manner [2].
The issue of forced downtime, i.e. the time during which no machining operations are
undertaken due to an undesirable event, is a major concern in manufacturing [2]. There are several
different reasons for downtime, some of which are unavoidable, such as time for reﬁxturing and
setting up new production batches. However, downtime resulting from machine failures should,
ideally, be eliminated.
To reach the goal of autonomy, interest in monitoring machining processes and systems,
including tool condition monitoring (TCM) [1], has increased. Since the machine tool positioning
and drive systems are crucial parts of a machine tool, their health is also critical for autonomous
operations. Thus, it is very important to develop techniques for machine condition monitoring
(MCM).
There exist a number of MCM methods in the literature. A time domain method is developed
in [3], but it relies on mathematical models of the machines being monitored. In practice,
the complexity of a machine tool system may prohibit comprehensive modeling. Neuro-fuzzy
(NF) systems are investigated in [4], and are shown to be superior to recurrent neural networks (RNNs). Unfortunately, both approaches need training. This requires extra time and
expense, and thus, is not feasible for MCM in an industrial environment. Frequency domain
features have been extracted using bispectrum analysis in [5]. While successful, it requires
resampling the vibration signal as a function of rotational speed, and thus needs a tachometer and
additional computation.
Both wavelets and S-Transform-based schemes have been applied to the detection of gear wear
in helicopter gearboxes [6,7]. It is shown that these time–frequency methods allow fault-related
features to be detected. A review of wavelet-based MCM activities in [8] has identiﬁed several
shortcomings, including a lack of standardisation in the choice of wavelets used for the analysis,
and difﬁculties in interpreting the results of the wavelet transform.
Most approaches to MCM rely on the identiﬁcation of features that are unique to a particular
fault scenario. Often, this can take the form of a speciﬁc frequency component [9] or speciﬁc
wavelet coefﬁcients [4]. Identiﬁcation of fault conditions follows directly through the recognition
of these features. Correlation analysis, despite being very simple, is rarely used, as it is unsuitable
for non-stationary signals. Difﬁculties arise, too, when the features that are indicative of a faulty
condition do not exist in a unique frequency band. In some cases, as will be shown later, the
signature of a faulty system contains the same frequency components as that of a healthy one.
When this occurs, it can be very difﬁcult to use the previously cited methods to monitor the health
of the system.
Recently, a time–frequency domain based correlation technique, known as selective regional
correlation (SRC), has been developed [10]. This method is potentially suitable for MCM because
it is capable of identifying the state of health of a system even when the features of interest are
represented by non-stationary signals across several frequency bands. By performing pattern
matching and recognition only on the features of interest in the time–frequency domain and
neglecting extraneous components, SRC can enhance correlation-based pattern recognition,
particularly for MCM, thus simplifying the fault diagnostic process. In addition, SRC can be used
with any time–frequency method, including the short-time Fourier transform, (STFT) [11,12],
continuous wavelet transform (CWT) [12–14] and S-Transform [15,16], which increases its
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ﬂexibility considerably [10]. The procedure for calculating SRC is straightforward and can easily
be automated, which makes it desirable in an industrial environment.
In this paper, the application of SRC to detecting a speciﬁc fault in a machine tool positioning
drive is investigated, since brush seizing faults exhibit some unique characteristics in a frequency
band for both healthy and faulty systems.
The main objective of the current study is to examine the performance of different
time–frequency methods with SRC, to compare the performance of SRC-based MCM to that
of conventional correlation-based MCM, and to show that the SRC approach is better suited for
use in MCM applications. This is accomplished by: ﬁrstly, examining the nature of brush seizing
faults through vibration analysis; secondly, identifying unique time–frequency domain signatures
that represent this state of the machining system; thirdly, determining the performance of various
time–frequency methods for use with SRC; ﬁnally, comparing the performance of SRC-based
MCM with conventional correlation-based MCM. The main motivation is to develop a ﬂexible
and highly effective method suitable for automated MCM.
The main contribution of the paper is that a novel method for extraction and recognition of
health-related features from machine tool vibration signals is developed based on SRC. The
method is shown to be superior to other techniques using conventional correlation. Because SRC
operates only on relevant features of interest, the number of required calculations is effectively
reduced, and the speed and the accuracy of the recognition system has been improved
considerably.
This paper is organised as follows: in Section 2, features of the vibration signals suitable for
MCM are considered, and the concept of SRC is introduced; Section 3 discusses the experimental
set-up as well as the nature of the fault and its vibrational signatures; Section 4 presents a measure
for the performance of SRC and illustrates the effectiveness of SRC when applied to MCM
analysis. Conclusions are drawn in Section 5, followed by acknowledgments and a list of
references.

2. MCM and selective regional correlation
2.1. Features for MCM
In the main positioning system of a machine tool, there are many potential sources for
mechanical failure. These include DC servomotor brush seizing, drive belt wear or stretching, and
wear in the bearings and lead screws. Each of these problems exhibits a speciﬁc characteristic
signature, and these signatures can be used for the purpose of MCM. The key is to identify a set of
features that correspond unambiguously to either the healthy mode or the possible faulty modes
of the machine. Such features can be found in vibration signals of the axes as they move during
machining. By comparing the measured data to the failure signature, the state of the machine tool
positioning drives can be determined.
In this paper, brush seizing faults in a DC servo motor drive that controls the position of the
spindle block on the machine tool are used to illustrate the scheme and procedures. This fault
originates from the design and construction of the brush holders, which are plastic and often warp
with exposure to heat and lubricant. Whenever this happens, the spindle block experiences

ARTICLE IN PRESS
1224

A.G. Rehorn et al. / Mechanical Systems and Signal Processing 20 (2006) 1221–1238

excessive vibration. When one of the servos is faulty, the axis jumps along the guideways instead
of moving smoothly. Experience has shown that this type of fault is incipient, and always leads to
failure.
It has been found that, for a healthy spindle, there are no clear patterns in the vibration signals.
However, periodic phenomena arise when a fault starts to develop in the system [17]. These
phenomena become much more apparent in the time–frequency domain because they often
appear as transient spikes of short duration. It is difﬁcult to detect them in either the time domain
or the frequency domain alone. This is because both the healthy and the faulty drives contain
energy in the same frequency bands. However, there are increased periodic ﬂuctuations with
energy concentrated in the 20–200 Hz band when the system is faulty. Thus, a faulty system will
exhibit a regular pattern of spikes in this frequency range, while a healthy one will not [17].
The features discussed above can always be observed in the vibrational signature of a faulty
spindle block during translational motion, regardless of the direction or speed of motion, or the
spindle rotational speed. Thus, by isolating these features, it is possible to determine the health of
the spindle block positioning servo. It will be shown subsequently that SRC can reliably isolate
these features from other signal components in the time–frequency domain and thus improve the
accuracy of fault detection.
The basic idea behind SRC is to determine the similarity between a feature in a vibration signal
from a machine in an unknown state, vU ðtÞ and a feature that represents a known state of the
machine. As mentioned previously, there are several potential faults that could occur. Let the
signals that represent these fault conditions be vFi ðtÞ; where i ¼ 1; 2; . . . ; n; for n possible fault
conditions. Since it is the faulty state vibrations that contain the features, vU ðtÞ will be compared
against vFi ðtÞ: The strength of SRC is its ability to perform pattern matching using only a speciﬁc
part of the time–frequency domain signal that contains pertinent information. Thus, the ﬁrst step
is to identify these characteristic features.
Let the time–frequency transforms of vU ðtÞ and vFi ðtÞ be TvU ðt; gÞ and TvFi ðt; gÞ; respectively.
From TvFi ðt; gÞ; the features of interest can be isolated for ﬁxed time and frequency bands t 2
½t1 ; t2  and g 2 ½g1 ; g2 ; respectively. The resulting isolated signal is referred to as the template
signal, and is represented by TvFi1 ðt; gÞ: For the purpose of comparison, the same time and
frequency ranges are applied to TvU ðt; gÞ; yielding TvU1 ðt; gÞ; which is the isolated time–frequency
representation of the features of interest in the observed signal.
Once suitably isolated, the signals with these features are transformed back to the time domain
and the correlations between vU1 ðtÞ and the features vFi1 ðtÞ can be determined. The vFi1 ðtÞ that
results in the highest correlation coefﬁcient is then determined to represent the state of the
machine. The general process of SRC-based fault diagnosis is shown in a block diagram form in
Fig. 1. The speciﬁcs of SRC and the time–frequency methods used are explained in the section to
follow.
2.2. Selective regional correlation: theoretical background
SRC is a scheme which can improve the performance of correlation-based pattern recognition
for bandlimited, non-stationary signals. It is a time–frequency method that converts a onedimensional (1D) time domain signal into a two-dimensional (2D) time–frequency domain
representation. It allows correlation-based pattern matching to be conducted only in selected
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Fig. 1. Block diagram highlighting the steps of SRC-based fault diagnosis.

regions of interest in the time–frequency domain, thus reducing the number of calculations needed
and improving the accuracy of the result [10]. The SRC algorithm consists of three main stages:
(1) Template selection in the time–frequency domain,
(2) Time–frequency domain pre-processing of the unknown signal, and
(3) Correlation of the unknown signal with the selected template.
Template selection is the most important step in SRC. If the signal containing the template is
represented by vFi ðtÞ 2 L2 ðRÞ; its time–frequency transform can be evaluated by correlation with a
function ft;g 2 L2 ðRÞ (known as the time–frequency atom [12]) that is well concentrated in time
and frequency:
Z 1
vFi ðtÞft;g ðtÞ dt.
(1)
TvFi ðt; gÞ ¼
1

Theoretically speaking, any time–frequency atom can be utilised in Eq. (1). However, due to the
fact that signal decompositions are involved, bilinear class of time–frequency distributions, such
as the Wigner distribution or Cohen’s class [18], will be more computationally involved because of
their cross product terms. In this paper, three different time–frequency transforms are considered:
the STFT, CWT and S-Transform.
A short-time Fourier transform is a particular form of Eq. (1) with a window g which is
translated by t and modulated by g [11,12]:
ft;g ðtÞ ¼ gt;g ðtÞ ¼ ejgt gðt  tÞ.

(2)

A CWT is also a special case of Eq. (1) with dilation by g and translation by t of a mother wavelet
c [12–14]:


1
tt
.
(3)
ft;g ðtÞ ¼ ct;g ðtÞ ¼ pﬃﬃﬃ c
g
g
An S-Transform combines the short-time Fourier transform and the wavelet transform using a
Gaussian window which is translated by t; dilated and modulated by g [15,16]:


tt
jgt
.
(4)
ft;g ðtÞ ¼ gt;g ðtÞ ¼ e g
g
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Clearly, the S-Transform can be viewed from two different perspectives; as a short-time Fourier
transform with a variable window length [15,16], or as a special type of CWT with a Gaussian
mother wavelet modiﬁed by adding a phase factor [15,16]:
STvðt; gÞ ¼ ej2pgt CWTvðt; gÞ.

(5)

The time–frequency transform of the signal that bears the template, TvFi ðt; gÞ; is the union of two
components: the template, TvFi1 ðt; gÞ; and its complement, TvFi2 ðt; gÞ: Let us assume that the
features representing the template are located in the time and frequency bands t 2 ½t1 ; t2  and
g 2 ½g1 ; g2 ; respectively. Thus
TvFi1 ðt; gÞ  0 8te½t1 ; t2 ; ge½g1 ; g2 .

(6)

To extract TvFi1 ðt; gÞ from the time–frequency representation TvFi ðt; gÞ; a 2D window W ðt; gÞ 8t 2
½t1 ; t2 ; g 2 ½g1 ; g2  can be used:
TvFi1 ðt; gÞ ¼ TvFi ðt; gÞ  W ðt; gÞ;

t 2 ½t1 ; t2  and g 2 ½g1 ; g2 .

(7)

In this paper, a three different 2D window functions are used. The ﬁrst is a boxcar function, which
is deﬁned as follows:

W b ðt; gÞ ¼

A

8t; g 2 R;

0

otherwise:

(8)

The second is a 2D Gaussian window, which is deﬁned as
8
2
t2 g
>

< 1
2s2t 2s2g
e
8t; g 2 R;
W g ðt; gÞ ¼ 2pst sg
>
:
0
otherwise:

(9)

The third is a 2D Kaiser window, given by
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
8
2 ÞI ðb
2
1

t
I
ðb
>
0
0
t
g 1g Þ
<
I 0 ðbt ÞI 0 ðbg Þ
W k ðt; gÞ ¼
>
:
0

8t; g 2 R;

(10)

otherwise;

where bt and bg represent parameters that affect the sidelobe attenuation and I 0 ðÞ is the zerothorder modiﬁed Bessel function. The region of support for all three windows is given by R ¼
fðt; gÞ : t1 ptpt2 ; g1 pgpg2 g:
To obtain the time domain expression of the template signal, vFi1 ðtÞ; the inverse time–frequency
transform can be used
Z 1Z 1
vFi1 ðtÞ ¼
TvFi1 ðt; gÞKðt; g; tÞ dt dg,
(11)
1

1

where Kðt; g; tÞ is the kernel for the inversion.
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Once suitable templates are selected, the time–frequency pre-processing of the unknown signal,
vU ðtÞ; can be carried out. The pre-processing involves forward time–frequency transform on vU ðtÞ
based on Eq. (1) (with the signal vFi ðtÞ in the integration replaced by vU ðtÞ).
The time–frequency representation of the unknown signal, TvU ðt; gÞ; is then multiplied by the
2D window function, W ðt; gÞ; to localise the feature space. The product is then converted back to
the time domain using the inverse time–frequency transform presented in Eq. (11) (albeit with
TvU1 ðt; gÞ replacing TvFi1 ðt; gÞ). This produces a time domain signal for comparison with the
template in Eq. (11). This signal is represented as vU1 ðtÞ:
Using the template and the windowed signals in the time domain, SRC can be performed and
the result, ri ðzÞ; the correlation coefﬁcient between vFi1 ðtÞ and vU1 ðtÞ; can be calculated as follows:




R1




1 vFi1 ðtÞvU1 ðt þ zÞ dt
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
q
q
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(12)
ri ðzÞ ¼  R
.
R1


1
2
2
 1 vFi1 ðtÞ dt 1 vU1 ðtÞ dt
The peak magnitude of ri ðzÞ indicates the similarity between the signal in the time–frequency
region of interest and the ith template. This variable will be used later for fault detection purposes.

3. Faults and their signatures
3.1. Experimental set-up
The machine tool used in this investigation is a Proteo D/94 high-precision machining centre.
This is a ﬁve axis machining system, the general arrangement of which can be seen in Fig. 2. The
spindle block is mounted along the Z-axis. It is the positioning drive servo of the Z-axis that is
prone to brush seizing.

Fig. 2. General arrangement of the Proteo D/94 5-axis machining centre.
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Fig. 3. Mounting of the three accelerometers on the D/94 spindle block. Arrows indicate sensor locations.

To measure the vibrations of the spindle during translation, three PCB Piezotronics model
352C68 piezoelectric accelerometers (frequency range 0.3–12 000 Hz, max. acceleration ¼
490 m=s2 ) are mounted to the spindle block in the X ; Y and Z directions, as seen in Fig. 3. These
sensors are chosen because they are easy to install and use, and are robust enough to survive in an
industrial setting [1,19]. They do not require extensive reﬁtting or modiﬁcation to the machine
tool, nor do they change the dynamics of the system.
Measurements with a faulty positioning drive are taken ﬁrst. This drive is then replaced with a
healthy motor from the same manufacturer, and the same tests are performed. The spindle is
translated in the positive (away from the workpiece) and negative (toward the workpiece)
direction at 100, 10 and 1 percent of the rated feed speed. Twelve tests are conducted for each of
the healthy and the faulty systems. Of these tests, six are conducted with the spindle stationary,
while the rest are performed with the spindle running at 1995 and 2300 rpm. The vibration signals
are recorded using an HP35670A dynamic signal analyser with a sampling frequency of 4096 Hz.
3.2. Nature of the fault
As mentioned in Section 2.1, there are several potential faults that could occur in the drive
system along the various axes of the D/94. However, in this paper, the results presented are only
those relating to a brush seizing fault in the spindle positioning drive servo. The vibrations of a
healthy and a faulty motor are presented in Figs. 4 and 5, respectively. It can be seen that, while
there are differences in the patterns in the time domain, it is difﬁcult to determine which set of
data represents a healthy and which a faulty drive. Thus, time domain thresholding is not viable
for MCM in this case. Frequency domain analysis of the data reveals that the two signals share
many frequency components. There are no unique features that can be extracted from either the
time or the frequency domain to distinguish a healthy motor from a faulty one.
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Fig. 4. Vibrations of the spindle block with a healthy positioning drive.

3.3. Failure signatures in the time–frequency domain
As mentioned in the Introduction, the analysis of the collected vibration data can be performed
in the time–frequency domain using three transforms: the STFT, CWT and S-Transform. Fig. 6
presents the STFT, CWT and S-Transform for the same signal; the vibrations in the X direction
with a brush seizing fault.
As will be shown, the S-Transform is the most effective of these methods for MCM. Thus, the
ﬁgures presented herein will show the results from the S-Transform only. The S-Transforms of the
vibrations from the healthy system are shown in Fig. 7. As can be seen, there is no particular
pattern or evidence of any periodicity in the time–frequency domain in any of the spatial
directions. The energy is conﬁned to several bands but there seems to be no obvious structure to
the distribution of the energy in those bands. The opposite is true for the spindle block vibrations
when the positioning servo is at fault. This is illustrated in Fig. 8, which shows the S-Transform of
the vibrations of a faulty system. It is immediately apparent that there is a periodic structure to the
frequency content in the time–frequency representation. In each direction, there is a regular series
of pulsations.
A major factor in the success of SRC is the choice of a suitable template. This, as explained in
Section 2.2, is the feature against which all unknown signals will be compared. Clearly, the
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Fig. 5. Vibrations of the spindle block with a faulty positioning drive.

signature of the brush seizing fault is appropriate as a template signal because it has a deﬁnite,
periodic structure, as seen in Fig. 8. The vibrations of a healthy system exhibit much less
structured information, and are thus less effective as a template. Analysis has indicated that, if the
vibrations of the healthy system are used as a template, it could lead to considerable numbers of
false alarms. In such cases, the template and the measured signal can appear to be very different,
even though they represent the same state. Furthermore, because the pattern generated by a brush
seizing fault is the same irrespective of the feed rate used, and it is very distinctive from that of a
healthy system, it makes an excellent template.

4. MCM using selective regional correlation
4.1. Performance measurement for SRC
As explained in Section 2.2, SRC works by comparing the windowed inverse time–frequency
transform of unknown signal, vU1 ðtÞ; to the template signals, vFi1 ðtÞ: Using Eq. (12), one can
calculate ri ; the correlation coefﬁcient between the unknown signal and the ith template. If vU1 ðtÞ
matches with a speciﬁc vFi1 ðtÞ; the peak value of ri will be high with respect to unity. The peak
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Fig. 6. Time–frequency representation of vibrations in the X direction using different transformations.

correlation coefﬁcient generated in such cases, where the unknown and the template represent the
same or similar phenomenon, is referred to as rsimilar : On the other hand, if vU1 ðtÞ does not match
a speciﬁc template, the value of ri generated will be low. In this case, the correlation coefﬁcient is
known as rdissimilar : Thus, it follows:
ri ¼ rsimilar
ri ¼ rdissimilar

if vU1ðtÞ  vFi1ðtÞ ,
if vU1ðtÞ avFi1ðtÞ .

ð13Þ
ð14Þ

Consequently, the correlation coefﬁcients will have the following relationship:
rsimilar 4rdissimilar .

(15)

This property can be used to determine the resolution of SRC-based pattern classiﬁcation
schemes. The resolution of the SRC scheme represents the difference between the correlation
coefﬁcients when the unknown signal represents a phenomenon similar to the template and when
the unknown signal represents phenomenon dissimilar to the template. Thus, the resolution, j; is
deﬁned as
j ¼ rsimilar  rdissimilar .

(16)
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Fig. 7. S-Transform of healthy system in all spatial directions.

The values of rsimilar and rdissimilar used to calculate the resolution may be from a single calculation
or an average based on several measurements. In this paper, the resolution is based on averages of
twelve tests performed under both healthy and faulty conditions.
In a functional MCM application, the unknown signal, vU ðtÞ; collected during machining, will
be compared to the various templates, vFi ðtÞ; using the method proposed herein. However, in this
case, there will be no a priori knowledge about which state vU ðtÞ represents. Thus, the magnitude
of ri ðzÞ generated will be such that
ri ðzÞ 2 ½rdissimilar ; rsimilar .

(17)

Consequently, it can be seen that if the peak value of ri ðzÞ is closer to the value of rdissimilar ; the
unknown signal vU ðtÞ; will not be similar to the faulty signal vFi ðtÞ; and then the system can be
considered to be operating normally.
To correctly determine whether vU ðtÞ corresponds to a particular vFi ðtÞ; the distance,
wi ðri ðzÞ; rsimilar Þ; of ri ðzÞ from rsimilar can be calculated:
wi ðri ðzÞ; rsimilar Þ ¼ kri ðzÞ  rsimilar k.

(18)
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Fig. 8. S-Transform of faulty system in all spatial directions.

Using Eq. (18), the distance of ri ðzÞ from rdissimilar ; wi ðri ðzÞ; rdissimilar Þ; can also be determined. The
values of wi ðri ðzÞ; rdissimilar Þ and wi ðri ðzÞ;rsimilar Þ can then be compared, and a decision can be made
as to whether or not the vU ðtÞ being considered represents a speciﬁc fault. Obviously, if
wi ðri ðzÞrsimilar Þ4wi ðri ðzÞ; rdissimilar Þ; then vU ðtÞ represents the speciﬁc fault condition represented by
vFi ðtÞ; otherwise, the system is assumed to be healthy. If the opposite is true, the conclusion can be
made that vU ðtÞ does not represent the speciﬁc fault under consideration.
4.2. Performance of fault detection using SRC
As stated earlier, time domain analysis may not offer conclusive results, but time–frequency
domain analysis does. The STFT is performed using a Hamming window that is 60 ms in length,
with an overlap of 50%. For the CWT, 70 voices are chosen, and the mother wavelet selected is a
Gaussian wavelet. The S-Transform is performed according to the method described in [15].
Templates are selected using one of three 2D windows: a rectangular window, a Gaussian
window or a Kaiser window. Each of the windows isolates a feature in the time–frequency domain
which exists for a range R ¼ fðt; gÞ : t 2 ½540; 630 ms; g 2 ½20; 200 Hzg: For the Gaussian window,
the best performance occurs when st ¼ 31 and sg ¼ 50: The Kasier window performs the best
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Fig. 9. Template signal selection from the S-Transform of a faulty drive.

when bt ¼ 2:25 and bg ¼ 2:25: The selection of a speciﬁc template with the rectangular window in
the X direction is shown in Fig. 9. The upper graph depicts the S-Transform of the entire
vibration signal, TvF ðt; gÞ; and the shaded region on the graph represents the area covered by the
2D window. The middle graph displays the windowed and isolated feature of interest in the
time–frequency domain, TvF 1 ðt; gÞ: The bottom graph shows the corresponding time domain
signal, vF1 ðtÞ; that is used in SRC. The three windows used are depicted in Fig. 10.
SRC improves the ability to distinguish between similar and dissimilar patterns beyond
conventional correlation by improving the resolution for different states of the system. The results
are presented in Tables 1–4. The values for rsimilar and rdissimilar are average values over twelve
tests. Tables 1–4 presents the performance of the considered time–frequency methods as well as
the results obtained when conventional correlation is used.
The performance of SRC varies with the time–frequency method chosen, the 2D window used
in feature isolation and the spatial direction considered. This can be seen by comparing the values
of j presented in Tables 1–3.
From these tables, several interesting observations can be made. The highest values of j for a
speciﬁed time–frequency method generally correspond to the Z direction, although this is not the
case for the S-Transform. Also, changing the time–frequency method used has a more
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Fig. 10. The 2D windows used for numerical analysis.
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Table 1
Performance of SRC using a 2D rectangular window
Direction

Selective regional correlation
STFT

rsimilar
rdissimilar
j

CWT

S-Transform

X

Y

Z

X

Y

Z

X

Y

Z

45.31
24.13
21.18

51.77
23.42
28.35

67.01
32.98
34.03

29.94
13.99
15.95

16.88
10.75
6.13

73.43
25.74
47.69

55.22
18.10
37.12

65.57
17.62
47.95

59.81
14.33
45.48

Table 2
Performance of SRC using a 2D Gaussian window
Direction

Selective regional correlation
STFT

rsimilar
rdissimilar
j

CWT

S-Transform

X

Y

Z

X

Y

Z

X

Y

Z

48.36
31.41
16.95

55.21
30.64
24.57

69.18
38.49
30.69

34.67
22.06
12.61

19.78
14.89
4.89

79.60
39.65
39.95

58.47
27.68
30.79

69.51
25.24
44.27

62.30
28.51
33.79

Table 3
Performance of SRC using a 2D Kaiser window
Direction

Selective regional correlation
STFT

rsimilar
rdissimilar
j

CWT

S-Transform

X

Y

Z

X

Y

Z

X

Y

Z

61.71
33.18
28.53

66.43
33.97
32.46

72.43
33.22
39.12

48.23
26.31
21.92

19.31
11.43
7.88

82.10
38.29
43.81

62.11
22.93
39.18

71.84
22.19
49.65

66.73
30.49
36.24

pronounced effect on the resolution of the SRC result than does the shape and type of the window
employed for feature extraction. It should also be noted that the S-Transform achieves the best
resolution among all three time–frequency methods used, with the STFT coming second. The
CWT has the poorest resolution of the three methods tested in X and Y directions, but its
resolution is equal to, or even better than, the others in Z direction. Of the three windows
considered, the Kaiser yields the highest resolution while the Gaussian window performs the
worst.
It is very useful to compare the results obtained using SRC with those from conventional
correlation. As can be seen, by comparing the values in Tables 1–3, with those in Table 4, the
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Table 4
Performance of classiﬁer using conventional correlation
Direction

rsimilar
rdissimilar
j

Correlation
X

Y

Z

6.52
5.81
0.71

5.60
2.85
2.75

10.02
5.36
4.66

values generated by conventional correlation for similar events are much smaller than those
calculated using time–frequency methods and SRC in a given direction. Conventional correlation
sees similar events as having only 10% similarity at most, which is well below the value of rdissimilar
seen by any of the time–frequency methods. This is mainly due to the non-stationary nature of the
vibration signals under consideration. The resolution of conventional correlation is extremely
poor also, and never exceeds 5%, while any combination of time–frequency method and 2D
window with SRC results in very high resolution between the two states. Thus, an MCM system
that relies on conventional correlation will not be able to perform as effectively as the one based
on time–frequency methods and SRC.

5. Conclusion
In this paper, it has been established that SRC with time–frequency pre-processing can be an
excellent way to perform MCM. The variable resolution and preservation of phase information
associated with the S-Transform makes it the best method for highlighting and isolating features
of interest in the time–frequency domain. The potential for SRC as an MCM method has been
demonstrated by detecting a servo brush seizing fault in the Z-axis of a ﬁve-axis machining centre.
In addition, the resolution of this method has been shown to be far superior to conventional
correlation-based methods.
This work is signiﬁcant because it shows that industrially viable sensors can be used to obtain
sufﬁcient information for MCM purposes. It also proves that SRC is superior to conventional
correlation which implies that it has the potential to greatly improve fault diagnostic capability in
MCM applications.
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