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Spectral analysis is a very common tool
in vibration monitoring. While useful in
machine diagnostics, spectral analysis can be
rather time-consuming. Especially in modern
industry, tasks that require extensive amount
of time are often considered too expensive.
To achieve an automatic monitoring system
of some kind, different features, such as
RMS or the peak value of signals, are
often monitored. These are special cases
of generalised norms, which can be effective
tools e.g. to determine whether a signal
has shown some kind of a change and how
notable the change is when compared to a
previously measured signal. However, no
spectral information is obtained this way, and
the question at which frequency in the signal
the change has occurred remains unanswered.
Generalised spectral norms are a frequency
domain application of these norms, and, as
presented in this paper, provide a suitable way
e.g. to perform automatic monitoring regarding
the spectral information.
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1. Introduction

In condition monitoring, vibration measurements are
very commonly used to detect faults in rotating
machines. One can often detect a fault in a machine
through vibration at a certain frequency proportional
to the rotational frequency of the machine or the
rotational frequency itself. It is a widely known fact
that utilising the discrete Fourier transform (DFT)
allows creating a frequency spectrum of a signal. With
modern computing technology, this is quite effortless.
Analysing frequency spectra has proved to be a very

useful tool for machine diagnostics in several different
applications (1,2,3,4). However, performing an analysis
of the frequency spectra can be very time-consuming,
especially if there are several measurements to analyse.
In addition, a relatively high level of expertise is
required to carry out this task. Calculating a spectral
norm is a way of analysing the spectrum in a different
manner. The results can be obtained with minuscule
computational capacity and can be easy to interpret.
In addition it is possible to create a simple indicator
that is only sensitive to a very specific type of change
in the signal, thus having potential to detect a certain

type of fault while being insensitive to other faults.
This gives an opportunity to create indicators for
specific fault types, rather than just monitoring the
overall level of vibration.

2. Generalised norms and measure-
ment indices

The concept of generalised norms has been previously
applied to condition monitoring in various studies.
Generalisation beyond the traditional definition of
the lp norm was introduced in 2008 by Lahdelma and
Juuso (5), and shortly after that some further study on
applying the method was presented in (6,7). Later on
in 2011, the method and further generalisation
were discussed along with other methodology
and application examples (8,9). In addition, the
technique has been applied to feature extraction in
detecting cavitation (10), trend analysis (11), condition
monitoring (12,13) and stress evaluation (14,15) for
instance. There are a number of fields besides
vibration analysis and machine diagnostics where the
lp norms have been applied (16,17). However, in most
of the cases that we are aware of, the order of norm p
is set to 1, 2 or ∞, but the value of p can be selected
from the set of real numbers without restraint (8,18).

The generalised norms discussed here are a
generalisation of lp norms. Traditionally, the lp norm
of a sampled signal x(α) = (x(α)

0 , . . . , x
(α)
N−1) is defined

as

‖x(α)‖p= (
N−1∑
n=0
|x(α)
n |p)

1
p , (1)

where the order of the norm p ≥ 1, N is the number
of samples in the signal and x stands for displacement
and α ∈ R is the order of derivative with respect to
time. This is the so-called classical lp norm. When
p < 1, this is not a proper norm, because then the
triangle inequality ||x + y|| ≤ ||x||+||y|| is not valid,
but the inverse inequality is then satisfied. In addition,
this means that in the cases p < 1, small changes in
the values of the vector x(α) can lead to significant
changes in the value of norm. In the cases p < 0, in
turn, the vectors cannot have any zero values, while
arbitrarily small values significantly increase values
of the generalised norms. With these caveats in
mind, we confirm the aforementioned statement that
in this application, it is possible to generalise (1)
to include any real value of p 6= 0. Considering
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the connection to physical measurements the order
of derivative is significant. The measured signal
can be differentiated, for example, using an analogue
differentiator or digitally with numerical algorithms. In
the case of spectral norms, it can be useful to calculate
the derivatives in the frequency domain, because this
can be accomplished with a simple multiplication of
the components obtained via DFT (19). Practices for
this kind of computing are discussed e.g. in (13,20).
The weighted lp norm (6,8,9) is defined by:

‖x(α)‖p,w= (
N−1∑
n=0

wn|x(α)
n |p)

1
p , (2)

where wn is a weighting factor. In this weighted case
the norm ‖x(α)‖0,w is the geometric mean (21), which
we obtain as a limit of (2) when p → 0. It is often
reasonable to select wn = 1

N , so norms calculated to
signals of different length are more comparable with
each other. The notation used for this weighted norm
is ||x(α)||p,1/N . Even though in this case we deal with
vibration measurements, and thus variable x represents
displacement, the norm can be calculated to any signal
regardless of the physical magnitude.
Moreover, these norms can be applied in order to

calculate a dimensionless measurement index called
the MIT index (5). The index provides an easily
interpretable way of determining the scope of change
in the value of the norm. It is calculated by

τMITp1,p2,...,pM
α1,α2,...,αM

= 1
M

M∑
m=1

bm
||x(αm)||pm,1/N

||x(αm)
ref ||pm,1/N

, (3)

where bm is the weighting factor for mth feature, and
the norms ||x(αm)||pm,1/N are calculated from signals
x(αm). The norm ||x(αm)

ref ||pm,1/N
is a norm calculated

from the signal x(αm)
ref which is obtained in a reference

case. In condition monitoring, a suitable reference
case is usually the same or a similar machine in good
condition.

3. Generalised spectral norms

The concept of generalised spectral norms means
applying the norms discussed above to frequency
domain signals instead of the ones in time domain (22).
The DFT of the sampled signal x(α) = (x(α)

0 , . . . , x
(α)
N−1)

of length T = ∆t ·N is

X
(α)
k = 1

N

N−1∑
n=0

x(α)
n e−i2πkn/N , (4)

and the inverse transform (IDFT) always returns the
signal at the sample points (23)

x(α)
n =

N−1∑
k=0

X
(α)
k ei2πkn/N . (5)

There are many conventions for defining the DFT
which mainly differ in the choice of the constant in
front of the transform and its inverse. In the definition
that we have chosen, the complex numbers X(α)

k can
be seen as approximations of the Fourier coefficients of
the Fourier series of a function defined on an interval
of length T (23). This definition is often a sensible
choice, since it allows us to obtain the amplitude
spectrum with correct physical units. This means
that for example a correctly sampled acceleration sine
wave of amplitude 1 m/s2 will have a DFT with two
components of height 0.5 m/s2 at the corresponding
negative and positive frequencies.

The spectral norm is defined by:

‖X(α)‖p= (
N−1∑
k=0
|Xk

(α)|p)
1
p , (6)

which actually has the same form as in (1), but
the term x

(α)
n is replaced by X(α)

k which is a complex
number resulting from the DFT (4). Correspondingly
the weighted spectral norm can be written:

‖X(α)‖p,w= (
N−1∑
k=0

wk|Xk
(α)|p)

1
p . (7)

Previous studies on the spectral kurtosis are
interesting in this respect, because the spectral
kurtosis can be calculated as a ratio of weighted
spectral norms. This was discussed by Wang
in (24,25), where the concept of spectral norms was
examined mostly considering special cases where p
equals 0, 1 or 2. As stated in (8) and in this
paper, a generalisation to all real values of p can be
performed as well. Applications of spectral kurtosis
include random signal detection (26,27), detecting
mechanical defects by acoustic emission (28,29,30) and
vibration (31,32,33,34,35,36,37). Several ways of applying
this technique are discussed in (38).
If p = 2 and w = 1/N there is an equality between

the time domain norm and the spectral norm. In
this case Equations (2) and (6), and the Parseval’s
theorem (23,39) lead to the following equality

‖x(α)‖2,1/N= ‖X(α)‖2. (8)

It should be noted that in the case of spectral
norms the selection of a suitable weighting factor is
not necessarily straightforward. When utilising the
definition of the DFT shown in (4), the weighting factor
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1
N is included by definition. In addition, one must
remember that the spectrum can be created in different
resolutions, and thus the number of elements in the
sequence may differ. To maintain the comparability
of the spectral norms the weighting factor must be
properly selected.
The limiting value p → ∞ of both the traditional

lp norm ‖x(α)‖p and the weighted one ‖x(α)‖p,1/N for
a fixed sequence is the peak value, but the classical
lp norms decrease when approaching this limit (40) and
the weighted norms increase (21). This order is of course
valid speforctral norms as well. Since the RMS and
the peak value are well-known features in the field of
vibration analysis, care must be taken in interpreting
the unweighted norms (in time or frequency domain),
since then the smaller orders of norms are the largest
in magnitude. Based on the equality (8), we can say
that the unweighted spectral norm ‖X(α)‖2 is actually
equal to the RMS, but the norm ‖X(α)‖∞ is not equal
to the peak value (and is actually less than ‖X(α)‖2
in magnitude). We can change the order of magnitude
of the spectral norms by using the norms ‖X(α)‖p,1/N ,
but the norm ‖X(α)‖∞,1/N will still not be equal to
the peak value of the signal in a general case. This
is related to Hausdorff-Young inequalities that are
reviewed in the next section.
It is extremely important to select the weighting

factor properly when comparing the norms to each
other. An unsound selection of the weighting factor
may result in a very misleading outcome.

It should be noted that the spectral norm can be
calculated for any spectrum, which can be preprocessed
in any way. For instance, the spectrum can be created
for signals that have any physical magnitude, signals
can be manipulated arbitrarily, or e.g. an envelope
spectrum can be used if desired. This paper only
discusses vibration measurements but this is merely
because they provide a method very often used in
machine diagnostics. In addition, the generalised
spectral norms can be utilised in any application, so
the method as such poses no restrictions.

3.1 Extensions to Parseval’s theorem

Next we study the relationship between the generalised
norms in the time domain and the unweighted spectral
norms in more detail. To make the mathematical
results clearer, we do not consider the derivatives x(α)

in this section, i.e. we set α = 0. An important
generalisation of Parseval’s theorem to other p norms
are the Hausdorff-Young inequalities. An excellent
review of the development of the Hausdorff-Young
theorems to the Fourier series and continuous Fourier
transforms can be found in (41). The corresponding
results for the DFT are seldom presented, so it is
worthwhile to outline them briefly here. The modern

way of proving these theorems is to estimate the
bounds for two simple cases and then interpolate
between them using the Riesz-Thorin interpolation
theorem (41). The equality (8) is our first known case
and the other one for the DFT is

‖X‖∞= max
k
|Xk|= max

k

∣∣∣∣∣ 1
N

N−1∑
n=0

xne
−i2πkn/N

∣∣∣∣∣ ≤ ‖x‖1,1/N

(9)
and similarly for the IDFT

‖x‖∞,1/N= max
n
|xn|= max

n

∣∣∣∣∣
N−1∑
k=0

Xke
i2πkn/N

∣∣∣∣∣ ≤ ‖X‖1.

(10)
Then for all 1 ≤ p ≤ 2 and q = p/(p − 1) ≥ 2 we
get the Hausdorff-Young inequalities, and using the
Riesz-Thorin interpolation theorem (41) we find:

‖X‖q≤ ‖x‖p,1/N , (11)

‖x‖q,1/N≤ ‖X‖p. (12)

In this discrete and finite setting, all these norms exist
and are finite. In the context of the Fourier series or
the continuous Fourier transform, the convergence of
the p norm implies the convergence of the q norm in
the other domain (41).
As stated in (21) p. 203 the generalised lp norm of a

fixed signal becomes greater as p grows, and is equal
for all values of p if and only if the signal elements all
have the same modulus. By utilising this fact, we get
from (11) and (12) the inequalities

‖X‖q≤ ‖x‖q,1/N , (13)

‖x‖p,1/N≤ ‖X‖p, (14)

which are valid for all q ≥ 2 and 1 ≤ p ≤ 2. These
equations are interesting, since they immediately show
us that the spectral norm is always bounded by the
corresponding generalised time domain norm if the
order of the norm is greater than two and the time
domain norm is bounded by the spectral norm if the
order of the norm is between 1 and 2.

In 1927 (42), Hardy and Littlewood proved that the
Hausdorff-Young inequalities for the Fourier series are
equalities for all p and q if and only if the function
is of the form Aei2πmt/T , where A is a constant, m
an integer and T the length of the period. Such
proof can also be found in (43) p. 105. In 1954,
Hewitt and Hirschman generalised this result for more
abstract groups for which the Fourier transform can be
extended (44). In 2010, Gilbert and Rzeszotnik came up
with simpler proof of this result in the special case of
the finite abelian groups (45), to which the DFT belongs
as well.

What this all means for the DFT is that (11) and
(12) are equalities for all 1 ≤ p ≤ 2 and q = p/(p−1) ≥
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2 if and only if xn = Aei2πmn/N . The modulus of each
of these signal elements is clearly the same constant A,
so the estimates performed to conclude (13) and (14)
for all q ≥ 2 and 1 ≤ p ≤ 2 are also equalities in this
case. Thus, we conclude that if we change the order
of norm in the formula (8), equality is only reached for
the special cases mentioned above. The fact that all the
other sequences only give inequalities means that the
Hausdorff-Young inequalities are at the same time the
best possible, though also possibly very poor estimates.
Of course, it is still possible that for certain

sequences and certain orders of norms equality can
be reached. A simple example is the case of positive
sequences, i.e. if xn ≥ 0 for all n = 0, . . . , N − 1, then
equation (9) becomes an equality

‖x‖1,1/N= 1
N

N−1∑
n=0
|xn|=

1
N

N−1∑
n=0

xn = X0 = ‖X‖∞,

(15)
where the last step resulting from the fact that for all
k = 0, . . . , N − 1

|Xk|≤
1
N

N−1∑
n=0
|xn|=

1
N

N−1∑
n=0

xn = X0, (16)

and thus
‖X‖∞= max

k
|Xk|= X0. (17)

4. Spectral indices

The change in the value of spectral norms can be simple
to interpret, which indicates potential for automatic
systems. Simple solutions in terms of programming
require simple limits or reference values for setting
alarms or warnings. This can be achieved through
indices such as the aforementioned MIT index. Some
descriptions of similar spectral indices are presented
below.

4.1 Spectral norm indices

The spectral norm index is similar to the MIT index
but is used in the frequency domain instead of the time
domain norms. The spectral norm index SNI is defined
by:

SNIαp = ‖X
(α)‖p

‖X(α)
ref ‖p

, (18)

which is simply a ratio of the generalised spectral
norms, where a value of a norm is compared to the
value obtained from a reference case. In a similar way
as the MIT index (3), it can be a sum of several indices
calculated using different parameters:

SNIα1,α2,...,αM
p1,p2,...,pM

= 1
M

M∑
m=1

bαm

‖X(α)‖pm

‖X(α)
ref ‖pm

. (19)

Indices presented in Equations (18) and (19)
can be utilised in machine diagnostics because
several mechanical faults induce vibration in certain
frequencies, usually proportional to the rotational
speed of the machine. Consequently, one can interpret
frequencies that are expected to change in the case of
a specific fault.

By determining a suitable frequency range where
the spectral norm should be calculated, it is quite
straightforward to create different indices, which can
be expected to indicate different faults, and, if
measurements are performed regularly, the severity
of faults can be evaluated as well. In addition, the
spectral norm index can be calculated for an envelope
spectrum. This can be utilised when detecting
repetitive shock-like events, which are often caused by
faulty roller bearings, for instance. At best this could
be carried out automatically. The calculations required
do not call for extensive computational power and can
be carried out by almost any modern computer.

4.2 Spectral shape indices

The spectral shape index SSI can be used for detecting
a change in the frequency content of the signal, but in
a different manner than the SNI. The SSI is defined by:

αSSIp,wp
q,wq

=
‖X(α)‖p,wp

‖X(α)‖q,wq

, (20)

where p and q are orders of norm, which can be
selected to without restrictions from the set of real
numbers, and wp and wq are respective weighting
factors. The SSI can be used to evaluate the shape
of the spectrum, or change in the value of the index
can be used as an indicator of a change in the shape
of the spectrum. The SSI can e.g. be applied in a
similar way as the kurtosis, but by selecting parameters
p and q differently the sensitivity of the SSI to sparsely
appearing high values in the spectrum can be adjusted.

For example, selecting p = ∞, q = 2 and wp =
wq = 1

N results in a "spectral crest factor", where
the numerator is the greatest spectral component and
denominator is "spectral RMS". This is a feature
quite similar to the peak ratio discussed by Shiroshi et
al. in (46) and the peak-to-median ratio presented by
Ericsson et. al in (47). Use can be made of a different
selection of the parameters such as spectral smoothness
studied by as Bozchalooi and Ming in (48) or the
spectral flatness used for audio signal analysis (49).
As mentioned above, the sensitivity of SSI can be
adjusted and selecting αSSI6,1/N1,1/N , for example, results
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in a feature somewhat similar to kurtosis. However the
αSSI6,1/N1,1/N is more sensitive to sparsely appearing high
values in the spectrum than kurtosis calculated to the
spectrum, but still notably less sensitive to a change in
the greatest spectral component than αSSI∞,1/N2,1/N .
As discussed above, selecting the weighting factor is

a crucial matter, and calculating SSI is a good example
of this. Here we have found selecting wp = wq =
1/N is a suitable choice, which requires that both
of the two spectra compared have the same number
of spectral components. This means that we obtain
a feature comparable to the crest factor widely used
in machine diagnostics as αSSI∞,1/N2,1/N . The value of
the SSI increases as the highest peak in the spectrum
grows compared to the root mean square of the spectral
amplitudes (and the values are always greater than
one). Omitting the weighting factors would mean that
the value of the feature αSSI∞2 is always less than one.

In general, calculating a few of spectral shape indices
can provide quite an effective indicator for a change in
the shape of the spectrum. The indicators can even
be targeted to certain frequencies by calculating the
norms for specific parts of the spectrum.

5. Application examples

In this section we present some applications of
the concept of generalised spectral norms. The
applications are from laboratory tests involving actual
mechanical systems where different mechanical faults
were induced in the machines. All the calculations for
these examples were performed utilising MATLAB.

5.1 Spectral norms on the amplitude spectra

The vibrational behaviour of a machine is generally
periodic to some degree, and specific fault types
can be detected by observing changes at quite
precise frequencies of the spectrum. In addition to
application example presented in (22) the following case
demonstrates applicability of the spectral norms. It is
rather common to use RMS spectrum in the field of
condition monitoring, though the amplitude spectra we
have presented here are equally applicable in this case.

5.1.1 Unbalance

Testing in this case was carried out using the same
test rig as in the case of misalignment, but here
the configuration of the test rig was different. The
configuration is shown in Figure 1. The arrow indicates
the position of the sensor that was used for the
measurement in this case. Unbalance was induced by
placing an additional weight onto the disc nearest to
the measurement point.

In this case, applying spectral norms is quite
straightforward. It is a well-known fact that unbalance
causes vibration at rotational frequency. Thus,
calculating a norm over a quite narrow frequency range
around the rotational frequency gives a fairly good
indication of unbalance. This can be seen in Figures 2
and 3, where the amplitude at the rotational frequency
(8 Hz) shows a significant increase when unbalance is
induced.

Figure 1. The test rig set-up for unbalance test-
ing, accelerometer indicated by an arrow
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Figure 2. Amplitude spectrum from the initial
situation of unbalance tests

In Table 1, there are some spectral norms calculated
from the highlighted spectral lines in Figures 2 and 3.
It is very clear that the norms indicate unbalance in
any order of norm. In fact, the order of norm has quite
a minimal impact to the result.
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Figure 3. Amplitude spectrum from unbalance
tests, unbalance induced
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Table 1. Spectral norms and spectral norm in-
dices from unbalance tests

No unbalance Unbalance induced SNI
‖X(2)‖1 0.027 m/s2 0.134 m/s2 4.96
‖X(2)‖2 0.017 m/s2 0.062 m/s2 3.65
‖X(2)‖8 0.011 m/s2 0.057 m/s2 5.18

This result can be considered expected, because a
very similar application as the one presented above has
been in use for several decades. Detecting unbalance
and performing balancing are commonly based on the
RMS of velocity calculated from a signal filtered using a
bandpass filter with a narrow passband. This actually
gives the same result as calculating the spectral norm
‖X(1)‖2. The calculations here consider acceleration
instead of velocity, and some different orders of norm
are tested, but considering the simplicity of the test rig
and narrowness of the frequency range used, is seems
logical to expect fairly similar results.

5.2 Spectral norms on the envelope spectra

As discussed before, the envelope spectra are a
common method in machine diagnostics. In the
following, we present some examples from applications,
where spectral norms are calculated from the envelope
spectra, or more precisely, from the amplitude spectra
of the envelope signals. There are different ways to
obtain the envelope signal, and here we create it by
numerical bandbass filtering and rectification.

5.2.1 Faulty tooth on a gear

In this case, measurements are from a test rig where
an electric motor operated a water pump coupled to
it via a bevel gear. The test rig was first run with
no damage induced, and afterwards a single gear tooth
was ground off from the gear. The test rig is shown
in Figure 4. The rotational speed of the motor is 1000
rpm, and that of the pump 2000 rpm. This is to say
that the gear ratio is 1:2, and the rotational frequency
f1 = 16.67 Hz and f2 = 33.33 Hz.

The Figure 5 shows the envelope spectrum from
the gear, measured when there is no fault, Figure 6
when the fault is induced. The envelope spectra show
a rather clear difference. The rotational frequency
of the second stage of the gear and several of its
multiples show a significant increase. This is commonly
considered a sign of repetitive shocks that a defective
gear tooth can be expected to impose.

The SSI values in Table 2 indicate a significant
change when the fault is induced. The values of the
spectral norm indices in Table 3 are calculated from 3
Hz bands around the frequency f2 and its harmonics.
The values give a clear indication that the change in

Figure 4. The test rig used for gearbox testing
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Figure 5. Envelope amplitude spectrum (pass-
band 1000-4000 Hz) of acceleration from inital
state of gearbox testing
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Figure 6. Envelope amplitude spectrum (pass-
band 1000-4000 Hz) of acceleration from gear
gearbox testing, fault induced

6



the frequency content of the envelope takes place on
these frequencies.

Table 2. Spectral shape indices from the enve-
lope spectra from the gearbox testing

No fault Fault induced
2SSI4,1/N

1,1/N 4.687 8.57
2SSI4,1/N

2,1/N 2.815 3.78
2SSI8,1/N

1,1/N 9.904 18.86
2SSI8,1/N

2,1/N 5.948 8.32

Table 3. Spectral norms and spectral norm in-
dices from the envelope spectra from the gear-
box testing

No fault Fault induced SNI
‖X(2)‖1 1.578 m/s2 5.045 m/s2 3.20
‖X(2)‖2 0.170 m/s2 0.660 m/s2 3.88
‖X(2)‖8 0.083 m/s2 0.293 m/s2 3.53

5.2.2 Slowly rotating roller bearing

In this test, a test rig with Cardan shafts and
two gearboxes was used. The test rig is shown in
Figure 7 and an arrow indicates the location of the
accelerometer used for the measurements studied here.
For this paper, we have chosen an example case where
results from a damaged bearing are compared to a
healthy bearing, but otherwise the setup of the test
rig remained unchanged. The rotational speed of the
machine was slow, the shaft where the bearing under
investigation was mounted rotated at 72.9 rpm, or
about 1.2 Hz.
As the rotational speed of the shaft here is low, we

have used a rather long 32 second time domain signal.
Considering that the time interval of the repeating
shocks caused by the fault here is nearly two seconds,
a long time domain signal is needed. Here we have
presented two envelope spectra, from which we have
highlighted the Fundamental Train Frequency (FTF)
and its harmonics up to 20 times FTF. In Figure 8 there
is no fault induced and in Figure 9 one of the roller
elements is intentionally damaged. The SSI values from
these envelope spectra are in Table 4, and respective
values of spectral norms and SNI values are in Table 5.
The frequency detected is FTF instead of the Ball Spin
Frequency (BSF) because in this case, the bearing has a
minuscule load and thus the roller elements are actually
sliding expect for a very small distance per revolution,
where the loaded area of the bearing is. This causes the
shock to repeat in a time interval comparable to FTF,

Figure 7. The test rig used for roller bearing
testing, accelerometer indicated by an arrow

because the roller element is actually only rolling once
per revolution of the cage.
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Figure 8. Envelope amplitude spectrum (pass-
band 500-2000 Hz) of acceleration from inital
state of roller bearing testing

6. Discussion

The generalised spectral norms presented here are
quite simple to apply and the calculations can be
carried out even when there is relatively limited
computational power available. The case examples
show that there is some potential use of this technique
in the field of machine diagnostics. The technique can
be used as a complimentary method to the traditional
spectral analysis, or perhaps even to notably reduce
the need for the classical approach. For on-line
condition monitoring systems calculating spectral
norms is quite feasible as it is rather straightforward
to perform the calculations. In some ways, the
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Figure 9. Envelope amplitude spectrum (pass-
band 500-2000 Hz) of acceleration from roller
bearing testing, fault induced

Table 4. Spectral shape indices from the enve-
lope spectra from the roller bearing testing

No fault Fault induced
2SSI4,1/N

1,1/N 1.45 2.51
2SSI4,1/N

2,1/N 1.26 1.80
2SSI8,1/N

1,1/N 2.08 4.42
2SSI8,1/N

2,1/N 1.80 3.17

Table 5. Spectral norms and spectral norm in-
dices from the envelope spectra in the roller
bearing testing

No fault Fault induced SNI
‖X(2)‖1 12.67 mm/s2 58.03 mm/s2 4.58
‖X(2)‖2 1.34 mm/s2 7.17 mm/s2 5.35
‖X(2)‖8 0.38 mm/s2 2.77 mm/s2 7.29

technique is actually already found applicable, because
some modern commercial solutions for balancing, for
example, are in principle very similar to calculating
spectral norms, and the generalisation presented in
this paper can be used more flexibly for several
different targets. Adopting this technique requires
some expertise, however, which is probably the case
with any diagnostic technique applied. If the system
is designed correctly, the spectral norms may open
a possibility to make the frequency domain analysis
highly automatic and mostly easy to use even for
personnel with quite low level of expertise.

One should remember that all the information
needed for the application of spectral norms is already
available in a vast majority of modern condition
monitoring systems, and implementing this technique
does not require extensive modifications. In terms of
hardware, almost any system in use today should be
easily capable of performing these calculations, though
some minor adjustments to programming are needed.
Cases like the slowly rotating roller bearing we have
presented above may be a little more challenging,
because long time domain signals can bring about
some problems. In a case like this, it could be
possible e.g. to use norms in the time domain for
detecting shock-like events, and if shocks seem to
appear, to trigger the calculation of spectral norms for
diagnostics when detection has already been carried
out. Furthermore, it might be interesting to study
the use of this technique with respect to signals with
different orders of derivative.

7. Conclusions

We have shown through some case examples how
spectral norms can be applied to machine diagnostics.
If the mechanical properties of the target are known
well enough, it is possible to create an index dedicated
to a single part of the machine, or even to a
specific machine element. This can be highly effective
in automatic condition monitoring. Even when
monitoring cannot be targeted to a specific part of the
machine, calculating a spectral shape index can reveal
abnormal vibrations. It is often a sound assumption
that if the shape of the spectrum of vibration in a
machine shows a significant change, there is a change
in the condition of the machine as well, and spectral
norms can be an effective tool to detect this. However,
it must be remembered that this type of change may
be due to altered operating conditions, for example.
Spectral norms can be applied to perform spectral
analysis in a computational manner, and if something
else than spectral analysis is required, then other
techniques should be applied instead, or perhaps, in
addition.
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