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Abstract Local damage detection in rotating machinery can become a very diffi-
cult issue due to time-varying load or presence of another damage reflected in
amplitude modulation of the raw vibration signal. In this paper a two-stage filtering
method is presented to deal with this problem. The first stage is based on autore-
gressive (AR) modeling. It is incorporated to suppress high-energy components that
mask an informative signal. High-energy amplitudes of mesh harmonics modulated
by other damage or load variation can affect selectors of optimal frequency band as
well, so they have to be suppressed. The second stage relies on filtering the AR-
residual signal using a linear filter based on an informative frequency band selector.
Here as a selector we propose to use the average horizontal distance on quantile-
quantile plot. We compare the result of the second stage with the spectral kurtosis.
The procedure is illustrated by real data analysis of a two-stage gearbox used in a
belt conveyor drive system in an open-pit mine.
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1 Introduction

Local damage detection in rotating machinery operating in industrial conditions is a
challenging problem. Inconveniences might be related to uncontrolled load and
speed changes, unknown condition of a diagnosed machine, transmission of
vibrations from other machines, acquisition of vibrations not related to operation of
the machine, lack of data due to temporary failure of a signal acquisition system,
etc. On the other hand, such problems lead to development of novel signal pro-
cessing methods that substitute those which do not work properly in case of
diagnostics in industrial conditions. In the paper we present a data driven method
inspired by a vibration signal acquired during operation of a two stage gearbox
operating in an open-pit mine. Both stages of the gearbox are damaged, thus the
signal contains modulations related to two shaft frequencies. In this case, the signal
of interest (SOI) related to the local damage of the first stage gear-pair is mixed with
amplitude modulated signal due to the damage of the second stage. Thus, a time
varying signal to noise ratio occurs which makes diagnostics more difficult. The
approach proposed in this paper is an extension of the method presented in [1–3].
The method presented therein incorporates the idea of both decreasing power of
narrowband spectral components by an autoregressive (AR) model and selection of
an informative frequency band using the spectral kurtosis. We propose to extend
this method by using another criterion of AR model goodness-of-fit and another
measure of impulsiveness. It is worth mentioning that the AR model with constant
coefficients might be used only in the case of constant speed of the machine. In
other cases the model should be extended, e.g. for cyclic changes of rotational
speed a periodic autoregressive model (PAR) might be used [4, 5]. If the speed is
changing not in a cyclic way one can benefit from application of an adaptive AR
filter (i.e. filter with coefficients varying in time) [6–8]. The second step of the
method is designed especially for industrial conditions. Instead of classical kurtosis,
we propose to use another measure which is as good as the kurtosis in the standard
case and more effective in the case of a single excitation occurred during signal
acquisition. Such excitation might not be related to operation of the machine. Since
the kurtosis is very sensitive to such single artifacts, one can benefit from other
measures of impulsiveness, especially those based on quantiles or empirical
cumulative distribution function [9–12].

2 Methodology

The proposed two-stage procedure is based on signal filtering. Here we use both
autoregressive modeling and optimal frequency band selection. Sometimes, the raw
vibration signal contains a strong deterministic contamination which is highly
amplitude modulated. In such case of time varying signal-to-noise ratio the signal of
interest is invisible in both time series and envelope spectrum. Then, signal filtering
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based on measures of dispersion (e.g. the spectral kurtosis) may indicate a wrong
frequency band as informative. We propose to filter out the deterministic signal
using autoregressive filtering. The next step is based on linear filtering using fre-
quency characteristics of the filter obtained by measures of impulsiveness. We
compare filters driven by the spectral kurtosis [13] and one of informative fre-
quency band selectors presented in [9–12].

As it was mentioned, we use the autoregressive model to filter out highly
amplitude modulated mesh harmonics. The AR model of order p is defined as
follows:

Xp

i¼0

/ ið ÞX t � ið Þ ¼ e tð Þ ð1Þ

where /ð0Þ ¼ 1 and e tð Þf g t[ 0ð Þ stands for noise.
It is known, that the AR time series model is able to model noisy sinusoidal

pattern if its characteristic polynomial has complex roots. In the case of a large
number of harmonics a high-order AR model is expected with at least two complex
roots corresponding to one mesh harmonic. As the optimal order indicator we use
the highest Kolmogorov-Smirnov criterion, i.e. AR(p) is said to be optimal if the
Kolmogorov-Smirnov (KS) test statistic of residuals is the highest [14]. According
to the fact that the residual signal in case of local damage should be impulsive, it is
expected that the distance between empirical distribution and Gaussian one is high
—the higher KS statistic, the more impulsive signal. Recall the KS statistic for
signal X(t) is defined as follows [15]:

KS ¼ supx F̂ xð Þ � FðxÞ�� ��; ð2Þ

where F̂ xð Þ is the empirical cumulative distribution function for given signal while
FðxÞ is the cumulative distribution function of Gaussian distribution with param-
eters estimated form the signal.

Moreover, the results of AR filtering are also checked by comparing time-
frequency maps of the residual signal with the raw signal. Parameters of the AR
model are obtained by using Yule-Walker method [16].

Once mesh harmonics are suppressed during the previous step of the procedure,
the residual signal might be still noisy, e.g. when the SOI is relatively narrowband.
We propose to select the informative frequency band using the average horizontal
distance on quantile-quantile plot (QQplot) [9–12]. Namely, we quantify the
average distance between markers and reference line on the QQplot. The QQplot
we use here is a graphical goodness-of-fit tool which compares quantiles of
empirical distribution of the sample with the Gaussian distribution. The reference
line connects first and third quartiles of both distributions. We compare it to the
well-known spectral kurtosis. Both of them are based on analysis of narrowband
slices of a time-frequency map. In this paper we design the filter using not only the
characteristic given by a selector but we also enhance the characteristic by using
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individual thresholds of selector’s value for a given frequency bin. Namely, we put
0 in the frequency characteristic of the filter if the value of the selector is lower than
the threshold for a given frequency bin. The thresholds are obtained using the
Monte Carlo method and inverse pre-whitening [10, 11].

After designing the filter, we filter out the residual signal by computing Fourier
transform of the signal, multiplying it by frequency response of the selector-based
filter and, finally, using the inverse Fourier transform to return to the time domain.
This method is an extension of the method presented in [13], where the filter is
constructed using the spectral kurtosis.

A block diagram of our two-stage procedure is presented in Fig. 1.

3 Real Data Analysis

In this section we present analysis of the data that led us to establish the two-stage
filtering procedure. The time series that we analyze is a raw vibration signal of a
two-stage gearbox that operates in an open-pit mine and transfer torque from an
engine to a belt conveyor pulley.

The gearbox reveals two kinds of damage. They are related to a local damage of
first and rather distributed one for second shaft (fault frequencies 16.5 and 4.1 Hz,
respectively). Length of the signal is 2.5 s and sampling frequency 16384 Hz.

Figure 2 presents the raw vibration signal (time series, envelope spectra and
spectrogram). Time-frequency map of the signal shows that there are three inter-
esting features of the signal. One is a strongly amplitude modulated high-energy

Fig. 1 Block diagram of the two-stage procedure
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component that affects the shape of the signal (denoted by A). The second is
consisted of two informative frequency bands (B, C) with visible horizontal lines
corresponding to cyclic wideband excitations related to damage. The third is an
artifact (single, non-cyclic wideband excitation), denoted by an ellipse. Perturba-
tions like this should not be associated with any kind of damage.

As it can be seen on the envelope spectrum, amplitude modulation frequency
equals to 4.1 Hz and the first and second harmonic are clearly visible.

Single stage procedures based on informative frequency band selection do not
work properly, due to high-energy amplitude modulated components (Fig. 3).
Harmonics being multiplies of 4.1 Hz are dominating.

To suppress components related to 4.1 Hz amplitude modulation we fit an AR
model to the raw time series. The highest Kolmogorov-Smirnov statistic criterion
recommends AR(45) as the most suitable model (Fig. 4).

The residual signal obtained using AR filtering is presented in Fig. 5. Plot of time
series presents the artifact and a barely visible cyclic pattern. The signal is too noisy
to see a clear pulse train related to the local damage of the first shaft. The envelope
spectrum shows that the frequency of excitations barely visible in time series equals
to 16.5 Hz and the second harmonic is present. However, there is still quite large
amount of noise that can be seen in the envelope spectrum. The time-frequency map
presents two informative frequency bands (B and C, Fig. 5, panel (c)). These bands

Fig. 2 Raw time series a, normalized envelope spectrum b and time-frequency map c of the raw
vibration signal
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are relatively narrow which is consistent with large amount of noise in the time series
plot. To extract only the SOI we decided to filter this signal using linear filters with
frequency responses obtained by both the SK and QQplot average distance described
in [9–12]. The thresholds are obtained using 1,000 Monte Carlo repetitions and
quantiles of order 99 % are taken as individual thresholds for each narrowband
frequency bin.

Figure 6 shows that the accidental impulse has great influence on the SK and the
filtered signal is consisted mainly of high-frequency component which includes the
artifact. As it can be seen on spectrogram (Fig. 6d), the SK also detected the
informative frequency band, but values of frequency response at the highest bands
are very large. Such structure of the signal results in noise in the envelope spectrum,
Fig. 6c i.e. none of the harmonics related to the fault frequency are indicated. In the
presence of artifact the result obtained by only AR filtering is much more efficient.

The filter driven by the selector that is a result of quantifying average horizontal
distance on the quantile-quantile plot also indicated the high-frequency artifact, but
its influence on the filtered signal is much lower (Fig. 7). Amplitude of the artifact is

Fig. 3 Normalized envelope spectra of the raw vibration signal filtered using the spectral kurtosis
(a) and the horizontal QQplot distance (b)

Fig. 4 Kolmogorov-Smirnov test statistic value versus order of autoregressive model. The highest
value is obtained at p = 45
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Fig. 5 Time series a, normalized envelope spectrum b and time-frequency map c of the signal
after AR(45) filtering

Fig. 6 Time series (a), frequency response of the filter based on the SK (b), normalized envelope
spectrum (c) and time-frequency map (d) of the AR-residual signal after applying the filter based
on the SK
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just a little bit higher than average amplitude of the pulse train (Fig. 7a). Moreover,
the pulse train is clearly indicated. The frequency characteristic of the filter shows
that the selector based on average QQplot horizontal distance indicated frequency
bands B and C as the most informative ones (Fig. 7b). Envelope spectrum of the
filtered signal clearly shows that the artifact has no influence on the fault frequency
recognition (Fig. 7c). This is the most valuable advantage of incorporating a dif-
ferent selector than the SK. Comparing the result of the two-stage filtering proce-
dure to the signal filtered only by AR filter one can observe that our method results
in a signal with significantly decreased amount of non-informative noise. Ampli-
tude modulation of the signal of interest is clearly visible and several harmonics of
the fault frequency are visible. The indicated frequency is related to the local
damage of the second shaft, i.e. 16.5 Hz.

4 Summary

In this paper a new procedure of signal filtering for local damage detection is
proposed. Presence of time-varying signal-to-noise ratio in the vibration signal
leads to the two-stage procedure. It is particularly useful even if an accidental

Fig. 7 Time series a, frequency response of the filter based on the average QQplot horizontal
distance b, normalized envelope spectrum c and time-frequency map d of the AR-residual signal
after applying the filter based on the average horizontal QQplot distance
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impulse (not related to damage) is present in the time domain. Such artifact affects
frequency characteristic of a filter based on the spectral kurtosis, thus one can
benefit from using another measure of impulsiveness, e.g. average horizontal dis-
tance on quantile-quantile plot. Such measure might indicate informative frequency
band as well as kurtosis, but it is less sensitive to a single excitation that might
occur during signal acquisition in industrial conditions.
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