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Abstract

We propose the use of blind source separation (BSS) for separation of a machine signature
from distorted measurements. Based on an analysis of the mixing processes relevant for machine
source separation, we indicate that instantaneous mixing may hold in acoustic monitoring. We
then present a bilinear forms-based approach to instantaneous source separation. For simulated
acoustic mixing, we show that this method may give rise to a more robust separation. For
vibrational monitoring, a convolutive mixture model is more appropriate. The demixing algo-
rithm by Nguyen Thi–Jutten allows for separation of the contributions of two coupled machines,
both in an experimental setup and in a real-world situation. We conclude that BSS is a
feasible approach for blind separation of distorted rotating machine sources. c© 2002 Elsevier
Science B.V. All rights reserved.
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1. Introduction

Many machines contain rotating elements, which causes that speci3c frequency com-
ponents are present in the machine vibration spectrum. Deviations from normal behav-
ior show up as distinct di5erences with respect to the normal spectrum (the machine
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;ngerprint). This is the basis for many techniques for machine diagnostics and con-
dition monitoring [22]. In this paper, we investigate to what extent the contribu-
tion of a machine source to a multichannel acoustic or vibration measurement can
be separated when using only general assumptions on the source signals and the
mixing process. Fault-related machine vibration is usually corrupted with structural
machine vibration and noise from interfering machinery. In the presence of nearby
non-isolated machines (e.g. in ship engine rooms), severe interference may be present
in the measurements. Many well-known techniques from signal processing have been
applied to interference removal [20]. They either rely on detailed knowledge about
the type of source that is to be identi3ed (e.g. an impulsive excitation, as with bear-
ing failures) or on the identi3cation of the transmission characteristic (in a modal
analysis). In contrast, we take a blind approach, where we aim at separation of
machine sources using only sensor measurements and general characteristics of the
supposed source signals. In an acoustical measurement setup, the machine source
propagates through the air and mixes on the sensor array with other sound sources.
We explain the di5erence between both types of mixing in the next
section.

In previous work [10,16] separation of the underlying sources in vibro-acoustical
systems was studied using a singular value decomposition of the cross-spectral ma-
trix or using modal and eigenvector beamformers [17]. Gelle [13] concluded that
the instantaneous mixing model did not hold for vibration measurements from the
machine under consideration. Supposedly, this is related to the mechanical proper-
ties (e.g. rigidity) and size of the structure under investigation. Subband 3ltering of
the measurements may give rise to approximately instantaneous mixing. We proposed
in earlier work to separate machine vibration sources using independent component
analysis (ICA) [33] for cases where the instantaneous mixing assumption holds. We
used the MDL-based ICA algorithm [25] for this task; this algorithm is related to
the second-order blind identi3cation (SOBI) method by Belouchrani et al. [2], but
di5ers in spirit (it is based on the MDL-principle) and in the cost function that is
minimized.

In Section 2, we analyze the mixing processes relevant for blind source sepa-
ration (BSS) in a rotating machine monitoring context. In Section 3, we describe
the blind separation problem and the algorithms we used in our later experiments.
An important family of separation algorithms is the orthogonal source separation
algorithms that 3rst prewhiten the signals and then estimate the missing
unitary matrix through joint diagonalization of a set of matrices. The bilinear forms
approach that we propose in this paper uni3es several orthogonal separation algo-
rithms and allows for combinations of these algorithms. We then describe the Nguyen
Thi–Jutten [23] algorithm for demixing of convolutive mixtures. In Section 4, we
demonstrate that the bilinear forms framework allows for combination of several sep-
aration criteria, where the demixing may be more robust than with conventional
algorithms. In Section 5 the BSS approach is validated in three di5erent setups with
rotating machines, exhibiting both acoustic and vibrational mixing. We show that
the relevant machine contribution can be separated out of the measurements
blindly.
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2. Mixing of rotating machine sources

Nearly every machine will emit a certain amount of noise and vibration: machines
are often not perfectly balanced, contact between moving elements in the machine may
not be ideal, manufacturing imperfections will be present or vibration may occur as a
consequence of the operation [11]. Vibration sources in machines are usually events
that generate forces and motion during machine operation. These include [20]: shaft
imbalance, impacts (e.g. due to bearing faults), Guctuating forces during gear mesh
(as a result of small variations during machine operation or variations in local contact
sti5ness), electromagnetic forces and pressure- and Gow-related sources. As a result,
(series of) harmonic components will dominate the spectrum of the measurements.
Particular contributions to machine vibration are caused by nonstationary or nonlinear
phenomena, which can be characterized with time–frequency methods [19,24] or with
methods for cyclostationary signal analysis [4].

2.1. Acoustic mixing

In acoustic monitoring, the mixing process can sometimes be modelled as instanta-
neous [28]. A narrowband acoustic signal s(t) that enters a sensor array from the far
3eld will experience a time delay � when travelling from one sensor to the next, de-
pending on the direction of arrival � and the interelement spacing � (in wavelengths).
If this delay is small compared to the inverse of the bandwidth W of the signal, i.e.

W��1 (1)

the delayed signal can be modelled as a phase-shifted version of the “3rst” signal,
where the phase shift � equals

� = ej2	L sin �: (2)

If we have a sensor array with equispaced omnidirectional sensors at the locations
�i; i = 1; : : : ; M (in wavelengths), the M -dimensional measurement vector x(t) can be
modelled as

x(t) = [e j 1 ; e j 2 ; : : : ; e j M ]Ta(�)s(t) = a(�)s(t); (3)

where the steering vector a(�) is expressed in terms of  i(�),

 i(�) = 2	�i sin � (4)

and the sensor gain pattern a(�). If one considers the case where N independent
(narrowband) sources at di5erent locations are impinging on the array simultaneously,
a linear mixing matrix between sources and sensors can be postulated:

x(t) = As(t); A = [a(�1) : : : a(�N )]; (5)

where the mixing vectors ai are attenuated or ampli3ed steering vectors (assuming that
the multipath propagation model holds). In practice, the narrowbandness assumption
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has to be veri3ed. A useful heuristic is to check whether the product of source band-
width W and maximum inter-element delay � is suMciently small. The planar wave
assumption (i.e. the source is in the far 3eld) may not be valid if the sensor array is
close to a source. Moreover, the environment may cause reGections and scattering of
the signal into multipath rays. For measurements in open or suburban terrain, the angle
and delay spread due to these e5ects is expected to be small [28]. If one of the above
assumptions does not hold, a convolutive mixture model should be used. The main
di5erence between (informed) beamforming techniques and methods for blind beam-
forming and source separation is the criterion that is used for separation: beamforming
uses the directivity of the sources and assumes that disturbances make nonzero angles
with the relevant sources. Blind source separation on the other hand assumes statistical
independence or spatiotemporal uncorrelatedness among the source signals and does
not exploit the parametric structure of the mixing matrix, only its linearity.

2.2. Mixing in vibrating structures

Vibration in machines takes the form of compressional (longitudinal) and bending
waves mainly. Regardless the frequency, compressional waves travel at the same speed,
whereas bending waves with di5erent frequencies travel at di5erent speeds. The latter
phenomenon is called dispersion [20]; dispersion changes the waveform. Moreover, a
machine will usually exhibit reverberation e5ects: multiple reGections and propagation
along di5erent paths in the structure. Dispersion and reverberation can severely dis-
tort waveforms indicative of faults. The degree of coherence between two vibration
measurements at di5erent positions on a machine will vary from completely coherent
(when the vibration is dominated by rigid body motion or when strong reverberation
is present), to completely incoherent. In between those two extremes, the situation
arises where both “spatial diversity and redundancy” exists between a set of machine
vibration sensors; this is the case we focus on. Note that already in 1987, Lyon [20]
recommended that adaptive systems should be developed that learn machine transfer
functions from arrays of accelerometers.

In damaged rotating machines, a characteristic signal that is indicative of wear or
failure will be repeated during each machine revolution and will be 3ltered at the
machine casing with the local impulse response. The transmission path between a
sensor and a vibration source is hence modelled as a linear 3lter hij(t) [8,20]. For the
general situation with multiple sensors and multiple vibration sources (both internal to
the machine and external interferers), we model the response at position j as

xj(t) =
Nf∑
i=1

hF
ij(t)?Fi(t) +

Ni∑
i=1

hI
ij(t)?Ii(t) + hS

j (t)?m(t) + nj(t); (6)

where ? denotes the convolution operation. The above expression is close to the expres-
sion given in [8]. It is a convolutive mixture of Nf fault-related vibration sources Fi(t),
vibration from Ni interfering machinery components Ii(t) and 3ltered modal machine
response m(t) due to all remaining excitation sources arising with normal machine
operation and structural imperfections. We introduced a “structural 3lter” hS

j (t) that
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Fig. 1. (a) (Left): Experimental setup with coupled pumps; (b) (right): contributions from various internal
and external sources are measured at the machine casing.

accounts for the “attenuation” of a mode due to sensor measurement direction and
position (e.g. when putting a sensor on the position of a nodal line). By making the
attenuation of certain modes explicit, we emphasize that the position of a sensor can
highly inGuence the actual measured response. We also include a set of interfering
sources into the model. It is not obvious that these interferers (possibly from other
machines or remote machine components) appear as an additive contribution. In Section
5.2, we investigate the suitability of this model in a setup with two coupled pumps, see
Fig. 1(a). Depending on the purpose of the monitoring setup, a source can be designated
as a fault source or as an interference source. The ambient and sensor noise are given
by the nj(t) term. The various components of machine vibration measurements are
displayed schematically in Fig. 1(b).

3. Methods for blind source separation

We give an overview of blind source separation in the next section, introduce the
bilinear forms framework for instantaneous source separation and describe a method
for convolutive demixing (simultaneous demixing and equalization).

3.1. Instantaneous mixing

Consider the case where one has access to multiple realizations x(t) of a mixture
of independent signals s(t). Assuming a linear mixing matrix A and allowing additive
noise n(t) leads to the model

x(t) = As(t) + n(t); (7)

where boldface variables denote random vectors with zero mean and 3nite covariance.
Source vector s(t) is assumed to have statistically independent or spatiotemporally
uncorrelated components. In a real-world source separation problem, the vectors x(t)
and s(t) live in Rn and Rm, respectively (or in Cn and Cm for certain man made or
analytic real-world signals) and the number of sources is assumed to be less than or
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equal to the number of measurements (m6 n). The term n(t) represents white Gaussian
noise with covariance matrix �2I . The blind source separation problem (BSS) is now:
given T realizations of x(t), estimate both mixing matrix A and the independent sources
s(t). Unless the noise covariance can be estimated, s(t) cannot be recovered exactly.
Approximate reconstruction can be done with independent component analysis. Here
one recovers the sources s(t) with signals y(t)

y(t) = Wx(t) = ŝ(t) (8)

such that y is a random vector whose components maximize a contrast function,
chosen to be maximal when the components of the vector under investigation are sta-
tistically independent. One can only recover the original sources up to scaling and
permutation, i.e. W = �PA−1, where � and P are a scaling and a permutation matrix,
respectively. This means that the proper amplitudes of the signal cannot be retrieved
without any prior knowledge on the sources. The contrast function is usually based
on the higher-order statistics (HOS) of the (empirical) distribution of the reconstructed
sources [6,9,14]. If the sources do not show signi3cant skewness or kurtosis (non-
gaussianity is not present or cannot be determined accurately due to low SNRs), the
presence of temporal coherence in the sources can be used to separate the sources when
the sources have di5erent frequency spectra [2]. Second-order statistics are considered
more robust than higher-order statistics [26,27].

3.1.1. BSS with bilinear forms
A bilinear form g is a function g(·; ·) of two signals that expresses the degree of

similarity between the signals in terms of a generalized cross-correlation.
Let U and V be vector subspaces over C.

De�nition 3.1. A function g(u; v) :U × V → C is called a bilinear form if it satis3es
the following properties:

(1) g(u1 + u2; v) = g(u1; v) + g(u2; v) for all u1; u2 ∈U; v∈V .
(2) g(u; v1 + v2) = g(u; v1) + g(u; v2) for all u∈U; v1; v2 ∈V .
(3) g(�u; v) = �g(u; v) for all u∈U; v∈V and �∈C.
(4) g(u; �v) = �∗g(u; v) for all u∈U; v∈V and �∈C.

An example is the inner product bilinear form, denoted by g0(x1; x2)

g0(x1; x2) = lim
N→∞

1
N

N∑
t=0

x1(t)∗x2(t); (9)

where the ∗ operator denotes complex conjugation. We will describe other bilinear
forms in the sequel. In order to be suitable for source separation, a bilinear form g
must satisfy

g(yk ; yl) = ck'kl; 16 k; l6m; (10)
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where the yi; i = 1; : : : ; m, are components of the estimated source vector y. We have
now dropped the time index t. Moreover, with 'kl we denote the Kronecker delta
and ck is nonzero for all k. Both sources and mixtures are now considered to be
complex-valued random variables. When applied to a multidimensional vector y, a
bilinear form gives rise to a generalized covariance matrix:

g(y; y) = Rg
yy =




g(y1; y1) · · · g(y1; ym)

...
...

g(ym; y1) · · · g(ym; ym)


 : (11)

This matrix will be diagonal if the reconstructions yi are proper estimates of the
sources. Bilinearity implies that

g
(∑

�kxk ;
∑

)lxl
)

= �HRg
xx) (12)

for a linear mixture x with components xi, i = 1; : : : ; n. In this formula, Rg
xx is de3ned

analogous to Eq. (11), and parameter vectors � and ) are written as � = [�1; : : : ; �n]T

and ) = [)1; : : : ; )n]T.
Bilinear forms can be used as criteria for source separation. A proper demixing

matrix W should separate the sources, which results in generalized covariance matrices
that are diagonal for all chosen bilinear forms. It is known that in the noiseless case,
prewhitening of the data leaves a unitary transformation Q to be estimated in order to
retrieve the demixing matrix W [2]. We need at least one more bilinear form (other
than the inner product) to identify this unitary transformation. The separation algorithm
now consists of two steps:

Prewhitening: Let Vs = span{s1; : : : ; sm}. Find a basis z1; : : : ; zm of Vs such that
g0(zk ; zl) = 'kl. The z1; : : : ; zm components are called prewhitened measurements, since
no cross-correlation exists between these components.
Estimate Q: The remaining unitary transformation Q is found, such that

Q[z1; : : : ; zm]T = [s1; : : : ; sm]T.

The 3rst step can be performed using principal component analysis. The second step
is implemented through the use of joint diagonalization. To solve for the unitary factor
we compute Rgl

zz for l = 1; : : : ; M , and search for a unitary matrix Q such that QRgl
zzQ

H

are simultaneously (approximately) diagonal. This can either be implemented using the
JADE algorithm [7] or using the joint Schur decomposition [29]. In JADE, a set of
consecutive Jacobi rotations is performed in order to diagonalize the set of matrices
Rgl
zz approximately; because of 3nite sample size e5ects and noise these generalized

covariance matrices are never exactly diagonalizable. After the JADE operation, each
of the matrices individually need not be diagonalized exactly, but the criterion function

C(R; Q) =
M∑
l=1

o�(QRgl
zzQ

H ) (13)
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is minimized. Here, the function o�(·) of a matrix is the sum of the squared non-
diagonal elements, and R is the set of matrices to be (approximately) diagonalized.
The consequence of prewhitening is that in3nite weight is put to the data correlation
matrix, which may lead to estimation errors in cases with small sample sizes or noise.
Recently, an attempt has been made to approximately diagonalize a set of matrices with
an arbitrary (not necessarily unitary) matrix Q [30]. In this paper we will not consider
this approach, although it would 3t well into our framework. The previous formulation
allows the incorporation of several existing algorithms for source separation, depending
on the choice of bilinear form. We will mention three examples, which are used for
source separation in our experiments. More information is given in [18,31].

Temporal correlation: We obtain the SOBI algorithm [2] by choosing

gki(x1; x2) = lim
N→∞

1
N

N∑
t=0

x1(t)∗x2(t − ki): (14)

Time–frequency distributions: We obtain Belouchrani’s time–frequency algorithm
[3] by choosing

gt;f(x1; x2) =
∑
m;l∈Z

’(m; l)x1(t + m + l)∗x2(t + m− l)e−4	jfl (15)

using time–frequency atoms (t; f) and smoothing kernel /(m; l).
Cyclostationarity: We note that the solution to the generalized eigenvalue problem

that arises with the phase-SCORE algorithm [1] is equivalent to the solution obtained
with joint diagonalization of the bilinear forms

g�;k(x1; x2) = lim
N→∞

1
N

N∑
t=0

x1(t)∗x2(t − k)e−2	j�t : (16)

This allows for an extension of the phase-SCORE algorithm: in the case of multiple
features (�i; ki), all we need to do is to jointly diagonalize the corresponding bilinear
forms.

We note that also subband 3ltering approaches to blind source separation (e.g. [15])
may be uni3ed in the bilinear forms framework [31].

3.2. Convolutive mixing

We have seen in Section 2 that sources in vibrating structures will both be 3ltered
and mixed. The convolutive mixture model is then more appropriate:

xi(t) =
n∑

j=1

{
N∑

k=0

Aji(k)sj(t − k)

}
; i = 1; : : : ; m; (17)

where A is now a matrix of FIR-3lters Aji and the sources and mixtures are again
considered real-valued random variables. An additive noise term can easily be included
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in the model. The aim is to 3nd the matrix of FIR-3lters that jointly demixes the
measurements (to undo the spatial mixing operation) and equalizes the sources (to
undo the temporal 3ltering operation performed by the transmitting medium). This
problem can be solved in both the time domain [23,26] and the frequency domain
[12,21]. The frequency domain methods often use the fact that a convolutive mixture
corresponds to an instantaneous mixture in each (suMciently narrow) frequency band
[21].

3.2.1. Algorithm by Nguyen Thi and Jutten
An example of the time-domain approach to convolutive demixing is the algorithm

by Nguyen Thi and Jutten [23]. In this algorithm, a convolutive mixture of two sources
s1; s2 measured with two sensors x1; x2 (also referred to as a 2×2 convolutive mixture)
is modelled in the Z-domain by

x1(z) = A11(z) · s1(z) + A21(z) · s2(z);

x2(z) = A12(z) · s1(z) + A22(z) · s2(z); (18)

where the 3lters Aji(z) are linear and causal FIR 3lters of order M :

Aji(z) =
M−1∑
k=0

aji(k) · z−k : (19)

The model is simpli3ed by assuming that each sensor is close to one source, which
leads to 3lters A11(z) = A22(z) = 1. The aim is now to estimate the inverse 3lter
matrix

B(z) =

[
1 B21(z)

B12(z) 1

]
(20)

such that

B(z)A(z) =

[
H11(z) 0

0 H22(z)

]
: (21)

Note that the solution can be determined blindly only up to a permutation and a
3ltering, i.e. a matrix B(z) that results in a product matrix B(z)A(z) with zeros and
FIR 3lters Hii interchanged with respect to the above matrix also separates the sources,
while any remaining FIR 3lter Hii suMces. The inverse matrix to be identi3ed consists
of FIR 3lters only and the inverse “close sensor” 3lters are constrained to unity. The
algorithm performs an adaptive cancellation of higher-order cross-statistics, e.g. by
3nding the zeros of E[ŝ2

i (t)ŝj(t − k)] with the update rule

cij(t + 1; k) = cij(t; k) + 1ŝ3
i (t)ŝj(t − k); (22)

where cij(t; k) is the estimated demixing 3lter coeMcient at tap k and time t (using a
recursive demixing architecture [23]) and 1 is the (positive) step size. It was shown in
[5] that convolutively mixed harmonic signals may be separated on the basis of their
higher-order statistics.
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4. Combining di�erent bilinear forms

In the bilinear forms framework we can include several second-order criteria simulta-
neously for source separation. We investigate the merits of this approach with simulated
directional narrowband sources that exhibit both temporal coherence and cyclostation-
arity. We generated two cyclostationary sources with temporal correlations, i.e. two
complex modulated analytic AR(1)-sources with random initial phase. These sources
were mixed such that the mixing simulates impinging on an array with 5 sensors at
directions of arrival of 12 and 13◦s. The length of the signals was 512 samples. Apart
from direction of arrival, the source signals only di5er with respect to their modulation
frequency f1 = f0 + Lf. We chose f0 to be equal to 0:3fs, where the sampling
frequency fs was de3ned to be 1. The maximal frequency shift Lf was 0:1fs. We
compare the results obtained with SOBI, SCORE and a combination of both methods
if we vary the frequency shift Lf. We repeat 250 runs of the source separation al-
gorithm (SOBI, SCORE or their combination), and the median SINRs (in dB) over
250 runs, averaged for both sources, are computed. We chose the set of delays as
{1; : : : ; 25}, i.e. in both SOBI and SCORE we used 25 generalized covariance matri-
ces (and 50 matrices in the combination algorithm). In Fig. 2(a) the result is plotted
for source SNR −5 dB. It can be seen that for small spectral di5erence only SCORE
(denoted as cyclo in the 3gure) will be able to do the separation. For large spectral
di5erence (Lf¿0:01) there is suMcient information in the lagged covariance matrices,
which results in better performance of SOBI. The combination algorithm (denoted as
cyclosobi) follows the better performance of both methods: for small spectral shift it
behaves like SCORE, whereas for larger shifts it approaches SOBI. We noticed a large
variation in 250 repetitions of an experiment. In order to quantify this, we determined
the cumulative density of the averaged SINR for both sources over 250 repetitions. In
Fig. 2(b) the empirical cumulative distribution for a small and a large spectral shift, i.e.
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Lf = {0:001; 0:1}, is shown for SOBI, SCORE and their combination. For small shift
the combination behaves like SCORE, whereas for large shift it behaves like SOBI. In
both cases it follows the maximum performance. From several experiments we noticed
that the bene3t of combining SCORE with SOBI depends on a proper choice of time
lags [31,32]. In [34] it was shown that for SOBI this choice may be related to the
subbands where the sources are spectrally di5ering, which may be used in the future
as a criterion for choosing the set of time lags. We conclude that with suitable choices
for the set of time delays, combination of SCORE and SOBI for separation of sources
that exhibit both types of structure allows for approximation of the individually best
performances in cases where the dominant signal structure (cyclostationarity or temporal
coherence) is not known a priori.

5. Separation of machine noise

5.1. Separation of acoustical sources

In an outdoor acoustical measurement setup in a suburb of a Dutch town, noise from
a passing car was measured on a logarithmically spaced 5-microphone array. Severe
disturbances were present like: a rotating machine running stationary around 60 Hz that
was positioned at approximately 15 m from the 3rst sensor in the array at an angle of
45◦; an airplane crossing the scene at high altitude; wind bursts from vegetation in the
vicinity of sensors 4 and 5 in the array. The measurements were lowpass-3ltered, so the
sources remaining in the measurements were wind, car and machine. The inter-element
spacing was such that beamforming techniques could not be used for source separation
(severe spatial aliasing was present). Moreover, the fact that vegetation and car noise
were impinging on the sensor with similar directions of arrival was expected to prohibit
the use of beamforming for source separation. In the measurement setup, no signi3cant
reGections from the environment or from the ground were expected. A calculation of
the maximum W� product for the sources and the inter-sensor delays, assuming a maxi-
mum frequency of interest of 75 Hz and a maximum direction of arrival of 45◦ revealed
that the instantaneous mixing assumption held approximately for the 3rst 4 sensors in
the array (W�≈0:7). A 3rst attempt at source separation using delay-and-sum beam-
forming (we time aligned the signals with respect to the most dominant source using
cross correlation between the sensors) corroborated our expectation that beamforming
is not suitable for this setup. In the spectra corresponding to the aligned measurements,
mixing can still be observed, Fig. 3(a). We attempted further separation by using blind
instantaneous source separation with bilinear forms.

The time–frequency plot of a typical measurement is shown in Fig. 4(a). The rotating
machine (stationary component around 60 Hz) was not visible in any time–frequency
plot of the measurements. After prewhitening we obtained spectra that contained several
components where machine and car were severely mixed. Since one of the sources is
moving (the car), we can take the nonstationarity of the signal due to this source into
account. We applied the time–frequency algorithm of Eq. (15) with kernel /(m; l) = 1
(so we used a Wigner distribution) to the measurements, using the 20 matrices that
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Fig. 3. (a) (Left): Spectra of outdoor acoustical measurements, after time-alignment; (b) (right): separated
components using time–frequency BSS.
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Fig. 4. Time–frequency plot of ((a) left) a typical measurement: and ((b) right) a component consisting of
rotating machine plus wind.

represent the most energetic tf-atoms. The signals were downsampled to approximately
200 Hz and the time–frequency atoms had a width of 50 time samples and approx-
imately 1:5 Hz. This resulted in the spectra of Fig. 3(b). The rotating machine is
separated into the 3fth component: harmonic peaks at 30 and 60 Hz are clearly dis-
cernible. Its time–frequency signature is plotted in Fig. 3(b). The second component
is predominantly a wind component and the 3rst component contains mainly the car
signature, see Figs. 3(b) and 5(a). The component due to sensor 5 seems to be ignored
in the separation procedure: comparison of the tf-plots corresponding to component 5
in Fig. 3(a) and component 2 in Fig. 3(b) revealed nearly identical tf-signatures. This
can be explained by the fact that sources registered on this sensor cannot be consid-
ered as phase-shifted versions of registrations at other sensors. However, care should
be taken that the size of the signal subspace is estimated correctly. In our experiment
we assumed 5 spatially coherent sources, where there are only two present (along



ARTICLE IN PRESS
A. Ypma et al. / Neurocomputing ( ) – 13

1 2 3 4 5 6 7 8
0

10

20

30

40

50

60

70

80

90

Time [s]

F
re

qu
en

cy
 [H

z]

1 2 3 4 5 6 7 8
0

10

20

30

40

50

60

70

80

90

Time [s]

F
re

qu
en

cy
 [H

z]

wv, lin. scale, contour, Threshold=0% wv, lin. scale, contour, Threshold=0%

Fig. 5. Time–frequency plot of 2 independent components in acoustic measurements: (a) (left): car signature;
(b) (right): spurious incomplete car signature.

with the colored noise due to wind and vegetation). The time–frequency signature cor-
responding to component 4 is shown in Fig. 5(b). Since we forced a solution into
5 components with distinct time–frequency behavior (according to the most energetic
time–frequency descriptors), di5erent temporal parts of the car signature are repeated in
spuriously reconstructed components 3 and 4. The important point to note is, however,
that the rotating machine component (the main spatially coherent interference source)
could be separated largely from the car noise. We remark that similar decompositions
were obtained with di5erent choices for temporal bandwidth (10 and 500 time samples,
respectively) and number of included tf-atoms (100) in the time–frequency algorithm.
Application of conventional separation algorithms like SOBI and JADE also led to
comparable results.

5.2. Demixing of two connected pumps

In a laboratory test bench, a small water pump was attached to a larger submersible
pump, see Fig. 1(a). The small pump runs at 100 Hz. The running speed of the larger
pump is 1500 RPM at a nominal driving frequency (of the frequency converter driving
the machine) of 50 Hz. Due to slip and load di5ering from the nominal load, this results
in an e5ective fundamental frequency around 28 Hz at a driving frequency of 60 Hz.
In the spectrum of the submersible pump, harmonics of this fundamental frequency
are clearly visible. In Fig. 6(a) the uppermost spectrum corresponds to a measurement
on the small pump, where the small pump is the only operating machine. The bottom
two spectra are measurements at two di5erent positions on the large pump, where
only the large pump was running. Here, channel 1 denotes measurements from the
sensor on the small pump, channels 2–4 represent orthogonal measurement directions
from a triaxial sensor that is mounted on the middle of the large pump and channel 5
is from a sensor at the bottom (the vane) of the large pump. When both pumps are
running simultaneously, the measured spectra on the small machine and on the position
corresponding to channel 3 on the large machine are shown in Fig. 6(b). Since there
are only two sources present, we could apply the Nguyen Thi–Jutten algorithm to pairs
of mixed sources. Each time, the mixture signal from the small pump was paired with
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Fig. 6. (a) (Left): Measurements at driving frequency 60 Hz while one pump is running, on small pump
(top) and two positions (middle: channel 3; bottom: channel 5) on large pump; (b) (right): measurements
while both pumps are running simultaneously, on small pump (top) and on large pump (bottom, channel 3).
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Fig. 7. Reconstruction of small pump (top 3gures) and machine signature (bottom 3gures) on two di5erent
positions on large pump: (a) (left): channel 2; (b) (right): channel 3.

a mixture signal from the large pump. The demixing results using a 3lter order of 14
and large pump channels 2 and 3 are shown in Figs. 7(a) and (b), respectively. It can
be observed that the harmonic series due to the large pump is separated from the small
pump contribution. We repeated the experiments on measurements with the large pump
running at 23 Hz (due to a driving speed of 50 Hz, slip and non-nominal load). The
measured spectra when both machines are running are shown in Fig. 8(a). Note that
1st, 3rd and 4th harmonics of running speed are clearly discernible at both machines.
The separated signatures using a 3lter order of 14 are shown in Fig. 8(b). These
decompositions are representative of most decompositions we obtained using di5erent
sensor combinations. Sometimes there remains a small amount of cross-talk in the
reconstruction obtained with channel 5, which is possibly due to the fact that channel
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Fig. 8. (a) (Left): Measurements at driving frequency 50 Hz, while both machines are running simultaneously,
on small pump (top) and on large pump (bottom, channel 5); (b) (right): reconstruction of small pump (top)
and machine signature (bottom, channel 5).

5 is more remote to the oilpump than channels 2 and 3. In general, it appears that the
main bene3t is in demixing the big pump signature from the smaller pump (gains up
to 2 dB can be obtained); demixing of the (usually small) contribution of the small
pump to the big pump can lead to a somewhat distorted big pump signature, which
may o5set the demixing gain (in terms of SINR). We also noticed that instantaneous
demixing leads to very unsatisfactory results for this setup.

5.3. Vibrational artifact removal

Vibration was measured on a pumpset in pumping station “Buma” at Lemmer (The
Netherlands), where a gearbox fault (severe pitting in a gearwheel) was present [31].
Mounted onto the gearbox casing was a small oil pump. We measured the vibration on
the gearbox casing and on the oilpump casing, when only the oilpump was running.
In Fig. 9(a) the corresponding vibration spectra are shown. Channel 3 (top subplot)
is measured on the gearbox, channel 7 (bottom subplot) is measured on the oilpump.
Measurement channels 1 and 3 correspond to a sensor position near the driving shaft
of the gearbox, channels 4 and 5 correspond to positions at the top and bottom of the
gearbox casing. The oilpump predominantly emits vibration at multiples of 25 Hz. The
oilpump contribution is observable on the large machine casing as well, though small
in amplitude. If both machines are running simultaneously, we measure the spectra of
Fig. 9(b) on several positions at the large machine (top three plots) and at the oilpump
(bottom plot).

5.3.1. Instantaneous separation
The signals were downsampled to approximately 400 Hz and an inspection of the

eigenvalues of the data covariance matrix revealed that the signal subspace contained
2 to 3 components, see Fig. 10(a). After performing time–frequency ICA on the mul-
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Fig. 9. (a) (Left): Vibration spectrum due to oilpump, measured at gearbox (top, channel 3) and oilpump
(bottom, channel 7); (b) (right): vibration with both machines running simultaneously, measured at gearbox
(top three plots, channels 1, 3, and 5) and oilpump (bottom, channel 7).
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Fig. 10. (a) (Left): Spectra of prewhitened vibration measurements; (b) (right): separated components using
instantaneous tf-separation algorithm.

tichannel measurement (spectral resolution in algorithm was 1024 bins and 50 most
energetic atoms were used), the decomposition shown in Fig. 10(b) was obtained. The
3rst component consists mainly of the gearmesh-related component at 285 Hz (which
was high due to the gearbox fault), whereas the second component contains predom-
inantly structural vibration of the oil pump. The third component contains mainly the
fundamental gearmesh frequency (216 Hz). This component was measured on the oil
pump as well, see Fig. 9(b), 4th channel, but suppressed in the “cleansed” oil pump
measurement, see Fig. 10(b), 2nd channel. Prewhitening is clearly insuMcient for source
separation, see Fig. 10(a), since the peaks at 216, 285 and around 100 Hz are present
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Fig. 11. (a) (Left): Measurements while both machines are running simultaneously, on gearbox casing (top)
and oilpump (bottom); b. (right): reconstructed gearbox signature (top) and oilpump signature (bottom).

in all three components. We noticed that proper choice of frequency band and time
shift was critical for the performance of the algorithm: bad choices did not allow for
signi3cant improvement over PCA. In this decomposition, the relevant gearmesh-related
frequencies are removed from the oilpump signature. However, both frequencies due
to gearmesh are distributed over two di5erent components, which may indicate that
signi3cant time delays are present between di5erent registrations of the gearmesh com-
ponents on the sensor array. This suggests that for the mechanical structure at hand
the mixing process should be modelled as convolutive.

5.3.2. Convolutive separation
We now assumed two underlying sources and applied the Nguyen Thi–Jutten al-

gorithm to pairs of mixtures, analogous to the laboratory experiment with the two
connected pumps. In Fig. 11(a) the mutual cross-talk on both machines is again vis-
ible from the spectra measured at two of the positions shown in Fig. 9, where both
machines were running simultaneously. A convolutive demixing with 3lter order 22
yielded the reconstructions shown in Fig. 11(b). The oilpump contribution to the large
machine is suppressed slightly; however, the removal of the large peaks at 216 and
285 Hz (related to gearmesh) from the oilpump signature is much more signi3cant.
Note that the small peak around 210 Hz in the oilpump reconstruction should not be
confused with the gearmesh component at 216 Hz. The demixing results depend on a
proper choice of the 3lter order. Demixing with a 3lter order of 45 gives comparable
results. Demixing with much smaller or much larger 3lter order yields unsatisfactory
or unstable results for the 2 × 2 convolutive demixing case, which gives an indication
of the time constants in the mixing process of the system. The (spurious) separation
of the 216 and the 285 Hz components in the 3 × 3 (3 sources, three sensors) instan-
taneous demixing case of the previous section indicates that a proper estimation of the
number of underlying sources and use of the proper mixing model is important for
proper blind separation of machine signatures.
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6. Conclusion

When monitoring rotating machines, it is valuable to determine a machine signature
that is free from interfering noise due to neighboring machines or due to the envi-
ronment. This will allow a focus on the relevant spectral signature without spectral
masking e5ects caused by interferers (that may cause false alarms). We use the spatial
diversity and redundancy in a multichannel measurement of machine noise to sepa-
rate the machine signature blindly from disturbing noise sources in the scene. Based
on an analysis of the mixing process that takes place in mechanical structures and in
sound propagation, we indicate that both instantaneous and convolutive mixtures may
be obtained in machine monitoring. We showed that using the bilinear forms frame-
work it is possible to include several types of signal characteristics simultaneously for
separation of instantaneously mixed sources. This can be bene3cial when the sources
exhibit several types of structure and it is a priori not clear under which conditions
each criterion can be used for separation. Speci3cally, it allows the use of particu-
lar rotating machine-related signal structure like cyclostationarity and time–frequency
structure. For simulated directional sources, we showed that combination of di5erent
signal characteristics may give rise to a more robust separation procedure.

In three case studies we showed experimentally that the relevant machine compo-
nent can be separated blindly out of a set of acoustical or vibration measurements. In
the former case, a (stationary) rotating machine source could be separated from the
contribution due to a (nonstationary) car using the time–frequency algorithm, which
can be seen as an instance of the bilinear forms framework. In the latter (convolu-
tive mixing) case, demixing results improve signi3cantly when a convolutive demixing
algorithm is employed. Both observations are in accordance with our prior analysis
of the mixing processes in rotating machine applications. We conclude that BSS is a
feasible approach for blind separation of distorted rotating machine sources.
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