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Abstract
Diagnosing the condition of the machine during its operation by non-invasive methods is most often
reduced to measuring the acceleration of vibrations occurring on the housing, as close as possible to
the observed element or changes in sound pressure in the immediate vicinity of the machine. For
proper inference about the condition of a given machine element, the registered signals should be
undisturbed by signals coming from other components and free from external interference. In the
case of simple stationary machines, it is quite simple, but in the case of more complex systems, such
as a car, which in addition is in motion, things get complicated In the available literature we find
examples of the effectiveness of using ordinary coherence function to separate signals from two
independent sources[1,2,3]. This work presents attempt to build an algorithm that uses signals from
a multi-point measurement system to analyze multiple coherence functions, which allows to separate
signals from various sources. It can then get diagnostic information from the signal thus separated.
The effectiveness of the algorithm was tested on a model simulating signal mixing, and then using
signal coherence function and knowledge of the transmittance function, the signals were separated.
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1. Introduction
The progress of digital technology has enabled an increase in the computing power of
computers and thus it has become possible to use simulation methods to create, calculate
and process signals based on complex mathematical models. The mathematical model of
the system is a reflection of physical phenomena in mathematical relations between the
input and output of the model. Built simple models with increasing accuracy reflect
phenomena occurring in real physical objects, which are confirmed by experimental
verifications.
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In real complex systems, e.g. a car, this consists of many elements such as: engine,
gearbox, suspension system, etc. The vibroacoustic signal is generated by various
elements of the system, e.g. gear wheel cooperation, crankshaft rotation, ignition, etc.
These elements we can consider as source. Unfortunately, direct measurement of source
signals is impossible. From here, we try to measure the source as close as possible. For
multi-source systems, measurements should be made at least as many observation points
as there are sources. If we assume independent linear propagation paths between the
source and the output point Figure 1,[4] and assume that the signal from the observation
point is equal to the source signal [5], then the ordinary coherence function between the
source signal and the output signal y(t), will estimate as a part of the signal xn(t) is in the
signal y(t) for a given frequency f.
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Figure 1. Multi-line / single-output linear system
Equation (1) describes the ordinary coherence function.
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In most cases, complex systems are not as simple as shown. Source signals xrn(t) are
recorded in all output signals in various proportions described by equation (3). The
proportions depend on the function of the transition between the source and the
observation point. As the distance increases, the source part in the xn(t) signal decreases
Figure 2.

Figure 2. Signal propagation path x1n(t) and observation points
The ordinary coherence function calculated from such signals causes erroneous
inference, as to the origin and value of source signals [6] and therefore, such a signal is not
suitable for diagnostic use. It is necessary to use a signal separation algorithm, that will
enable the source signals to be reproduced based on the knowledge of the output signals.
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Several separation techniques exist. The main difference is in the field of activity [7].
Signal separation can be done in the time or frequency domain. The article discusses the
separation of signals in the frequency domain using the partial coherence method.
2. Construction of the signal mixing model
The built model of the system can consist of any number of input signals xnr(t), described
by any functions Figure 3. In the assumed algorithm, to more accurately reflect real
systems, the signal was described by a polyharmonic function modulated by another
harmonic function (2).
𝑥𝑛𝑟 (𝑡) = 𝐴(𝑡) ⋅ cos( 2𝜋 ⋅ 𝑓𝑛 + 𝜙(𝑡))
(2)
where: A(t) - amplitude modulation function, 𝜙(𝑡) - phase modulating function
𝑓𝑛 - frequency characterizing the signal
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Figure 3. Model diagram of signal mixing
The number of output signals xn(t) should be the same as the input. In addition, between
the input and the output of the same signal pairs, the transition function hnn(τ)=1.
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Additionally, noise zn(t) was added to the output signals. The output signals are the sum
of the respective input signals and their transition functions hni(τ):
𝑥4 (𝑡) = 𝑥4𝑟 (𝑡) ∗ ℎ44 (𝜏) + 𝑥1𝑟 (𝑡) ∗ ℎ14 (𝜏) + 𝑥2𝑟 (𝑡) ∗ ℎ24 (𝜏)+
(3)
+𝑥3𝑟 (𝑡) ∗ ℎ34 (𝜏) + 𝑧4 (𝑡)
Sample graphs of gain factors are shown in Figure 5.

Figure 4. Gain factor (transmittance) |Hn(f)|
In the further part of the model considerations, an example was considered for four
input signals and four output signals (observation points). Polyharmonic signals xnr(t) were
generated and linear transformations were made for various transmittances hnn(τ).
As a result of these calculations, the output signals xn(t) were obtained. Only knowledge
of these signals were assumed for further calculations. The spectrum of the signals xnr(t)
and the mixed signal x4(t) are shown in Figure 5.
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Figure 5. Spectral density of input (source) signals and output signal x4(t)
3. Signal separation
2
For linear systems, the ordinary coherence function 𝛾𝑥𝑦
can take values <0 to 1>, where 1
means that the signals are coherent and 0 means no coherence. For such adopted values
we can assume that each non-coherent part of the signal comes from external interference
(noise) or from other sources in the system. When calculating the ordinary coherence
function between the output signals x1(t), x2(t), x3(t), x4(t) we note that the value of the
function is falsely inflated by signals from other sources. To eliminate the overstated
value, the partial coherence function was calculated, which consists in eliminating from
both signals a part from other sources (4,5,6,7) [8]. The logical diagram of the calculations
for four inputs and four outputs is shown in Figure 6.
2
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Where: y – signal sought, q! - number of subtracted signals
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Figure 6. Signal separation diagram
The residual spectral density of the variable y was calculated from the relationships:
2
𝑆𝑦𝑦•1 = [1 − 𝛾1𝑦
] ⋅ 𝑆𝑦𝑦
(8)
2
𝑆𝑦𝑦•2! = [1 − 𝛾𝑦:2! ] ⋅ 𝑆𝑦𝑦
(9)
2
(10)
𝑆𝑦𝑦•𝑞! = [1 − 𝛾𝑦:𝑞!
] ⋅ 𝑆𝑦𝑦
For the calculations polyharmonic input signals xnr(t) were assumed, consisting of two
different frequencies in which one is modulated by the other. The frequencies are in the
range of 0-1000 Hz. The source signal sample length consists of 214∙60 points. 214 points
were used for the analysis, from which the Fourier transform was calculated and averaged
with the 60% overlap. Then, between the output signals, the partial coherence (7) was
calculated and the spectra of the input signals (10) were reproduced. They were compared
with the assumed source signals and the results obtained are presented in Figures 7.
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Figure 7. Spectral density of source signals and separated signals
4. Conclusions
After starting the digital algorithm, the signals were automatically separated and compared
with the input signals. It was found that with such assumptions, the approximation error
is so small that even such a simple algorithm works correctly. Based on the knowledge of
only output signals, we are able to separate a signal that can be used as a diagnostic
symptom.[9,10,11] Figure 7 will show the input signals and their corresponding separated
signals.
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