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Abstract
Complex systems are constituted by many inter-
connected components and sub-systems. Op-
timization of the maintenance costs, improve-
ment of the system reliability and safety are the 
main goals of the technical management. To this 
purposes, condition monitoring is one the most 
effective tools to be used both for an early de-
tection of working anomalies and/or incipient 
failures and for increasing the system availabili-
ty during the working activities. This paper pro-
poses a methodology for modeling data coming 
from the monitoring system when Stress Wave 
technology is used in a naval vector. In particular, 
through the detection of Stress Wave Peak Ampli-
tudes, a statistical model based on the mean val-
ues of such peaks, generated by friction or shock 
events, is proposed to be employed for system/
component reliability estimation. The proposed 
methodology can be easily extended to a what-
ever real system. Finally, a numerical example is 
presented. 
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Introduction
In this paper a complex system is intended to 
represent an industrial system, constituted by 
many components and sub-systems, or a na-
val vector or an airplane, generally a whatever 
system employed for different and well defined 
types of missions. System reliability and safety 
during the mission time are the main goals for the 
technical management. On the other hand, by re-
ducing maintenance interventions and systems 
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unavailability, a consequent reduction of costs 
is achieved. Advances over the last few decades 
in electronics and instrumentation have led to a 
vast variety of not intrusive sensors and related 
systems. These sensors are being used to monitor 
physical, mechanical or electrical degradation sig-
nals. Depending on the analysis to be supported, 
different kinds of sensors can be employed. For 
example, in vibration analysis accelerometers are 
employed in order to identify components faults, 
such as defective bearings and misalignment en-
abling maintenance actions before a failure in 
service brings the plant to a halt [1]. With the de-
velopment of acoustic sensors [2] new technolo-
gies can be used. In this paper Stress Wave analy-
sis (SWAN) technology is considered. Stress wave 
analysis (SWAN) provides real-time measurement 
of friction and mechanical shock in operating 
machinery. This high-frequency acoustic sensing 
technology filters out background levels of vibra-
tion and audible noise [3][4]. Friction and shock 
events between the moving parts of the machine 
produce an ultrasound wave called stress wave. 
By an external sensor mounted on the monitored 
machinery/component, this stress wave is detect-
ed and converted into an electrical signal by a 
piezoelectric crystal sensor. The electrical signal is 
then amplified, filtered by a high frequency band 
pass filter to remove the vibration energy and the 
low frequencies. Finally, a digital processor deter-
mines the peak level and computes the total en-
ergy generated by the friction or by shock events.
Computed Stress Wave Peak Amplitude (SWPA) 
and Stress Wave Energy (SWE) are stored in a da-
tabase for further analyses. Peak levels depend on 
the intensity of the friction or shock events and 
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can be correlated to the degradation level of the 
monitored machinery. Even stress wave energy 
can be used to these purposes. Actually, it takes 
into account the amplitude, shape, duration and 
rates of all friction and shock events occurring in 
the reference time interval and increases with the 
damage progression. 
Statistical analysis and modeling of such data can 
constitute a very useful support for decision tak-
ing. 
Condition monitoring of critical components/
systems is based on the identification of the Re-
liability Block Diagrams (RBD). For a complex sys-
tem like a naval vector, plants can hierarchically 
divided into different groups. Components of the 
same type (bearings, pumps, fans) are then clus-
tered. This first classification level can be followed 
by a more detailed level in which each compo-
nent is identified by its sensor, if monitored. 
Components to be monitored are generally well 
identified by FMEA (Failure Mode and Effect Anal-
ysis). FMEA is a systematic, proactive method for 
evaluating where and how a process might fail 
and to assess the relative impact of different fail-
ures, in order to identify the critical parts of the 
process that need to be monitored [5][6]. FMEA 
may be required by an applicable Quality Man-
agement System Standard.

Stress wave amplitudes and statistical degra-
dation model
Let S be a system and C one of its critical mon-
itored components. Through stress wave tech-
nology a digital record (DR), constituted by the 
amplitudes of the stress wave, is built periodically 
with a certain sampling frequency f. For these col-
lected data, the real acquisition system supplies 
the histograms of the stress wave amplitudes 
with the first four statistical moments. In Fig.1, 
histogram of the stress wave amplitudes related 
to a cold water pump belonging to a naval vector 
is shown. For this monitored component, sam-
pling frequency is 20kHz and a DR is built every 
twelve hours. 
In a healthy machinery, the amplitudes distribu-
tion should be a narrow bell shape (small σ) lo-
cated at the lower frequencies (small μ), because 
friction events are at low levels. As friction or 
shock events become consistent, the distribu-
tion changes. In particular, the presence of an in-
creased number of higher amplitudes results in a 
much broader distribution skewed to the to the 
right on the amplitude scale.

Fig. 1 Cold water pump SWAH 

A very skewed distribution represents a compo-
nent with a developed wear and increased fric-
tion and shock events. Considering that each 
DR contains a great number of samples, the four 
statistical moments of each distribution can be 
assumed as representative of the population. 
Preliminary information about similar monitor-
ing activities suggest that wear develops in the 
histogram a log skew. Therefore, the stochastic 
variable stress wave amplitude is assumed to fol-
low a Lognormal distribution. The hypothesis of 
Lognormal distribution implies that the mean 
value and the standard deviation are propor-
tional: standard deviation should grow with the 
mean value. Nevertheless, by a logarithmic trans-
formation performed on the lognormal variable, 
such a dependence can be removed and then the 
standard deviation will be independent from the 
mean value.
Actually, if X is a lognormal stochastic variable, 
the log-transformed variable Y, Y=log(X), is nor-
mally distributed. Besides, if E(X) and Var(X) indi-
cate respectively mean and variance of X, mean 
and variance μ and σ of the log-transformed vari-
able Y, are given by:

(1)

(2)

At a generic time t, mean and variance of the 
stress wave amplitude distribution are known. A 
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healthy component/machinery is characterized 
by small values of μt and σt, whereas increased 
values are representative of an increased degra-
dation level. This suggests that the mean ampli-
tude of the detected stress wave amplitude dis-
tribution is correlated with the wear process and 
then can be employed for monitoring purposes. 
In particular, by indicating with Mt the stochastic 
variable mean value of the stress wave amplitude, 
mt represents its out come at time t. Therefore, 
the model for the degradation process can be ex-
pressed as follows:

(3)

Equation (3) hypothesizes a linear evolution [7] 
of Mt over time. It is assumed that the expect-
ed increment δ of the mean, between to subse-
quent instants, is small. The disturbance term εt 
represents the stochastic behavior of this process 
and is assumed to be normally distributed with 
mean 0 and constant variance σε

2.
It is useful to underline the difference between the 
two variances σε

2 and σt
2. Actually, the last term 

represents the variability of the physical signal 
and depends on the monitoring system, whereas 
the first one depends on the stochastic nature of 
the degradation process evolution. In model (3), 
observations are considered as outcomes of the 
stochastic process that implicitly depend on time 
through the mean level recorded at the previous 
instant.

Estimation of δ and σε
2

In this Sections equations for the estimation of δ 
and σε

2 are supplied. Let mt be the value of the 
mean stress wave amplitude read at time t and 
mt-1 the value read at time t-1. The estimate of δ is 
given by the following equation:

(4)

This estimate is updated when a new acquisition 
of the monitoring system is available. After the 
estimation of δ, et (i.e. the outcomes of the sto-
chastic variable εt) can be computed:

(5)

By equation (5), the estimate of σε
2 can be provid-

ed. The maximum likelihood estimator [8] of σε
2, 

under the hypothesis of normality for εt, can be 
expressed by the following:

(6)

Reliability estimation
The linear degradation model supplied in equa-
tion (3) and the estimates of δ and σε

2 can be used 
for the estimation of the system/component reli-
ability. This is particularly useful to support man-
agement decisions. Let k indicate time required 
for a generic mission. At the current time t, com-
ponent reliability at the future time t+k can be es-
timated through the following procedure.
Assuming that the mean of the Stress Wave Am-
plitude at time t is known, an estimate of the 
mean at the future time t+k can be performed. 
From equation (3), at time t, the estimate of the 
mean at the future time t+1 is:

(7)

A step forward, the estimate becomes:

(8)

Therefore, recursively, at time t+k, following 
equation holds:

(9)

Equation (9) provides an estimation of the stress 
wave amplitude mean at time t+k, when mt and 
the estimate of δ, given by equation (4), are 
known. The sum of k normally distributed sto-
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chastic variables εt+ε(t+1)+.....+ε(t+k-1) can be inter-
preted as a single stochastic variable with mean 0 
and variance given by the sum of k variances. This 
is a consequence of the independence of the sub-
sequent outcomes of the variable corresponding 
to a degradation increment. Now, reliability for 
each monitored component can be estimated. 
Let T indicate the failure time of an individual 
component. Reliability at time t is the probability 
that component fails after t and can be expressed 
as follows: R(t)=Pr{T>t} [9-13]. It is assumed that 
component reliability is based on a comparison 
with a pre-defined threshold μ* beyond which 
component is considered failed. Therefore, the 
estimated reliability at time t+k can be expressed 
by the following equation:

(10)

where mt+kδ represents the mean value of Mt 
and kσ2

ε its variance. If k is too large, the forecast 
of the mean will exhibit a big variability: estimat-
ed mean and variance increase and, as a conse-
quence, the forecasted reliability is reduced. For 
a new monitored component, since robust esti-
mates of parameters δ and σε are not available, re-
liabilities cannot be calculated. Nevertheless, this 
aspect is not relevant because reliability is high for 
a new component and the pre-defined threshold 
will not surely be reached. Only after a great num-
ber of acquisitions, i.e. after many working hours, 
reliability estimation becomes more critical but, 
at that time, the availability of more robust esti-
mates will allow a good estimation.

Process control
The proposed model is based on the assumption 
of a linear evolution of the stress wave mean. 
Generally, since no historical data or statistics 
on new monitored components are available, 
this hypothesis seems reasonable. Nevertheless, 
strategies to control possible deviations from 
linearity must be adopted. A possible systematic 
deviation from the proposed model can be the 
result of an accelerated degradation process. The 
latter could anticipate the reaching of the thresh-
old and then the proposed linear model could 

not follow the real process for the lack of the qua-
dratic term. When a casual deviation from linear-
ity is due to a temporary changing in the system 
operating conditions, a temporary increase of the 
stress wave mean can be observed. In this circum-
stance, the reaching of the threshold is fictitious 
and does not depend on a real increase of wear. 
This situation is, obviously, less dangerous than a 
real accelerated degradation process.
Anyway, the necessity of controlling the process 
seems unavoidable. To the purpose, the use of 
two control charts is suggested. The difference 
between two subsequent values of the mean 
should be constant. Therefore, by following vari-
ations of zt=mt-m(t-1) and σt, deviations from the 
proposed model can be controlled. Actually, 
these parameters express the real process and its 
intrinsic variability. The thresholds in the control 
charts must be determined through information 
coming from the monitoring system and not 
through information supplied by the model. After 
fixing an attention and an intervention threshold, 
occasional deviations can be controlled by verify-
ing, for example, the natural normalization of the 
stochastic process in the future instants, while the 
presence of systematic deviations could suggest 
a reformulation of the initial model. Deviations 
in the model can be monitored through CUSUM 
[14-15] control charts that take into account the 
loss of linearity.

Threshold updating
Threshold μ* must be adequately updated. Nev-
ertheless, since generally no a-priori information 
on the stochastic behavior of the monitored com-
ponents is available, a practical procedure needs 
to be formulated for the preliminary determina-
tion of the thresholds. 
They must be determined experimentally by read-
ing the stress wave amplitudes associated with 
different known wear conditions. Other possible 
procedures, that do not take into account the 
real value of the degradation parameters, could 
generate I and II type errors: system can make an 
error detecting a not existent malfunction (type 
II error, β) or not detecting the presence of a criti-
cal malfunction (type I error, α). If the pre-defined 
threshold is too low, many false alarms could be 
generated (error β), otherwise too high thresh-
olds could not generate any alarm (error α). These 
two limit situations can be avoided by a realistic 
updating of the thresholds. An off-line procedure 
is here proposed. The pre-defined threshold val-
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ue, in fact, is not modified while the monitored 
component is working, but only after its replace-
ment, when its actual degradation level, that will 
be indicated with ut, can be measured. Therefore, 
after each replacement, mt and ut, must be record-
ed. The first term indicates the value of the read 
Stress Wave Mean Amplitude associated with a 
specific wear level, ut. From the analysis of the 
obtained scatter plots, an experimental relation 
between the actual wear level and the associated 
vibration signal level can be determined. A spe-
cific scatter plot must be built for each monitored 
component, even when they belong to the same 
population. Actually, two elements, nominally 
identical, but located in two different places of the 
naval vector, could exhibit a different behaviour 
depending on the different external stress sourc-
es or on the different operating conditions. This 
off-line methodology can be considered the ba-
sis for an inductive threshold re-definition, now 
representative of the real process. Finally, a data-
base collecting the operating conditions of the 
naval vector can be built to separate effectively 
the contribute of wear on the vibration level from 
variations due to some physical parameters, like 
velocity, loads, and so on. This is to avoid the pres-
ent limitations of the proposed model.

A numerical example
In this section a numerical example is provided. 
Six readings of the mean stress wave amplitudes 
are available (Table 1). The increment δ between 
two subsequent SWA means should be reason-
ably small in ordinary working conditions, i.e. 
when no friction or shock event is detected.

Table 1 SWA readings

From Table 1, after acquiring the sixth value, 
0.7311, an estimation of the mean is requested in 
different time instants. By equation (10), this can 
be performed. The SWA mean is then estimat-
ed at k=2, 4, 6, 8, 10. This integer can represent 
working hours, days, weeks, months, depending 

on adopted system for the building of the DR. By 
equations (4) and (6) and the six readings δ and 
σε

2 can be estimated. Their numerical values are 
respectively 0.10422 and 0.008466. In the follow-
ing table results for the estimated means and 
variances at the fixed time points are reported.

Table 2 Estimated Mean and Variance at fixed time 
points

As k increases, SWA means increase and the cor-
responding variances because of the increasing 
of the uncertainty. At each k, one knows the pa-
rameters of the normal distribution for the SWA 
mean.
Equation (11) can now be employed to estimate 
the monitored component/system reliability. 
This depends on the fixed threshold for the SWA 
mean: the higher the threshold is the higher the 
estimated reliability is over time. For the case un-
der study, by fixing a threshold equal to 1.8, the 
estimated reliabilities are reported in Table 3, 
while in Fig.2 unreliabilities at different times are 
represented by the colored area at the right of 
the fixed threshold.

Table 3 Estimated Reliability at fixed time points

 SWA MEANS
0,2100
0,3211
0,3521
0,4521
0,6901
0,7311

ESTIMATED MEAN AND VARIANCE
TIME MEAN ST.DEV
K=2 0,9384 0,1301
K=4 1,1469 0,1840
K=6 1,3553 0,2254
K=8 1,5638 0,2602

K=10 1,7722 0,2910

 SWA MEANS
TIME VALUE
K=2 1,00000
k=4 0,99981
k=6 0,97575
K=8 0,81800

K=10 0,51810
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Fig.2 Colored areas represent system/component unre-
liability

Conclusions
In this paper a methodology for the estimation of 
system/component reliability is presented in or-
der to increase the system safety and to reduce 
the maintenance costs. The proposed methodol-
ogy can be extended to complex systems (indus-
trial systems, naval vectors, an so on) to support 
the technical management in taking decisions. In 
particular, the methodology can be applied when 
Stress Wave technology is used. Actually, through 
the detection of the Stress Wave Peak Amplitudes, 
a statistical model based on the mean values of 
such peaks, generated by friction or shock events, 
is presented and its application to system/com-
ponent reliability estimation proposed. Finally, 
procedures to control the monitored process and 
to update the failure thresholds are supplied.
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