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Abstract: several methodologies for feature extraction and analysis are described in scientific and technical literature, 
together with some validation on specific problems and test cases. In this paper some of these techniques for fault 
prediction are combined with statistical analysis in order to perform diagnostic and prognostic assessment on machines 
with defined specific characteristics. 
Conventional methods describe the operation of the system through the extraction of  features and then compare them 
with the ones extracted when the machine is working with different fault conditions (usually introduced and classified by 
the experimenter). The deviation of the machine features from a baseline is an indication of an anomalous behavior of 
the system that can be predicted through the use of artificial neural networks (ANN). With an appropriate training of the 
ANN with each fault types, it is possible to identify the abnormal behavior of the system and the cause (fault) that 
generates it . 
Unfortunately, either with machines that are in advanced development stage (i.e. prototypes that are subjected to 
continuous and rapid redesign) or that work with different operating conditions, there are few items that can be 
monitored and few fault conditions experienced . The sample variability and the different use conditions results in a 
difficult identification of the baseline performances that are dispersed and multifactorial. 
In this study, a methodology for machine diagnosis able to identify incipient faults when there are limited knowledge and 
experience on reliability performance has been developed . For this purpose, different types of ANN were used to 
estimate the behavior of the system and its current state. The outcomes of the neural network were analyzed through the 
use of statistical inference methodologies in order to determine the state of the system and classify its fault types. 
The results of the experiments show that the proposed methodology is able to predict deviations from the baseline 
system behavior before the fault occurs and that it is effective with fault diagnosis and partially with prognosis, even 
when there are few indications on past machine anomalies. 
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1. Introduction 

In the present industrial context, one of the key factors to 
be competitive is the optimal exploitation of the 
production line in terms of hours of continuous operation. 
This can be translated in a high operation reliability whose 
purpose is to limit as much as possible the unexpected 
stoppages of the whole system. Downtimes, in fact, 
generate negative consequences from different point of 
view: economic (losses due to the impossibility to deliver 
products to the customer, logistics costs, etc.), strategic 
(increased lead times, bad relationships with suppliers, etc.) 
and image (delivery time and client dissatisfaction). All 
these factors contribute to decrease the company's 
competitiveness on the market. The same considerations 
can be done on mechanical systems (with electro-
mechanical parts, control systems, cold and hot parts etc.) 
that are not necessarily used in production processes, 
whose breakdown generate an unexpected interruption of 
the operations performed with consequences also for the 
user safety. 

To avoid unexpected stops of mechanical systems, over the 
last years preventive maintenance activities have changed 
from regular time interval schedule (time-based 
maintenance, TBM) to the so-called condition based 
maintenance (CBM) (Kothamasu et al., 2009). The latter, 
together with the development of sophisticated sensors, 
with the increasing computers’ power and with the 
improvement of data analysis methods, has attracted the 
researchers’ interest, and has become an efficient and 
effective maintenance strategy to reduce the mechanical 
system downtime due to failure or wrong behavior. The 
CBM is a decision-making strategy that uses data from the 
diagnostics of monitored signals (to characterize system 
faults and degradation) and performs prognostics, in order 
to identify the system health with which the analyst can 
quantify the remaining useful life (RUL) and the future 
system reliability performance (Jardine et al., 2006; Lee et 
al., 2014). The key feature of CBM is the proactivity: in 
fact, it is theoretically able to trigger maintenance only 
when the system needs it, limiting repair downtime that are 
not strictly necessary and unexpected failures. 
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As shown by extensive and comprehensive reviews 
published during last years (Jardine et al., 2006; Peng et al., 
2010), hundreds of papers are available on the CBM and on 
the integration of prognostic in it (Sun et al., 2012). These 
papers deal with different aspects of CBM introducing new 
methodologies, different approaches (Schwabacher and 
Goebel, 2007, for example, review artificial intelligence 
methods in prognostics) and several cases study. All papers 
presented in the review above mentioned, and the ones that 
will be introduced later, share the interest in the efficient 
integration of prognostics and diagnostic in the CBM, 
covering also economic and managerial aspects like costs, 
safety, productivity and capability. From the literature it is 
evident that, all the diagnostic and prognostic 
methodologies proposed require a baseline identified by the 
state of good health of the system (optimal functioning). 
But as well, to perform diagnostics and prognostics, data 
(expressed through the monitored signals) relating to failure 
modes, to its causes and its consequences are needed. 
However, there are several industrial situations where it is 
difficult, if not impossible, to define a failure modes 
database or to obtain and understand system behavior 
before and during the phase that lead to the failure as there 
are not enough available faults sampled. However, also the 
familiarity with the healthy state is fundamental to 
understand the deviation of the system with respect to the 
reference baseline. Entities with the above characteristics 
can be grouped in three main categories: 
(i) Systems/products in early development/ 
production phase: in this case a limited knowledge of 
failure modes and of degradation parameters determine a 
lack in the evaluation of the reliability performance. In this 
case in-house data (tests) have a great importance but they 
are not always available because of the underdevelopment 
of the product and the in-field data are almost inexistent 
(Tucci et al., 2014); 
(ii) Systems/products with great performance 
variance: due to industrial production variability and 
differences in use condition, the baseline performance are 
dispersed and multifactorial. Different condition of use and 
extremely dynamic behaviour determine different reliability, 
durability and performance degradation; 
(iii) Rapidly evolving systems/products: almost each 
item can be considered different from all the others in the 
fleet (single-item), therefore there isn’t a common and 
defined performance baseline. Each item has characteristics 
that depend on the design evolution and engineering 
changes that usually lead to a reliability growth. 
In these cases, fault prediction on machines is characterized 
by a large amount of data from sensors (rich sensor data), 
but it is limited by small sample size and few fault 
conditions experienced. Also, it is very hard to develop a 
mathematical model of the physical system or a physics-
based damage model able to simulate the system behaviour. 
Consequently, in these cases, a data flexible driven 
approach (Peng et al., 2010; Schwabacher, 2005) is 
necessary to perform prognostic and diagnostic activities 
and in order to design and plan an effective CBM. To 

overcome the mentioned limits, the following activities 
should be performed: 

 Effective features extraction techniques based on 
failure modes hypothesis due to the lack of specific 
experience on observed products; 

 Adaptive and evolving baseline performance 
prediction; 

 Robust comparison methods on performance of 
stochastic behaviour between healthy machine/component 
and the monitored one. 
As a consequence there are many companies that need a 
framework or guidelines that meet points (i), (ii) and (iii). 
As far as the Authors can know, there are no previously 
published studies focused on a methodology or framework 
on diagnosis and prognosis of systems with the 
characteristics defined above. The present study is placed in 
this type of industrial context and provides a first indication 
of a methodology to be used for diagnostic and prognostic 
use on assets for which indications about the fault and 
about degradation are not available or are in a limited 
number.  
The aim of the study is to provide a flexible methodology 
for the diagnosis and prognosis of mechanical systems 
described in (i), (ii) and (iii) able to detect incipient faults or 
abnormal degradation of the system in order to trigger 
inspections and eventually stop it or change its operation 
mode before it occurs.  

The development of this methodology begins with the 
selection of signal and physical quantities fundamental to 
monitor the health of the mechanical system. Subsequently, 
using the selected parameters some features able to 
describe the relationship between the data collected and the 
degradation of the machine are extracted. By means of 
different types of neural networks, the authors have 
developed a methodology for the identification of faults 
when adequate baseline references and failure modes 
classification are missing. The results of these methods are 
encouraging and have shown good power in detecting 
incipient failures with adequate notice, compared to the 
classical methods previously used.  

2. Limits of present prognostics and diagnostics 
techniques 

In this chapter, we briefly introduce some of the published 
literature about methodology of fault diagnosis, detection 
and features extraction applied on machines. What follow is 
not a literature review but it is a starting point whose 
purpose is to highlight the advantages and limits of 
applicability of systems such as those described in the 
previous chapter. 
There are many analytical tools used for prognostics and 
diagnostics of mechanical systems that are based on 
spectral analysis and features extraction of signals such as 
vibration, acoustic waves, currents, etc.. Just to make two 
examples we can find a lot of work on Wavelet (Peng et al., 
2010 describes some of them like the Discrete Wavelet 
Transform, DWT, Continuous Wavelet Transform CWT, 
Wavelet Packet Decomposition, WPD etc.) and on Fourier 
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transform and its evolutions (El Hachemi Benbouzid, 2000 
describes Discrete Fourier Transform, DFT, Fast Fourier 
Transform,  FFT,  Short Time Fourier Transform, STFT 
etc.). 
Methods like Neural Network (NN) or Support Vector 
Machines (SVM) are used for machine learning or pattern 
recognition  (Jardine et al., 2006; Venkatasubramanian et 
al., 2003). Bayesian network (Przytula and Thompson, 
2000) are used to find and represent conditional 
dependencies between random variables. Hidden Markov 
Models are also often used to evaluate the conditional 
probability distribution of some chosen state variables 
considering also the previous system states (Bunks et al., 
2000; Tai et al., 2009).  
As we pointed out, machine types (i), (ii) and (iii) are 
different from traditional ones because of either the lack of 
faults experienced or the variability of the conditions of use 
or the non-stationary conditions or single item 
characteristic. (Lei et al., 2011; Wu and Chen, 2006) use 
wavelet packet transform and continuous wavelet 
transform on acoustic and vibration signals for fault 
diagnosis on rolling bearings and on internal combustion 
engines respectively. Both studies give good results in the 
fault identification but, contrary to the data available in 
systems type (i) and (iii), they compare the functioning of 
the healthy system with the one with seeded and known 
faults. (Wu and Liu, 2009) use the wavelet packet transform 
coefficients of an acoustic signal of an internal combustion 
engine as features to compare two different neural 
networks (General Regression Neural Network, GRNN 
and Back Propagation Network, BPN). Also in this case 
faults were introduced by the experimenter, but this time 
different use conditions are tested (stationary with fixed 
rotational speed and dynamic with acceleration ramp). 
(Raza et al., 2010) performs a comparative study between 
different analytical approach (Artificial Neural Network, 
ANN, logistic regression, LR and SVM) where a data set of 
functioning parameter relative to different system states 
(healthy or faults) is already extracted and processed. Also 
in this case fault data are available and (Raza et al., 2010) 
use such data to train the LR, the SVM and ANN. (Zheng 
et al., 2002) try to deal with the difference between seeded 
faults and actual ones, running a test from the beginning to 
the natural end of system life (caused by fault) while 
monitoring vibration signal of the gearbox. The limits of 
this approach are time and costs constraints that are 
imposed by the management and by the development of 
the system design (iii). (Liao et al., 2007) use FFT on a 
vibration signal to extract the features of some known 
faults produced artificially and use them as inputs of a Self-
Organizing Map (SOM) in order to perform health 
assessment of a bearing. (Samanta and Al-Balushi, K.R., 
2003) use ANN for fault diagnosis comparing different 
signals pre-processing and different features extracted 
directly from vibrations (RMS, variance, third, fourth and 
sixth normalized central moment). Fault detection is 
obtained comparing vibration data of healthy system with 
some already known defective bearing conditions in 
stationary state (constant rotational speed). Also (Samanta, 

2004) uses normalized high order (up to the ninth) central 
moments as features to be used as inputs for ANNs and 
SVMs, but in this case, features are chosen using genetic 
algorithm. Fault detection is performed with sets of 
experimental data with normal and defective gears of a 
rotating machine with two different load conditions. 
Kurtosis is used as a features also in (Caesarendra et al., 
2010) where logistic regression together with relevance 
vector machine are used to define a failure probability 
needed to have a prediction of incipient faults. In this case 
all the conditions (load and rotational speed) are stationary. 
Another case where wavelet and neural networks are 
utilized together is the one presented by (Rafiee et al., 2007) 
where fault detection and identification of a gearbox is 
performed in stationary condition comparing 4 seeded 
faults with the undamaged case. The dynamic conditions of 
most of the mechanical systems and machines are often 
neglected because of the good results obtained with the 
approximation to stationary states (Wu et al., 2010; Wu and 
Liu, 2009). For systems of type (ii) the latter assumption 
cannot be taken for granted because of the wide range of 
utilization of some systems. Another peculiarity of the 
systems considered by the Authors is the impossibility to 
identify a threshold (value beyond which the system is 
considered failed) for certain features like (Zhou et al., 
2010) and (Li et al., 2014) do; with systems type (i) is rarely 
possible to know the experimental threshold or to evaluate 
parameters limits (stress, strain, temperature, pressure etc.) 
via numeric simulation (for example with finite element 
models). Similarly for systems type (iii) where each item has 
its characteristic and its signature it is almost impossible to 
identify an univocal threshold limit. There are also some 
attempts to overcome the limit of rich sensor data systems 
with few indications about its physical-mathematical model, 
like the one presented by (Liu et al., 2012), where a data-
driven model and a model-based approach are fused and 
integrated in a framework to predict the state of the system 
for prognostic use. 

3. Methods 

Paper analyzed in the previous chapter suggest and describe 
very promising methodologies supported by interesting 
experimental results, but they are limited to restricted and 
homogeneous data sets and to systems considered 
stationary and with constant use conditions. In these papers 
different parameters/features are extracted and used as 
input for ANN, SVM, LR etc., but the following limits arise 
when we have to apply them to system (i), (ii) and (iii):  
- Features analysis is performed analyzing the deviation 

from foreseeable operation conditions and known 
failure modes;  

- Features analysis is performed in static conditions or 
with approximation to stationary systems;  

- Features analysis is performed with ad-hoc 
experimental settings with artificially introduced faults.  

Given the limits above mentioned it is difficult to apply the 
proposed and well-structured literature methodologies due 
to the lack of knowledge of fault mechanisms and 
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conditions and of performance degradation. It is realistic to 
think that without a well sound failure and degradation 
knowledge the behavior of the extracted features cannot be 
understood. 
As a consequence, if the features sample size obtained 
during faults conditions is small or even empty what can be 
done is to try to collect as more  healthy state data as 
possible. Nevertheless, as we specified at points (ii) and (iii), 
the system variability (caused by different using condition 
and by difference in item design) should be explained using 
variables (regressors) that are characteristic of the system 
and that can be correlated with its functioning (e.g. 
temperature, pressure, rpm, torque, power, current etc.). 
Once that these variables are found the analyst is able to 
build a model that describe the system behavior and that is 
relatively unaffected by system stochasticity. At this point 
we can check if the emerging of a specific factor affects 
system performance and, therefore, a deviation of the 
process/system stochastic behavior with respect to the 
state of control, arise. 
Following this mainstream idea in this article we introduce 
a two parts framework to perform diagnostic and 
prognostic activities on system (i), (ii) and (iii): 
A. System health forecasting through the use of 2 

different type of ANNs. In this case the hidden 
structural relations between dependent and 
independent variables are investigated using artificial 
intelligence principles;  

B. Statistical inference methodology to investigate the 
deviation and the stochastic behavior of the monitored 
system. 

The basic assumptions and tools of part A are presented, 
together with some examples and preliminary evidences. 
Part B have been developed starting from the idea of 
control chart, used to monitor (production) processes 
under statistical control, and able to effectively identify out 
of control phenomena. The discussion of the latter part is 
out of the scope of this paper and will be presented in 
following works, although they are used in the cases 
presented here. 
The use of neural networks, and AI in general, is widely 
discussed in the literature (Jardine et al., 2006; 
Venkatasubramanian et al., 2003). One of the first papers 
on NN as an instrument to perform condition based 
maintenance is the one of Lee (Lee, 1996) while (Safizadeh 
and Latifi, 2014) and (Rafiee et al., 2007) are two more 
recent examples of how neural networks can be effectively 
used in condition monitoring and fault diagnosis.  
As shown in the previous chapter ANN are often utilized 
in diagnostic, but they are almost always used as a fault 
classification tool. In this way, ANNs need to be trained 
with a set of parameters/features that are collected during, 
or immediately before, system fault. 
Having to cope with unknown or rarely experienced faults, 
it is reasonable to observe and use features/variables during 
healthy conditions states of the system to perform 
diagnostic and prognostic. In this situation the ANN can 
be trained on the early stages of the system life in order to 

be able to predict its healthy behavior by means of the 
variables/features extracted. 
We considered two different type of ANN: 
- The feed forward network for quasi static conditions. 

If we consider the system in a stationary state or if we 
consider just some portion of the machine life in 
which it can be considered in a quasi-steady state we 
don’t need to introduce connection loops between 
input, hidden and output nodes. 

- The Nonlinear AutoRegressive models with 
eXogenous Inputs (NARX). This type of recursive 
NN that has shown particularly high prediction 
performance and low computational costs with non-
linear dynamic system and with time series analysis. 
These networks are well suited for systems with the 
characteristics described in (ii) because they can 
provide a weighted feedback connection between 
layers of neurons and adding time significance to entire 
artificial NN.  

For each type of NNs different tests were made varying the 
number of hidden layer (for FF and NARX) and also the 
number of feedback delays and input delays, when NARXs 
were used. NNs were trained using the early life stages of 
each single item considered. Once that the NN was trained 
it was used to predict the system behavior and its 
performance. 

4. Case study/Results 

The previously proposed methodology has been applied to 
a machine composed by rotating parts, cooling systems, 
gearboxes, bearings, hot parts etc.. This system is therefore 
composed of components analyzed in the methodologies 
introduced in the previous chapters. Taking the cue from 
these studies, parameters and signals such as vibration, 
temperature, pressure, mechanical power, etc.. were used as 
reference variables for the NN. Since there is no in depth 
knowledge on the items tested and on the relationship 
between independent variable (regressors) and dependent 
variables (output), variables were chosen considering 
historical knowledge and from expertise. The selected 
variable input set was used as NN input without any pre-
processing operations. More output variables were 
considered and used one by one as output. Only for the 
latter some post-processing was performed, like the 
calculation of normalized central moment of the second, 
third and fourth order (as it was suggested by (Caesarendra 
et al., 2010; Samanta and Al-Balushi, K.R., 2003; Samanta, 
2004)). 
At the moment only 5 units out of a fleet of the same type 
of asset have been tested in highly dynamic conditions. The 
test routine vary from unit to unit and also the usage 
parameters that can be set and controlled by the 
experimenter (e.g. maximum pump pressure, oil/water flow 
rate, thermostat control limit etc.) are very different. Since 
the 5 units are part of the same project mainstream there 
are no fundamental differences in their construction.  
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MATLAB Neural Network toolbox was used to implement 
both the FF and the NARX network using the Levenberg-
Marquardt algorithm.    
The NARX is composed by two layers: an output layer and 
one hidden layer with a number of neurons that vary from 
10 to 50, depending on the run. To take into account the 
evolution of the signals using past values we should define 
the number of delays to be used. Because the fault 
phenomena are not always well known, the authors made 
different try depending on the fault phenomena 
hypnotized. With long slow degradation phenomena we 
should use higher feedback delays to consider the whole 
evolution of the wear. While, for shocks or events that 
cause fault in a short time, lower feedback delay are used to 
avoid bias from past values. In this case, degradation and 
fault experienced knowledge arisen from different items 
can be used because their mechanisms are comparable also 
if the machine setup is different. 
The FF is composed by two layers: an output and one 
hidden layer with a number of neurons that vary from 10 to 
100 depending on the run. 
The target values of the output layer represent the values of 
the dependent variable considered while the input vector 
contains the time series of signals monitored during the 
system functioning in healthy state. Network weights and 
bias were generated automatically by the program. The 
network was trained using, for each machine, its early life 
stages data set (some  machine characteristic parameters 
were used to identify this life interval univocally); in this 
phase the system is supposed to be in its healthy state. To 
evaluate the training performance, the coefficient of 
determination (R2) and the error histogram are evaluated to 
understand how the network output predict the actual 
values. Once that the training is concluded, all the time 
series variable values are given as input to the network in 
order to predict the system output. 
Since the work is still in progress only few preliminary 
results will be shown and discussed. Nevertheless, the first 
results show high potentials when a fault or degradation 
process start to occur. As a consequence, preliminary 
results encouraged the author to further investigate and 
develop the procedure. 

 
Figure 1 - Error trend (red line) vs. moving average of the 

error with a lag of 100 samples (blue line). 

To evaluate the behavior of the system the trend of the 
error, defined as 
 

 
 
is evaluated. Figure1 shows the trend of the error obtained 
applying a NN trained on an healthy machine and tested on 
a system that reported a fault. The deviation of the error 
reveal an anomalous behavior of the system respect to the 
ideal healthy state. In particular, to better understand the 
raw error (red line) a moving average of its values was 
calculated (blue line). As it is clearly visible from both 
figures there is an abnormal raising of error values before 
the failure occur. 
In Figure 2 the same behavior is visible but it is more 
marked and it starts earlier respect to the one observed in 
Figure 1. The case of Figure 2 is obtained with a NN 
trained with a different healthy machine with respect to the 
first case and applied on the same machine. 
 

 

Figure 2 - Error trend(red line) vs. moving average of the 
error with a lag of 200 samples (blue line). In this case the 
network was trained on a different healthy machine with 

respect to the one relative to Figure 1. 

 
Figure 3 - Error trend (red line) vs. moving average of the 

error with a lag of 100 samples (blue line) 

At the moment, the NN performance evaluated with the 
mean squared error, is of the order of magnitude of 10-1 
that is considered a good values in this early phase of the 
study. The same procedure was applied to the higher 
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central moment of the outputs. In Figure 5 the fourth 
order trend is shown. 
In this case the plot identifies the abnormal raising of the 
error but the NN performance is considered inadequate 
(order of magnitude 101). 

5. Conclusions and feature development 

A method to perform diagnostics and prognostics 
operations on systems/machines with the following 
characteristic is proposed: 
(i) System/products in early stage phase; 
(ii) System/products with different use conditions; 
(iii) Single item system/product. 
The method identify two different types of NN to evaluate 
the system health considering the dynamic use conditions 
and the lack of information about faults and degradation of 
new systems. 
Conversely to most of the approaches presented in 
literature the proposed method uses the healthy state data 
to train the ANN. In this manner the procedure is able to 
exploit the lack of fault data and employ efficiently the only 
data available for this new design systems. The results 
presented in the previous sections are only preliminary but 
they show great potential with the fault identification in 
advance with respect to the hard failure. This part of the 
framework was already used in conjunction with statistical 
inference methodology, mirroring the methodology of 
Shewart control charts (simple hypothesis test on mean, 
variance, etc.) or of cumulative charts (EWMA, Cusum, 
based on sequential hypothesis tests). These part will be 
published together with a more systematical performance 
evaluation of the methodology, in comparison with 
traditional threshold based methods. 
Feature developments regard the identification of different 
features to be used with the neural network and the 
extension of this method to a larger sample size. Great 
importance must be dedicated to the identification of a 
prognostic estimator able to predict the time to failure of 
the monitored machine like Liu and Sun, 2012 did. 
Furthermore the development of a procedure to identify a 
weighted training set able to absorb the information of 
early life stages of more than one item is going to be the 
object of our feature research efforts.  
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