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Definitions 

 

Analytical modal analysis - modal analysis uses knowledge of the structure 
geometry, the boundary conditions and material characteristics (the mass, 
stiffness and damping matrices) to formulate model [60] 

“Channel to Channel” method - approach based on the assumption that under 
steady state conditions is allowed to correlate two or more output channels into a 
one input-output model often expressed by a transfer function or state space 
equations 

Characteristic equation - mathematical equation whose solution defines the 
dynamic characteristic of the structure in terms of its natural frequencies, damping 
ratios, and mode shapes. The mathematical formulation of the characteristic 
equation is called the eigenvalue problem. The characteristic equation is obtained 
from the equations of motion for the structure [112]. 

Diagnostic characteristic - impulse/step response, amplitude-frequency, phase-
frequency, amplitude-phase, imaginary and real part on a Gauss plain, poles/zeros 
as module and angle of a complex number on a Gauss plain 

Diagnostic mask - tolerance interval of a specific feature which was selected as a 
diagnostic symptom 

Early Warning Symptoms - symptoms, which allow detecting and recognizing state 
of the system earlier in comparison to these, are currently in the use 

Experimental modal analysis - modal analysis uses measurement of dynamic 
input/output signals [60] which can be used for model identification (structure 
and/or parameters) 

Failure - malfunction of a system or component; the inability of a system or 
component to perform its intended function. A failure may be caused by a fault 
[61]. 

Fault - accidental condition or manifestation of a mistake that may cause a system 
or component not to perform as required [61]. 

Forced vibration - it is forced by external movement 

Free vibration - it is related to structure properties 

Malfunction - the inability of a system or component to perform a required function; 
a failure [61]. 

Modal parameters – natural frequencies, damping factors, mode shapes [60] 
which correspond to poles and zeros in a case of transfer function approach  
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Nonparametric Identification Methods - techniques estimate model behavior 
without necessarily using a given parameterized model set, e.g. spectral analysis, 
or correlation analysis estimating a system's impulse response 

Parametric Identification Methods - techniques estimate parameters in given 
model structure.  

Self-excited vibration - it is related to extra energy, which is provided to vibrating 
system externally 

Subharmonic/superharmonic - sinusoidal component of a vibration signal that is a 
multiple of a fundamental frequency (natural frequencies) [112] 

Subsynchronous/supersynchronous - component of a vibration signal which has a 
frequency lower/higher than shaft rotative speed [112] 
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1. Introduction 
Abbreviations: 

ABC - Alignment, Balance, and incorrect Clearance 

CAN – Controller Area Network standard 

DCS – Decenralized Control System 

FDI – Fault (Failure) Detection and Isolation 

GSM – cellural net standard 

ISDN - Integrated Services Digital Network 

LAN - Local Area Network 

PLC - Programmable Logic Controller 

SCADA - Supervisory Control And Data Acquisition 

TCP/IP - Transmission Control Protocol / Internet Protocol 

WAN - Wide Area Network 

1.1. The objective of the monograph 

The objective of this monograph is to get an understanding for continuous and 
discrete time rotating machinery diagnostic models, how to analyze, design and 
implement on-line identification-based FDI methods in area of rotating machinery. 
This knowledge is required for research and development activities on a modular 
electronic device intended for the early warning diagnostics of a small and medium 
size rotating machinery. The monograph deals with: 

o preparing preliminary approach to malfunction detection with parametric 
models, 

o designing basic experiments under steady state conditions, 

o designing suitable analytical and numerical model for advanced 
eigenvalues analysis 

o discussing the potential advantages and disadvantages of a proposed 
parameter-based approach to diagnostics and selected system 
identification possibilities. 

This monograph and the previous one [40] have been written on basis of 
analytical, numerical and laboratory investigations in the area of modern 
parameter-based approach to FDI. The presented problems of this approach to 
machinery diagnostics are confined to: 

o rotating machinery, mainly fluid-flow machinery and its mechanical failure 
modes, 

o vibration signals, mainly relative shaft vibration inside bearing, 
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o parametric approach compared with nonparametric system identification 
approach, 

o transfer function approach according to assumed FDI methods, 

This monograph improving a set of already existing diagnostic methods by a 
modified approach aimed at the early automatic detection and recognition of 
typical malfunctions of rotating machinery. Parameters of diagnostic model under 
testing are identified from a set of measured data ([4],[40],[90],[108], 
[109],[113],[117]). The proposed method is dedicated to rotating machinery but it 
can easily be extended to other machines. The basic modifications, which were 
proposed, are as follows: 

o change a nonparametric approach into a parametric one based on 
adaptively estimating model parameters, 

o include new early warning symptoms related to poles/zeros variation versus 
time which are a result of different model representations according to the 
theory of dynamical systems (e.g. there are a few model representations 
such as transfer function, state-space equations, gain and poles/zeros or 
module and angle vs. frequency [77]), 

o replace fixed-parameters comb filters using in a synchronous analysis 
([7],[17]) by new adaptive parametric filters ([98], [58], [59], [46]) tracking 
more accurate frequency components which can be vary under rotor 
operation e.g. self-excited vibration components 

From scientific point of view, the monograph raises a problem of: 

o nonstationary system identification, 

o nonlinear system identification, 

o instantaneous linearization of rotor and hydrodynamic support equations 

o analytical and numerical investigation of the “channel to channel” diagnostic 
method 

Finally, the thesis can be formulated, as follows:  

o It is possible to use the adaptive parameter estimation algorithm which 
provides early warning additive and multiplicative faults detection based on 
the of diagnostic model parameters. 

Summarize and review includes: 

o brief introduction into diagnostic equipments used nowadays and its further 
evolution and perspectives 

o fault detection methods   

o fault isolation methods including foundation of isolation models 
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This monograph contains an appendix with a general outline of selected 
parametric models regarding model structure selection. 

1.2. Industrial conditions versus FDI methods 

Nowadays, modern industrial plants are more flexible and cost-effective. Most of 
them are equipped with systems for remote monitoring of critical plant parameters 
or even for remote controlling of all plant parameters including 
production/manufacture management and maintenance processes using highly 
configurable SCADA (data-gathering orientated) and DCS (process-orientated) 
systems which are interfaced to the plant via PLCs and measurement modules. 
Self-learning and easy-tuning PLCs operate to achieve plant demand targets. The 
controller settings, diagnostic and control signals are often available online via 
LAN and WAN computer networks. All the information in the system is networked 
and can be evaluated and processed by authorized persons from any far place. 
Very common in controlling and monitoring areas are the following solutions (cf. 
[111], [69]): 

o Possibility of controlling/monitoring plant status locally or from a remote PC 
computer, 

o Remote access to operating signals by users with different security levels 
(user-definable security levels). Remote and local connections are available 
and may be established in the following way:  

 dial-up via modem (using an analog phone line or ISDN), 

 connect directly through a LAN/WAN,  

 send by radio (many different systems and transfer speeds, 
often connecting directly with a LAN) 

o Fully digital control features, PLC (mostly enhanced controller architecture) 
and network communications for I/O expandability,  

o Using a typical relational open database standards (data should be 
physically distributed but logically centralized) 

o Maintenance personnel may be called via e-mail (services based on TCP/IP 
protocol), pager (if such a service is available), short massage via GSM in 
case of any failure mode or unacceptable/unexplained behavior 

Machinery and auxiliary devices currently located in plants becoming more 
complex. Many existing machines have been repaired and modernized to improve 
their operational performance without introduction of any essential design 
modifications. In the area of industrial solutions, a new diagnostic approach has 
been launched, taking into consideration the increased number of process 
parameters and improved performance of a plant. In consequence, the increased 
number of measurable signals and sophisticated control computer equipments 
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provide extensive and in-depth knowledge about a plant. Scheduled intervals 
among individual overhauls and repairs of machinery and equipment can be 
extended. Due to possible higher performance and prolonged service time, special 
attention is paid to these new systems.  

The following stages in case of potential faults and failure modes can be 
distinguished [96]: 

o fault detection (e.g. alarm signal generation once the normal condition 
threshold has been exceeded), 

o isolation of faults and malfunctions (i.e. identifying a given sensor and 
physical measured quantity which have caused the alarm signal to be 
generated), 

o assessment of the extent of faults (the influence of a fault weight factor on 
further reliable operating range), 

o classification of faults or failures (what kind of faults and malfunctions took 
place and/or occurs or will occur?). 

The first two of these methods are successfully implemented into industrial 
practice. More challenging is the last method where the fault is classified for 
potential failure mode recognition: currently these responsibilities belong to 
domain specialists but there are solutions allowing it to be done fully automatically; 
this method is developed as a research project [32].  

Complexity of plants causes difficulties. Primarily, potential faults can be traced 
back to control systems (microprocessor control units) and/or actuators (e.g. 
hydraulic, pneumatic) rather than to the machinery itself. Advanced electronic 
systems, thousands lines of codes, transducers sending measured signals out, 
and the human being as the most unreliable part of control system lead to an 
extended range of potential system irregularities. There is a steady demand for 
newly developed diagnostic methods. The failure rate of control systems can be 
effectively reduced by static and/or dynamic redundancy. On the one hand, static 
redundancy mainly concerns microprocessor control units can be realized through 
comparison of results using the voting mode K from N. On the other hand, 
dynamic redundancy comprises a variety of multiplied devices/units, e.g. triple-coil 
electro-hydraulic transducers, pumps, oil filters. Two basic classes of diagnostic 
routines can be distinguished. The first group covers a set of conventional 
diagnostic applications linked with specific industrial processes, while the second 
comprises a wide range of computer-controlled systems (self-testing procedures). 

In order to analyze the application of diagnostic methods, their evolution for a 
determined period of time and the current state of the art, it appears to be useful to 
exemplify such applications. If the power generation sector is taken as an example 
it is noticed that diagnostic methods are implemented relatively early into industrial 
practice. Overdimensioned systems and/or expensive running costs during 
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operation and maintenance of machinery, such as turbo-generator sets may bring 
about irretrievable financial losses ([14], [2]) in case of failures, and consequently 
lead to the state of emergency dangerous to operating staff. Compound steam 
generators consisting of among others boilers, mills, pipelines, valves, other parts, 
etc. make it impractical to control and/or monitor all tracing processes which may 
pose a potential endangerment to maintenance and operational staff. Focusing our 
attention only on steam turbines, it can be observed that improved technological 
progress is relative to higher strength of applied materials and optimum 
geometrical arrangement designed for turbine blading.  Turbomachines are 
frequently damaged or destroyed in a result of maintenance interventions, e.g. 
leaving tools in the machine interior, not adjusted assembly components, omitting 
of service procedures.  

It should be mentioned that the majority of the implemented improvements should 
be gradually introduced into practice because of high expenses that need be 
amortized over a long period of time. In the 1980s, we witnessed intensive 
development of diagnostic routines aimed at vibration assessment. The theoretical 
fundamentals of signal processing and interpretation of performance 
characteristics were also intensively investigated. In the 1990s, already existing 
approaches to data interpretation and their processing were constantly improved, 
whereby local area computer networks were implemented, enabling information 
acquisition by fingertip from every site.  

Several disadvantages occurred relating to increasing the rate of information 
available at power plants. For instance, a three-man team in the control room 
responsible for reliable operation of some modernized power unit exercises with 
over four thousands of control and monitoring signals at the same time. The 
human factor is always of decisive significance in such cases. Some of operators 
were faced with certain difficulties to promptly operate new power control system 
prior to modernization of specific power units. They showed no immunity to 
stresses linked with the steady pressure brought about by hundreds of 
numbers/signs highlighted on monitors and potential erroneous assessment of 
actual monitoring status.  

Besides complex diagnostic solutions dedicated to large machinery, simple and 
less expensive solutions have been launched into the market. If the power 
generation sector is again taken as an example, the problems can be shown 
distinctly. Up to now small sized machinery (e.g. fans, compressors, pumps) and 
auxiliary devices have been rarely monitored because of the relatively high costs 
of diagnosing systems in comparison to machinery. The decreasing price trend 
makes PLC and DSP solutions available for a wide range of potentially new 
applications. Three solutions are possible (Fig. 1): 

o Simplified diagnostic modules (protection system) working separately or in 
a group, sending warnings/alarms in case of fault/emergency status, 
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o Portable diagnostic analyzers for quick estimation of the actual machinery 
condition, 

o Workstation extended solutions linked with many sensors and control 
system.  

 

Fig. 1. Review of selected solutions for machinery diagnostics 

Diagnostic systems are equipped with analog-digital converters, microprocessors, 
and standard input/output ports. Alerts and data can be transmitted by e.g. 
customized interfaces RS485, CAN, analog outputs or GSM. To the family of 
simplified diagnostic modules belongs for instance Adash A36001, VIBREX2, 
VIBCON3, Dresser Rand DI-TRONICS IV Vibration Module4. These systems can 
be extended by additional software packages for deeper analysis e.g. spectrum 
envelope. There has recently been a dramatic increase in the possibility of using 
portable vibration analysis. There is a wide range of analyzers on the market: 
Snapshot for Windows CE, Adash A3600, VIBSCANNER, etc. These analyzators 
can measure bearing condition, lubrication and mechanical defects of the whole 
machine. They enable the application of diagnostics at the level of signal values 
and often FFT analyzes. They can also be used for single- and two- plane rotating 

                                            
1 System is manufactured by Adash based in Chech Republic 
2 System is manufactured by Prüftechnik based in Germany 
3 System is manufactured by Energocontrol based in Poland 
4 System is manufactured by Dresser-Rand Control Systems based in U.S. 
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machinery balancing. Most of them have embedded basic vibration standards, e.g. 
ISO 10816 [62] for quick machine condition evaluating. The most complex and 
extended workstation solutions such as AIDA 951 and its successor AMODIS 
(ALSTOM Power) ([7], [8]), System One (Bently Nevada Corporation), a Polish 
prototype installation of DT200-1 system [25], TNC 2000/PAR (Technicad) [106]) 
and many others are used for monitoring large machinery especially in the power 
generation sector (e.g. steam and gas turbines). These enable not only early 
detection of faults occurring but also their detailed analysis and recognition. 

In view of further development of technical diagnostics, the following main 
tendencies should be taken into account: 

o staff reduction directly responsible for reliable operation of machinery and 
control systems, 

o reduction of engineering staff and more efficient teams of skilled workers to 
perform overhauls engineering supervision and keep the operation of 
machinery under constant control, 

o permanent transfer of repairs and overhauls to external companies 
(outsourcing), 

o implementation of remote control software applications and/or monitoring 
routines, diagnostic methods used for specific machines as ordered to 
local/external specialized diagnostic centers, 

o increase in application of numerous “intelligent” transducers equipped with 
microprocessors and more comprehensive data files archiving. 

o Increase of signals number collecting in on-line mode e.g. turbine control 
valve positions. 

1.3. Basic methods of rotating machinery diagnostics 

Theoretical considerations and analytical/numerical analyzes are widely discussed 
in literature ([70],[49],[100],[66],[71],[78],[113],[67]). Practical aspects of machinery 
operation and valuable simplified engineering approach were introduced in [116] 
considering frequently occurring malfunctions called Alignment, Balance, and 
incorrect Clearance (ABC) category [44] which are the most common problem of 
rotating machinery [44]. Interesting system identification approach, its 
applicatibility and several test results relating to rotating machinery are presented 
based on industrial cases ([80],[44]) Different aspects and methods of noise 
reduction can be found in [79]. Approaches to management of maintenance 
processes [2] are also widely discussed with use of numerous cases including 
insurance and safety aspects. The typical FDI monitoring system (e.g. [17]), can 
provide symptoms of a wide range of machinery malfunctions including:  

o Unbalance  
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o Misalignment  

o Rubbing in diaphragms or turbine blades  

o Blade breakage  

o Shaft bending  

o Cracking and looseness  

o Oil whip/whirl 

o Foundation changes 

There is a great deal of diagnostic hypotheses that assume the existence of 
diagnostic relations among the conditions (states) of rotating machinery and the 
vibroacoustical signal features.  

 
Fig. 2. Scheme of advanced diagnostic procedure 

Some of them are related to the steady state operating conditions of rotating 
machinery, e.g. if the 1X rotational speed component dominates over the entire 
spectrum, then the rotor is excessively unbalanced or, e.g. if the 1/2X, 1/3X and 
1/4X rotational speed components occur in the spectrum, the rotor rubs to the 
stationary parts of the rotor casing. The other diagnostic hypotheses deal with 
machinery under transient operating conditions. For instance, changes of natural 
frequencies of foundation are pointed as symptoms of its crack [70]. Basis of 
advanced diagnostic methods are frequency or time-frequency domain analyses. 
Most often FFT algorithm (Fig. 2) is used to obtain required diagnostic diagrams. 
Inconvenience of these methods is only output-based observation. There is a 
group of diagnostic methods based on the input-output observation, e.g. Bode 
amplitude-phase diagram and polar diagram (also called Nyquist diagram). Input-
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output analysis allows estimating the inherent characteristics of a system (e.g. 
eigenvalues) during transient operating conditions. Such methods permit to 
investigate relative phase lags of the system vibration response. A possibility of 
taking into account the symptoms associated with phase lags is of great 
significance for the diagnostics of rotor fatigue failures for instance shaft crack. It 
can be observed that the changes in natural frequencies, damping ratios and 
phase lags of a whole or partial model of a rotating machine are symptoms of 
machine technical state. Literature consists comprehensive discussion of various 
rotor malfunctions and faults ([16],[24],[23],[25],[41],[55],[56],[71],[74],[86],[87], 
[106],[107]).  

1.4. Rotating machinery malfunctions 

Frequently, malfunctions and faults are listed according to the machinery part [2] 
(rotor, seal, bearing, coupling, generator, foundation) in the area of diversified 
groups of machinery (power generation, production and auxiliary). A virtual 
machine scheme (Fig. 3) is introduced to systemize malfunctions. The causes of 
malfunctions are reported in reference [100] according to their severity: initial 
unbalance, permanent bow or lost rotor parts, temporary rotor bow, casing 
distortion, foundation distortion, seal rub, rotor axial rub, misalignment, piping 
forces, journal and bearing eccentricity, bearing damage, bearing and support 
excited vibration, unequal horizontal and vertical bearing stiffness, thrust bearing 
damage, insufficient tightness in assembly of rotor, gear incurrence and damage, 
coupling inaccuracy or damage, critical speeds, structural resonance, pressure 
pulsations, oil seal induced vibration.  

Exemplary classification of fluid-flow rotating machinery leads to the following list: 

o Steam turbines, 

o Gas turbines 

o Turbo-compressors and blowers (fans) 

o Water turbines 

o Centrifugal pumps 

Regarding the above list of machines the statistical analysis of occurring 
malfunctions and their localization can be elaborated (Table 1) [2].  
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Table 1. Distribution of faults according to causes and locations [2] 
Cause of failure Frequency  

of 
occurrence 
% 

Location of failure Frequency 
of 
occurrence 
% 

Total product fault 73.5 Rotor blading 23.0 
Planning and design faults 20.5 Bearings 15.0 
Erection faults 18.0 - journal bearings 12.0 
Manufacturing faults 11.0 - thrust bearings 3.0 
Technological shortcomings 9.5 Shaft seals balancing pistons 14.0 
Material faults 8.0 Rotor and wheels 13.0 
Repair faults 6.5 Casing, bedplates and bolts 10.0 
Total operational faults 20.0 Strainers and valves 7.0 
Operating faults 13.0 Governor 4.0 
Maintenance faults 7.0 Nozzles and diaphragms 3.0 
Total outside effects 6.5 Gearwheels and gearing 3.0 
Foreign objects 4.0 Pipework and expansion joints 2.0 
Other causes 2.5 Other locations 6.0 

Rotating machinery under operation conditions should utilize as much as possible 
of rotational energy minimizing its transfer to vibration energy. Forced, free and 
self-excited vibrations can be distinguished as dissipation forms of vibration 
energy (Table 2). Self-excited vibrations can be independent of forced vibrations. 
They can be initiated by internal causes such as geometrical and physical 
machine properties, e.g. changes of clearances. Machinery vibration limits are 
based on standards. ISO 7919 standard contains requirements for measurement 
and evaluation of the vibration of various machine types when the vibration 
measurements are made on rotating shafts [63].  ISO 10816 standard formulates 
requirements and evaluation criteria for measurements on nonrotating parts [62]. 

Table 2. Basic classification of machinery vibration 
 
Forced vibration 

 
Free and self-excited vibration 
 

Mass unbalance Oil whirl 
Misalignment Oil or steam whip 
Shaft bow Internal friction 
Gyroscopic Rotor resonance 
Rotor rubs Structural resonance 
Electrical excitations Acoustic resonance 
External excitations Aerodynamic excitations 
 Hydrodynamic excitations 
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2. Fault detection and isolation 
Nomenclature: 

1−f  - inverse function operator, 

s - Laplace operator 

z - discrete Z operator 

t - continuous time domain [s] 

θ  - model parameters  

p - physically interpretable model parameters 

G(s) - matrix of input-output transfer functions 

H(s) - matrix of disturbance-output transfer functions  

F(s) - matrix of fault-output transfer functions 

Q(s) - matrix of residuum generator transfer functions  

x - vector of state variables 

u, y - vector of input/output signals 

d - vector of disturbance signals 

f - vector of faulty signals 

r - vector of residuum signals 

s - vector of symptoms signals 

u0, y0 - scalars of reference input/output signal 

u0, y0 - vectors of reference input/output signals 

),,( euyΨ  - nonlinear physical model, 

nA, nB  - degrees of the polynomials 

A(z), B(z) – polynomials of z variable 

c  - constant of inversion 

e(z) - error between the reference and estimated excitation 

Hinv(z) - inversed transfer function of the given system model 

M, D, K - mass, damping, stiffness matrix, respectivelly 

d1, d2, d3 - damping related to rotor section [N⋅s/m] 

k1, k2, k3 - stiffness related to rotor section [N/m] 

m1, m2,m3 – mass related to disk [kg] 

α01, α02, α03 - unbalance angle related to disk [rad] 

m01, m02, m03 - unbalance mass related to disk [kg] 

r01, r02 , r03 - unbalance radius related to disk [m] 

l - length of rotor section [m] 

I - inertia moment [kg⋅m2] 

ρ - density of rotor section material [kg/m3] 

kax, kay,  kbx, kby – stiffness of particular support in the direction x, y [N/m] 
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Ω - rotational speed [1/s] 

Ei
+- - reference thresholds with given tolerance 

R1, R2, R3 - diagnostic relation 

 

Abbreviations: 

IIR - Infinite Impulse Response 

FIR - Finite Impulse Response 

RLS - Recursive Least Squares 

RMS - Root Mean Square 

NMP - NonMinimum Phase 

DSP - Digital Signal Processor 

PLC - Programmable Logic Controller 

FDI - Fault Detection and Isolation 

FSM - Finite State Machine 

2.1. Fault detection – theoretical problem statement 

The required features of FDI can be listed as follows: 

o model-based diagnostics allows detecting malfunctions and/or faults at the 
early stage of their occurrence, 

o specific kind of malfunctions and/or defects should be easily recognized, 

o emergency shutdown of the plant/machinery should be eliminated. 

In the scope of industrial system diagnostics, the following steps can be taken up: 

o measurement of available process variables (e.g. rotational speed,  
temperature, control voltage, current intensity, power); 

o measurement of design features of machinery and equipment subjected to 
fatigue wear and usual wear and tear (e.g. thickness of coupling facings, 
clearance among mating parts and components); 

o measurement of other features inherent in a variety of residual processes 
associated with side effects caused by operation of machinery and 
auxiliaries (e.g. noise level). 

General financial and management approach to maintenance processes in a plant 
results in consideration of reaction-based, time-based, and condition-based 
maintenance ([44],[101]). In case of reaction-based maintenance planning action 
is limited to current operation of machinery, e.g. oil replacement. Any reaction to 
faulty condition of machine is taken not before significant problems occurred. 
Time-based maintenance is related to the specific plan of machinery usage. 
Maintenance is planned and scheduled on a periodic basis [44]. Condition-based 
maintenance takes into account economical aspects. Machinery maintenance 
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schedule in this case, consists of actions have to be taken regarding demands of 
industrial safety standards, process parameters, and actual machinery condition. 
In case of condition-based diagnostic approach, an operational manager is 
supported by on-line available information involving potential severity assessment. 
The on line expertise can confirm the decision of shutdown and it can be further a 
base for post-analysis and discussion of taken decisions.   

Diagnostics can be conducted with the use of a signal or system model. Model-
based diagnostics assumes (Fig. 5) detection and distinction of malfunctions that 
are impossible to track back by signal-based methods (Fig. 4). 

 
Fig. 4. Conventional approach to diagnostics with direct use of 

measurements 

  
Fig. 5. Advanced approach to diagnostics with use of residuum 

generator 

In the majority of cases, a selected diagnostic model can be thought of as a 
complementary system model intended for modeling phenomena associated with 
by-products generated in the course of object operation, e.g. waste gases, 
vibration, noise level, electromagnetic fields. There are many types of malfunction 
indicators (Fig. 6). 
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Fig. 6. Approach to fault detection with use of a binary threshold 

detector 

FDI methods are based on mathematical algorithms implemented as numerical 
procedures. There is numerous calculation errors related to FDI methods. It is 
possible to distinguish: 

o Error of a mathematical model (phenomena modeling error) e.g. too low 
order of a transfer function, linearization. 

o Error of a numerical method, e.g. in case of estimation not every estimator 
is optimal from statistical point of view. 

o Error of a numerical algorithm, e.g. signal saturation, rounding, cutting, 
programming. 

The sum of potential errors of fault detection method can cancel an effect of real 
change in a faulty system behavior and in this case, the evolving malfunction can 
be unnoticed. Error occurrence is closely related to hardware implementation of 
formulated algorithms. The less expensive solutions based on fixed-point DSP or 
PLC can involve more errors relating to processor internal architecture, especially 
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rounding and cutting errors. During signal preprocessing and/or results analysis, 
the procedures of signal filtering and smoothing are strongly recommended. The 
most common are listed below:  

o the fixed-coefficient FIR and/or IIR filters are used as low-pass or pass-
band filters, 

o the adaptive filters (LMS, RLS) are used for improving signal quality, e.g. 
noise or interference cancellation, equalization, prediction, 

o the statistical filters based on signal statistics such as median, average, 
smoothing. 

2.2. Fault Detection and Isolation 

The aim of this monograph is to find an alternative parametric diagnostic approach 
instead of nonaparametric-based one. In the further consideration are taken into 
account parametric models at the fault detection level. In practice, these models 
are frequently reduced to simple statistical estimators such as moving average, 
correlation, or spectrum. The fault isolation models are very rarely using in 
practice, most of them working as advisory systems ([18], [33]), but the decision 
and inference processes are realized by the assigned technical staff. 

Fault detection models (most common features): 

o They are frequently dynamical and based on ‘s’ or ‘z’ operators in 
continuous or discrete time domains respectively, 

o They are formulated as transfer functions or state space equations, 

o They are precise and often nonlinear, including static or dynamic 
nonlinearities, 

o Frequently system identification (SI) techniques are used to obtain their 
parameter values. However, approach when parameter values are 
assumed as known is acceptable. 

Fault isolation models (most common features): 

o They are mostly heuristic and static (not including previous states of 
events), 

o They have to take into account data uncertainty and imprecision 
(measurements repeatability), 

o They can operate on incomplete and incoherent data. 
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Fig. 7. Basic possibilities of residuum formulation for detection and 

isolation faults 

 
Fig. 8. Summary of available symptoms in different diagnostic 

approaches 

There is a possibility to distinguish the following approaches in applying a model to 
diagnose a given system (machine, device) (Fig. 7): 

o Input-based diagnostics as a generation of residuum R1 between reference 
input Uref and reconstructed model input U if the model parameters θ, 
reference input Uref and output Y are known, 

o Output-based diagnostics as a generation of residuum R2 between 
reference output Yref and reconstructed model output Y if the model 
parameters θ, reference output Yref and input U are known, 
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o Parameter-based diagnostics as a generation of residuum R3 between 
reference parameters θref and reconstructed model parameters θ if the 
reference model parameters θref, input U and output Y are known. 

If only output models are considered, input U and reference input Uref can be 
assumed as unknown and modeled as a white noise. Symptoms available in 
particular approaches are listed in Fig. 8.  

2.3. Analytical vs. system identification approach 

The decision on which approach to apply, analytical or system identification can be 
made based on knowledge assessment of considering system regarding its 
structure and parameters (Fig. 9). 

 
Fig. 9. Knowledge of phenomena as a criterion for selection of a 

system modeling approach 

The main rule of which approach to apply according to Fig. 9, is: 

o If the model structure is known and parameters are known from 
documentation or tests it is preferred to use analytical approach 

o If the model structure is known and parameters not it is preferred to use 
parametric system identification 

o If the model structure and parameters are unknown it is preferred to use 
nonparametric system identification 

2.3.1 Analytical approach - physical equations based method 

Detection based on the physical equations of a precisely defined nonlinear 
phenomena model can be formulated as below 

0),,( =Ψ euy .  (1) 

All parameter of this equation have to be known. Physically derived fault generator 
is suitable for use in fully automated and usually high-risk installations, e.g. 
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possible losses connected with environmental contamination and threat to health 
and human life. Residua generators developing with use of such approach are 
intended to be sensitive to additive and/or multiplicative faults. Analytical fuzzy 
models with known physical parameters can be also applied, taking into 
consideration any inaccuracies of a classical mathematical model. 

2.3.2 System identification approach 

Identification of dynamic systems is applied when the structure and/or parameters 
are partially or fully unknown. Review of system identification methods and 
techniques is introduced in Appendix A. For instance, it was concluded [4] during 
modeling of machine foundations with the use of finite element method that even 
foundations are nominally identical (dimensions, fabrication methods etc.) may 
have substantially different dynamic characteristics. The only practical route to 
tackle with this problem is experimentally derived model. Estimation of model 
parameters may be computationally very complex. System identification 
techniques based on input-output methods regarding closed-loop conditions are 
very common in applications [103]. Impact of closed-loop can have two 
consequences: qualitative, which can make identification impossible and 
quantitative, causing errors in model parameters estimation. In general, closed-
loop conditions are inevitable in the following cases ([77], [104]): 

o industrial installation cannot work without controller due to safety, efficient 
or external demand reasons (e.g. steam turbine operating in a power net 
system) 

o objects, which are unstable, require controller for operation 

o installation generates high losses when it works in non-controlled 
circumstances 

o system contains feedback relations in itself (e.g. a system of hydrodynamic 
bearing with loaded rotor), 

In closed-loop systems, a nonparametric method can be applied. However, it is 
very sensitive to bias effect (non-gaussian disturbances). Parametric methods 
should follow approaches below [77]: direct identification, indirect identification, 
identification of a combined set of inputs and outputs.  

On the premises that the statistical properties of input excitation and a kind of 
estimator applied are known, it is possible to assess the accuracy degree of model 
parameters to be identified ([77], [104]). An interval region of confidence level for a 
specific parameter is a measure of such accuracy [50]. The physical interpretation 
of the significance level is very general; however, it provides some reference 
measure of disturbance influence (noise level). Such disturbances may be among 
others caused by excessive nonlinearity of a system. Increase of the confidence 
level can be interpreted as a reduced accuracy in the identified model parameters 



 

 27 

 

2.4. Residua based on model output  

2.4.1 Linear residua generator 

Fault detection generator may be considered as a highly sensitive linear filter to 
additive input/output signals and state variables. The fault diagnosis generator 
should be designed in such a manner that the impact of fault can be enhanced 
and disturbances maximally reduced. Design process involves determination of 
transfer functions and equations of states. The generator Q(s) fulfills the following 
equation: 

⎥
⎦

⎤
⎢
⎣

⎡
=

u
y

Qr )(s    (2) 

where r is the residua vector. A specific system can be linearized at the giving 
working point, taking into account non-measurable disturbances and failure rates, 
the system can be represented as follows: 
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After substituted the variable y in the equation (2) the generator is expressed by 
the following equation: 
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The properly constructed filter Q(s) becomes a residuum generator, if for arbitrary 
e(t) and u(t), as well as for f(t)=0, we obtain: 

∞→
=

t
t 0)(limr   (5) 

and for f(t)≠0, the residuum r(t) ≠0 is generated. A residuum generator can be very 
complex from mathematical point of view. It is difficult for building and verification 
at industrial conditions. The residuum generator should be able to ensure 
robustness to the unknown inputs and sensitivity to the fault vector.  

Example: There is a problem of measurement of input signal corresponding to 
excitation of rotating machinery (e.g. unbalance force) (Fig. 10, Fig. 11). However, 
there are many cases of machinery operation in which several (output) signals are 
simultaneously measured (e.g. vibrations). There is a possibility to assume [80] 
that vibration responses of machine can be considered as input-output signals of a 
virtual local diagnostic model. For instance, two hydrodynamic bearings supporting 
both sides of a rotor provide at least four signals of relative vibration. This 
approach can be called “channel to channel” or joint signal analysis method. 

The signals are measured at the beginning and end of a rotor in vertical and 
horizontal directions. In this case vertical vibration signal from the left bearing can 
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be taken as the input to a virtual local model and the vertical vibration signal from 
the right bearing as the output. The exemplary model of a simple rotor was taken 
into account (cf. [73]). The rotor model consists of three nodes and two sections 
(Fig. 10, Fig. 11). Using transfer function system description the model response is 
given as a vector regarding the system presented in Fig. 11,12 [40] 

uGy )(s=   (6) 

where driving signal is described by the following vector [40] 
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Fig. 10. Scheme of supported rotor with listed basic geometry and 

physical parameters of excitation and hydrodynamic bearing 

The steady state operating conditions are assumed. A residuum generator should 
be stated for rotor sections where the relative displacement sensors (typically 
eddy-current transducers) are mounted. Most often such a place is located in 
housings of machine bearings. The sensors are perpendicularly mounted in the 
two main directions. The residuum generator is derived based on output signals in 
the vertical direction (vibration displacement) between the first and the last rotor 
section (see Fig. 11). 
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Fig. 11. Schematically depicted measurement channels 

The simplified transfer function between rotor sections in a vertical direction after 
rearranging into a residuum form (8) and under assumption of the position of 
unbalance mass at the angle α1=α2=α3=0, the unbalance mass m01=m02=m03=1, 
and unbalance radius r01=r02=r03=1 is as follows 
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Most often shaft design has variable geometry in consequence of differential 
diameters along the shaft. In this case, the lumped masses at nodes 
corresponding to the shaft sections are unequal (m1 ≠ m2 ≠ m3) 

( )shaftiiiiii
disk
ii ldldmm ρρ ++= −− 11     (9) 

where: m is a lumped mass of section, d is a shaft section diameter, ρ is a density 
of shaft material, l is a shaft section length. A stiffness of a shaft section is defined 
in the following way 
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ii
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IEk =   (10) 

The stiffness of the support is usually higher in the vertical direction kay, kby then in 
horizontal kax, kbx.  

Conclusion: 

There is a possibility to obtain a residual signal with use of a residual generator 
under operational conditions with constant speed. The changes of system 
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properties are considered as a residual signal between reference model response 
and actual rotor response. 

In many practical cases, steady state conditions are non-conducive and machine 
transition properties are not excited enough. In such situation the system (e.g. 
fluid-flow machine) has to be excited by an additional excitation, for instance by 
changing flow rate / pressure drop of a working agent, e.g. steam, water. The 
excitation time may be very short when a parametric model is used to estimate 
transfer function parameters.  

Presented approach can be helpful when the excitation (e.g. unbalance force) is 
non-measurable however, there is demand of eigenvalues separation [46] and 
system responses are available.  

2.5. Residua based on model input 

An inverse discrete/continuous-time domain model can be derived from the direct 
a priori known mathematical model or through identification of a system under 
operational conditions [53]. When the response of a rotor-bearing system is 
measurable and a linear inversed model is available then there is a possibility of 
reconstruction of load variation vs. time ([110],[113]). It is required that an inversed 
model should be proper or strictly proper [99]. The specified transfer function used 
for a given proper model has the degree of numerator less than the degree of 
denominator nB<nA, while for the strictly proper model the degree of numerator 
equals to the degree of denominator, i.e. nB=nA. If the degree of numerator is 
greater than the degree of denominator nB>nA, then the system under study 
cannot be physically realizable [99]. For the purpose of its true feasibility, the ideal 
differentiation would be needed. The feasible inversion for a specified discrete 
model is usually presented as the incorporation of the system transfer function into 
its inverted model having the identical structure H(z)⋅Hinv(z)=1 (Fig. 12) ([38], [37]). 
The ideal inversion involves the equality of the reference input u0(z) and input u(z) 
by introducing a reference model Hw(z). It enables to determine an inversed SISO 
model (5) in the following form: 
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where: nA, nB are the degrees of the polynomials, u0(z) is the reference input 
signal, y0(z) is the reference output signal, c is the constant set for inversion 
perfection (c=0), while e(z) represents the error between the reference excitation 
and the estimated excitation, Hinv(z) is the inversed transfer function of the given 
system model and H(z) is the transfer function of the system model. An 
excessively large difference between the degree of the numerator nB and 
denominator nA may result in a higher inaccuracy of the model inversion. The 
inverse model can be unstable (corresponding to zeros outside of the unit circle). 
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Unfortunately, this situation occurs quite frequently in practice. It is proved that 
discretization of a linear continuous-time system can result in zeros outside unit 
circle regardless that the continuous-time model has no zeros, or all zeros are in 
the left half plane, but it depends on a signal processing procedure [99]. 

 
Fig. 12. Theoretical diagram of direct and inverse model 

connection 

Zeros to the left part of the unit circle are generated due to the following factors: 
time delay present in a continuous time model being no multiple of a given 
sampling interval, or too short sampling interval was chosen. Zeros to the right of 
the unit circle are generated as a result of the presence of the zeros in continuous 
time structures models in the right half plane, i.e. the system itself 
nonminimumphase. Linear and invariant-parameter model has to be considered in 
case of an inversion. The described input-based method of fault detection requires 
a priori information of a structure of diagnostic model and the identified 
parameters.  

 
Fig. 13. Scheme of a rigidly supported rotor5 (rotor sections are 

marked as 1, 2, 3) 

Example: A two-degree model of a supported rigidly rotor is considered under 
steady state operating conditions (Fig. 13) as an example of a potential application 
of input-based diagnostic approach. The equation of a rotor model can be 
formulated in the following way 

)()()()(2 ssssss uKyyDyM =++    (12) 

and further as transfer function  

                                            
5 Only vertical vibrations are considered 
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Finally matrix H(s) is obtained as follows 
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where the common denominator M(s) of the transfer function of the matrix H(s) is 
given as 
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The MIMO system was simulated with the values of parameters: m1=m2=1 [kg], 
k1=(20π)2 [N/m], k2=(20π)2 [N/m], k3=(20π)2 [N/m], d1=0.001k1 [Ns/m], d2=0.001k2 
[Ns/m], d3=0.001k3 [Ns/m]. Sinusoidal and square input waveforms are defined as 
follows 
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Gathered data during simulation was used for identification of a MIMO ARX6 
model with the following structure 
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The identified model was inverted according to the scheme introduced in the figure 
(Fig. 12). The results of inversion in time domain are presented in the figure (Fig. 
14). The existing inaccuracies are caused by numerical errors of discrete-time 
data processing, model structure selection and estimation method. 

                                            
6 Introduction to nomenclature of model description can be found in Appendix A 
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Fig. 14. Qualitative comparison of reconstructed (dotted line) and 

reference excitation signals (solid line) at the two MIMO model 
inputs, rectangular - the left graph, and sinusoidal - the right graph  

This method can provide acceptable results only when machinery is under steady 
state operating conditions. 

The input-based methods are applied in many practical cases such as in-flight 
airplane load monitoring [110], valve diagnostics [79], steam-turbine unbalance 
forces reconstruction [113], and many others [110]. The parameter-based methods 
are used frequently in monitoring structures: building, bridges, and machines.  

2.6. Residua based on model parameters 

There are two methods of parameter interpretation associated with a technical 
diagnostic reasoning method with use of a parameter-based approach. The first 
method is based on the knowledge and assumptions that model parameters can 
be physically interpreted. Based on so-called “common interpretation” (e.g. know-
how of manufacturers or service companies) and/or technical knowledge (e.g. 
theory and design rules) appropriate conclusions can be drawn ([21], [24], [40], 
[74], [35], [108], [113], [117]). For instance, when the anisotropy of the stiffness or 
damping ratio of the rotor-support system has increased after several startups, in 
terms of the different poles location, it can be inferred that certain changes in the 
machinery properties followed. The knowledge in the field of mechanics enables 
us to state that the lower frequencies and damping ratio for poles corresponding to 
a natural frequency in the vertical direction can be one of the symptoms of the 
occurrence of excessive looseness.  

The core of the second reasoning method consists in the determination of 
statistically measurable values of model parameters collected under transient and 
steady state machinery operation.  

According to the kind of machine malfunction/fault, the evaluation of rotating 
machine properties may be differently modified. Specific technical states 
recognized as normal ones can be practically compared to the other technical 
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states and compared with the values of model parameters to be identified from 
measuring data at an arbitrary location of rotating machine.  

2.6.1 Location of poles on a complex plain 

Poles location is closely associated with the properties of a mechanical structure. 
Location of specific poles on the complex plane may be analyzed by a separate 
interpretation of their coordinates as specified by imaginary and real parts on the 
presented plots (Fig. 15, Fig. 16, Błąd! Nie można odnaleźć źródła odwołania.). 

 

 

Fig. 15. Interpretation of the root locus (only poles) and impulse 
response for different damping values based on simulation of a 

second order mechanical system  
(legend: x – pole, o – zero) 
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Fig. 16. Interpretation of the root locus (poles and stable zero) 
and impulse response for different damping values based on 

simulation of second order mechanical system  
(legend: x – pole, o – zero) 

 

 

Fig. 17. Interpretation of the root locus (poles and unstable zero) 
and impulse response for different damping values based on 

simulation of second order mechanical system  
(legend: x – pole, o – zero) 
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A mutual separation of system natural frequencies is of essential significance (Fig. 
18).  

 
Fig. 18. Interpretation of the root locus (poles) for different 

damping values based on simulation of mechanical fourth order 
system (legend: x – pole) 

System natural frequencies are critically damped if the dimensionless damping 
factor is greater than one. This damping factor is defined as follows 

cd
dq =   (19)  

Where d is the damping coefficient [N⋅s/m], dc is the critical value of damping 
coefficient [3].  



 

 37 

 

  
Fig. 19. Solution of the characteristic equation consists of real and 

imaginary parts of poles on a complex plain as a function of 
damping coefficient 

In Fig. 19 the eigenvalues are plotted as a function of damping coefficient. In Fig. 
20 the damping factor is plotted as a function of damping coefficient. 

 
Fig. 20. Linear dependency between damping coefficient in 

equation and damping ratio (damping factor) 
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Fig. 21. Response of a system excited by a random force in case 
of increased damping coefficient to extremely high values (d=40 

[N⋅s/m]) 

In this exemplary case, the critical damping coefficient is around ±17 [N⋅s/m]. If the 
value of damping coefficient fulfills the condition d>0 the system becomes 
unstable. If the damping factor q>1 then system can transfer forced vibrations Fig. 
21, however it does not generate any itself vibrations. 

2.6.2 Location of zeros on a complex plain 

When analyzing the specific vibrations, the modified location of zeros on the 
complex plane (Fig. 22) may be physically interpreted via phase lags (phase 
shifts) between the harmonic excitation components (input signals) and system 
responses (output signals). Zeros derived from the polynomial B(z-1) of the model 
ARX(nA, nB, d)7 may appear to be unstable, i.e. they may be positioned outside 
the unit circle for a discrete-time model (NMP model). [88]. Unstable zeros 
traceable beyond the unit circle do not testify to the model instability. NMP zeros to 
the left part of the unit circle on the z-plane are generated due to the following 
reasons [88]:  

o no synchronization due to persistently permanent sampling of vibration 
signals,  

o a time delay present in a continuous-time rotor/support model being no 
multiple of a given sampling interval,  

o selection of too short sampling interval,  

                                            
7 Regression models  are described in Appendix A 
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o selection of too long delay in a given discrete model for the purpose of 
model parameters estimation,  

o a number of the poles as compared to the number of zeros inherent in the 
class of continuous-time rotor/support models. 

NMP zeros to the right of the unit circle on the z-plane are generated as a result of 
the presence of the NMP zeros in continuous time machinery models, i.e. the 
rotating machinery itself NMP (not only restricted to discrete time models) [88]. 

 

    
Fig. 22. NMP zeros: a) to the left of unit circle, b) to the right of unit 

circle 

Lightly damped mechanical structures are nonminimum phase [79].  

2.7. Summary of Fault Detection methods  

Complete analysis of numerous FDI methods is difficult due to large number of 
approaches and methods [115]. The basic systematization is in the Table 3 and 
Fig. 23. The common application of direct identification method characterizes of 
compromise between required algorithm complexity and practically achieved 
effects. 

Table 3. Comparison between Fault Detection methods 
 Physical 

equation 
Direct 
identification 

Model inverse 
based on 
identification 

Method applicable in the industrial 
conditions 

- + - 

Method applicable in the laboratory 
conditions 

+ + + 

Sensitivity to model nonlinearity  high moderate very high 
Demand of input signal availability + - + 
Sensitivity to additive fault + - + 
Sensitivity to multiplicative fault + + + 

Legend: (+) positive, (-) negative 
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Fig. 23. Basic systematization of different Fault Detection methods 

2.8. Fault isolation 

Fault isolation can be considered as a second stage of FDI approach. An isolation 
model may be expressed in the following way: 

XSF ×⊂ ,  (20) 

where F is a set of predefined faults, S is a set of determined symptoms and X is a 
set of technical states. Variables F, S, X belong to the macro time domain ([29], 
[85]). These models take into account symptom-fault relations according to 
rotating machinery diagnostics. A concept of technical state is very difficult to 
express in mathematical terms. It involves more subjective evaluation based on 
incomplete, uncertain, and imprecision (approximate) values. A technical state of a 
system can be assessed via diagnostic relations relative with input symptom 
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values and state variables (Fig. 24). 

 
Fig. 24. Complete diagnostic reasoning system with fault 

description using early warning symptoms 

2.8.1 Basis of isolation models 

General idea of an isolation technical state-based model is formulated providing 
fundamentals for the further considerations. 

Definition: (after [48]) (…) Finite State Machine (FSM) is an abstract machine 
consisting of a set of states (including the initial state), a set of input events, a set 
of output events, and a state transition function. The function takes the current 
state and an input event and returns the new set of output events and the next 
state. The finite state machine can also be viewed as a function which maps an 
ordered sequence of input events into a corresponding sequence of output events. 
There are many variants of FSM, for instance, machines having actions (outputs) 
associated with transitions (Mealy machine) or states (Moore machine), multiple 
start states, more than one transition for a given symbol and state 
(nondeterministic finite state machine), one or more states designated as 
accepting states (recognizer), etc. A deterministic FSM is one where the next state 
is uniquely determined by a single input event. The next state of a 
nondeterministic FSM depends not only on the current input event, but also on an 
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arbitrary number of subsequent input events. Until these subsequent events occur, 
it is not possible to determine in which state the machine is. In a probabilistic FSM, 
there is the predetermined probability of each next state given the current state 
and input. In a fuzzy FSM, there is the predetermined membership to fuzzy set of 
each next state given the current state and input. (…) 

The finite state automaton is a general conception for developing specific technical 
diagnostic applications, which are ([26],[34],[33]): 

o statements and active statements, 

o fault or test trees, 

o transition matrices, 

o decision tables, 

o diagnostic graphs, 

o expert systems, 

o nets (Petri, belief networks). 

These foregoing solutions provide new possibilities regarding: 

o system-oriented knowledge formulation and explanation facilities, 

o multi-task (agents) operations, 

o uncertainty and fuzziness of events, 

o severity (significance) of events, 

o heuristic strategies, 

o supporting quantitative and qualitative inputs, outputs, states, 

o management of a huge set of events. 

o The fault isolation model can be: 

o quantitative, 

o qualitative, 

The qualitative modeling methods are highlighted in literature. Many of them are 
still on scientific investigation level of development. From this stage, the way to full 
commercialization is far, however they are so interesting that short description 
should be given. As the first publication devoted to qualitative modeling of 
phenomena supplement to journal „Artificial Intelligence” entitled should be 
mentioned (cf. [52]). The publication presents a collection of various papers 
dealing with the methods of representation and application of the state of the art 
knowledge about physical phenomena (cf. [52]). Qualitative models may be 
applied in the following cases [52] 

o No quantitative model available, 
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o Non-measurable features of a specific phenomenon available,  

o No comprehensive knowledge about the phenomenon to be modeled 
available, 

o Such knowledge has a natural character and/or is expressed in terms of a 
natural language, 

o Complexity of a particular phenomenon excludes any feasible 
measurements, 

o Measurements of variables turned out to be too expensive and/or have to 
be carried out for a lengthy period of times, 

o Measurements fail of a phenomenon, (e.g. Heisenberg’s theorem), 

o System analyst is not interested in a concrete system, but he distinctively 
focuses on a class of similarly-structured systems, 

o Interrelation among particular variables is a priori known; no analytical form 
is available, 

Qualitative modeling is nowadays widely used in the scope of the approaches to 
artificial intelligence processes. It permits to construct a model when there are no 
possibilities to determine precisely the parameters of quantitative models in a 
result of excessive number of required data. 

Worth mentioning, are two solutions, which were started in the early 70’s and 80’s 
by many scientific groups and have now found a place in industrial conditions: 

o diagnostic matrices (quantitative isolation model) ([69],[96]), 

o expert systems (qualitative isolation model) ([32],[33],[34],[25],[114]). 

The above-mentioned techniques are widely described in the next sections.  

2.8.2 Diagnostic matrix  

Fault isolation can be based on a binary or multi logical matrix through correlation 
of machine states with current residual vectors. The diagnostic matrix (Fig. 25, Fig. 
26) consists of rows including symptoms of faulty conditions and columns of 
possible faults. A vector of symptoms is defined based on several local residua 
and should be considered with exactly one fault. The matrix is filled out based on 
engineering knowledge or heuristic rules and it does not take into account all 
feasible faults. There are different methods for identification of matrix values based 
on experimental data with the use of classic taxonomy or artificial intelligence 
techniques such as clusterization and classification. This approach requires a 
comprehensive set of examples regarding faults. 
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Fig. 25. Diagnostic matrix 
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Fig. 26. Matrix of reference levels (thresholds) for residua 

The proper adjusted and tuned matrix is valid only for the same measurement 
conditions. The matrix is a general representation of system faults and it can be 
implemented in numerous possibilities. The conventional, multi level, or fuzzy logic 
inference engine can be used or the simple rule testing from left to right can also 
be applied. Many existing software applications can support deduction processes 
e.g. expert system techniques [32]. For a diagnostic matrix to be completed, each 
possible combination of residua for the given faults has to be unique. Missing and 
redundant rules have to be removed with the use of dedicated software solutions. 
More detailed descriptions of isolation and diagnosis methods are available in the 
literature [96].  

2.8.3 Expert systems 

A technical term „Expert System” is specific to a program based on knowledge and 
inference engine for supporting the solution of problem to be only approached by 
specialists and experts. Such program may be considered as a model derived 
from the knowledge of the most skilful experts and specialists in the field of 
knowledge under study ([28],[31]). The expert systems can be grouped as follows 
([72],[31]): control systems, testing systems, repair systems, design systems, 
diagnostic systems, instruction systems, interpretative systems, planning systems, 
prediction systems. Expert system consists of knowledge base defined in many 
ways, e.g. by set of facts (statements), or rules [28]. The expert system may 
generate erroneous messages [28]. Industrial expert system should be always 
able to manage inference processes, even in such circumstances when only 
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uncertain or incomplete data is available to be used for inference procedures [31]. 
Expert system oriented application are integrally associated with heuristic methods 
implemented by domain experts. Expert systems are thought to perform various 
tasks challenging the very high requirements with a success to be achieved by a 
human being, an expert in his field of knowledge [95]. A technical term „expert 
system” may be referred to any arbitrary computer package, which can draw 
conclusions and/or make decisions under the action of the reasoning process 
triggered off by a human being. In many study cases (e.g. while decision-making 
in power generation plants), the human being is not able to be conscious of many 
things to be likely to happen and then the expert system, operating in real-time 
applications environment profile, is in a position to carry on its function as 
compared with human beings. Expert systems can be widely applied in the areas, 
where the information (knowledge) concerning a special line appears to be 
uncertain, and/or is not unambiguously unified (no mathematical modeling 
algorithm validation exists to solve the assigned task) and/or a posed problem can 
belong to NP-complete [28]. A particular expert-aided knowledge system in a 
selected science domain can be effectively many times used without the expert’s 
presence. Additionally, the knowledge of numerous specialists can be 
conveniently aggregated in such expert system. 

Expert systems seem to be a prosperous business in the nearest future. Further 
technical development in this field will undoubtedly contribute to the common use 
of expert systems. Knowledge acquisition methodology belongs to the difficulties 
of expert systems development ([86],[85],[31]). At present, there are numerous 
methods to reach this goal, but none of them warrant for automated knowledge 
acquisition in a very reliably and correct manner. In a consequence, the 
improvement of currently applied method and suitable approach to the formalizing 
of such processes should lead to creation of systems, which automatically can 
acquire knowledge.  

A unique feature of the expert systems consists in their perfect capability to 
automatically generating explanations during consultations with user, mainly how a 
specific problem should be properly tackled. Explanations are commonly created 
by explanation facilities. Presently, the following three kinds of explanations are 
apparently encountered in common use ([84], [28]): 

o How? – the explanation provides answer for the following question: “in 
which manner the system has introduced a predetermined set of 
conclusions”. In such case, the explanations are of retrospective character 
and represent logic system inherence. 

o Why? – the explanation provides answer for the following question: „why 
the system has put the given question to the user”; such explanations can 
justify the advisability of the question via the representation of currently 
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displayed inference context, along with the answer facilitating the solution of 
a posed problem. 

o What is? – the explanation provides answer describing the properties 
corresponding to the features of an investigated system/process. 

Expert systems are reported ([100], [32], [33]) as a tool for inference in the case of 
imprecision, often missing and non-consistence data. MCM Manager of Bently 
Company can be thought as a commercial solution combines typical binary matrix 
approach and selected features of expert systems can be taken. This tool is 
equipped with Rule Builder [18] for creating of customized diagnostic rules based 
on available measurements. This system provides answers to the user’ questions: 
how?, why?, what is? It allows classified MCM Manager as an expert system. 
However, industrial practice shows that this system is not frequently use from 
many reasons. First, there is no enough knowledge among power plant staff and 
some extra expenses for building specific knowledge base has to be taken into 
account. These additional costs are difficult for prediction since knowledge base 
building process can take a few years. Although, there is no guarantee that it will 
be successfully. Only compact and complete, fully automated solutions are 
accepted by industry. There is no possibility of enclosed all knowledge of 
malfunctions into knowledge base at the initial stage. The frequent updates are 
needed in a longer time. It generates additional costs and requires communication 
with external advisory company. There are also problem with numerous 
recommendations and experts’ opinions regarding shutdown and warning criteria. 
Those factors extremely complicate application of any expert system in the area of 
rotating machinery diagnostics. Nowadays, industry needs smart solutions based 
on fault detection and simple logical decision-making structures with easy to 
review criteria expressed as thresholds. Those systems can be verified and easy 
configure in-house and that decides of their practical usefulness. 

Summary: A binary transition matrix can store diagnostic relations between 
symptoms generated based on predefined warning thresholds and a priori 
formulated sets of faults. There is also possibility to identify thresholds values in 
tunable manner during longer machinery operation with use of additional 
algorithms (e.g. moving average, adaptive filters). If a large number of single and 
multiple faults have to be considered then an expert system technique may be 
taken into account. Expert systems are suitable to represent qualitative knowledge 
and can be realized as a blackboard solution (multi sources). The knowledge can 
be stored incrementally and acquired by many methods such as consultation with 
experts, induction learning, and many other knowledge discovery techniques [86]. 

2.9. Remarks on improvement of FDI methods 

In practical usage of industrial systems modeling results, it is indispensable to 
identify selected parameters of a theoretical model formulated based on physical 
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laws ([77],[113]). Such models are usually elaborated to develop automatic control 
methods and/or model-based diagnostics (FDI) ([77],[96]). Usually, models applied 
for control purposes are simplified via linearization and reflect the operation of a 
system around operating point.  

The main problem to be coped with during identification scheme of a rotary 
machine consists in the application of a required active experiment with special 
excitation signal. As a natural test signal can be considered the unbalance force. 
Unbalance force may be obviously modified, e.g. via extra mass at a preset angle 
upon the circumference of rotor. A drawback of the application of such excitations 
can be attributed to its model nonlinearity, where the amplitude of excitation 
vibrations is nonlinearly dependent upon the square of the rotational speed kept by 
the rotor. Therefore, the unbalance forces cannot excite the rotor strongly enough 
to vibration at low rotational speeds, while and/or at excessively high rotational 
speed, can too persistently excite the rotor vibrations. Too high dynamic range of 
amplitude values can prove to be unfavorable during tests to be conducted under 
variable operating conditions of machine. The implementation of unbalance force 
to identification purposes is defined as synchronous perturbation. To other type of 
excitations belong amplitude-variable forces, and variable speeds and angles of 
contacts. Such amplitude-variable forces can be exclusively generated by means 
of specially designed equipment (exciters). This approach is called asynchronous 
perturbation. It is possible to improve the conditions of identification, using 
supporting additional excitation signals with low-ranged amplitudes.  

Parameters of a physical model can be identified by series of measurements to be 
performed on a separated subsystem (units, parts) and subjected to active tests at 
a special test rig with use of “black box” modeling. In this case, the estimates of 
certain coefficients do not directly correspond to physical model parameters. By 
combining both above-mentioned method with ‘white box’ modeling, variety of 
hybrid models can be built (so called „gray box” [77], or multiple models [42]), to 
enable the estimation of physical model parameters, assuming a priori knowledge 
of other model physical parameters [6]. It is very interesting to obtain statistic 
and/or dynamical performance characteristics based on a particular identified 
model, similar to those, which are conducted regularly (as routine procedures) 
during overhaul, inspection, retrofitting, etc. To the most essential advantage of 
this method belongs clear understanding by staff, periodically and/or continuously 
supervising a given machine. When an example of rotating machinery is 
considered, numerous difficulties may be found in the scope of modeling and 
identification, whereby the most serious drawbacks were specified below ([113], 
[76]): 

o Excitation forces such as unbalance, rub, driving torque are difficult to 
measure,  
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o In most cases, rotating machinery is coupled with controllers which can 
mask the initial stage of malfunction occurrence, 

o Large-sized turbomachinery must be operated for a certain transition period 
of time to attain the expected working point (e.g. specified rotational speed),  

o Dynamic properties of rotor assembled in bearings mainly depend of the 
dynamic properties of the bearings. 

Reference to physical model parameters during identification is a method which 
allows to increase the model accuracy. For instance, mass can be a parameter 
specified for more precise estimation of other parameters. The mass of the rotor 
sections can be relatively easily determined based on its geometry and used 
materials.  

 
Fig. 27. Malfunction propagation 

Theoretical application of turboset mechanical models permits to achieve a 
meaningful quantitative accuracy [113]. Modal analysis can also ensure an 
expected accuracy at a stage of experimental research [108]. The diagnostics in 
industrial conditions is difficult regarding many unidentified causes of technical 
state. The figure (Fig. 27) presents the typical complex way of malfunction 
propagation starting in the preload condition caused by e.g. accumulating 
contamination on the blades, and resulting in many additional malfunctions, finally 
recognized as a rub - dominant failure mode. 
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3. Method of diagnosis in details 
Nomenclature: 

t – continuous time domain [s] 

i – discrete time domain [s] 

re[.], im[.] – real and imaginary part of a complex number 

θ - parameters vector 

ϕ(t), ϕ(i) - n-dimensional vector with a priori known quantities 

λ - eigenvalue 

p – physically interpretable model parameters 

x – vector of state signals (variables) 

u, y – vector of input and output signals 

f – vector of faulty signals 

r – vector of residuum signals 

s – vector of symptoms signals 

a1, a2  - parameters of regressive model 

c  - bearing clearance [m] 

µ - oil viscosity [Pa⋅s] 

R, L – bearing radius and length respectively [m] 

Fx, Fy – bearing force components in vertical and horizontal direction [N] 

Ω - rotational speed [1/s] 

E – reference levels using in a diagnostic mask (threshold) 

 

3.1. A parametric approach to system identification 

A parametric method provides a few important advantages in fault detection 
approach such as: 

o Improvement of a system identification performance in comparison to 
nonparametric methods, for instance, better accuracy in case of 
identification of short series of highly noised data collected from a system 
with many feedback-loops, 

o Precise tracking of nonstationary and varying parameters, better resolution 
in the frequency domain 

Decrease of a needed capacity for storage of frequency images (only a few 
parameters instead of a function or raw data), 

o Possibility of dual identified system representation in the form of 
nonparametric model (power spectrum, transient response, Bode diagram, 
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polar diagram) and parametric model (poles/zeros). In other words, a 
parametric model is more general representation of dynamical system and 
can be converted into arbitrary system representation.  

o The number of decisive parameters can be decreased with use of a 
parametric modeling. There is opportunity for better insight into machinery 
dynamic properties (natrual frequencies). In this approach model structure 
and its order decides of quality of malfunctions detection. 

High resolution makes it possible to detect frequency changes according to, for 
instance, rub phenomena causing local abrupt frequency increase as result of 
contact between rotor/blades and non-rotating parts. Parametric model approach 
allows saving of memory allocation indispensable for recording of a specific history 
of individual states of the machinery.  When the circular buffer has reached the 
exit status, only a few model parameters are permanently saved, not all raw data. 
By archiving only the model parameters, there is a possibility of quasi-continuous 
data recording. In this case data can be collected at selected intervals (e.g. per 1 
minute) at substantial lower usage of data media and computational requirements.  

The most advantageous feature of a present parametric approach is the 
improvement of identification conducted under varied operating conditions of 
machine, e.g. nonstationary signals. Specific filtering algorithms are used to collect 
synchronous component of signal, e.g. 0.5X, 1X, 2X, 3X (Fig. 28). They can use a 
synchronous sampling along rotational speed technique or comb-filters. Signals 
processed in such a manner are not suitable for early warning diagnostic. For 
instance, under steady state operation of rotating machine even slight changes of 
rotational speed can lead to significant errors in the read-outs of amplitude or 
phase. 

 
Fig. 28. Table of Fast Fourier Transform result (FFT) for obtained 

a complex number representing a harmonic component kX 

Considering the 0.5X component occurring in a spectrum obtained based on the 
relative vibration of journal in a hydrodynamic bearing, it can be clearly pointed out 
that the nonparametric approach to this problem appears to be not suitable. The 
frequency of the 0.5X component is dependent on the type of bearing and the 
actual state of machinery (e.g. load, bearing clearances, and oil temperature). The 
change of 0.5X component according to amplitude and/or phase can indicate a 
given machinery state. Frequency variation of such a component is high and may 
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change in the range between 0.4X and 0.6X of 1X synchronous component. It is 
difficult to use fixed-parameter filter to select this frequency component. Most of 
diagnostic systems are not provided with the option for observing this component, 
caused by the above-mentioned problems. Parametric model approach allows 
identifying the 0.5X component as a pole with a determined imaginary part 
(relationship with frequency) and real part (relationship with damping ratio). 

The important advantage of the parametric model approach is the possibility of 
tracking frequency components and detecting variations of frequencies in time. For 
instance, observation of non-uniform rotating speed may occur according to 
frequency modulation. It is a typical problem in flange-type motors and cracked 
rotors. This malfunction occurs frequently under load variations. Most often, a 
frequency modulation can occur due to numerous nonlinearities of machinery.  

3.2. Assumption on model identification 

Diagnostic model of mechanical system of a rotating machine is treated as 
selected input/output signal mapping to model parameters. It can be represented 
using a transfer function model. It is assumed that this model is valid in a linear 
range. The following underlying aspects of formulation and application of dynamic 
model should be taken into account: 

o disturbances model, 

o stationarity, 

o deviations in measured data, 

o linearity,  

o stability. 

In many cases, special attention is paid to similar model identification methods 
whose results can be differently interpreted as far as disturbances are concerned. 
For instance, model parameters obtained with the use of Least Square (LS) 
algorithm can be considered as deterministic or statistical. Taking into account all 
disturbances affecting operation and data measurements, machine can be 
modeled as deterministic system plus resultant disturbances to their inputs, 
parameters and outputs. A formal evidence for such procedure to be taken up is 
provided by central limit theorem [105], constituting a basis of probabilistic and 
statistics, and proving that the sum of many different distributions, in the limit to 
infinity, has Gaussian distribution. Similar properties are also exhibited by 
convolution [105]. A one-degree vibration system may be more conveniently 
examined in deterministic terms while by contrast, the vibration of turboset are 
considered as random phenomena.  

Due to the assumption of Gaussian disturbance, the estimator can be non-
consistent, biased and/or not effective [77]. Statistic analysis of gathered data 
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used for validation of the proposed method has demonstrated that all the data 
acquired both on the basis of physical and mathematical models, are 
characterized by a distribution deviated from Gaussian distribution [39]. Empirical 
distribution has so called „fat tails” linked with non-zero values of higher-order 
moments (skewness, kurtosis). Mostly, these deviations are caused by system 
nonlinearities.  

3.3. FDI approach to bearing diagnostic 

o Exemplary problem statement 

The techniques currently used do not provide the opportunity for monitoring of 
frequency-varying components of a bearing vibration [93]. A frequency component 
called “0.5 X” can vary between 40% and 60% of rotating shaft speed ([55], [93]). 
Typically used fixed-frequency filters do not solve this problem. 

o Assumptions 

A rotor and its support model can be identified with use of a parametric system 
identification approach (transfer function or state-space equations). Further, the 
model can be transferred to gain and poles/zeros representation. The model and 
its parameters can be stationary (i.e. time-invariant) or nonstationary (i.e. time 
varying). Distinguish among forced, free, and self-excited vibrations is replaced by 
the frequency variation criterion, which distinguishes synchronous or non-
synchronous vibrations. The frequency variation criterion is conventional and 
based on an assumption of a model linearization. Taking into consideration 
nonlinearities, all frequency components vary according to the rotating speed.  
Different methods of identification are used under transient and steady state 
machinery conditions (Table 4). 

Table 4. Synchronous and non-synchronous components 
 Transient conditions Steady-state conditions 
Detection of 
synchronous  
excitation 
components 

Possible (their frequencies 
followed by rotating speed)  

Easy 

Detection of 
harmonic 
components 
(eigenvalues)  

Easy Possible if you use “channel to 
channel” method 

o State of the art of the problem 

Oil instabilities can be a result of several other malfunctions such as partial rub, 
geometry/mass changes ([55],[93],[113],[49],[66]). A highly nonlinear system of a 
hydrodynamic bearing can become a source of early warning symptoms in case of 
evolving failure modes [43]. Machine malfunctions can affect bearing system 
initially becoming easier detectable. The bearing instantaneous linearized stability 
function based on mathematical model depends on its main parameters: oil 
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pressure and viscosity, bearing geometry, temperature, rotating speed, load and 
many others. Small changes in external forces or bearing geometrical/physical 
parameters may lead to unexpected behavior of the whole machine, i.e. vibration 
modes can occur accelerating the destruction of machine parts in a very short time 
(excessive vibration) [93].  

o Problem summary - why values of bearing features are important: 

o Bearing parameters are highly sensitive to particular substantial 
changes of system properties (e.g. stiffness, geometry) 

o Bearing is a very important element of system feedback between 
rotor and foundation (load transfer, heat transfer) 

o Simplified theoretical bearing model 

The model equations provide information on the flow of lubricating oil in a 
determined layer, comprising the balance equations for a fluid element and the 
equations of flow continuity, under a few assumptions. Presented analytical 
solution [73] provides a short review of possible methods of bearing modeling, also 
complexity of such models regarding nonlinearities under transient and steady 
state operating conditions. For instance, in case of a short bearing 
(diameter/length ratio of 0.5) [49] the state variables, input and output vectors can 
be written in the following way 

[ ]ΩFFyxyx yx ,,,,,, &&=ϕ    (21) 

and vector of model parameters 

[ ]cLRµθ =    (22) 

In the case of linearized system, the eigenvalues are functions of time, model 
parameters, outputs, inputs, and state vector 

[ ]
[ ] ),,,,(

),,,,(
tim
tre

uxyr
uxyr

θλ
θλ

=
=

  (23) 

The eigenmodes of the fluid whirl and fluid whip phenomena are presented below 
(Fig. 29), based on the linearized model of a flexible rotor supported by a laterally 
rigid pivoting bearing at the inboard end and by a 360-degree oil-lubricated 
bearing at the outboard. 
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Fig. 29. Exemplary analytical solution of eigenvalues problem for 

rotor with hydrodynamic slightly loaded bearing based on heuristic 
analytical model ([55], [73]) 

o Regression model of the bearing 

Regressive parametric models (Appendix A) used in many practical system 
identification scenarios are most frequently based on deterministic notation with 
use of operators as far as their system dynamics by transfer functions or equations 
of states is concerned. The estimated parameters can be rearranged in the 
following vector  

 [ ]Taa 211ˆ =θ    (24) 

Finally, the equation in the continuous domain can be formulated as 

θϕ )()( tty T= ,   (25) 

and in terms of notation in the discrete domain of the indexed variable i , it is given 
as follows 

θϕ )()( iiy T= ,   (26) 

The individual coordinates in the vector )(iTϕ  may be defined as regressive 
variables. The vector θ  has different values in continuous and discrete time 
domains. If the sampling frequency is known, it is possible to reproduce values of 
θ  vector in continuous domain. In the most cases, the θ  vector in continuous 
domain is a function of physical model parameters 

( )pf=θ ,  (27) 

o Constraints of fault detection and isolation based on a system identification 

Regarding measurement conditions, only the coordinates of shaft journal position 
x,y are available. It states the conclusion that only output model can be considered 
for system identification purposes. A direct relation between nonlinear bearing 
model parameters and identified regressive model parameters is not available 
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when “black-box” parametric system identification approach is used. The 
characteristics (i.e. diagrams) of eigenvalues obtained based on the state equation 
or transfer function parameters can be a source of decision-making in FDI 
approach. The on-line systems identification is less complex and more effective 
under assumption of SISO system. Then, the eigenvalues are function of 
parameters 

[ ]
[ ] ),,ˆ(

),,ˆ(

iyrzim

iyrzre

θ

θ

=

=
  (28) 

The eigenvalues can investigate how the system properties change in the relation 
to the excited force, state variables and parameter values.  

 
Fig. 30. Selected states of hydrodynamic bearing as a result of 

interactions among rotor, fluid and bearing housing (a convective 
heat transfer effect is neglected) 

The poles/zeros location is more or less sensitive to the changing of these 
variables. The knowledge of system behavior under transient and steady state 
conditions is sufficient for diagnostic reasoning based on poles/zeros location. 
However, the interpretation of malfunction/fault occurring is difficult considering 
theory of nonlinear systems. Symptoms in term of poles/zeros location should be 
grouped making possible to distinguish malfunctions/faults (Fig. 30). In practice, 
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values of model parameters can be completely unknown or they can vary over 
usage time, for instance the thickness of alloy layer in hydrodynamic bearing 
depends on manufacturer’s recommendation, further feasible changes made 
during service overhauls, and finally on wear progress. 

o Knowledge of machinery diagnostic and its representation 

Problems of diagnostic control are strictly associated with the methods of 
diagnostic knowledge representation, updating, acquisition and availability. 
Diagnostic knowledge aimed at machinery and equipment diagnostic procedures 
is of qualitative/quantitative nature or both, e.g. vertical vibrations on the third 
bearing are showing the increased level value exceeding 70 [µm]. The diagnostic 
knowledge can be expressed in terms of rules subjected to continuous verification, 
as far as their consistency is concerned. Commonly applied “engineering 
knowledge” is frequently not enough comprehensive and requires generalization to 
be effectively used for automatic inference. Knowledge results from numerous 
numerical and/or lab investigations in engineering centers and research 
institutions, generalizing and involving many detailed relations of industrial 
systems and their failure rates. 

o Summary on constraints and advantages of system identification in practice 

Parametric approach based on regressive models has many limitations (Table 5, 
Table 6).  

Table 5. Fault detection  
  

Theoretical model 
 

 
Identified model 

Variables [ ]ΩFFyxyx yx ,,,,,, &&=ϕ  
],[ yy &=ϕ  

Parameters [ ]cLRµθ =  [ ]211ˆ aa=θ  
Linearizatio
n results 

[ ]
[ ] ),,,,(

),,,,(
tim
tre

uxyr
uxyr

θλ
θλ

=
=

 

[ ]
[ ] ),,ˆ(

),,ˆ(

iyrim

iyrre

θλ

θλ

=

=

 
Description Nonlinear, matrix equation with 

coupled channels x, y 
Linear, scalar equation with 
uncoupled channels x, y 

 

Most often the accuracy of identified model parameters is limited what is caused 
by disturbances. Therefore, the number of recognized faulty states is limited 
(Table 6). 

 

Table 6. Fault isolation 
  

Theoretical model 
 

 
Identified model 

States Underload  
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Oil whirl 
Oil whip 
Preload 
Reverse precession 
Cavitation 
Partial rub 
Rub 
Others 

An increase or decrease in the 
vibrating system stiffness and 
damping ratio, e.g. rub and 
looseness problems 
 
Phase shift changes relating to 
misalignment or unbalance 
 

Warning / Alarm 
thresholds 

fuzzy and uncertain Conventionally 
A priori based on industrial 
standards or automatic adjusted 
based on statistical data 

Description Unlimited number of relations 
resulted from system nonlinearity  

Only increase and decrease of 
frequency and damping are 
detectable and recognizable 

3.4. Symptoms processing based on binary diagnostic matrix 
technique 

Vibration signals can be acquired during transient or steady state operating 
conditions of machinery. Digital filtering and model identification can be realized in 
on-line/off-line mode. In case of on-line acquisition, a capacity of processing (e.g. 
DSP-based) has to be taken into account. Making less expensive industrial 
solutions a periodic acquisition so-called “quasi on-line” can also be realized, e.g. 
one frame taken with high sampling frequency with 1-minute gap. 

The proposed method is based on a sophisticated three-level algorithm (Fig. 31). 
The purpose of the first stage called IDENTIFICATION (Fig. 31) is identification of 
parametric model with use of measured signals. AR/ARX8 model is used in off-line 
mode at specific time intervals in case of simple realization. Advanced realization 
is based on adaptive version of AR/ARX model with time-varying parameters. In 
this case, model parameters are estimated adaptively. This solution is not suitable 
regarding multi-signal processing and identification according to the computation 
effort. The objective of the second stage PREPROCESING (Fig. 31) is preparation 
of model parameters (diagnostic symptoms) for further processing (fault detection 
and recognition).  Estimated model parameters are formed in separate time-series. 
Median and smoothing filters are applied adaptively to remove statistically non-
significant values and decrease parameters variance. 

                                            
8 see: Appendix A 
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Fig. 31. The scheme presents the processing of the model 

parameters from identification stage through preprocessing to fault 
detection, recognition and location procedures 

The objective of the final stage DIAGNOSIS (Fig. 31) is to detect, recognize and 
locate faults. This block can be organized in many different ways. However, the 
frequently used structure consists of a binary matrix module (Sec. 2.8.2). The 
model parameters before comparison are transformed to the required form of 
system representation, e.g. gain-zeros-poles. 

Detection stage is based on a mask (Fig. 32) with ± reference levels with a delay 
time9 and hysteresis to eliminate false alarms. Each residuum vector has to be 
unique and linked with only one malfunction. This demand in practice is difficult to 
fulfill. Deviations of parameter values e.g. frequency and damping ratio variability 
is monitored continuously with use of a specific diagnostic mask (Fig. 32). 
Diagnostic mask uses a tolerance interval to select symptoms which exceed 
assumed warning/alarm threshold. The preliminary settings of a mask can be 
based on an engineering knowledge and experimental historical data trends. 

                                            
9 Delay time can also be a result of use an average/median or other filters 
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Fig. 32. Exemplary mask shapes and domains, from the left: 
zero/poles, amplitude and phase vs. frequency, amplitude-

frequency coordinates 

The mask can be considered as static and dynamic. In the latter case, the self-
tuning of mask is possible based on historical trends. A mask needs to be 
customized for a specific machine. The following symptom vectors are determined 
based on the comparison of results between mask tolerance range and current 
monitoring value of the imaginary part of a pole: 
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4. Review of selected results 
Nomenclature: 

ch#1, ch#2, ch#3, ch#4 - signal acquisition channels, from the side of a motor in x 

and y directions, respectively 

4.1. Measurements and simulations 

Measurements and simulations provided data for the intended verification of 
parameter-based diagnostics. Data files are denoted with symbols A (Table 7), B 
(Table 8) corresponding to laboratory measurements and symbol C (Table 9) 
corresponding to simulations. 

Table 7. Test rig equipped with two slide bearings (two disks) 
Data symbol Description 
A000 Normal conditions 
A001 Several times screw-rubbing 
A002 Impulse-rub (short and weak) 
A003 Several continuous rub 
A004 several series each with impulse-rubs (short and strong) 
A005 several series each with impulse-rubs (short and weak) 
A006 several series each with impulse-rubs (short and very weak) 
A007 mass lost (e.g. blade) 
A008 mass lost (e.g. blade) 
A009 mass lost (e.g. blade) 

 

Table 8. Test rig with slide bearing and hydrodynamic bearing (two disks) 
Data symbol Description 
B000 Normal conditions 
B001 several series each with impulse-rubs (short and weak) 
B002 mass lost (e.g. blade) 
B003 mass lost (e.g. blade) 
B004 unsuccessful experiment 
B005 several series each with impulse-rubs (short and very weak) 
B006 strong looseness support under hydrodynamic bearing 
B007 weak looseness support under hydrodynamic bearing 
B008 excitation of hydrodynamic instabilities (via closed supplying lines) 
B009 start-up and shutdown up to 7000 [rpm] 

 

Table 9. Rotor model with slide bearing and hydrodynamic bearing (two disks) 
Data symbol Description 
C000 Normal conditions 
C001 Series of preload-impulse-rubs at the half-distance between disk and right 

support with the value of N=10 [N] 
C002 Series of rubs at the half-distance between disk and right support  
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The tests consist of the two main parts (Table 10) regarding criterion of applied 
parametric model: 

o ARX model (Sec. 2.4.1) where input and output are defined as a virtual 
local model (channel to channel method) between selected signals 
(Input:#2, Output:#4) 

o AR model where output is defined as specific signal (Output:#4) 

Table 10. Summary of conducted tests based on joint and separate signals 
analysis 
 
Test 
symbol 
 

 
Data file 

 
Channel 

 
Description 
 

T01 A000 Input:#2 
Output:#4 

General system characteristic under normal operating 
conditions, parametric vs. nonparametric approach  

T02 B005 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
slightly-rub operating conditions 

T03 B007 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
looseness operating conditions 

C
ha

nn
el

 to
 c

ha
nn

el
 

T04 C002 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
slightly-rub operating conditions 

T05 B002 
B003 
B001 
B007 
B000 

#4 Poles location. 
Comparison of four cases 

T06 C000 
C001 
C002 

#4 Poles location vs. time based on analytical model 

T07 B006 #4 Model structure selection 

T08 C001 
C002 
B006 
B007 
B001 
B008 
B000 

#4 
#4 
#3, #4 
#3, #4 
#3,  
#4 
#3, #4 

General combine test of poles location 

Se
pa

ra
te

 si
gn

al
 a

na
ly

si
s 

T09 C001 #4 Signal filtering for decision-making stage 

4.1.1 Configuration of simulation model 

In numerical experiment, a simple model was configured to simulate test-rig 
behavior (Table 11). The numerical model consists of three sections, two masses, 
one rigid and one hydrodynamic bearing (Fig. 33).  
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Fig. 33. The scheme of nodes arrangement  

(model RM004K, see [73]) 

Table 11. Model properties linked with nodes 
  Node 1 Node 2 Node 3 Node 4 

radius [m] 0 0.035 0.035 0 
mass [gram] 0 0.2 0.2  0 

Unbalance 

phase [°] 0 0 180 0 
Physical parameters mass of disk 0.1 0.9 0.9 0.1 

clearance [µm] - - - 150 

viscosity [Pa⋅s] - - - 0.01 
length L [m] - - - 0.055 
diameter D [m] - - - 0.04 

Bearings 
(short bearing 
model [49] where 
D/L<<1) 

elevation [mm] - - - 0 

Table 12. Model properties linked with sections 
  section 1 section 2 section 3 

length of section [mm] 220 50 220 rotor properties 
shaft diameter [mm] 10 10 10 

4.1.2 Configuration of laboratory test rig  

The ROTOR-KIT test rig ([102], [16]) (Fig. 35) is in-depth analyzed in many 
reference publications ([13], [90], [10], [91], [12], [11], [89], [93], [92]). Special 
emphasis has been put on the theoretical and practical aspects of physical 
phenomena relative to operation of hydrodynamic bearings. The rotor/bearing 
system (Fig. 34, Fig. 35) consists of speed controller, 75 [W] electric motor, speed 
controller transducer, elastic coupling, phase-maker transducer (once per turn), 
laterally rigid with pivoting brass oilite bearing, 9.5 [mm] diameter steel shaft, four 
proximity eddy current transducers mounted in XY orthogonal configuration 
respectively, rotor disk of mass 0.8 kg with some unbalance, four radial spring 
supporting system, oil (T-10) lubricated bearing of 51 [mm] length, 220 [µm] radial 
clearance, and four-port oil supply with up to 10.3 [kPa] pressure. On the 



 

 64 

 

assumption that stiffness and damping characteristics are nonlinear10, both a 
mathematical and physical models were tested.  

 

 
Fig. 34. Laboratory system R4 ROTOR-KIT, 

source: www.bently.com  

 

 

Fig. 35. R4 ROTOR KIT with the oil pump assembly. Source: 
www.bently.com 

 

                                            
10 Basic assumptions allow testing more complex faults 
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4.2. Joint signal analysis 

4.2.1 General assumption 

In case of test T1-T4 the 16th order PEM parametric model is used with circular 
buffer of 256 samples at sampling frequency of 256 [Hz]. Diagram The parameters 
of PEM model (Sec. 6.3.3) are estimated with use of error prediction method (Sec. 
6.4.2) and complete state-space structure including non-zero D direct transfer 
matrix (Sec. 6.3.3). Channels were depicted as in figure (Fig. 33, Fig. 35). System 
identification was performed based on the signal realization of 256 samples at 
sampling frequency of 256 [Hz]. In case of test T5-T9 the AR parametric model is 
used with circular buffer of 256 samples at sampling frequency of 256 [Hz]. As the 
first insight into system dynamics is applied a nonparametric model (spectrogram) 
with segment length in time domain of 256 samples. The spectrogram (Fig. 36) 
shows basic eigenfrequencies around 40, 90 [Hz] obtained based on the 
laboratory test-rig with configuration introduced in sec. 4.1.2. 

 
Fig. 36. Rough evaluation of system eigenvalues under transient 
and steady state operation of laboratory test rig {data file: A000, 

ch#4 } 

Table 13. Summary of conducted tests based on joint-signal analysis 
Test symbol Data file Channels Description 
T01 A000 Input:#2 

Output:#4 
General system characteristic under normal operating 
conditions, parametric vs. nonparametric approach 

T02 B005 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
slightly-rub operating conditions 

T03 B007 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
looseness operating conditions 

T04 C002 Input:#2 
Output:#4 

Selected fragments of data respectively to normal and 
slightly-rub operating conditions 
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4.2.2 Test T01 

The obtained frequency characteristics (Fig. 37) show properties of a system 
model and disturbance model (sec. 6.3.2) based on a joint signal analysis (sec. 
2.4.1). The 16th order PEM model is used for system identification purpose. The 
dashed line denotes state-space model, and solid line denotes nonparametric 
spectral model. The frequency components of 40 [Hz] is clearly detected only with 
use of parametric model. It shows that parametric model (cf. sec. 3.1) is more 
sensitive in detection of eigenvalues.  

 
Fig. 37. System in a steady state condition: input-output transfer 

function (on the left), disturbances-output transfer function (on the 
right) 

4.2.3 Test T02 

The obtained frequency characteristics (Fig. 38) show properties of a system 
model and disturbance model based on a joint signal analysis in case of normal 
and faulty operating conditions. The 16th order PEM model is used for system 
identification purpose. The dashed and solid lines denote the system under normal 
operating conditions; the other, dashdot and dotted lines under impulse-contact 
rub operating conditions. The faulty conditions may be distinctly recognized by 
higher gain and phase variations. The 1x and 2x components plotted based on 
disturbance-output channel of identified PEM model (cf. Appendix A) increased 
dramatically. The amplitude vs. time diagram shows the vibration level almost the 
same in normal and rub conditions. It causes difficulties in recognition of slight 
impulse-rub based only on shaft displacement amplitude. 
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Fig. 38. System under steady state conditions: input-output 

transfer function (on the left), disturbances-output transfer function 
(on the right) 

4.2.4 Test T03 

The obtained frequency characteristics (Fig. 39) show properties of a system 
model and disturbance model based on a joint signal analysis in case of normal 
and faulty operating conditions. The 16th order PEM model is used for system 
identification purpose. The dashed and solid lines denote system under normal 
operating condition, dashdot and dotted lines under looseness operating 
conditions. The large impact of the malfunction is detected on natural and self-
excited frequency components. Frequency shift and increased amplitude level are 
observed.  

  
Fig. 39. System under steady state conditions: input-output 

transfer function (on the left), disturbance-output transfer function 
(on the right) 
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The synchronous component frequencies 1X, 2X are very close to the natural 
frequencies but their amplitudes and phases are different.  The 1X and 2X 
component amplitudes in disturbance-output channel of PEM model increased 
dramatically. 

4.2.5 Test T04 

This test is based on a data collected from simulations. The obtained frequency 
characteristics (Fig. 40) show properties of a system model and disturbance model 
based on a joint signal analysis in case of normal and faulty operating conditions. 
The 16th order PEM model is used for system identification purpose. The dashdot 
and solid lines denote system under normal operating conditions, dashed and 
dotted lines under impulse-contact rub operating conditions. The large impact of 
the malfunction is detected on frequencies of self-excited vibration. The 
frequencies shift and amplitude rise are observed. The synchronous component 
frequencies 1X, 2X are very close to the natural frequencies but their amplitudes 
and phases are different.  The 1X and 2X component amplitudes in disturbance-
output channel of PEM model increase dramatically. 

 

   
Fig. 40. System under steady state conditions: input-output 

transfer function (on the left), disturbances-output transfer function 
(on the right) 

4.3. Separate single-channel signal analysis 

The conducted tests are split into two groups based on numerical model and 
laboratory model. Test details are contained in the table (Table 14). 
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Table 14. Summary of conducted tests based on separate signal analysis 
Test symbol Data Channel Test description 
T05 
 

B002 
B003 
B001 
B007 
B000 

#4 Poles location. 
Comparison of four cases, model order AR(8) 

T06 C000 
C001 
C002 

#4 Poles location vs. time based on analytical model 

T07 B006 #4 Model structure selection 
T08 C001 

C002 
B006 
B006 
B007 
B001 
B008 
B000 
B000 

#4 
#4 
#4 
#3 
#4 
#4 
#4 
#3 
#4 

General combine test of poles placement 

T09 C001 #4 Signal filtering for decision-making stage 

4.3.1 Test T05, poles location 

In case of steady state conditions all frequency components: forced, free and self-
excited are identified. During conducted tests, a recursive parametric model 
AR(nA) was applied (cf. sec. 6.4.2). In case of one-side hydrodynamically 
supported rotor there is a possibility of 0.5x, 1x, 2x and 3x component 
investigations (cf. sec. 3.3). A model order was taken as adequate to the number 
of spectrum components, e.g. a model order was assumed AR(8) in case of a 
number of spectrum components being four. Figures present results (Fig. 41, Fig. 
42, Fig. 43, Fig. 44, Fig. 45). 

 
Fig. 41. Poles location on a complex plane of AR(8) model {data 

file: B000} 
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Fig. 42. Poles location on a complex plane of AR(8) model {data 

file: B001} 

 
Fig. 43. Poles location on a complex plane of AR(8) model {data 

file: B002} 

 
Fig. 44. Poles location on a complex plane of AR(8) model {data 

file: B003} 
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Fig. 45. Poles location on a complex plane of AR(8) model {data 

file: B007} 

Conclusions: 

o Presented results indicate problems of separation of good machinery 
conditions from faulty conditions. The borders are fuzzy and biased of 
statistical uncertainty, 

o Investigation of diagnostic symptoms based on changes of poles 
trajectories on complex plains does not lead to the possibility of taking a 
precise decision and distinguish malfunctions such as rub and excessive 
assembly clearances (looseness). In specific cases (e.g. data: B000) the 
effect of increase damping ratio and abnormal frequency variation in 
comparison to normal conditions can be observed, 

o The poles location is changed vs. time due to system nonlinearities Poles 
are located on frequency-damping trajectories, which show unstability 
properties of system. 

4.3.2 Test T06, poles placement vs. time 

A poles placement vs. time is important analysis if machinery stability trends are 
considered. In case of steady state conditions all frequency components: forced, 
free and self-excited are identified. In this test an analytical models were built, 
implemented and simulated with use of RM Blockset [73] in Simulink. Data 
collected under simulations was used for verification based on known model 
structure and its parameters. A special tool available in RM Blockset allows to 
linearize numerical models. The poles are split into real and imaginary parties 
corresponding to damping ratios and natural frequencies. Figures (Fig. 46, Fig. 47, 
Fig. 48) introduce imaginary and real frequency waveforms of transient and steady 
state operating conditions obtained based on the instantaneous model 
linearization [73]. The collected data was also used for purpose of system 
identification analogically as in the previous cases. Three different models were 
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identified and after poles extraction were presented in figures (Fig. 49, Fig. 50, Fig. 
51).  

 

  
Fig. 46. Time-varying frequency and damping ratio of forced 

vibration {C000 analytical-linearized solution} 

 
Fig. 47. Time-varying frequency and damping ratio of forced 

vibration {C001analytical-linearized solution} 

 
Fig. 48. Time-varying frequency and damping ratio of forced 

vibration {C002 analytical-linearized solution} 
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Fig. 49. Poles location vs. time in case of inadequate (over-

parameterized) model structure {file:C000, AR(16)} 

  
Fig. 50. Poles location vs. time in case of inadequate (under-
parameterized) model structure vibration {file:C000, AR(6)} 

  
Fig. 51. Poles location vs. time in case of adequate parameterized 

model structure {data file: C000, model AR(12)} 
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A model structure can be selected based on a priori knowledge, special tests or 
trial-and-error method (Appendix A, 6.5).  

4.3.3 Test T07, model structure selection 

The system identification results (poles location) are not satisfactory when the 
AR(6) model is used, the only 1/2x, 3/2x, 2x components are tracked correctly. 
The selected preliminary results, based on AR(6) parametric model, are presented 
in figures (Fig. 52, Fig. 53). The time intervals when rub occurs are pointed on 
spectrogram in Fig. 52. The model structure is inadequate and it is recommended 
to use a model with higher order, e.g. AR(10).  

 
Fig. 52. Spectrogram and complex plane {file: B006, excessive 

looseness} 

 
Fig. 53. Time-varying frequency and damping ratio of forced 

vibration {B006, model AR(6)} 

A decision of a model order is arbitrary and can be supported by nonparametric 
investigations with use of spectrograms. Spectrogram allows to recognize a basic 
frequency structure, which can be assumed as a recommendation for an initial 
order of a parametric model. A new model structure AR(10) was applied to 
improve results. The satisfactory tracking algorithm performance was achieved 
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and made malfunctions easier to observe (Fig. 54). Variations of particular 
harmonics in time-frequency domain decreased. 

 
Fig. 54. Time-varying frequency and damping ratio of forced 

vibration {B006, model AR(10)} 

The frequency component in Fig. 54 above 20 [Hz] is related to self-excited 
vibration (0.5x component) of hydrodynamic bearing and the frequency component 
below 80 [Hz] is a harmonic (3/2x) of basic 0.5x component. It has been taken into 
account that frequencies of rotor not supported hydrodynamically are very close to 
these self-excited components. The result of analytical model investigations (Fig. 
55) presents the self-excited and free vibration components vs. rotating speed 
calculated based on the linearized numerical model [73].  

 
Fig. 55. Linearized model of natural and self-excited frequencies 

The rotor natural frequencies supported one-side hydrodynamically by 
hydrodynamic bearing are approximately equal 18 [Hz], 38 [Hz] and 75 [Hz]. The 
model structure AR with order of 10 or higher is recommended for application in a 
diagnostic model in case of laboratory two-disk and one-side hydrodynamically 
supported rotor. 
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4.3.4 Test T08, general combined test of poles placement 

The combined test of poles placement was conducted for different model orders 
and data files. In addition, spectrogram analysis was conducted to compare a 
parametric approach to a nonparametric. Poles are split into real (damping ratio) 
and imaginary (frequencies) parties and they are shown in two separate figures.  

 

CASE No. 1 

Model AR(12) 

Data file: C001.mat 

Objective: Investigation of rub conditions based on the simulated data. The time intervals 
when rub occurs are pointed in spectrogram in Fig. 57. 

 

  
Fig. 56. Spectrogram and complex plane {ch #4} 

 
Fig. 57. Time-varying frequency and damping ratio of vibration 

{ch#4} 

 



 

 77 

 

CASE No. 2 

Model AR(12) 

Data file: C002.mat 

Objective: Investigation of rub conditions with use of simulation data 

The time intervals when rub occurs are pointed out on spectrogram in Fig. 59. 

 

 
Fig. 58. Spectrogram and complex plane (frequency and damping 

ratio) of forced vibration {ch #4} 

  
Fig. 59. Time-varying frequency and damping ratio of forced 

vibration {ch #4} 
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CASE No. 3 

Model AR(10) 

Data file: B006.mat 

Objective: Investigation of excessive support looseness conditions with use of vertical 
(#4) and horizontal (#3) measurements at hydrodynamic bearing (see Fig. 35). It is a 
case with significant looseness of 2-3 mm at support caused by a loose mounting bolt. 
The time intervals when looseness occurs are pointed in spectrogram in Fig. 60. 

 

 
Fig. 60. Spectrogram and complex plane {ch#4} 

 
Fig. 61. Changes of vibration frequencies and damping ratios 

versus time {ch#4} 
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Fig. 62. Spectrogram and complex plane {ch#3} 

 
Fig. 63. Changes of vibration frequencies and damping ratios 

versus time {ch#3} 

 

CASE No. 4 

Model AR(10) 

Data file: B007.mat 

Objective: Investigation of excessive support looseness conditions with use of vertical 
(#4) and horizontal (#3) measurements at hydrodynamic bearing (see Fig. 35). It is a 
case with light looseness less then 0.5 mm at support caused by a loose mounting bolt. 
The time intervals when looseness occurs are pointed in spectrogram in Fig. 64. 
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Fig. 64. Spectrogram {ch#4} 

 
Fig. 65. Time-varying frequency and damping ratios of forced 

vibration {ch#4} 

 
Fig. 66. Changes of vibration frequencies and damping ratios 

versus time {ch#3} 
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Fig. 67. Changes of vibration frequencies and damping ratios 

versus time {ch#3} 

 

CASE No. 5 

Model AR(10) 

Data file: B001.mat 

Objective: Investigation of excessive support looseness conditions with use of vertical 
(#4) and horizontal (#3) measurements at hydrodynamic bearing (see Fig. 35). The time 
intervals when rub occurs are pointed in spectrogram in Fig. 68. 

 

  
Fig. 68. Spectrogram and complex plane {ch#4} 
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Fig. 69. Changes of vibration frequencies and damping ratios 

versus time {ch#4} 

 

CASE No. 6 

Model AR(10) 

Data file: B008.mat 

Objective: Investigation of hydrodynamic instabilities (one of the fourth supplying lines to 
hydrodynamic bearing was closing several times during test rig operation). 
Measurements of vertical (#4) and horizontal (#3) channels at hydrodynamic bearing 
were used (see Fig. 35). 

 

  
Fig. 70. Spectrogram and complex plane {ch#4} 
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Fig. 71. Changes of vibration frequencies and damping ratios 

versus time {ch#4} 

 

CASE No. 7 

Model AR(10) 

Data file: B000.mat 

Objective: Investigation of the reference conditions without malfunctions (normal 
conditions) with use of vertical (#4) and horizontal (#3) measurements at hydrodynamic 
bearing (see Fig. 35) 

 

 
Fig. 72. Spectrogram and complex plane {ch#4} 
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Fig. 73. Changes of vibration frequencies and damping ratios 

versus time {ch#4} 

  
Fig. 74. Spectrogram and complex plane {ch#3} 

 
Fig. 75. Changes of vibration frequencies and damping ratios 

versus time {ch#3} 
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4.3.5 Test T09, signal filtering for decision-making stage 

The parameters extracted and transformed into poles/zeros representation need 
filtration consisting of the two procedures (stages): 

o Decreasing amplitude of impulse-like and random peaks (increase of 
signal/noise ratio). A median filter is frequently used as a basic statistical 
filter in this case. 

o Smoothing signal (decrease variations of eigenvalues). Savitzky-Golay [83] 
filter based on polynomial approximation is recommended. 

If the filters are applied, the quality of signal increases dramatically (Fig. 76).  

 
Fig. 76. Filtered time-varying frequency components vibrations 

{C001, model AR(12)} 
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Fig. 77. Filtered time-varying damping ratio components {C001, 

model AR(12)} 

Table 15. Filter parameters [83] 
 Polynomial order Buffer size 
Median filter - 50 
Smoothing filter 
(Savitzky-Golay) 

2 151 

The preliminary filtration of identified parameters can protect against detection of 
numerous false alarms in case of early warning diagnostics. From the other side, 
the filter parameters need to be set carefully to avoid low sensitivity to initial phase 
of malfunction evolution, and occur of apparent frequency-damping components.  

4.3.6 Concept of the proposed method application 

Simulink can be used for rapid prototyping of application (Fig. 78, Fig. 79) in case 
of joint/separate signal analysis. The system identification is conducted based on 
numerical model and measured laboratory data. Different characteristics can be 
plotted (Fig. 81, Fig. 82) in off-line mode: amplitude-phase, impulse and step 
response, polar, zeros/poles, parameters, roots location vs. time.  
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Fig. 78. Simulink model presents on-line system identification 

based on numerical model created with RM Blockset [73] 

 
Fig. 79. Simulink model presents on-line system identification 

based on test rig data 

Exemplary boundary conditions for malfunctioned machinery are marked with 
hatched surfaces (Fig. 80, Fig. 81, Fig. 82). They can be assumed a priori based 
on preliminary tests or experience. 
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Fig. 80. The poles location characteristic plotted on-line with 

imposed thresholds of a diagnostic mask 

 

 
Fig. 81. The amplitude-phase characteristic plotted on-line with 

imposed thresholds of a diagnostic mask 
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Fig. 82. The impulse and step-response system characteristics 
plotted on-line with imposed thresholds of a diagnostic mask 

4.4. Summary of verification tests 

The following result can be stated in case of separate signal analysis: 

o It is very difficult to distinguish free vibration from forced vibration due to 
highly nonlinear relations including self-excited vibration modes, which are 
coupled with natural frequencies and excitation force level and frequency.  

o Poles/zeros are located on frequency-damping trajectories. It can happen 
that two trajectories intersect. 

The following results can be stated in case of joint signal analysis: 

o Only local model is identified, however such a model is more informative 
than only signal model (output model), since the model also contains phase 
relations between input and output signals. 

o There is no priori information which channel (mutual signal) should have 
been taken as input and output. Channels are selected arbitrary based on 
experience or tests. 

o The “true” model structure is difficult to assume since mutual frequencies 
(forced and self-excited vibration) may cancel or join (e.g. the two very 
close and strongly damped frequencies becoming one).  

o Data in joint signal analysis is badly conditioned for system identification 
purposes since it contains very similar information. As an example can be 
taken a transfer function determined between vertical and horizontal 
displacement signals at the same bearing. It leads to numerical difficulties 
and then more complex structures are recommended such as BJ, PEM (cf. 
Appendix A). 
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Selection of a proper model structure requires considering: 

o model nonlinearities (vibrations modes vary vs. rotating speed), 

o current operational conditions (transient, steady-state). 
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5. Summary and conclusions 

This monograph contains basic knowledge about parametric system identification 
approach intended for failure mode detection in rotating machinery. Two 
approaches were analyzed: 

o joint signal analysis (“channel to channel”) involving phase relations 
between input-output signals (there is no necessity of phase marker 
availability) 

o conventional signal analysis applying separately for each channel (the 
phase marker can be optionally available) 

These methods deal with three types of vibration existing in steady-state operating 
conditions of rotating machinery: 

o free (natural) vibration 

o forced vibration (excited externally) 

o self-excited vibration  

Three diagnostic approaches were discussed: 

o input-based, 

o parameter-based, 

o output-based. 

The only parameter-based approach was verified with use of laboratory test-rig 
and simulations. The advantages and application limitations of a parametric 
system identification approach were shown in context of a parameter-based 
diagnostics. It was shown that one of the most critical aspects of application of 
“black box” parametric approach is the correct model structure. If the model order 
is overestimated or underestimated, it results in a poor sensitive during 
malfunctions detection or even apparent detection of non-existing malfunctions. 
Literature deals with numerous references to failure mode analysis regarding 
symptoms related to parameters changes ([4], [13], [14], [24]). This knowledge 
was utilized providing basic interpretation for obtained system characteristics, e.g. 
Bode or poles/zeros diagrams. Summarized, parametric methods provide better 
insight into system dynamics and make possible to asset its stability margin.  

The research described in this monograph was conducted with limited recourses 
therefore only fault detection problems based on AR/ARX model and poles 
location were analyzed in details.  
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5.1. Observed symptoms 

o Abrupt increase of free frequency vibration, mostly in upper harmonics 
frequency range (above 50 [Hz]) is caused by occasional contacts of 
rotating parts with housing. In case of synchronous forced vibration 
components (e.g. 1x, 2x), a drop in frequency values is related to 
instantaneous shaft speed change. Such symptom indicates problems with 
rub. If there is a decrease of selected forced vibration damping ratios and 
an increase of selected free vibration frequencies then there is a rub 
occurrence possibility. 

o Abrupt increase or decrease of tracking frequencies of free vibrations, 
especially above 50 [Hz] may be caused by problems concerned with 
looseness of machinery parts (e.g. disks) or joints.  

o In a result of on-line parametric method applied, frequencies can be 
observed versus time. It provides an opportunity to detect abnormal 
amplitude modulation (AM) or frequency modulation (FM) effects caused by 
a shaft crack or significant asymmetries of rotating parts, e.g. physical 
imperfections, lost blade. 

o In case of joint signal analysis the phase delay of 90 degree corresponding 
to fluid resonance and 180 degree to mechanical resonance, e.g. shaft 
natural frequencies. 

A joint signal analysis in steady-state conditions is very complex, regarding 
aspects of system identification. The rules of model structure and estimation 
algorithm selection are difficult and frequently based only on experience or trail-
and-error tests. Unfortunately, rotating machinery mostly operates in steady-state 
conditions having very short transient period during start-up or shutdown. This 
time may be insufficient to excite all modes of a shaft and foundation. It was 
shown that parameters of AR/ARX and similar models could be applied in early 
warning diagnostic solutions. Two basic approaches of parameter-based 
diagnostics can be recommended.  

o The first one employed during transient conditions is precise and allows to 
detect early symptoms of failure modes based on natural (free) vibration 
[40]. During transient conditions, machinery resonances may occur 
providing easier fault detection. Transient conditions can be controlled in 
numerous small and medium size machinery, for instance in case, when an 
asynchronous driving motor is fed by a frequency changer. 

o The second approach is recommended for continuous monitoring in steady-
state conditions. It is orientated towards trends generated by system 
estimates to protect against abrupt systems failures and evolving 
malfunctions.  
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The conducted research has been shown practical usefulness of the on-line 
parametric diagnostics in cases when the new method can be applied in place of 
the nonparametric-based method. The practical benefits may be noticed in more 
precise system characteristics (e.g. poles placements, power spectrum, 
periodogram) providing more symptoms, which allow to recognized more type of 
fault at earlier stage of occurrence. 

5.2. Directions of the future research 

The conducted research and development activities have been focused on the 
following items 

o malfunctions simulation with use of laboratory model equipped in 
conventional bronze bearings and hydrodynamic bearings, 

o analytical/numerical models of a rotor supported hydrodynamically available 
in Matlab/Simulink software [73],  

o on-line system identification procedures developing with use of 
Matlab/Simulink software. 

As a result, a set of system identification scenarios was created in Matlab/Simulink 
software providing on-line environment for object-orientated simulation. The 
approach based on s-function model is open regarding model transfer to other 
simulation software via dynamically linked libraries (DLL).  

5.3. Technical summary 

Signal processing, fault detection and isolation procedure can be formulated as 
follows: 

o Cut-off the frequencies of vibration signals above 3x-4x rotating speed (it 
prevents extra harmonic occurrence), 

o Apply AR model when synchronous sampling data acquisition is available, 
in other cases apply ARX model, 

o Determine the eigenvalues (poles/zeros), 

o Sort the real and imaginary parts of each pole/zero according to its value (it 
prevents switching between vibration modes) 

o Apply preprocessing filtration procedure for sorted eigenvalues, for instance 
remove impulse-like disturbances with median filter, average signal with 
accurate method starting from the simplest as a running RMS to advance 
such as Savitzky – Golay smoothing filter 

o Define masks and malfunctions/faults thresholds 

Introduced aspect of continuously developing machinery diagnostics regarding 
parameter-based approach is the first step to design in the future more model-
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based orientated diagnostic method. Nowadays, this approach is common in 
literature, however practical solutions are difficult to apply and not widely present 
in industry.    
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6. Appendix A. System identification methods 
Nomenclature: 

t - continuous time domain 

i - discrete time domain 

A,B,C,D,E,F - polynomials for the description of transfer function 

nA,nB,nC,nE,nF - order of polynomial for the description of transfer function 

nN - state-space model order 

A, B, C, D - state space matrices 

R1, R2 - covariance matrices 

s - Laplace transformation operator 

z - Z transformation operator 

( )θV  - error function based on optimal predictor 

θ  - model parameters (scalar, matrix, vector, set) 

ϕ(t), ϕ(i) - the n-dimensional vector with a priori known quantities 

e  - disturbance variables in system or its model 

λ - noise variance (expected value) 

u - input variables of system or its model 

y - output variables of system or its model 

x - state variables of system or its model 

H(s), H(z-1) - transfer function 

× - Cartesian product 

det{A} - matrix determinant 

 
Abbreviations: 

AR - AutoRegressive 

ARMA - AutoRegressive Moving Average  

ARX - AutoRegressive with eXogeneous input 

ARMAX - AutoRegressive Moving Average with eXogeneous input 

FIR - Finite Impulse Response 

OE - Output Error 

BJ - Box-Jenkins 

PEM - Prediction Error Method 

SSIF - State Space Innovations Form 

AIC - A Information Criterion 

MIMO - Multiple Input Multiple Output 

SISO - Single Input Single Output 

SIMO - Single Input Multiple Output 
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SS - State Space 

RLS - Recursive Least Squares 

RMS - Root Mean Square 

LS - Least Square 

PDF - Probability Density Function 

MLM - Maximum Likehood Method 

6.1. Introduction 

A nonparametric approach is recommended as the first insight into data and 
system dynamics due to the possibility of introducing simple-structured estimators 
([45], [47], [75], [81], [82], [94]). It provides basis for the fault detection method 
([15], [23], [24], [27], [30], [54], [74], [106], [107]). The biggest advantage of these 
methods is no structure assumption about the system, other than that it is linear. 
The following nonparametric methods may be distinguished [104]: 

o Transient response analysis means that the input is taken as a certain 
nonparametric test signal, usually an impulse or step signal. The method of 
obtaining model directly from the transient response is one of the most 
widely applied in system identification, 

o Frequency response analysis employs a sinusoid test signal. For a linear 
system in steady-state conditions, the output is also sinusoid. 

o Correlation analysis is based on a white noise input signal. A normalized 
cross-covariance function between output and input will provide an estimate 
of the weighting function. 

o Spectral analysis estimates the frequency response for an arbitrary input 
by dividing the cross-spectrum between output and input to the input 
spectrum. 

Parametric model consists of structure and set of parameters. A.M. Legendre 
(1806) and K.F. Gauss (1809) have elaborated Least Square (LS) method 
providing the basis for the estimation of parametric models parameters 
independently. R.A. Fisher (1912) extended the method to Maximum Likelihood 
Method, based on Gauss’s research studies. Into industrial applications, the 
dynamic parametric models were introduced at a later stage due to application of 
computer-aided methods. Parametric models are extensively applied in the field of 
technical diagnostics for modeling purposes ([1], [5], [29], [64], [68], [86], [96], [97], 
[108], [113]) and/or prediction [103]. Nowadays, there are also many new 
approaches for identification of nonparametric models, e.g. wavelet transforms 
allowing better properties in case of transient signals observations ([19], [107], 
[19], [57]). 
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6.2. Equivalent representation for deterministic systems  

The system can be described as continuous or discrete: 

o directly in time domain, 

o in operator domain (s - continuous, z - discrete) 

o in frequency domain (jω - continuous, jωi - discrete) 

The system can be formulated as: 

o transfer function, 

o state-space equations, 

o gain, poles and zeros, 

o and regarding its parameter is: 

o stationary (e.g. time varying), 

o nonstationary (e.g. time-invariant) 

The system properties can be presented with dynamic characteristic: 

o impulse/step response, 

o amplitude-frequency 

o phase-frequency 

o amplitude-phase 

o imaginary and real part on a Gauss plain 

o poles/zeros as module and angle of a complex number on a Gauss plain 

When the stochastic disturbances (e.g. colored/white noise) are taken into account 
the system is considered as stochastic. 

6.3. System notation 

6.3.1 Regression equations 

An ordinary differential equation of time-invariant linear continuous system can be 
written as follows 

dt
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dt
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dt
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and then can be rewritten in the following form 
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 [ ]TnBnA bbbaaa KK 10211=θ   (33) 

Finally, the equation in the continuous time domain can be formulated as 

θϕ )()( tty T= ,  (34) 

and in terms of notation in the discrete time domain of the indexed variable i , is as 
follows 

θϕ )()( iiy T= ,  (35) 

where: y(i) is the measured signal, )(iTϕ is the n-dimensional vector with a priori 
known quantities. The individual coordinates in the vector )(iTϕ  may be defined as 
regressive variables while the output function y(i) is the output variable. The vector 
of parameters θ  has different values in time and discrete domains. If the sampling 
frequency is known, it is possible to reproduce values of θ  vector in continuous 
domain. In the most cases, the θ  vector in continuous domain is a function of 
physical model parameters 

( )pf=θ ,  (36) 

6.3.2 Transfer function description of dynamic systems 

Regressive models using in many practical system identification purposes are 
most frequently based on description with use of rotational function of s or z 
operators. It is assumed that a given system could be formulated in terms of 
inputs/outputs and disturbances/outputs channels [94]. Disturbances in polynomial 
models are additive to a model output (Fig. 83).  

)()()()()( tstst eΗuGy +=    (37) 

or  

)()()()()( 11 izizi eΗuGy −− +=    (38) 

Discrete transfer functions corresponding to input-output G(z-1) and disturbance-
output H(z-1) relations are expressed as rational functions of the operator z-1 (it 
holds for models with continuously variable time of the operator s). 
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Fig. 83. Input-output paths (control channel) and disturbances-
outputs paths (disturbance channel). This scheme is valid for 

systems in continuous and discrete time domain 

Models of various systems may be defined by operator polynomials in Z-operator 
domain: 
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2
1

1
1 .                                     (43) 

A general diagram of such model structured dynamic input/output system and a 
time series model depicts in Fig. 84. 

     

 

Fig. 84. Regressive model structures: a) time series model 
and b) input/output model 

Additionally, selected models of deterministic disturbances (trends of polynomials 
with arbitrary order, e.g. linear, square and cubic orders, periodical trends or a 
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constant) as well as stochastic disturbances (it holds for C(z-1)=1 and m=1, a 
special case under stationary states, so called: random walk) in the following form: 

⎩
⎨
⎧

≠
=

== − 00
01

)(),(
)(A

)(d 1 idla
idla

ii
z
di

g

δδ .                         (44) 

( )mm z 11 −−=∇ .          (45) 

where as an example, the polynomial Ag(z-1) generating disturbances may be 
assumed to have the form: 

211 )cos(21)( −−− +−= zzzA sg ω .                                     (46) 

It corresponds to the time-dependent relationship d(i), where ωs is the rate of 
disturbing sinusoidal function: 

)sin()(d idi sω= .                                       (47) 

Non-stationary conditions are thought of as a drift of parameter value vs. time. The 
following nonstationary cases are distinguished: 

o Processes with a deterministic constant component (trend) and a random, 
stationary variable, so-called trend stationary TS. 

o Autoregressive processes, viz. difference stationary DS, describing 
structurally instable processes with a unit root. 

A type of non-stationary may be defined based on unit root test [20]. Considering 
the effects of all possible disturbances, a generalized model is depicted in Fig. 85. 

 
Fig. 85. A generalized model of a dynamic system  

A specific SISO model based on polynomials can be expressed in terms of 
individual polynomials: 
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It is assumed that a discrete, scalar model to be identified of a defined dynamic 
model, should be described by the following structure: 

ARMAX(nA, nB, nC, d, m)     (49) 

Selection of adequate time lag between the input and output of the model is 
important when physical system is under consideration. 

Example: The velocity of strains propagation in the medium (e.g. vibration forced 
by acoustic waves). It is possible in a roughly manner to determine a multiplication 
factor of a particular time lag conditioned by the sampling rate by rounding the 
value of the following expression: 

Tsv
ld
⋅

=   (50) 

where: d is the time-lag to be estimated, l – the distance in a given physical 
medium between the point of excitation applied and the measurement point of a 
system response, while v is the velocity of strains propagation in the medium. A 
value Ts is a sampling period.  

MIMO discrete models are generalization of the SISO model. A definition of a 
regressive discrete MIMO (matrix) ARMAX model is as follows [77]: 
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where for instance, the matrix A(z-1) is a polynomial matrix: 
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where: p is a number of outputs and is equal of disturbances inputs number, g is a 
number of inputs. The B(z-1), C(z-1) matrix can be written in similar way as matrix 
A(z-1). The general lag matrix of equation (53) has the following form: 



 

 102 

 

⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢

⎣

⎡

=

−−−

−−−

−−−

−

pgpp

g

g

ddd

ddd

ddd

zzz

zzz
zzz

K

MMMM

K

K

21

21121

11211

dZ     (53) 

The structure symbol for MIMO ARMAX model (54) is expressed in the following 
way:  
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6.3.3 State-space description of dynamic systems 

It is assumed that the SISO/MIMO system can be expressed in terms of the 
equations of states in continuous time domain 
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alternatively, in discrete time domain: 
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where: A is the transfer matrix, B is the input matrix, C is the output matrix, while D 
is the direct input/output matrix, whereby the matrices have the following 
dimensions: n×n, n×m, p×n, p×n respectively. The vector x is a state vector, u is 
the input vector, y is the output vector, v and e are mutually independent white 
noises specific to zero medium values and matrices of covariance: R1 and R2.  

   
Fig. 86. Structure of a model in the forms: a) equations of state 
b) equations of state in an innovative version incorporating the 
path of disturbances (depicted by broken line) for variables of 

state and outputs 
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In contrast to the polynomial structured models, individual disturbances act upon 
the outputs and the selected variables of states (Fig. 86). An innovation state-
space model is formulated as follows 
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, ( ){ } λ=2ieE    (57) 

where: A, B, C, D are the matrices of the equations of state, K is the gain matrix of 
Kalman’s filter built into the path of disturbances. Simplifying by assuming the 
zero-valued matrix K, it can be foreseen that no variables of state are affected by 
disturbances. It is expressed as follows 
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)()()1(
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,  ( ){ } λ=2ieE      (58) 

6.4. Theoretical fundamentals of system identification 

The most essential stages of identification procedure may be summarized as 
follows: 

o Formulation of a model structure, 

o Definition of the error function between the data acquired and the model 
parameters, 

o Selection of an appropriate identification to minimize a given error 
function. 

6.4.1 Identification algorithm 

The objective of the estimation is to minimize the ( )θV  error function comprising 
the individual model parameters. In most uncomplicated cases (Least Squares 
Method), a specific minimization task can be solved analytically. An analytical 
solution is frequently difficult to obtain, when the model parameters are nonlinearly 
dependent on the error function. It mainly refers to all prediction error methods 
(PEM), excluding AR/ARX models. In such cases, approximate solutions are 
rough. The problems relative to the implementation of algorithms intended for 
computing/searching for a nonlinear error function may be theoretically considered 
in terms of the optimization procedures (nonlinear programming). Depending on 
the operational principle of particular approximate algorithms, both deterministic 
and stochastic versions can be distinguished aimed at the more effective methods 
for finding a minimum at random. The following minimization methods can be 
distinguished:  
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o Simple direct seek methods11, 

o First-order methods based on the information provided by the first derivative 
(gradient) of ( )θV error function (e.g. Reverse Propagation Method), 

o Second-order methods based on the information regarding the first and 
second derivative (gradient and Hessian form) of ( )θV  error function (e.g. 
Newton method, the Newton quasi-method, Gauss-Newton method, 
Pseudo-Method of Newton, Levenberg-Marquardt). These second order 
methods differ in the simplification when determining the second derivative 
influencing the convergence and speed of a selected algorithm. 

The iterative methods designed for seeking a minimum of the error function have a 
number of drawbacks, to mention only a few: 

o Low sensibility level in the initial parameter values, 

o Frequently occurring problems to reach the algorithm convergence, 

o It is likely that the local minima of the objective function may appear. 

The identification algorithms are essentially assigned to selected groups according 
to a degree of any availability of measuring data. As far as such criterion is 
concerned, the following algorithms can be distinguished: 

o Off-line algorithms using a complete data set in the identification 
procedures. In off-line iterative algorithms, a specific data set may be 
generally processed some times as a global one, using n iterations 
incorporated in the algorithm to achieve the well-fitted estimation of model 
parameters. 

o On-line algorithms applied in cases, when a given data set is updated 
continuously, e.g. during on-line machinery operation. A difference, as 
compared with off-line algorithms, consists in new estimation of θk 
parameter values based on the previously determined value of θk-1 and the 
current data flow. 

[ ])(ˆ)()()(ˆ)(ˆ iyiyiKii −+=θθ     (59) 

Most frequently, a certain coefficient K(i) is defined to determine a prediction error 
and how it influences various parameter values. When dealing with on-line 
algorithms, simultaneously used for recurrence (iterative) purposes in the scope of 
parameters determination, every new observation leads to iterative updating of 
parameters estimation.  

                                            
11 Such methods are in most cases heuristic ones 
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6.4.2 A structure of a model 

The selected structure of a particular model should define the mutual 
interconnections among inputs and outputs, a number of inputs/outputs, dynamic 
behavior of such model via predicted (and/or delayed) input/output values. Taking 
into account a selected model structure, the following two basic criteria of model 
error are commonly applied. The first criterion refers to polynomial models and 
Prediction Error Methods (PEM) 
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or in a particular case of the PEM method application, Least-Square Methods 
(LS)12 
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The second criterion is applied to the state-space estimation approach resolves 
itself to the minimalization of state variance error.  

    
Fig. 87. The track of disturbances in the model output of given 

system in discrete time domain for a model in the following forms: 
a) polynomials, b) state-space 

The prediction error method may be readily used as implements for identification 
of completed polynomial, general PEM models incorporating in their structure the 
following polynomials A(z-1), B(z-1), C(z-1), D(z-1), F(z-1) and particular solutions, 
such as OE and BJ models. The H(z-1) transfer function or K matrix (Gain matrix of 

                                            
12 This method can be diagramatically illustrated as a pararell linkage of a given system and its model during 
identification processes 
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Kalman’s filter) are applied, when the response of a true system is biased by 
disturbances occurring at the model output or state variables (Fig. 87). 

6.4.3 Method of estimation 

A method of estimation is mostly defined on the statistics-based estimation theory. 
A selected method is associated with the certain assumptions with reference to the 
interpretation. Bayes’s approach is widely applied with the most numerous a priori 
assumptions, different versions of Maximum Likehood Methods (MLM)13, as well 
as Least Squares estimations without any a priori assumptions as for stochastic 
properties of output and/or input time series along with specific parameters. The 
MLM estimator for selected parameters can be obtained by maximizing the 
likehood function, i.e. conditional Probability Density Function (PDF) relative to 
these parameters. The MLM estimator may be thought of as a particular case of 
Baye’s estimator, assuming a priori knowledge on the following parameters: PDF 
of disturbances, PDF of model parameters, cost (loss) function. States of a given 
system may be derived based on input/output observations recorded from such 
system. If the disturbances affecting the entire system can be neglected, then we 
deal with Luenberger’s observators, while taking into consideration disturbances, 
the Kalman filtration method is applied.  

6.4.4 Equivalence of models  

A model expressed in term of state-space equations is characterized by the 
structure denoted as SS(nN) corresponds to ARMAX-model, as proven in [77], by 
the following substitution: 
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13 It has been commonly recognized that Prediction Error Method coincides with Maximum Likehood 
Method on the assumption that Gaussian distribution may be assumed. 
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for K=[0], the transfer function equivalence of the state-space model is ARX/OE 
model. Presentation of a complete PEM model as state-space form is ambiguous 
and leads to various canonical forms ([104], [77], [65]). 

6.5. Selection of a regressive model structure and its validation 

When a priori information is unavailable, then a model structure can be evaluated 
and properly selected from measured data. To the one most commonly applied 
test intended for determining the model order belongs the AIC and MDL methods 
[77]. According to the current state of art, the hypothesis is assumed that a model 
with the overestimated structure order of magnitude may be characterized by 
adjacent, very closely situated of pairs pole-zero. Another approach to the 
validation of properly structured model to be identified is the investigation of 
residuals between the model output signal and the measuring signal considered 
as an output one. Depending on the hypotheses assumed, the normality of residue 
distribution is frequently tested. It can be shown ([45], [94]), that ARMA model with 
nA+nC number of parameters is equivalent of MA(∞) model since 
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where )(~ 1−zC is a result of divided by themselves the polynomials )( 1−zC  and 
)( 1−zA . Similarly, ARMA model is equivalent of AR(∞) model, since 
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where )(~ 1−zA  is a result of divided by themselves the polynomials )( 1−zA  and 
)( 1−zC . 

Conclusion: Less expensive from the computation point of view is AR structure 
with overparametrized A(z-1) polynomial. 
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DIAGNOSTIC MODELS OF ROTATING MACHINERY 
OPERATING UNDER STEADY STATE CONDITIONS 

Summary 

Background: Nowadays, industrial fault detection solutions are based on a 
nonparametric method. The transfer function is determined based on time series 
with use of FFT algorithm. The required frequency resolution of a spectrum is 
obtained via sampling signals with required frequency. If it is that case the buffer 
for each input and output must contain samples as many as needed to achieve 
demanding resolution. Next, the amplitude-frequency characteristics in a form of a 
discrete function are collected. The present monograph deals with the 
development of techniques designed for the experimental vibration analysis of 
rotating machinery from the viewpoint of input and/or output system analysis. Such 
experimental vibration analysis has been used to describe the dynamic behavior of 
the rotor supported by hydrodynamic bearings in terms of natural frequencies, 
damping factors and phase shifts. The main advantage of the implementation of 
automatic diagnostic tests and procedures into practice is an increase of a 
confidence level resulting in more suitable decisions being made automatically. 

Objective: The aim of the present monograph is to provide a class of diagnostic 
symptoms based on a parametric approach in the scope of parameter-based 
monitoring intended for rotating machinery. Such diagnostic symptoms may prove 
to be a powerful tool for a new generation of decision-supporting systems.  

Methods: Parametric system identification with use of AR, ARX models.  

Results: Several aspects of testing methods for rotating machines under steady 
state operating conditions have been discussed. A mathematical and physical 
model of the rotating machine has been utilized to generate displacement 
responses under normal and malfunction conditions. Unbalance, preload, rub, 
excessive clearance, and oil instability were described as typical malfunctions of 
rotating machinery.  

Conclusions: Parameter-based symptoms can replace actually use non 
parametric-based symptoms for diagnosis of rotating machinery under steady 
state operating conditions.  
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