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Abstract
Early detection of mechanical faults in large rotating machines is of crucial importance in today’s industry.
If not treated properly, such faults may lead to a deterioration of machine performance and eventually cause
critical failures. One of the most frequently occurring examples and hence of special interest is the presence
of unbalances in the shaft that have to be detected at an early stage. To this end, a model-based identification
algorithm capable of reliably estimating magnitude and position of mechanical unbalances in shafts has been
developed and is presented in this work. Based on the famous Extended Kalman Filter, the algorithm uses
online vibration measurements as well as a supplementary mathematical model of the system to obtain an
accurate estimation of the current vibrational state of the machine as well as its unbalance distribution.

1 Introduction

Large rotating machines such as electric motors and generators play a huge role in today’s industry. One
of the most prominent type are turbomachines that transfer energy between a rotor and a gas and that are
used in the production, transmission and consumption of electrical energy [1] as well as jet engines, fans or
pumps [2]. Due to their importance, it is clear that unexpected failures will not only lead to considerable
revenue losses but may have serious impacts such as jeopardizing energy supply as replacements are usually
not readily available due to the high acquisition cost. In addition to being costly, maintenance repairs can be
very time-consuming if they involve on-site root cause analysis and ordering spare parts. This is especially
critical for machines in remote locations that are not easily accessible. For those reasons, condition monitor-
ing techniques for rotating machines have been a strong research focus in the past aiming at detecting and
analyzing deviations from normal behavior during the operation of the machine. Assessing its health con-
dition based on the corresponding results is then facilitating the adoption of appropriate measures to avoid
system breakdown. This approach is best-known by the term predictive maintenance.

To this end, data-driven techniques are usually applied [3, 4]. Conclusions about the health state of the
machine are drawn solely based on the characteristics of the sensor by comparing them to reference signals
in order to detect anomalies. As faults in rotating machines are typically discernible in frequency domain,
signal processing methods able to track changes in spectral characteristics over time are often used to identify
such faults. Examples of the application of such time-frequency analysis to detect motor faults including
cracks in rotor shafts, misalignment or rotor-stator rub were presented in [5, 6].

Model-based techniques form a contrast to those purely data-driven approaches. They use a mathematical de-
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scription of the rotating machine which is running in parallel to the operation of the system and is frequently
updated using measurements. These methods have received increasing attention in the past [7, 8, 9, 10, 11].
One of the most important algorithms in this class is the Kalman Filter [12] yielding optimal state estimates
for linear system in the presence of Gaussian model and sensor noise. For nonlinear systems, multiple exten-
sions have been proposed, including the Extended Kalman Filter (EKF) [13, 14] and the Unscented Kalman
Filter (UKF) [15]. These extensions make it possible to apply the Kalman Filter to estimate system param-
eters by regarding them as additional state variables [16, 17, 18]. This approach can readily be applied to
fault identification problems if an appropriate parametrized fault model is available.

In this work, the fault identification problem is presented in the context of large rotating machines. An online
identification algorithm based on the Extended Kalman Filter is proposed that is able to estimate the magni-
tude and position of an imbalance in the rotor shaft. The algorithm uses vibration data, i.e. shaft displace-
ments, that are measured at the bearings and continuously updates its underlying mathematical description
of the system to estimate imbalance forces. This property makes the algorithm applicable for real-time fault
identification. Its ability to accurately localize and quantify the shaft imbalance is demonstrated using a shaft
model of a large industrial rotating machine.

In addition to presenting a model-based method for identification of a shaft imbalance, a frequency-based
approach is presented that can readily be applied to detecting changes in system stiffness properties. It is
shown that, by using a carefully chosen output function, changes in the system’s eigenfrequencies can be
detected reliably.

2 Problem Description

In this section we describe the mathematical model which is one of the key components of model-based
condition monitoring. This model is augmented by introducing fault parameters that will contain the infor-
mation on the health state of the machine. A zero fault parameter corresponds to a particular fault that is
not present in the machine whereas a nonzero parameters indicates that the machine is affected by this fault.
In order to correctly identify the parameters and their evolution in time during the machine operation, the
system has to be reduced in size to make a simulation feasible in real-time. This goal is achieved via Model
Order Reduction (MOR) which is also briefly described in this section.

2.1 Principles of Rotordynamics and Equations of Motion

The analysis of rotordynamical phenomena has been a field of research since the end of the 19th century.
In 1919, Jeffcott presented a simplified model consisting of a disk that was mounted onto a massless shaft
which, in turn, was supported by two bearings. This model, even though being an obvious oversimplifica-
tion of real-life rotor systems, inhibits typical effects that play an important role in the analysis of rotating
machinery and is therefore still used today.

Since we aim to analyze rotating systems, we briefly describe some of the most important phenomena ap-
pearing in rotordynamics. For additional information, confer [19, 20, 2].

• Gyroscopic effects
If a rotor shaft is rotating, a sudden impact will not lead to unidirectional vibrations but rather cause
a whirling motion. This natural whirling is caused by gyroscopic effects, similar to a top that is
precessing around a fixed vertical axis. The whirling frequency is determined by the rotational speed
and geometric and material properties.

• Dependence on the rotational speed
Apart from the gyroscopic effects there are additional quantities depending on the rotational speed.
Mechanical properties such as stiffness and damping values for fluid bearings generally vary with
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rotating speed and oil temperature. Numerical software is usually used to calculate those values for
certain speeds serving as interpolation for the remaining ones.

• Critical speeds
As the model depends on the speed of rotation, the eigenfrequencies are likewise depending on the
operating conditions. Unbalance forces as well as external harmonic input exciting the system with a
frequency close to an eigenfrequency will cause resonance to appear in the system leading to increased
and potentially unsafe vibration levels. A Campbell diagram is often created, showing the dependency
of the critical speeds on the rotational speed and therefore providing insight into the machine behavior.

In order to obtain a discrete system of equations, a rotating shaft is usually discretized along its axis of rota-
tion (which we assume to be the x-axis) into a finite number of nodes which are connected by beam elements
with varying dimensions and material properties [20]. The degrees of freedom of the system correspond to
the two lateral translations (in the direction of the y- and z-axis) and two additional rotational degrees of
freedom around these axes.

The global mass, damping, gyroscopic and stiffness matrices are obtained by assembling the respective
matrices of each beam segment. This assembly yields the equations of motion for the rotating shafts:

Msd̈s + (Ds +Gs(ω))ḋs +Ksds = Fs(ω). (1)

where ds is the vector of displacements of the shaft nodes andMs, Ds, Gs,Ks are the global mass, damping,
gyroscopic and stiffness matrices of the shaft. The right hand side Fs(ω) accounts for the ensemble of input
forces acting upon the shaft including gravity, imbalance forces and electromagnetic excitation to name a
few. Note that these forces may depend on the rotational speed ω.

Every shaft has to be supported by some kind of bearing. A variety of different bearing types exist for differ-
ent applications and purposes. Large industrial rotating machines are usually supported by fluid bearings in
which an oil film prevents direct contact between the rotating shaft and the bearing shell resulting in minimal
wear and friction. Fluid bearings can exhibit high stiffness and damping depending on the rotational speed.
The corresponding structural matrices may be obtained by modeling the fluid film inside the bearing using
the so called Reynolds equations [20] or by performing experiments [21]. A surrogate mass-spring model
of the bearings is constructed by calculating the oil stiffness and damping for various rotational speeds and
applying linear interpolation. The bearing housing and foundation may be included into the model by linear
springs and lumped masses. This way, a bearing model is obtained whose stiffness and damping values
depend on the rotational speed ω. Taking into account this dependency, the model of the shaft (1) supported
by fluid film bearings reads

Md̈+ (D(ω) +G(ω))ḋ+K(ω)d = F (ω) (2)

The omission of the subscript s indicates that not only the shaft nodes but also the bearing nodes are now
considered in the system formulation.

2.2 Model Order Reduction

Detecting faults via simulation during machine operation requires the underlying algorithms and numerical
integration schemes to be real-time capable. This can be achieved by reducing the size of the system of
equations using Model Order Reduction (MOR) and hence the computational effort of the simulation. In the
following, we briefly describe the MOR method used in this work.

A dynamic substructuring technique is applied to the supported rotor shaft [22] where the substructures have
been chosen as the rotating shaft and the two bearings. Note that the shaft may be further divided into the
drive-end, middle and non-drive-end part to conform to the interface nodes at the bearing positions.
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Following [22], the state vector d is reordered to reflect the distinction between interface degrees of freedoms
db and degrees of freedom in the interior of each substructure di:

d =




db

d
(1)
i
...

d
(Ns)
i



≈ TCB




db
η(1)

...
η(Ns)


 = TCB d̂

where Ns is the number of substructures and TCB is the Craig-Bampton transformation matrix which is
obtained by reducing each substructure individually using a modal approach and corresponding modal coor-
dinates η [23].

Note that TCB depends on the systems stiffness and damping matrix which in turn depend on the rotational
speed. Therefore, if ω is not constant, the transformation matrix has to be recalculated in each time step
which is computationally expensive. In order to mitigate the computational costs, parametrized model order
reduction based on interpolation can be applied [16]. Note that, for the remainder of this work, we will
refrain from indicating the reduced order model by mathematical accents for the sake of clarity.

2.3 Reduction to first order

System (1) is readily reduced to first order by writing

ẋ = Ax+Bu (3)

where

x =

(
d

ḋ

)
, A =

(
0 I

−M−1K(ω) −M−1 (D(ω) +G(ω))

)
, Bu =

(
0
F

)
.

This form is widely used and constitutes the basis for the application of the Kalman Filter. In the next section
we will show how the system is augmented by introducing mechanical faults.

Sensors allow the operator to monitor the vibrational behavior of rotating machines. Vibration sensors in-
clude displacement probes, velocity transducers and accelerometers which are mounted at certain machine
components. The measured values at time t can then be written as

y(t) = C(t)x(t) +D(t)u(t) + v(t) (4)

where C(t) is the system output matrix, D(t) the feedthrough matrix and v(t) ∼ N(0, R) is white noise
representing measurement errors. We will subsequently assume that we are able to measure the system
displacements at certain nodes directly such that the output equation reduces to

y(t) = Cx(t) + v(t) (5)

where C is a constant selection matrix. We let x ∈ Rn, y ∈ Rny .

2.4 Models of Mechanical Faults

In order to detect occurring faults an enriched system description is used incorporating information about
typical fault patterns. Each fault is represented by one or more additional parameters that are introduced
into the system equations. Two kinds of faults are generally distinguished [8, 10]. Additive faults affect
the sensors and actuators which are not inherent to the system itself but can be seen as external effects while
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multiplicative faults describe defects in the system’s components. A faulty system is then generally described
by a modified version of eq. (3) and (5):

ẋ(t) = (A+ ∆A)x(t) + (B + ∆B)u(t) + f(t) (6)

y(t) = Cx(t) + v(t) + g(t) (7)

Here, ∆A,∆B represent component faults while f, g denote actuator and sensor faults, respectively. For the
remainder of this work we will assume that g = 0, i.e. the measurements are only affected by measurement
noise.

Unbalances in a rotor shaft’s cross section appear if the center of rotation does not coincide with the center
of mass. This deviation will cause centrifugal forces to act upon the shaft that depend on the eccentricity
and the rotational speed. Consider the i-th node and denote by F iy, F

i
z the external forces acting upon this

node and corresponding to translation in y- and z-axis, respectively. Assuming that the rotational speed ω is
constant, an unbalance located at node i is introduced into the system via

(
F iy
F iz

)
=

(
biω

2 cos(ωt+ ψi)
biω

2 sin(ωt+ ψi)

)
= biω

2

(
cos(ψi) − sin(ψi)
sin(ψi) cos(ψi)

)(
cos(ωt)
sin(ωt)

)
(8)

Here, the scalar bi is the unbalance magnitude and ψi is the unbalance angle which is measured with respect
to a fixed reference angle. The total force matrix is naturally assembled by considering unbalance forces at
each shaft node.

3 Detection of Faults

In this section we describe how mechanical faults in rotating systems can be detected and identified using
the enriched system model introduced in the previous section. We will restrict ourselves to the analysis
of two particular mechanical fault types that appear frequently in large rotating machinery: the analysis of
imbalanced shafts and localized changes in the stiffness properties of the shaft, e.g. due to broken rotor bars
or wear.

In the following we will consider the system formulation introduced in the previous section. We apply a
numerical scheme to obtain the discrete system

xk+1 = Akxk +Bkuk (9)

which will be the basis for the fault identification methods presented in this work.

3.1 The Kalman Filter

The well-known Kalman Filter first introduced in 1960 [12] is the basis for the fault identification process.
In order to predict the state evolution, the Kalman Filter uses the mathematical model (9) of the system,
assuming that it is subject to a process uncertainty wk ∼ N(0, Q):

xk+1 = Akxk +Bkuk + wk (10)

yk = Cxk + vk (11)

A correction of the estimated state vector is then performed taking into account the actual measurements
yk+1 obtained via eq. (11) at the corresponding time step.

The optimal state estimation x+k+1 at time tk+1 is then obtained by application of the Kalman Filter equations:
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Prediction

x−k+1 = Akx
+
k +Bkuk (12)

P−k+1 = AkP
−
k A
>
k +Q (13)

Correction

Kk+1 = P−k+1C
>
(
CP−k+1C

> +R
)−1

(14)

x+k+1 = x−k+1 +Kk+1

(
yk+1 − Cx−k+1

)
(15)

P+
k+1 = P−k+1 −Kk+1CP

−
k+1 (16)

Note that the Kalman Filter incorporates the estimates for model and measurement noise. Additionally, it has
to be initialized providing initial estimates for the state variables and corresponding error covariance matrix
P0.

3.2 Extended Kalman Filter

For nonlinear systems given by

xk+1 = f(xk, uk) + wk (17)

yk = h(xk, uk) + vk (18)

the Extended Kalman Filter (EKF) again uses a two step process as before where the prediction is given by

x−k+1 = f(x+k , uk) (19)

and linearizes eq. (17) in each time defining the Jacobian matrices

Ak =
∂f(x, u)

∂x

∣∣∣
x=x+k

, Ck =
∂h(x, u)

∂x

∣∣∣
x=x−k+1

(20)

With these definitions, the usual Kalman Filter eqs. (12) to (16) are used to obtain state estimates. Note that,
in contrast to linear Kalman Filtering, optimality of the estimates might not be achieved.

3.3 Kalman Filter Augmentation

Kalman Filter based approaches for parameter identification have been under active research in the past. The
basic idea is to add the fault parameter vector θ to the system state and apply the conventional Kalman Filter
or EKF for state estimation. The augmented equations read

(
x
θ

)

k+1

=

(
Ak + ∆A(θk) 0

0 I

)(
x
θ

)

k

+

(
Bk + ∆B(θk)

0

)
uk +

(
w
η

)

k

(21)

yk = [C, 0]

(
x
θ

)

k

+ vk. (22)

Note that an additional parameter noise ηk is introduced into the system representing the assumption that
the fault may develop over time. In the following section we will describe how the system augmentation
is performed in order to identify the faults we are interested in. In this work we are concerned with the
quantification and localization of shaft unbalances.
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3.4 Unbalanced shaft

Unbalances in the rotor shaft can be modeled as a pure external force not affecting the system’s properties.
Therefore, considering eq. (21), one may set ∆Ak = 0. Furthermore, the unbalance force vector in eq. (8)
may be written as

(
F iy
F iz

)
= B(bi, ψi)u(t). (23)

Identifying the unbalance state of the machine now consists of determining the coefficients bi, ψi for each
node i of the shaft that are contained in the matrices B.

The complete set of equations in view of eq. (21) is now given as
(
x
θ

)

k+1

=

(
Ak 0
0 I

)(
x
θ

)

k

+

(
Bk(θk)

0

)
uk (24)

yk = [C, 0]

(
x
θ

)

k

+ vk (25)

whereBk is obtained via assembling the input matrix for every node i on the shaft and performing discretiza-
tion.

Generally, the imbalance force is given by a right hand side vector F (θ), where θ is a collection of imbalance
fault parameters. One possibility is to set θ = (bi, ψi), i ∈ 1, . . . , nnodes where nnodes is the total number of
nodes in the shaft. Note that other parametrizations are possible.

In order to apply the Extended Kalman Filter, the Jacobian matrices of the state equation with respect to the
physical state xk as well as the parameters θk needs to be calculated. Note that it has the form

Jk =

(
Ak

∂Bk(θ)
∂θ

∣∣∣
θ=θk

uk

0 I

)
(26)

and that ∂Bk(θ)
∂θ

∣∣∣
θ=θk

can be readily obtained using the formulation of the unbalance force.

3.5 Changes in the dynamic properties

Model-based parameter identification may also be applied to identify changes in the dynamic properties of
the shaft. Consider wear or crack formation in a particular component of the shaft. This effect may be
modeled as a change in the stiffness properties that has to be identified during the operation phase of the
machine. In this case, the stiffness is given as K(ω, t) = K0(ω) + ∆K(ω, t) where K0 represents the
nominal stiffness matrix in the fault free case and ∆K describes the stiffness change due to component wear.
The complete reduced and discretized system now reads

(
x
θ

)

k+1

=

(
Ak + ∆A(θk) 0

0 I

)(
x
θ

)

k

+

(
fk
0

)
(27)

yk = [C, 0]

(
x
θ

)

k

+ vk (28)

where we assume that the system is excited by an external force fk.
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Note that those kind of faults can be considered as fundamentally different from pure imbalance faults since
they affect system characteristics such as eigenfrequencies and corresponding modes. This motivates the
usage of Discrete Fourier Transform (DFT) to identify such shifts in the frequency domain. An additional
advantage of considering frequencies is the possibility to apply bandpass filtering effectively ignoring os-
cillating inputs which are usually present in rotating machines. Note that even unknown inputs that do not
affect the eigenfrequencies can be ignored but might disturb identification in time domain.

In order to apply DFT, we have to consider vibrations recorded over a time interval of length T . An extended
state Xk is introduced as

Xk = (x>k , . . . , x
>
k−T+1)

> ∈ Rn×T (29)

capturing a history of states with corresponding output

Yk = (y>k , . . . , y
>
k−T+1)

> ∈ Rny×T (30)

The extension makes it possible to take into account past states and measurements and to observe frequency
shifts on a time window. This approach was taken in [24] where a nonlinear output function h was used to
observe the first moment of the power distribution in a frequency interval. For a vector ŷ ∈ RT the function

h(ŷ) =

∑
`∈I ω`|â`|2∑
`∈I |â`|2

(31)

is defined, where ω` are the discrete frequency bands obtained by the DFT of ŷ inside a chosen frequency
band of interest I and â` are the corresponding Fourier coefficients. The total output vector is obtained by
applying h to the history of each observed component.

In the next section, the output function is applied to a model problem to illustrate how a change in stiffness
influences the first moment of the power spectrum. This dependency motivates the use of this nonlinear
output in the frequency domain for fault identification. Note that, in view of eq. (20), the formulation of the
EKF now involves the derivative of h with respect to the state variables and fault parameters.

4 Examples

In this section, the previously presented unbalance identification approach is applied to a motor-generator
system. Data is obtained by deliberately introducing a discrete unbalance at a particular node and numerically
integrating the system of equations. It is shown that the identification algorithm is in fact able to accurately
estimate the position and magnitude of the disturbance. Furthermore, a simple rotor system based on the
famous Jeffcott rotor is considered. It is shown how a change in the stiffness properties affects the eigen-
frequencies in a specific frequency band and how the nonlinear output function presented in the previous
section develops in time.

4.1 Unbalance Identification

The setup that is considered as an example consists of a generator that is coupled to a motor with a total
length of about 10m. The rotor was modeled by linear Timoshenkov beams and the supporting fluid bearings
are represented by springs whose coefficients depend on the rotational speed. A visualization of the shaft is
shown in fig. 1.

The system has 280 degrees of freedom. Using the substructuring method described in section 2.2 this
number was reduced to 44, considerably lowering computational cost.
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Figure 1: Visualization of the motor-generator setup that, in this work, is used as an example for the appli-
cation of unbalance identification based on the EKF.

We assume that displacement probes are available at the bearings measuring the relative distance between
the shaft and the bearing housing in horizontal and vertical direction. If the initial distance at rest is defined
to be zero, the output matrix is then given as

C = LB − LS ∈ R8×44 (32)

where LB, LS are selection matrices selecting the displacements in horizontal and vertical direction of the
Bearing housing and the shaft, respectively.

In order to validate the identification algorithm, data was created by numerically integrating system (2) using
the Newmark method with a time step of ∆t = 5 × 10−4 s. A discrete unbalance was placed near the
non-drive-end of the generator at a shaft position of 7.8 m with a magnitude of b = 0.1 kg·m and an angle of
ψ = 120◦. The rotor setup is accelerated with a constant angular acceleration of 60 RPM/s until a rotational
speed of 2400 RPM was reached. An input noise w(t) with standard deviation 0.1 was introduced as well as
a white measurement noise with standard deviation of 2× 10−6.

The unbalance identification algorithm presented in section 3 is applied to the motor-generator system given
the data that was created as described previously.

As the exact noise parameters are generally unknown, an over-estimated input model noise standard devi-
ation of 0.3 was prescribed. The exact measurement noise was provided during the identification process
since an accurate estimation of the measurement is often available either by relying on sensor specifications
or measuring fluctuations in the data while the machine is still at rest. The initial state was set to zero, rep-
resenting the machine being at rest at t0 = 0s. This assumption also justifies an initial zero error covariance
for the displacements and velocities. For the fault parameters the initial state is obviously unknown but it is
assumed that the unbalance configuration is not changing in time. This motivates the selection of nonzero
initial uncertainty and small or even zero model noise in the equations for the fault parameters.

In order to assess the quality of the identification, an estimated position, magnitude, and angle was extracted
from the model of the external force by considering its contribution at every single node. These three gen-
eralized parameters are compared to the exact values of the discretely placed unbalance. Figure 2 shows the
temporal convergence of the parameters with respect to the actual position, magnitude and angle.

It can be seen that the identification algorithm quickly manages to identify magnitude and position quite
accurately. This information can be used by the machine operator to assess the unbalance state of the shaft
and detect the occurrence of a fault, localize the faulty component and assess the severity of the damage.
Moreover, as the model is continuously being calibrated, the future development of faults can be predicted
by numerical simulation.

4.2 Changes in dynamic properties due to a change in stiffness

In this section the motivation for using time-frequency based identification methods to track structural
changes is illustrated using a model problem from a test case of the Finite Element software Code Aster
[25] that is based on the famous Jeffcott rotor. Consider a rotating shaft of length L with an unbalanced disk
mounted at L/3 that is supported by a bearing at position 2L/3 (fig. 3).
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Figure 2: Convergence plots for unbalance position, magnitude and angle. Solid line: Estimated parameters
for every time step. Dashed line: Exact parameters.
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Figure 3: A simple example of a rotating shaft. Both ends of the shaft are fixed. Vibrations are introduced
by an unbalanced disk mounted on the shaft.

We assume that the bearing is subject to wear resulting in an effective decrease of bearing stiffness and that
the shaft dynamics are described by the system of equations

Md̈+ (D(ω) +G(ω))ḋ+ (K0(ω) + θ(t)∆K)d = F (ω) + w(t) (33)

y(t) = Cd(t) + v(t). (34)

Here, F (ω) accounts for the unbalance forces and the output matrix C selects the displacement measure-
ments obtained at the bearing.

The matrix ∆K is a constant fault matrix and represents bearing wear affecting the stiffness of the system.
The goal is to identify the fault parameter θ and its evolution in time using information on eigenfrequencies
of the shaft.

In order to illustrate the expressiveness of the nonlinear output function from eq. (31), the dynamic system
was integrated between 0s and 60s using a time step size of 10−3s. The fault parameter θ was initially set to
zero and was gradually increasing over time until reaching the value 1.0.

We assume that shaft displacements are observed at the bearing in horizontal direction. These measurements
are obtained by extracting the respective components from the simulation results and disturbing them by

900 PROCEEDINGS OF ISMA2018 AND USD2018



adding white noise.

For each output component, the output function h was calculated using eq. (31) with a window size of
T = 213 corresponding to approximately 8s. The exact fault parameter used for the creation of the data and
the output obtained from the measurements are shown in fig. 4. It can be seen that the output clearly indicates
the change in the fault parameter. Note that, by definition of the extended state eq. (29), the output at time tk
is obtained from the previous T time steps explaining the lag between the exact parameter evolution and the
estimated counterpart (fig. 4). For the same reason the output function is only calculated for t ≥ T .
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(a) Exact evolution of the fault parameter θ affecting the bearing stiffness.
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(b) Output of the transformation eq. (31) applied to the measured displacements in y-direction.

Figure 4: Comparison of the exact evolution of the fault parameter and the observed first energy moment.
It can be seen that the nonlinear output is strongly correlated to the actual fault parameter facilitating the
identification of developing faults.

5 Conclusions

In this work, a model-based fault detection algorithm based on the Extended Kalman Filter was presented,
that is capable of identifying magnitude and position of a single unbalance in a rotating shaft. It was shown
that by using a mathematical model of the machine during the operation phase and calibrating it online with
measurements important insight into the health state of the machine can be gained, offering new possibilities
in diagnostics and predictive maintenance. Note that, as those models are usually created during the engi-
neering phase, the approach that was adopted in this work bridges the gap between design and operation.
The ability to localize and quantify unbalance faults was demonstrated on a motor-generator example where
a single unbalance magnitude and position was identified in the presence of random inputs and measurement
noise. In addition, a signal transformation was proposed that yields an accurate description of changes of
an eigenfrequency residing in a preselected frequency interval. This method was used to detect wear in a
bearing supporting a simple shaft. It was shown that the output of the transformation is strongly correlated
to the evolution of model parameters related to the change in system stiffness caused by wear. This property
motivates its usage in fault detection methods, e.g. by tracking the fault parameter based on the output of the
signal transformation using a Kalman filter based method.
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