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Abstract. This paper presents a non-linear model updating applying multi-objective genetic algorithm as searching
method, in order to obtain the tuning of mathematical model parameters in rotating systems. An experimental set up
for this purpose consists of a rotor on a rigid foundation supported by two cylindrical journal bearings and with a
central disk of considerable mass and a coupling between drive-motor and shaft. A finite element model is used to
simulate rotor and shaft. The ideal symmetric rotor model is carried out for this problem and the excitation force is
due to an unbalanced mass and its eccentricity and phase. The journal bearings are modeled through a non-linear
force expression. As some parameters of the analytical dynamic model of the system are unknown, or even approached,
the model needs to be adjusted to accurately simulate the real structure. This problem involves the simultaneous
solution of multiple performance criteria. A multi-objective genetic algorithm is, then, proposed to allow the individual
analysis of each objective function, which are based on the difference between the geometric properties of the
experimental and simulated elliptical orbits. The parameters considered as unknown, which are adjusted by the
optimization process, are the unbalance (position, phase and magnitude) and the load on each bearing. Several shaft
rotations are considered in the fitting process, so that the results can be applied to a large operational range of the
machine. The use of the multi-objective optimization approach returns a Pareto optimal set of solutions (Pareto front)
where the identification of the best one is not possible. Using high level information, it is possible to choose between
these solutions and fit the mathematical model to obtain reliable responses for the studied physical system. In this
paper, the multi-objective algorithm is based on the multi-objective genetic algorithm SPEA (Strength Pareto
Evolutionary Algorithm). This research also proposes a contribution for the rotating machine design area as it
presents a relatively simple method of tuning and validation of computational models for machines and structures,
considering the conflicting aspects of the parameters used on the objective functions.
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1. INTRODUCTION

The study of rotating machines occupies a special position in the context of machines and structures, in view of the
considerable amount of typical phenomena in the operation of those equipments. The existence of a rotary component
supported on bearings and transmitting power creates numerous problems that affect a wide variety of machines, i.e.,
compressors, pumps, motors, large and small turbines, etc. Mathematical models are developed to foresee the dynamic
behavior of those systems. However, analytical and experimental results still show discrepancies due to a lack of
knowledge of several parameters inherent to dynamic systems and due to simplifications in these models. This way, to
obtain reliable results, it is necessary to use updating techniques to adjust the results of the simulations of the models to
those obtained in experimental tests.

The first studies on the influence of the dynamic behavior of bearings in rotating machinery (hydrodynamic
lubrication theory) were done by Tower (1883 and 1885). Reynolds (1886) established the differential equation for the
pressure profile of two surfaces in relative movement due to the internal pressure variation of the fluid film between the
surfaces. Lund (1987) presented the concept of dynamic (stiffness and damping) coefficients and this linear model
approach is highly applied for rotor-bearing systems. However, this approach is not able to provide information about
the nonlinearities inherent to these components and its application can be unsatisfactory for many applications and
frequency ranges. Capone (1986 and 1991) studied a nonlinear model of the hydrodynamic supporting efforts in
lubricated bearings, valid for short bearings in a laminar flux condition. This way, the time-domain response of a rotary
system (taking into account the nonlinearities of the system) can be obtained. In order to validate Capone’s model,
Cavalca et al. (2001) compared simulated efforts in the bearing to experimental data and obtained the oil film
temperature in the bearings.

Capone’s formulation for short cylindrical journal bearings is applied in this work, as part of a rotary system
modeled by a finite element method. The unknown parameters considered in the system are the unbalance components
(magnitude, phase and position), as well as the load on each bearing. In order to identify these parameters, simulated
and experimental data are compared and a multi-objective metaheuristic search method, based on genetic algorithm, is
proposed. Experimental data was obtained in a laboratory bench-scale rotor-bearing system and acquired for four
constant rotations close to the system’s critical range of operation (critical speed).
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The genetic algorithm (Holland, 1975 and Goldberg, 1989) is a search technique based on concepts of biological
evolution and reproduction, which can be applied to solve several engineering problems. Previous works indicate that
genetic algorithms are recommended for problems involving complex mathematical expressions in their modeling.

Castro et al. (2004 and 2005) studied a rotor-bearing system in which the unknown parameters were the unbalance
magnitude and the viscosity in the bearings. A single objective fitting process, based on genetic algorithm, was
considered. Weights were chosen for each one of the objective function, representing the importance of each parameter
in the adjustment process, in order to describe the problem using only one objective function. This way, only a single
solution was obtained for each set of weights. A better refinement of the results was obtained by Castro and
Cavalca (2007) with a hybrid procedure combining two metaheuristic approaches: the genetic algorithm and the
Simulated Annealing (Kirkpatrick, 1982), in which the solutions found by the genetic algorithm were used as input for
the Simulated Annealing.

To improve the search method, Castro et al. (2008) applied the Multi-Objective Genetic Algorithm MOGA (Fonseca
and Fleming, 1993) to a similar problem in order to evaluate independently the three objective functions and obtain a
Pareto optimal set of solutions. As the algorithm considers each objective function separately, there is no need for the
weight selection. Zitzler et al. (2000) presented a comparative study of the behavior of several multi-objective
metaheuristic methods, using specially chosen test functions, in order to make the search procedure more complicated.
The Strength Pareto Evolutionary Algorithm SPEA (Zitzler and Thiele, 1998) overcame MOGA and was found to be the
algorithm that better obtained the Pareto optimal set. In this paper, SPEA was chosen as search method to identify the
rotor unbalance (magnitude, phase and position) and the load on the bearings, based on how good a set of these
parameters is in approximating the simulated orbit in the bearings to the experimental data.

Once the unknown model parameters are estimated, it is possible to approach the mathematical model, and then to
obtain more reliable responses for the physical system studied. The use of multi-objective optimization approach returns
a Pareto optimal set of solutions, in which no solution is better than other in all objectives simultaneously. Using high
level information, it is possible to choose among all of the solutions properly and fit the mathematical model.

2. MATHEMATICAL MODEL OF THE ROTOR-BEARINGS SYSTEM

The dynamic model of the system includes interactions between rotor, shaft and journal bearings and can be divided
into two parts: the non-linear hydrodynamic force model due to the journal bearings and the finite element model,
which is applied to the shaft and to the lumped mass of the disk.

The model for the non-linear hydrodynamic supporting forces due to the cylindrical journal bearings is based on the
work of Capone (1986 and 1991) and is obtained through the direct solution of the Reynolds’s Equation [Eq. (01)] for
short bearings (Ocvirk (1952)), which neglects the circumferential gradient of pressure distribution. This expression
describes the pressure distribution p inside the cylindrical journal bearing for a laminar flux condition and considers the
oil thickness /# and the axial gradient z, due to the losses of lubricating fluid of the short journal bearing. T is the
nondimensionalized time; 9 is the cylindrical coordinate, R is the bearing radius, L is the bearing length and y is the oil
film viscosity.
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Figure 1 shows the bearings parameters and the adopted reference system. The geometric parameters of the bearing
are: radial clearance C, axial length L and radius R. R, is the shaft radius, P is the bearing load, & is the work angle, e is
the distance between the bearing and the shaft centers and o is the rotating speed.
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Fig. 1 — Bearing parameters and reference system. (a) Front view; (b) Side view.
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The pressure gradient in circumferential direction can be neglected for short journal bearing in relation to the axial
gradient (Childs, 1993). Therefore, the result of the differential equation with this simplification is given by Eq. (2),
where D is the bearing diameter.
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In order to determine the hydrodynamic forces Fh, and Fh, generated by the oil film pressure distribution, the shaft
contact area dA = RdY - Ldz is considered in Eq. (3), where the functions V, G and F are defined below. The work
angle « is given by Eq. (4). The displacements x and y, respectively, in the horizontal and vertical directions, are
nondimensionalized by the radial clearance of the bearing.
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The system excitation force is due to the unbalanced mass m and its eccentricity ¢, as expressed in Eq. (5). The
unbalance phase is given by the angle ¢ and the unbalance node location in the finite element model determines its
position in the excitation force vector.
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Figure 2a gives a simplified version of the rotor-bearings system. A finite element method (Fig. 2b) is used to
determine the mass M, stiffness K and gyroscopic G matrices, considering the shaft and the concentrated mass of the
rotor. The shaft damping matrix C contains a first part that is proportional to the stiffness matrix and a second part that
contains the gyroscopic effects (C = B-K+w»-G). Bearings 01 and 02 and the lumped mass are located at nodes 3, 9 and
6, respectively, in Fig. 2b. Red arrows indicate the hydrodynamic or unbalance forces. The expected unbalance position
is at node 6. L is the length of the bearing; L, is the length of the beam elements, as well as L.
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Figure 2. Description of the system. (a) Horizontal rotor physical model; (b) Horizontal rotor finite element model.

The differential equation of motion of the system is given by Eq. (6), which takes into account the hydrodynamic
forces f,, the unbalanced forces f, and the rotor weight w. The generalized coordinates vector of the flexible rotor is

qT =1{X, Y, By, Uy ... Xuode Yiode D node» Uy node} and considers all the degrees of freedom of the rotating system
(displacements and angles of each node), including the journal displacement in each bearing.

Mij+Cq+Kq=fa, +fut+w ©)
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Equation (6) considers the hydrodynamic forces f;, in Eq. (3) using the oil viscosity x, which can be found in tables
provided by the oil manufacturer for the measured operating temperature of the bearings. In order to identify the load on
the bearings, the viscosity was made variable in the search algorithm, i.e., it was obtained a modified viscosity x,, in
each bearing and direction. Thus, it was possible to obtain the hydrodynamic force vector using the modified viscosities
and the load on the bearings, as in Eq. (7).

fr, = Frym * froad ™

Isolating the viscosity in f, and f,m, it is possible to obtain the relation between them [Eq. (8)] and identify the
load on the bearings [Eq. (9)] substituting Eq. (8) into Eq. (7).
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The solution of the equation of motion [Eq. (6)] in the time domain is obtained through the application of a
numerical method. For this case, Newmark’s method, according to Bathe and Wilson (1976), was chosen, as it is a well
known algorithm for solving nonlinear problems in structural dynamics.

3. OBJECTIVE FUNCTION

The tuning method contains objective functions that involves all the control variables obtained experimentally: orbit
of the shaft in the bearings, as well as the phase of the orbit. These control variables depend on the variables that are
fitted in the optimization process (rotor unbalance (magnitude, phase and position)) and the modified viscosity for each
bearing and direction. A diagnosis technique, based on Childs (1993), is proposed to characterize the elliptical shape of
the orbit. This analysis includes the degree of ellipticity, given by the Shape and Directivity Index (SDI), the dimension
of the major axis of the orbit @ and its inclination with respect to the horizontal axis 8, as shown in Fig. 3. The orbit
phase v is the angle of the first point of the orbit in one period (point S). This parameter is hardly influenced by the
unbalance phase ¢.

Figure 3. Orbit-related parameters.

The displacement in x and y directions are shown in Eq. (10), in which xs, xc, ys, yc are the first order Fourier
coefficients, that are also used to obtain the angle & in Eq. (11).

x = x, - cos(wt) + x, * sin(wt) ; y = y.-cos(wt) + y, - sin(wt) (10)
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The degree of ellipticity SDI is given by Eq. (12), as well as the dimension of the largest and the smallest dimension
of the ellipse, a and b respectively.

1
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The difference between the experimental and the adjusted orbits can be approximated by the difference between
their parameters SDI, a, 8 andv. The minimization process of each one of these differences is considered as an objective
function to be minimized, constituting a multi-objective problem. This way, Eq. (13) presents the objective functions of
the proposed problem. The orbits are adjusted for two nodes, represented by the two bearings.

node node node node
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4. EXPERIMENTAL SETUP
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The experimental setup consists of two hydrodynamic bearings and a lumped mass assembled in the central position
of the shaft (Fig. 4), similar to a Laval rotor. It is composed of a 12-mm-diameter steel shaft with an effective length of
600mm between the bearings. The concentrated mass consists of a chromed steel disk with an external diameter of
95mm, thickness of 43mm and mass of 2.34kg. A pair of cylindrical hydrodynamic bearings is used to support the shaft,
made in bronze, with a length of 20mm, radial clearance of 90um and L/D ratio of 0.64. The bearings are lubricated
with AWS 32 oil. A flexible coupling joins the rotor shaft and the driving-motor, next to bearing 01. The nominal
frequency of the electric motor lies in the range of 1 to 60 Hz and the rotor support structure can be considered rigid in
this operational range of frequencies.

Figure 4. Experimental bench and data acquisition instrumentation.

The experimental bench measurements are obtained by means of sensors installed at the bearings. The
displacements of the shaft inside the bearing are recorded by proximity sensors. The vibrations of the bearing supports
are monitored by means of accelerometers. The oil temperature is measured with thermocouples. An optical sensor is
installed between the flexible coupling and the driving-motor and it is used as a trigger to start the signal acquisition and
also used as a reference for the experimental phase calculation.

5. MULTI-OBJECTIVE METAHEURISTIC METHOD
5.1. Genetic Algorithm

Genetic algorithms, first proposed by Holland (1975), are a random search technique that simulates the process of
genetic evolution. Each parameter is codified by a gene using an appropriate representation. The corresponding genes
for all of the parameters form a chromosome that is capable of describing a solution of the problem. Each individual is
evaluated in each generation based on its fitness, i.e., on how good it is in solving the problem. A group of
chromosomes representing several individual solutions of the problem includes a population in which an individual with
the best characteristics (closer to the global solution) has more chance of being selected to reproduce. The evolution is
executed using a series of stochastic operators to manipulate the genetic code, in other words, with the evolution of the
search, the population includes better solutions and, eventually, converges.

The selection operator is an important phase of GA because it selects the most capable individuals to reproduce and
participate in the next generation (iteration). The individual's probability to be selected depends on its fitness. The
objective of this process is to make copies of good solutions and eliminate bad solutions in a population, while
maintaining the size of the population constant.

Crossover is an operator that applies crossings to combine different individuals' genes to produce the offspring, as
shown in Fig. 5a. It usually selects two chromosomes - called parents - and random portions of the genetic material to



Proceedings of COBEM 2009 20th International Congress of Mechanical Engineering
Copyright © 2009 by ABCM November 15-20, 2009, Gramado, RS, Brazil

exchange among them in order to generate new chromosomes - called new individuals (children). The parents are
selected among the existent chromosomes in the population, preferably in order of its fitness, so that the new
individuals can inherit the parents' good characteristics. Applying iteratively the crossing operator, genes of
chromosomes with better fitness will more frequently appear in the population.

The mutation operator is applied to randomly modify the new individuals' code, as shown in Fig. 5b. The mutation
is a critical element of a GA because, instead of guiding the population for the convergence, as the crossover operator, it
reintroduces the genetic diversity in the population and allows the search process to escape from local optima.

After using the genetic operators, the new individuals are inserted in a new population and the procedure is restarted.

(b)

Parent01 Child 01 :
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Figure 5. Genetic Operators. (a) One point crossover; (b) One point mutation.
5.2. Multi-objective problems

Real engineering problems usually involve simultaneous consideration of multiple performance criteria, in which
objectives are non-commensurate and are frequently in conflict among them. Optimize the problem with regard to only
one objective eventually can generate an inadmissible solution in relation to other objectives. Once there is more than
one conflicting objective, a single best solution usually does not exist and the concept of Pareto dominance can be
applied. An individual A is said to dominate an individual B if solution A is no worse than B in any objective and if A is
strictly better than B in at least one objective (Deb, 2001). In other words, ‘B is dominated by A’ or ‘A dominates B’.
The definition of the Pareto optimal set of solutions refers to the set of solutions that are not dominated by any other
solution in the given problem domain. If a multi-objective problem has multiple optimal solutions, the multi-objective
genetic algorithms have a great probability of identifying and storing them in its final population.

5.3. Strength Pareto Evolutionary Algorithm (SPEA)

The Strength Pareto Evolutionary Algorithm (SPEA) is a multi-objective genetic algorithm proposed by Zitzler and
Thiele (1998). This evolutionary algorithm has been intensely tested and applied to several engineering problems inside
industrial and scientific areas. It explicitly maintains an external population that stores the best solutions found until the
present generation (iteration), a characteristic known as elitism. SPEA’s external population is updated in each
generation: the old non-dominated solutions are compared with the recently found solutions and the non-dominated
resultant set is chosen to form the new external population. To avoid that the external population becomes overcrowded,
due to the continuity for several generations of the process of non-dominated solutions identification, the authors
limited the external population to a chosen size N,. Deb (2001) affirms that the choice of N, must be careful for the
successful working of the algorithm, however, the researchers of SPEA concluded that a reason of 1:4 between N, and
the current population size N is satisfactory for most of the problems. When the amount of non-dominated individuals is
inferior to N,, all solutions are maintained, when it is superior, not all elites can be allocated in the external population
and a clustering algorithm is proposed. That algorithm preserves the elites of less populated areas of the search space,
improving the diversity of solutions. The Euclidean distance between all solutions of the expanded external population
is calculated and the closer solutions are eliminated from the external population until the external population reaches
only N, solutions.

In this algorithm, a smaller fitness represents a better solution. In order to evaluate the fitness of each found solution,
a strength parameter Si is assigned to each one of the members of the external population. This value is proportional to
the number of individuals n; of the current population that a member of the external population dominates. The division
by (N+1) in Eq. (14) guarantees that the maximum strength parameter in an iteration of the algorithm is less than the
unit. Then, the fitness of each solution in the current population can be calculated: it will be always the sum of the
strength parameters of all external population members that dominates the analyzed solution plus one. So, the fitness
[Eq. (15)] of any current population member is greater than any fitness (strength) of an external population member, or
rather, any Fj will always be greater than the maximum Si.

oM (14)
S N+1

i€Py Ai < j



Proceedings of COBEM 2009 20th International Congress of Mechanical Engineering
Copyright © 2009 by ABCM November 15-20, 2009, Gramado, RS, Brazil

Subsequently, the selection operator can be applied to the entire population (current and external). For SPEA, a
binary tournament selection was proposed, where two randomly chosen solutions are compared. The one with a better
fitness will be chosen, what emphasizes the elite solutions. The procedure is repeated until all the population has been
compared (N tournaments). The genetic operators of crossover and mutation are then applied to find a new current
population. The external solutions participate in the genetic operators of selection and crossover in order to guide the
future populations through good areas of the search space. This way, its evolutionary advantage can be explored, what
increases considerably the chances of generating a set of solutions closer to the real Pareto front. After these procedures,
a new population of size N is created.

6. SEARCH ALGORITHM

Step 1. Randomly generate an initial population. The binary representation (genotype) is used for each individual of
the population and carries information about the unbalance (magnitude, phase and position) and about the unknown
loads acting on both bearings.

L)

y| Step 2. Transform genotype into phenotype: convert the binary string of each individual in real values.

'

Step 3. Solve the differential equation of motion of the system [Eq. (6)] to obtain the simulated orbits and
forces, considering each individual of the population as a solution. Calculate the objective functions to solve
Eq. (13), i.e., compare the simulated results to the experimental data.

Step 4. Use the Pareto dominance to discover the non-dominated solutions in the current population and add
them to the external population.

Step 5. Use the Pareto dominance to locate the non-dominated solutions in the modified external population
and eliminate the dominated ones.

Step 6. If the size of the external population after step 5 is larger than the chosen limit N,, use the clustering
algorithm to reduce its size to that limit.

Step 7. Assign the strength parameter to each solution of the external population, so that the fitness of each
solution of the current population can be calculated.

Step 8. Apply the selection operator: use the binary tournament selection to accomplish N tournaments among
the combined current and external populations.

Step 9. Apply the crossover operator: randomly choose a crossing point and two individuals to be crossed,
considering the combined population. However, individuals from the external population cannot be altered.

Step 10. Apply the mutation operator: randomly choose an individual of the current population and the bits
that will be the mutation points.

Step 11. If the total number of generations (stop criterion) was not reached, go to next generation and return to
Step 2: through the use of the genetic operators, a new population, which is probably closer
to the final solution, is created. This new population must be evaluated and, if possible, improved.

7. RESULTS AND DISCUSSION

Experimental results were obtained for 4 constant rotation speeds (22, 22.5, 23.5 and 24.5 Hz). The resonance of the
physical system was identified to be located at 23Hz and it was not possible to obtain experimental data for this speed.
For all measured speeds, the measured operating temperature of the oil was 25°C, which returns an oil viscosity
of 1 =0.052 Pa-s.

After the experimental analysis, the search algorithm was applied to the problem. A set of GA parameters returned
good results for this problem was: total number of generations: 50; population size N: 32; external population size N,: 8;
crossover probability: 0.7; mutation probability: 0.35; mutation rate: 0.25. The search algorithm was applied for each
rotation speed individually. For each case, it returned a Pareto set of solutions (that contained the unbalance parameters
and the modified viscosity in each bearing), in which it was not possible to select the best one. As the unbalance of the
machine is the same for all speeds, individuals with the same set of unbalance parameters were selected (Tab. O1). It
was expected to obtain the unbalance position at node 6, as it is the location of the rigid disk (Fig. 2).
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Table 1. Unbalance parameters estimated by the heuristic method.

Magnitude m-¢ [Pa-s]

Position (node)

Phase ¢ [Degrees]

1.14 - 10™

6

-75

The comparison between the orbits from the selected solutions and the experimental results for all considered
speeds are shown in Fig. 6. The simulated orbits returned a good approximation for the experimental results from
bearing 2. The differences between the orbits in bearing 1, especially for the SDI parameter, can be explained because
bearing 1 is close to a flexible coupling, which joins the rotor shaft and the driving-motor. The presence of the coupling
adds more stiffness in that area and, consequently, more difficulties in the modeling procedure.

Bearing 1

——Experimental

——Simulated
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Figure 6. Experimental and simulated bearing orbits for each rotating speed.

It can be noticed that the method presents difficulties in finding the angle 6 for orbits with a more circular shape,
i.e., orbits with a SDI value closer to the unit. Figure 7 compares the experimental orbit phaseV,,, (blue) and the

simulated orbit phaseV,, (red). Good approximations were obtained, especially for bearing 1 at 22Hz. However, for
bearings 1 and 2 at 24.5Hz the difference was considerable: 41.4° and 101.6°, respectively.
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Figure 7. Experimental V,,, and simulated V,4; orbit phase for each rotating speed.

Table 2 presents the objective functions from Eq. (13) and the correspondent contribution from each bearing. It can
be noticed from Tab. 2 and confirmed by Fig. 6 that the solution for bearing 2 at 22.5 Hz was the one that best
approximated the larger axis of the ellipses. Bearing 1 at 24.5 Hz and bearing 2 at 23.5Hz presented the best adjustment
for the SDI, however bearing 1 at 24.5 Hz a not so good approximation for 6. Bearing 2 at 22.5 Hz returned the smaller
difference among experimental and simulated angle 8, closely followed by bearing 1 at 22.5 Hz and both bearings at the
speed 22.0 Hz. As confirmed by Fig. 7, bearing 1 at 22.0 Hz showed the best adjustment for the phase anglev.

The same experimental setup used in this work was used by Castro et al. (2008) for 22.5 Hz and the unbalance
magnitude identified by the MOGA algorithm (1.24 - 10™* Pa-s) was close to the value showed in Tab. 1. It can also be
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mentioned that the two individuals analyzed in that work for 22.5 Hz are non-dominated if compared to the ones
identified in this work for that speed. However, in that work only f;, , fsp; and fywere considered in the search algorithm.

Table 2. Objective functions for each rotational speed and bearing.

22.0 Hz 22.5 Hz
Bearing 1 Bearing 2 Total Bearing 1 Bearing 2 Total
£, 2.03:10 9.80-10~ 0.30-10”" 2.91-10" 1.43-10™ 0.31-10"
fsor 4.70-107 2.00-10™ 6.71-10™ 1.98-10" 1.40-10™ 3.84-10"
fs 5.40-10~ 5.22:10” 1.06:10™ 5.54-10” 4.32-10” 0.99-10""
£, 1.63-10” 8.82:10” 1.05-10™ 7.63-107 1.16-10" 1.92:10"
23.5 Hz 24.5 Hz
Bearing 1 Bearing 2 Total Bearing 1 Bearing 2 Total
£, 4.47-10* 9.55-10~ 0.54-10"" 1.59-10™ 5.87-10” 0.22-10-1
Ssor 247107 3.69-107 2.84-10" 2.23-107 1.82:10" 0.20-10™
fs 1.22-10"" 7.30-10” 1.95-10™ 1.55-10" 4.59-10" 6.14-10"
£, 6.50-10 1.07-10"" 1.72:10" 1.15-10" 2.82-10" 3.97-10"

Figure 8 shows the hydrodynamic forces (F;) and the load (F,) in RMS value for each bearing and direction
(x and y). Closer to the resonance the hydrodynamic forces in both directions presented higher values. If bearing 1 and 2
are compared, it can be noticed that the hydrodynamic forces have a greater value in bearing 1. The bearing loads on
bearings 1 and 2 presented a different behavior after resonance due to the presence of the flexible coupling next to
bearing 1.
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Figure 8. RMS value for the hydrodynamic and load forces on the bearings. (a) Bearing 1; (b) Bearing 2.
8. CONCLUSIONS

In this paper, a multi-objective genetic algorithm, based on Zitzler and Thiele's SPEA (1998) was applied to adjust a
non-linear rotating system model in time domain by identifying its unbalance parameters (magnitude, position and
phase) and load on the bearings. Experimental and simulated results were compared by their bearings orbit-related
parameters (objective functions). Four rotation speeds — two before and two after resonance — were considered since it
is a critical stage of the machine operation and still the algorithm was able to satisfactorily adjust the experimental data.
The differences between adjusted and experimental data can be explained by some variables that are not considered in
the model, like motor-shaft coupling.

The adjustment method is useful for the analysis of rotating machines due to eventual limitations of the
mathematical models in representing the real structure in a complete way. A very promising approach was obtained for
the unbalance identification using only the displacement measurements in the bearings, which makes the method
particularly interesting to practical applications in real machines.
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