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Abstract. Recently, Artificial Neural Networks (ANN) have been employed as an alternative technique for fault 
diagnosis and detection in mechanical systems. Neural networks are noise tolerant and their ability to generalise the 
knowledge, as well as to adapt during use, are extremely interesting properties. A balancing methodology of a rigid 
rotor supported by hydrodynamic journal bearings using artificial neural network is proposed in the paper.The 
balancing procedure uses the responses of the unbalancing rotor bearing system and the correction masses given by 
the plane separation balancing technique. The ANN is based on the use of Multilayer Neural Network architecture 
(MLP) in order to predict the location of the correction masses, for the case when only the responses are provided to 
the neural network. This paper investigates the relation between the number of hidden neurons in a MLP, the 
generalization error and the amount of noise in the input data. Through simulation testing, the results obtaneid 
indicate that neural networks can be effective agents in the balancing of rigid rotors. The results show that the 
balancing methodology together with the artificial neural network using function approximation has reduced 
performance as the number of neurons increases, because the learn solution is not general. 
  
Keywords: Rigid Rotor Balancing, Artificial Neural Network, Rotor Systems, Multilayer Neural Network.  

 
1. Introduction (Times New Roman, bold, size 10) 

 
Techniques of balancing rotating machinery to reduce vibration levels have seen a tremendous level of research 

activity. Balancing involves placing correction masses onto the rotating shaft, so that centrifugal forces due to these 
masses cancel out those forces caused by the inherent unbalance mass, thus canceling out vibration. Since, in most 
cases, it is unlikely that an additional mass can be placed directly in the same plane as the inherent unbalance, special 
planes, known as balance planes, are often chosen specifically for the purpose of adding balancing weights, especially 
in larger machines. Balancing is performed on both rigid and flexible rotors and specific methods have been developed 
to deal with both cases. Rigid rotors are rotors that exhibit no significant deformation, usually due to a low speed of 
rotation or a high diameter/length ratio (Vance, 1988). Conversely, flexible rotors are rotors, which undergo substantial 
deformation whilst in operation, due to their long lengths and high operating speeds (Bovik and Hogfors, 1986). 

The two main types of balancing for flexible systems are the modal and influence coefficient methods. Modal 
balancing is the procedure, whereby the unbalance forces at each mode considered are cancelled out individually. 
Unbalance planes are chosen and the magnitude of unbalance components are determined, depending on the number of 
modes required by the system. Suitable unbalance masses are then chosen to counteract the forces produced by the 
unbalance components at each mode (Lee and Kim, 1987). Balancing by influence coefficients involves the selection of 
correction masses so that vibration is reduced to zero at various specified shaft locations for various constant shaft 
speeds.  

Many of these methods were developed in different fields, such as in control theory, signal processing and artificial 
intelligence (AI). Artificial neural networks can be included in the last mentioned field. Its use has dramatically 
increased in recent years in applied mechanics in order to model complex system behavior. Its potential has been 
recognized in monitoring and control of structures (He et al., 2001; Skoundrianos and Tzafestas, 2002). In spite of the 
researches published about monitoring and fault detection using artificial intelligence techniques, there are few studies 
in which such techniques, mainly ANN techniques, are used to predict the balancing corrections in mechanical systems. 
This paper intends to work in that direction, showing some specific points about its implementation.  

The contribution of the paper is to show a balancing methodology for rotating mechanical systems using Artificial 
Neural Network (ANN) to predict the location of the correction masses in respective balancing plane. Some specific 
points about its implementation are focused. The objective of the paper is to investigate the relation between the number 



of hidden neurons in a MLP, the generalization error and the amount of noise in the data. Training and validation sets 
are generated using the system unbalancing response and the correction masses provided by the plane separation 
balancing technique. These sets are normalized in order to improve the neural network performance. The results show 
that the balancing methodology together with the artificial neural network using function approximation has a reduced 
performance as the number of neurons increases, because the ANN was not able to generalize the learn solution. 

This paper is organized as follows: in section 2, the rotor-bearing system is modeled. Section 3 presents the 
balancing equations.  Section 4 shows the proposed methodology with the results and discussions given in section 5. 
Finally, section 6 highlights the conclusions of the present study.  

 
2. Rotor-Bearing System Modelling  

 
In the present study, the rotor bearing system modeling is done by using the Stodola-Green shaft model, in which 

the main effects present in rotating systems are modeled such as gyroscopic effect, rotating inertia, besides a linearized 
bearings model represented by damping and cross-coupling stiffness coefficients. 

The equation of motion of the rotor bearing system can be written as: 
  

[ ]{ } [ ]{ } [ ]{ } { }QqKqCqM =++ &&&
r

 (1) 
 

where M
r

, K, and C are the mass, damping and stiffness matrices of the system, respectively; Q represents the 
unbalance forces vector and qqq ,, &&&  are the acceleration, velocity and displacement vectors. 

The displacements are represented as: 
 

{ }αβYXqT =  (2) 
 

where coordinates X, Y are the displacements translations and coordinates α e β  are the displacement rotations of the 
system. 

 
Such a system is illustrated in Fig. 1 along the (XY) reference frame employed to describe the rigid rotor.  
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Figure 1. Rigid Rotor 

 
The diagonal mass matrix M

r
is, 

 
{ }tt IIMMdiagM =

r
 (3) 

 
where M is rotor mass and It is transversal moment of inertia. 

Fluid film bearings, commonly used in heavy rotating machines, play a significant role in the dynamic behavior of 
the rotor. The stiffness and damping properties of the oil film significantly alter the dynamics of the rotor. When a 
hydrodynamic bearing is modeled, the fluid force that supports the shaft is provided by the pressure developed between 
the eccentric annulus, which occurs when the shaft is displaced in the circular bearing. It is common to represent the 
effects of these pressures by bearing stiffness and damping matrices, which can couple the motion in orthogonal planes. 
For the present study these matrices have the following internal structure (Vance, 1988): 
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The  KXX, KXY, KYY, KYX are the stiffness coefficients; CXX, CXY, CYY, CYX are the damping coefficients; IP is the polar 

moment of inertia; ω  is rotor angular velocity and L  is the rotor length. 
The unbalance forces vector is given by: 
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where mi is the mass of rotor section; li is the  length of rotor section and ui is the eccentricity of the unbalancing mass. 

The fourth order Runge-Kutta integration method can be used to obtain the time responses of the rotor bearing 
system, in terms of coordinates X, Y, α e β. From that, a Fast Fourier Transform (FFT) is used to give the responses of 
the system in the frequency domain. For the present study, the responses of the system are obtained for the center of the 
rotor and for the two journal bearings of the system.  

Table 1 shows the descriptions and values used for the rotor in the simulations. 
 

Table 1. Rotor parameters 
 

Rotor Parameters 

Length (m) 0,6 

Diameter (m) 0,05 

Specific mass (kg/m3) 7800 
 

The rotor is supported by hydrodynamic journal bearings. The damping and stiffness dynamic coefficients of the 
bearings employed in the system simulation are presented in Table 2. 

Table 2. Journal Bearings Dynamic Coefficients 
 

Journal Bearings Dynamic Coefficients 

Stiffness Coefficients (N/m) 

KXX KXY KYY KYX 

0,2310E+06 0,2449E+05 0,2020E+06 -0,2182E+05 

Damping Coefficients (N.s/m) 
CXX CXY CYY CYX 

1,718E+03 1,672E+03 1,713E+03 1,672E+03 



3. Balancing Equations 
 
A rigid rotor can be balanced by adding correction masses in any two balancing planes. One technique used for that 

is the plane separation technique. It is important to emphasize that, for rigid balancing, the process needs to be 
performed considering speeds below its first critical, typically between 100 and 600 rpm (Rieger, 1988). 

Figure 2 represents the unbalancing distributions along the shaft in which two balancing planes are defined.  
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Figure 2. Balancing Planes 

 
Equations (7) represent the force and moment equations, considering the balancing planes shown in Figure 2 

obtained from the plane separation technique:  
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Such equations when solved will reduce the unbalancing synchronous response of the rotor bearing system. The 

solution provides the correction masses (m1 and m2) and their respectively angular positions ( 1bφ and 2bφ ), as represent 
by the equations (8), 
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From a random unbalancing distribution along the shaft, the response of the system were obtained using the 

parameters given in Table 1 and the dynamic coefficients given in Table 2, considering a balancing speed of 400 rpm. 
The unbalancing responses were obtained at the rotor center and at the bearings. The same procedure was performed for 
the bearings position and similar results are obtained. 

 
4. Proposed Method 

 
A network of artificial neurons (usually called a neural network) is a data processing system consisting of a large 

number of simple, highly interconnected processing elements in an architecture inspired by the cerebral cortex portion 
of the brain structure. Neural Networks may be designed to classify input patterns in predefined classes or to create 
categories that group patterns according to their similarity. Perhaps the most important characteristic of neural networks 
is their ability to model processes and systems from actual data. The neural network is supplied with data and then 
“trained” to mimic the input-output relationship of the processes or system (Haykin, 1999). 

Here, it is proposed a methodology for a rigid rotor balancing using artificial neural network using Multi Layers 
Perceptron (MLP) to map the correction masses in both balancing planes 1 and 2. Multi-layer perceptrons (MLP) are 
neural nets usually referred to as function approximators. A MLP is a generalization of Rosenblatt’s perceptron 
(Haykin, 1999). The fundamental importance of a neural network is not only the way a neuron is implemented but also 
how their interconnections (more commonly called topology) are made. 

One of the easiest forms of this topology used in recent years is made of three layers: 
• One input layer (the inputs of the network); 
• N hidden layers; 
• One output layer (the inputs of the network). 

Polar input data, related to the unbalancing responses of the rotor bearing system, are calculated in Cartesian 
Coordinates according equation (9). The same procedure is performed for the output data, related to the balancing 
correction masses, as represented by the equation (10). 
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where:  xei and yei = input Cartesian coordinates; 
φi = phase angle i; 

iR̂  = System response at i position. 
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where:  xsi and ysi = output Cartesian coordinates; 
φbi = correction angle obtained for the balancing plane i; 
mi = correction mass obtained for the balancing plane i. 

 
In order to improve the Artificial Neural Network generalization capability, the input and output data need to be 

normalized. So, Eqs. (11) are employed in the input and output data normalization that will be used on Artificial Neural 
Network training and validation steps (Saldarriaga and Steffen, 2003). 
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where: N(x) and N(y)  = x and y normalized coordinates; 

R(x) and R(y)  = x and y coordinates to be normalized; 
ymin and ymax = maximum and minimum displacement of the coordinate y; 
xmin and xmax = maximum and minimum displacement of the coordinate x. 

 
All neurons from one layer are connected to all neurons in the next layer. One-way to show this is by representing 

the mapping of the correction mass (balancing planes 1 and 2), as illustrated in the Fig. 3.  
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Figure 3. Neural structure for a rigid rotor balancing 

 
Structurally speaking, this net is composed by six neurons in the input layer (corresponding to the estimated 

responses in the bearings 1 and 2 and the center of rotor, NxN neurons in layer hidden and four neurons in output layer 
(corresponding to the balancing responses in planes 1 and 2. 

In the present study backpropagation is used as algorithm for training (Haykin, 1999). The algorithm uses the delta 
rule to compute the weights between connected processing elements so that the difference between the actual output and 
the desired output is minimized in a least-squares sense, according equation (12): 

 
( ) ( ) ( ) ( ) ( 1)( 1) ( ) [ ( 1)] ( ) ( )l l l l l
ji ji ji j iw n w n w n n y nζ γδ −+ = + − +                                                                                 (12)                                                                                                         



where :
( )l
jδ  = represents a local gradient for a neuron j in a layer l; ζ  = momentum constant; γ  = learning rate. 

For the learning procedure of the Error Backpropagation algorithm (Haykin, 1999) was employed. The artificial 
neural network learning parameters used in this stage are described in Table 3. 

 
Table 3 – Artificial Neural Network Parameters 

 

Neural Network Parameters Error Backpropagation 
Transfer function tansing 
Rate of learning 0,05 

Increase factor of learning 0.9 
Performance goal 0,003 

Momentum 0,03 
Interactions 1000 

 
5. Results and Discussions 
 

In order to process data using neural networks, the input data must be scaled to the operating range of the Error 
Backpropagation algorithm. For this project, the database is generated using the unbalancing responses of the system 
and the correction masses given by the balancing process. In this study, the rotor bearing system was simulated using 
theoretical data.  

The database is generated using the unbalancing responses of the system and the correction masses given by the 
balancing process. The data was normalized before presentation to the network to account for differences in recording 
amplitude. From the database, the tests and validation sets are obtained.  

The first phase was to determine if the network could be trained to distinguish between balancing responses and 
unbalancing responses. A 3-layer feed-forward network with six-input nodes and four-output nodes were used. The 
training set was composed by 200 elements in which the unbalancing responses of the rotor bearing system are the input 
data and the correction masses and angles are the output data. For generalization, the neural network is training with 
random noise, normally distributed, with a zero mean value, variance one and standard deviation one. The convergence 
of the learning procedure was terminated at 0.1 % error threshold. 
 In the second phase the validation dataset was used. This dataset was divided into a validation set (twenty unknown 
elements) and validation subset (ten unknown elements). The results presented in Table 4 are for the validation subset. 
Noise was added to the validation subset, in varying amounts (ranging from 0.05 to 0.3) according to Table 4. 

Then a neural network was trained using a varying number of hidden neurons (between 5 to 40). The transfer 
function for the hidden layer and the outputlayer is tansig. The network is trained using the Error Backpropagation 
algorithm. Table 4 indicates the training algorithm results investigating the relation between the number of hidden 
neurons in a MLP, the generalization error and the amount of noise in the input data.  

 
Table 4 – Number of hidden neurons, Generalization Error, Noise in input data. 

 

Noise Hidden neurons sse Noise Hidden neurons sse Noise Hidden neurons sse 
0.05 5 8.21 0.1 5 8.52 0.15 1 8.12 
0.05 10 0.28 0.1 10 0.43 0.15 2 0.78 
0.05 15 0.08 0.1 15 0.26 0.15 3 0.62 
0.05 20 0.04 0.1 20 0.22 0.15 4 0.50 
0.05 25 0.05 0.1 25 0.26 0.15 5 0.58 
0.05 30 0.06 0.1 30 0.28 0.15 6 0.56 
0.05 35 0.08 0.1 35 0.51 0.15 7 0.74 
0.05 40 0.09 0.1 40 0.32 0.15 8 0.61 
0.2 5 6.86 0.25 5 8.40 0.30 5 8.00 
0.2 10 0.33 0.25 10 0.65 0.30 10 0.25 
0.2 15 0.25 0.25 15 0.61 0.30 15 0.51 
0.2 20 0.21 0.25 20 0.79 0.30 20 0.43 
0.2 25 0.25 0.25 25 1.63 0.30 25 1.44 
0.2 30 0.44 0.25 30 1.11 0.30 30 1.18 
0.2 35 0.43 0.25 35 0.99 0.30 35 0.92 
0.2 40 0.40 0.25 40 1.24 0.30 40 1.29 
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It can be seen from the results presented in Table 4 that the optimal number of hidden neurons for this MLP was 

more or less 20. Using 20 neurons, the approximation is quite good. 
Figures 4 and 5 represent the neural network response for the validation set considering 20 x 20 hidden neurons 

architecture which was the one that presented the lesser number of generalization error for the amount of noises added. 
 
 

 

 
Figure 4 – Correction mass – balancing plane 1 

 
 

 
Figure 5 – Correction mass – balancing plane 2 

 
The results show that the balancing methodology together with the artificial neural network using function 

approximation have reduced performance as the numb er of neurons increase, because the learn solution is not general. 
 

6. Conclusions 
 
Rotating machinery is widely used in industry. The developing of techniques for rotating machinery balancing is an 

important engineering problem to be solved for both industry and academia. In this paper, a balancing methodology of 
rigid rotor was conducted. The methodology applies artificial neural networks (ANN) to predict the correction masses 
when only the unbalancing responses of the system are provided to neural network. The network is trained using the 
Error Backpropagation algorithm. The database was generated using the unbalancing responses of the system and the 
correction masses given by the balancing process. This paper investigated the relation between the number of hidden 
neurons in a MLP, the generalization error and the amount of noise in the input data. From the results obtained, it can be 
concluded that the function approximation has reduced performance as the number of neurons increases, because the 
generalization learning gets compromised when the Error Backpropagation algorithm is used. Also, as the noise level 
increases, it was shown that the predictions from the ANN get worse.  
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