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ABSTRACT: The natural frequency of aluminum cantilever stepped beam (two steps) was investigated 

experimentally and theoretically by modeling the experimental data using artificial neural network (ANN) for 

different values of small and large diameters and for different lengths of larger diameter step. Two hidden layers 

and different number of neurons in each hidden layer were employed with the ANN. Theoretical natural frequency 

results using two algorithm functions (trainlm) and (trainrp) of the ANN method were compared with the 

experimental solution. The results showed that there was an increase in the natural frequency with the increasing 

of the larger diameter length of the stepped shaft and a high performance of the ANN was found to predicate the 

experimental results.   
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INTRODUCTION 

Stepped beams are defined it's beam have a variation in cross section area and (or) different component properties 

are usually used in mechanical engineering   applications like shafts of rotary machines, beams, robotic machines, 

and crane booms[1-3]. They can be classified into straight, tapered and stepped beams where the stepped beam 

has a variable cross section with its length [4]. Occasionally and to simplify the calculations of natural frequency 

and static deflections of the stepped beams, it can be dealt with as a straight beam. In spite of these approximations 

often may be to reduce the possible errors as far as preferred and obtains suitable results by ultra-fine mesh  [5-

6]. Many numerical methods like finite element, finite volume and boundary element were developed to represent 

the stepped beams for uniform torsional and torsional load vibration considers of beams with a variable cross 

section area [7-8]. The method of dynamic stiffness analysis  was used to study the responses of structures under 

free vibration for rotating beams when the cross section was changed linearly [9-11]. The static deflection, 

equivalent nodal loads, and stiffness matrix of the curved beam with variable cross section were considered [12-

14]. A good approximation based on an analytical solution of transverse free vibration of a variable cross section 

beams were concluded [15]. The solution of the beams vibration problem with a variable cross -section area for 

three types of different boundary conditions, clamp, simply support,  and free-ends beams were presented. The 

generalized quadrature differential equation and transformation differential methods analysis the vibration of 

circular variable cross section shafts with had been used [16-18]. The solution of problems for exact displacement 

for beams uniformly changed in cross-section was employed for derivation of the stiffness matrix equations for 

the many problems related with stepped cross section beams have been published [19-20]. A numerical approach 

of finite element was used to find the natural frequencies of beams with uniform and variable cross-section areas 

on an elastic end supports [21].  

The ANN is a theoretical method that uses to expect the results of  experimental work. Three types of training 

algorithms are available. These algorithms have eight training functions for brain hematoma classification, 

Descent Gradient algorithm (traingd, traingdm, trainrp), Quasi-Newton algorithm (trainbfg, trainlm) and Gradient 

Conjugate algorithm (traincgf, trainscg,  traincgp) [22].  

Bhavna et al [23] showed that the kind of the algorithm function and the number of the hidden layers can improve 

the results of the artificial neural network. They exhibited that the creased in the number of layers caused enhance  

the performance of the generalization capacity of the ANN. Other researchers applied the ANN method with 

different engineering studies and applications [24-25]  
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In this paper the natural frequency of the cantilever shaft has two steps were considered experimentally and 

theoretically by modeling the experimental data using ANN. Different number of neurons and different training 

functions were mannered. Then the comparison between ANN predicated results with the experimental data for 

different shaft dimensions would be done. 

EXPERIMENTAL WORK 

The samples of the stepped shaft were machined using lathe. The dimensions of these samples are summarised in 

Table (1). 

Table 1.  Dimensions of Samples 

No. 
Larger  

Diameter (mm) 

Smaller  

Diameter (mm) 

Length of Larger  

Diameter (cm) 

Length of Smaller 

 Diameter (cm) 

1 18 - 45 - 

2 16 - 45 - 

3 14 - 45 - 

4 12 - 45 - 

5 18 16 36-9 step 9 9-36 step 9 

6 18 14 36-9 step 9 9-36 step 9 

7 18 12 36-9 step 9 9-36 step 9 

8 16 14 36-9 step 9 9-36 step 9 

9 16 12 36-9 step 9 9-36 step 9 

Measurement of Natural Frequency 

 

Figure 1. Measuring of Natural frequency 
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To measure the natural frequency of beam, the samples were fixed in steel structure and the accelerometer was 

placed in the free end of cantilever beam as shown in Figure (1). When the electrical connections were connected, 

the beam was hit at any point using a hummer. The responses of cantilever beam were red and saved using the 

Oscilloscope device. The SIGVIEW software was utilised to analyse results of vibration from oscilloscope by 

transferring data from time to the frequency domains.  The results were processed by Fast Fourier Transformation 

(FFT).  

MODELING OF THE ANN 

    In this work, the artificial neural network (ANN) was constructed for all experimental results of natural 

frequency. The results of the natural frequency were divided into five groups depending on the end diameters, the 

length of each section of the stepped shaft (0, 9 ,18 ,27 ,36 , and 45) cm. The construction of the ANN was 

consisted of input data which was related to the geometry of samples and the load conditions, while the output 

data was represented the natural frequency of samples. One and two hidden layers were adopted for modeling 

ANN, further there were two types of training functions (trainrp and trainlm) applied in each type of hidden layer.  

Construction of the ANN 

The ANN construction consists of input layer, hidden layers and output layer. The input layers include the beam 

geometry and load conditions. The performance of the ANN depends on the amount of hiddeni layers and the 

numberi of neurons inieach of them as shown in the figures (2 and 3). In this paper the number of neurons 4, 6 

and 8 were utilised in each hidden layer. 

 

Figure 2. Construction of ANN with two hidden layers of Natural frequency  

 

Figure 3. (a) ANN construction. (b) Schematic the relationship between input and output vectors for one 

neuron. 

There are two types of data in the ANN, training data and testing data. The amount of the training data represents 

70% of the overall data while the remaining data (i.e. 30% of the overall data) is testing. For a better performance 
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and high accuracy of ANN, the sequences of the testing data were selected through the training data, i.e. if the 

first and second data are selected for training while the third data is taken as the test, the fourth and the fifth are 

training then the sixth is testing and so on. Therefore, the sequences of training data have the form (1, 2, 4, 5, 7, 

8, 10 ,11, 13, 14, 16, 17, 19, 20, 22, 23, 25, 26, 28, 29) while the sequences of testing data were selected to be in 

the form (3, 6, 9, 12, 15, 18, 21, 24, 27 , 30). To investigate the accuracy of the algorithm functions on the results, 

two training algorithms (trainlm and trainrp) were used as training functions in this work. The number of nodes 

in each hidden layer was taken as 4, 6 and 8 for each training functions. The  overall data of natural frequency 

were 30 values therefor the number of epochs in each training process was reached to 900 epochs for two hidden 

layers with 6 nodes in each of them for training function "trainlm" as shown in figure (4). 

 

Figure 4. image of ANN construction 

RESULTS AND DISCUSSION 

The ANN method  

There are multi parameters could govern the accuracy of the performance of ANN like types of the training 

algorithms, number of hidden layers, number of neurons in each hidden layer and number of epochs. Table (2) 

shows relation between the number of neurons for the two training algorithm functions (trainlm and trainrp) and 

the mean square error (MSE), it can be seen that when the number of neurons increase the (MSE) decreases. 

Figure 5 indicates the best training performance of the ANN which refers to the (MSE) that has the value 

0.00024968 for the (6-6-1) of the algorithm function trainlm when the number of epochs is 900. Figure (6) and 

(7) show that  the correlation coefficient (R) 0.98423 and 0.98554 for training and testing respectively. 
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Table 2. Correlation coefficient (R) and (MSE) for different algorithm function 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. the best training performance of the ANN of the (6-6-1) trainlm. 

algorithm 

training  
No. of neuron 

Correlation coefficient 

(R) 
MSE 

trainrp 

4-4-1 0.9023 1.5E-4 

6-6-1 0.9432 9.2E-5 

8-8-1 0.9235 8.1E-5 

trainlm 

4-4-1 0.9666 7.3E-4 

6-6-1 0.9842 2.5E-5 

8-8-1 0.9592 5.9E-6 
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Figure 6. the correlation coefficient (R) for training performance of ANN of the (6-6-1) for algorithm function 

(trainlm). 

 

Figure 7. the correlation coefficient (R) for testing performance of ANN of the (6-6-1) for algorithm function 

(trainlm). 

Results of Natural Frequency  

Figures (8 and 9) show that there is an increase in the natural frequency with increasing the length of the large 

diameter. This increase attributed to the increasing in the stiffness of stepped shaft. The ANN results of the natural 

frequency indicate that there are convergence with large approximations for training algorithms (trainlm and 

trainrp) compared with experimental data. These results were plotted for experimental and ANN with multi hidden 

layers (4-4-1), (6-6-1), and (8-8-1), where these numbers 4, 6, and 8 represent the number of neurons in each 

hidden layer. Figures (10 to 17) indicate that the relationship between the natural frequency and the length of the 

larger diameter.  

The results show there is increasing in natural frequencies up to the length of the large diameter (27 cm) and then 

a decrease by a small percentage, which suggest that a maximum natural frequency could be reached by a two 

steps shaft when the larger diameter step is 27 cm length. The ANN results proved an excellent approximations 

with experimental data specially when the trainlm algorithm function was applied. 

SUMMARY 
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The natural frequency of a cantilever stepped beam was studied experimentally. Two steps of beam with different 

values of diameters and different lengths of larger diameter were validated. The results of the experimental work 

were compared with two algorithm functions (trainlm) and (trainrp) of the ANN method. A good agreement was 

found between the experimental and ANN method. A maximum natural frequency could be obtained when the 

length of the larger diameter step was (27 cm).   

 

Figure 8. Natural frequency – length of large diameter for (trainlm) of stepped shaft When Dl=18 mm 

and Ds=16 mm. 

 

Figure 9. Natural frequency – length of large diameter for (trainrp) of stepped shaft When Dl=18 mm 

and Ds=16 mm 

 

Figure 10. Natural frequency – length of large diameter for  (trainlm) of stepped shaft When Dl=18 mm and 

Ds=14 mm. 
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Figure 11. Natural frequency – length of large diameter for (trainrp) of stepped shaft When Dl=18 mm and 

Ds=14 mm. 

 

Figure 12. Natural frequency – length of large diameter for (trainlm) of stepped shaft When Dl=18 mm and 

Ds=12 mm. 

 

Figure 13. Natural frequency – length of large diameter for (trainrp) of stepped shaft When Dl=18 mm and 

Ds=12 mm 
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Figure 14. Natural frequency –length of large diameter for (trainlm) of stepped shaft When Dl=16 mm and 

Ds=14 mm. 

 

Figure 15. Natural frequency–length of large diameter for (trainrp) of stepped shaft When Dl=16 mm and 

Ds=14 mm. 

 

Figure 16. Natural frequency – length of large diameter for (trainlm) of stepped shaft When Dl=16 mm and 

Ds=12 mm. 
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Figure 17. Natural frequency – length of large diameter for (trainrp) of stepped shaft When Dl=16 mm and 

Ds=12 mm. 
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