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Abstract: High-pressure compressor blades in aero-engines operate under severe thermo-mechanical
environments characterized by high rotational speeds, elevated temperatures, and dynamic loading.
Accurate prediction and optimization of their vibration behavior are essential for ensuring structural
reliability and preventing resonance-induced failures. In this study, a high-pressure compressor blade
is modeled as a thermally stressed rotating tapered beam, and its dynamic behavior is investigated
using finite element analysis. The effects of rotational speed, temperature rise, material gradation, and
aspect ratio on natural frequency and dynamic deflection are examined. A feed-forward Artificial
Neural Network (ANN) is developed to predict vibration responses using finite element-generated
datasets. The trained ANN model is subsequently integrated with Particle Swarm Optimization (PSO)
and Multi-Objective Particle Swarm Optimization (MOPSO) algorithms to maximize natural
frequency and minimize dynamic deflection simultaneously. Results indicate that rotational speed
increases structural stiffness through centrifugal stiffening, while temperature rise reduces stiffness
and vibration resistance. The ANN model predicts vibration characteristics with less than 5% error
compared to finite element results. Optimization results demonstrate a significant improvement in
natural frequency and vibration suppression, confirming the effectiveness of the proposed ANN-
assisted optimization framework for rotating compressor blade design.

Keywords: Compressor blade, Rotating beam, Free vibration, Artificial Neural Network,
Optimization, Thermo-mechanical loading.

1. Introduction

Rotating structural components, such as turbine blades, helicopter rotors, industrial
shafts, and satellite appendages, are ubiquitous in modern engineering systems [1-3]. Their
operational integrity and performance are profoundly influenced by their vibrational
characteristics. Understanding and accurately predicting the dynamic behavior of these
components is paramount for ensuring their structural reliability, preventing catastrophic
failures, and optimizing their operational lifespan. This is particularly crucial when these
components are subjected to extreme environmental conditions, such as high temperatures,
which are prevalent in power generation, aerospace, and advanced manufacturing industries
[4,5].

High-pressure compressor blades are critical components in aero-engine systems,
operating under extreme conditions of high rotational speeds, elevated temperatures, and
severe dynamic loading. These operating conditions make the blades highly susceptible to
vibration-induced failures such as fatigue, resonance, and excessive dynamic deflection.
The 3D model and cross-sectional beam model of compressor blade are illustrated in Fig. 1
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High-Pressure Compressor Blade Tapered Rotating Beam Model
in Aero-Engine
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Figure 1. Schematic 3D model of compressor blade

The dynamic performance of compressor blades is significantly influenced by centrifugal stiffening due to rotation,
geometric variations along the blade length, and thermally induced stresses. Accurate prediction of vibration characteristics
is therefore essential to ensure structural integrity, reliability, and safe operation of aero-engine compressors.

In many analytical and numerical studies, compressor blades are idealized as rotating beams to simplify the formulation
while retaining the essential dynamic behavior. Among various geometric configurations, tapered beam models provide a
more realistic representation of actual compressor blade geometry compared to uniform cross-section models.

Although several studies have reported the free vibration characteristics of rotating blades, limited attention has been
given to the transient dynamic response under combined thermo-rotational effects. Furthermore, the coupled influence of
taper ratio, aspect ratio, temperature rise, and rotational speed on blade dynamics remains inadequately explored.

In recent years, numerical simulation techniques have been widely employed to analyze the vibration behavior of
rotating blades; however, repeated simulations for design optimization are computationally expensive. Intelligent surrogate
models such as artificial neural networks offer an efficient alternative for predicting dynamic responses and facilitating
optimization.

Motivated by these observations, the present work focuses on the numerical investigation of free vibration and transient
response of a thermally stressed tapered rotating high-pressure compressor blade, with the aim of improving its dynamic
performance through efficient optimization techniques.

High-temperature environments introduce significant complexities in the vibration analysis of rotating structures.
Thermal gradients generate thermal stresses, alter material properties such as stiffness and damping, and may induce
thermal buckling or post-buckling phenomena, all of which can substantially influence the dynamic response of rotating
components. Extensive research has been conducted on the vibration behavior of rotating structural components subjected
to various mechanical and thermal loading conditions. Malgaca and Uyar [6] investigated the vibration characteristics of
laminated carbon-fiber box beams with rectangular cross-sections and examined the effects of link and joint flexibility on
their dynamic performance. Parida and Mohanty [7] studied the free vibration behavior of rotating functionally graded (FG)
plates under non-uniform thermal environments and demonstrated the significant influence of temperature on vibration
characteristics.

Similarly, Chen et al. [8] analyzed the vibration response of rotating pre-twisted functionally graded sandwich blades
operating under thermal loading conditions and reported notable changes in dynamic behavior due to material gradation
and temperature variation. Zhang and Li [9] investigated the nonlinear forced vibration response of pre-deformed rotating
blades subjected to distributed gas pressure and thermal gradients, highlighting the complex interaction between thermal
and aerodynamic loads.

Several analytical and numerical approaches have been proposed to evaluate the static and dynamic behavior of
thermally loaded rotating FG structures. Shahba et al. [10] employed the finite element method to study the free vibration
characteristics of centrifugally stiffened conical FG beams. Entezari et al. [11] investigated stress distributions in rotating
disks and rotors with variable thickness using a refined finite element formulation. Heydarpour et al. [12] analyzed the
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thermoelastic response of rotating functionally graded cylindrical shells through the differential quadrature method. Kim et
al. [13] developed coupled flapwise—chordwise equations of motion for rotating beams using Hamilton’s principle. More
recently, Wang et al. [14] proposed dynamic models for elastically constrained rotating beams based on both Euler—
Bernoulli and Timoshenko beam theories. Mazanoglu and Guler [15] employed the Rayleigh—Ritz method to investigate
flapwise and chordwise vibrations of tapered rotating beams under classical boundary conditions. Dangarwala and
Nagendra Gopal [16] utilized Bardell polynomials within a Ritz-based element formulation to study the free vibration
behavior of rotating non-uniform cantilever beams.

2. Mathematical Model

2.1. Materials Model

The schematic of functionally graded rotating beam with length L, thickness h is shown in Fig. 2. The beam is exposed
to uniform thermal environment.

Thermal load

00T

Pure Metal X

: L i

Figure 2 Schematic of thermally stressed FG beam

The functionally graded beam is graded in thickness direction as SiC as ceramic and Aluminium as a metal. The upper
phase contains pure ceramic and the lower phase contains pure metal. The effective material properties like elastic
modulus, density and thermal expansion coefficient are obtained using the power law, which is expressed as:

iz
P(z) = B(2) + (B(2) — R.(2)) (0.5 +3) ()
Where P(z), P.(z) and B,,(z) represent the effective material property, ceramic material and metal, respectively. The
grading index in thickness direction is indicated as 1.

2.2 Dynamic Model

Let transverse displacement w(x,t) and cross-section rotation ¢(x,t) be the primary fields in the beam. The beam is also
subjected to thermal load and rotational effect, therefore total axial stress is Nygeq = Ny + Np.
Where
N, = Esff cxﬂffﬂ.-’_";T (2a)

L a 1 " a -
Np = fx PesrA N (s)ds = SPer AT (L*—x%) (2b)

The governing equation of motion including thermal and rotational effect using Timoshenko beam theory can be obtained
as:

A% a fwr d dwl
PorsATE — o [kiCurrd (0~ 52)| = i (Wrorar 5) = a0 (32)
s (Bartte) ¢ s (o -22)] -
L o= — = (Eaff I )‘l‘ ko Goprd (m ax) =m(xt) (3b)

Where g [X, 1:] is transverse distributed load, . indicates rotary inertia per unit length and kﬁ. is shear correction factor.
The governing equations are converted to their weak form and discretized using standard Timoshenko beam finite
elements. Assembly yields the semi-discrete system without external load as:

Md+ (K+K:)d=0 )
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In which M, K and Kg are the mass and stiffness matrices. The global DOF vector is represented as d. The above
equation is solved to obtain the eigen value and eigen vector.

2.3 Neural Network Model

A feed-forward neural network maps an input vector x to an output ¥ through a series of weighted transformations. For a
single hidden layer network, the mathematical representation can be written as:
Vi = fi(Wyx +by) (5)
Yo = ,(Wox +b,) (6)
Where
W, W, are weight matrices, b, b; are bias vectors, f is the hidden layer activation function and f5 is the output
activation function. The training objective is to minimize the prediction error:

§ )

Mifyr 5 ||}F*prsd — Yiarger

3. Results and Discussions:
3.1 FE simulation results

Fig. 3 illustrated the variation of natural frequency of rotating beam with different temperature change and FG material
compositions. As the temperature rises from 50 °C to 300 °C, the stiffness of both SiC and Al reduces due to temperature-
dependent degradation of the elastic modulus, and the accompanying thermal expansion induces compressive thermal
stresses. These combined effects significantly lower the effective bending rigidity of the beam, resulting in a drop in
natural frequency. The results also shows that the rate of reduction is influenced by the FG material composition: beams
with lower power-law indices (ceramic-rich) maintain higher natural frequencies and exhibit better thermal stability
because SiC retains stiffness more effectively at elevated temperatures compared to aluminium. The nonlinear decrease at
higher thermal levels further emphasizes that FGMs behave differently under moderate and high heat environments.
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Figure 3. Variation of natural frequency of FG rotating beam for different temperature change and gradation index

Overall, the figure demonstrates that temperature is a dominant parameter in the dynamic behaviour of rotating FGM
beams, and using a ceramic-rich gradient helps preserve structural stiffness and vibration resistance under thermal loading.

Similarly, the effect of rotational speed of high compressor blade on vibration response of FG beam is shown in Fig. 4.
As the rotational speed increases (from 500 rad/s to 2000rad/s), the natural frequency rises due to the centrifugal stiffening
effect, which introduces additional axial tension along the beam length.
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Figure 4. Variation of natural frequency of FG rotating beam for different rotational speed and gradation index

This rotationally induced tensile force effectively increases the beam’s overall stiffness, thereby shifting the natural
frequency to higher values, especially at higher speed ranges. However, the extent of this increase depends significantly on
the FG power-law index. Beams with lower power-law indices (ceramic-rich near the surface) consistently exhibit higher
natural frequencies across all rotational speeds, as the ceramic phase (SiC) provides greater rigidity and better withstands
rotational stiffening. Conversely, metal-rich configurations (higher n,) show reduced stiffness and therefore lower
frequencies. The combined trend highlights that FGMs allow designers to tune dynamic performance by selecting
appropriate gradation profiles.

3.2 Neural Network Predictions

After generating the FE dataset, the neural network model was trained and validated to assess its ability to predict the
vibration response of thermally stressed rotating functionally graded beams. The evaluation was carried out using three key
analyses: error plot, regression plot, and comparative analysis with FE results.

The error plot as shown in Fig.5 illustrates the difference between the neural network predictions and the
corresponding FE results across all test samples. This plot helps identify the magnitude and distribution of prediction
errors, reflecting the learning efficiency of the network. A narrow error band with small deviations indicates that the neural
network accurately captures the nonlinear relationship among rotational speed, temperature gradient, material gradation,
and vibration response.

Best Validation Performance is 7.0495 at epoch 84
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Figure 5. MSE error plot
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The performance of the neural network was further examined using the regression plots obtained for the training,
validation, and testing datasets as represented in Fig 6.
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Figure 6 Performance of feed-forward neural network

These plots illustrate the relationship between the network outputs and the corresponding FE targets for each stage of
the learning process. A regression line close to the ideal 45° diagonal and correlation coefficients approaching unity (R #1)
indicate strong predictive capability. Additionally, the combined regression plot confirms that the network maintains
consistent accuracy across all data subsets, demonstrating effective learning, minimal overfitting, and reliable
generalization. The training, validation, and testing error curves also show smooth convergence, further verifying the
robustness and stability of the developed neural network model. To assess the accuracy of the developed neural network
model, its predictions are directly compared with the finite element results for selected combinations of temperature levels,
rotational speeds, and power-law indices. The comparative results presented in Table 1 indicate excellent agreement
between the two datasets. In most cases, the prediction error remains below 5%, confirming that the NN model successfully
captures the vibration behavior of the rotating FGM beam with high fidelity. This close correlation validates the robustness
and reliability of the proposed neural network framework for fast prediction, sensitivity studies, and parametric analysis,
significantly reducing the computational burden associated with repeated FE simulations.

Table 1. Comparison of natural frequencies with FE results and NN predictions

Input parameters Output parameters Error
n. T (°C) 11 (radss) NN Output FE output (%)
1.5 25 800 296.79 283.12 4.60
2.5 35 1500 400.16 391.95 2.05
0.5 105 1400 431.42 410.97 4.74
0.25 120 750 351.00 335.31 4.47
0.3 235 560 327.01 318.15 2.70
4 220 1750 438.44 425.38 2.97
4.6 230 1440 373.17 368.25 1.31
93
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4. Optimization Study

4.1 Optimization Formulation

From the parametric analysis, it is evident that the natural frequency, dynamic response, of the rotating structure are
significantly affected by variations in material and geometric parameters. Since these performance measures are often
conflicting in nature, a multi-objective optimization framework is required. In the present study, the objective is to
maximize the fundamental natural frequency (F; ) while minimizing the maximum dynamic response amplitude (Fs ).

To handle this multi-objective problem, a weighted sum approach is adopted, wherein multiple objectives are combined
into a single scalar objective function. Accordingly, the optimization problem is formulated as:

L o 1
Minimize F(X) = wy R + w, F, (X)
Subject to X (X, X nas ) (8)

where X = [n,, Q,T,L/b] is set of design variables, while W, and W, denote the weighting factors associated with the
natural frequency and dynamic responses. The term X,,.;,, and X, ... correspond to the lower and upper bounds imposed
on the design variables. Table 2 shows the three levels for each variable considered for further study.

Table 2. Design variables and levels

Symbol Design variables Level 1 Level 2 Level 3
A Grading index in length direction (ﬂzj 0 5 10

B Rotational speed (Q2) 0 1000 2000

C Temperature (T) 0 100 300

D Aspect ratio (L/b) 5 15 25

The sequence of four-factors and three-level design is shown in Table 3. The Lo orthogonal array is used to collect the
output data.
Table 3 The Lg orthogonal array data

Exp. n, Q T L f b Natural frequency Dynamic response (10-5) m

No.
1 1 1 1 1 305.28 1.296
2 1 2 2 2 338.65 1.307
3 1 3 3 3 423.89 1.333
4 2 1 2 3 207.68 3.023
5 2 2 3 1 251.98 3.025
6 2 3 1 2 365.03 2.965
7 3 1 3 2 183.77 3.796
8 3 2 1 3 242.78 3.538
9 3 3 2 1 353.33 3.621

In surrogate model framework, the optimized parameters can be obtained by implementing the searching ability of the
optimization algorithm using the trained neural network function evaluations. Artificial neural networks (ANNs) are widely
used to simulate complex problems. Multilayer Perceptron (MLP) is a famous feed-forward ANN architecture that connects
the inputs and outputs through hidden layers. All these neurons are connected by synoptic strengths called weights, which
take part in the network’s learning process . In typical single hidden layer structure, the hidden layer outputs are expressed
as a function of weighted sum of all inputs received at different nodes as:

H=f(WX, +b) )
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Here, f; is the hidden layer transfer function, ¥} is the weights in the input layer, X is the inputs of the input layer, and

by, is the bias vector in the hidden layer. Similarly, the actual outputs at the output-layer can be expressed as:
Y =f,(W,H, + b,) (10)
Here, f> is the output layer transfer function,W,is the weights in the output layer, and b, is the biases in the output

layer. The expression for H in terms of sigmoid function is written as:
1

H"-" - I:1+s:r'p':—H:':| (1D

By providing a set of inputs and corresponding outputs, the weights are adjusted after series of epochs by minimizing

the mean square output error using backpropagation learning rule. The representation of the neuron of the neural network
for the present study are shown in Fig. 7.

Xy — W,
For the neuroni:
X, —w, I
n
. 1] 3w
Xn _’wln ' J=1
Weights summation ' Activation

Figure 7. Artificial neuron

Higher performance and accuracy can be achieved when the error is as low as possible and the regression coefficient
value (Rz) becomes close to 1. The minimum number of hidden layer neurons is considered according to the rule h =
ym + 1, where m and n are number of input and output neurons respectively.

Weights and biases of all the layers of neurons are combined with transfer functions of MLP model to achieve an
equation pattern for optimization. All the 27 experimental results are used for training the model. The predicted mean-
square error values obtained for different number of hidden layer neurons is depicted in Table 4. It is seen that 8 neuron
configuration minimizes the error in better way for same 1000 epochs learning cycle and is considered further in function
evaluation process.

Table 4. Mean Square Error for different hidden layer nodes

S.No. Hidden Mean square error (MSE)
Neurons

1 2 0.0003073

2 4 0.000253

3 6 11.028 > 10°

4 8 1.6715% 107"

The regression map and performance curve are shown in Fig. 8 (a) and (b), respectively. It can be noticed that the
regression coefficient is found very close to one.

Training: R=0.99396 Best Validation Performance is 1.6715e-13 at epoch 1000
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Figure 8 (a). Regression map (b) Performance curve
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4.2 Particle Swarm Optimization Scheme (PSO algorithm)

Particle Swarm Optimization (PSO) is a population-based stochastic optimization technique inspired by the social
behavior of bird flocking and fish schooling. PSO is widely used for solving nonlinear, multi-modal, and multi-objective
optimization problems, especially in engineering applications like structural optimization, MEMS design, vibration control,
and machine learning.

In PSO, a group of candidate solutions called particles move through the search space to find the optimal solution. Each
particle adjusts its position based on:

e Its own experience (personal best)
e  The experience of neighbouring particles (global best)

This collective intelligence helps the swarm converge toward the optimal solution efficiently.

The mathematical expressions for this algorithm is described here. Each particle is characterized by:

Position vector: X; = [SCE-L Xiz, Xz, weeveeveeXig
Velocity vector: ¥7; = [E:J:-L Vig Vg, e vee e Vg, )
The velocity and position updates are given by:
vt =wovl +c.my. [pbesti — x:‘) +c,. 1. [gbesti —x:‘) (12)
xfF = xf 4+ pFFt (13)
Where:

e W =inertia weight

e 5 and C;= cognitive and social acceleration coefficients

e Ty and ™= random numbers in [0,1]

e pbest; =best position of particle iii

e ghest,e = global best position among all particles
The steps of the PSO algorithm can be written as:

1. Initialize a swarm of particles with random positions and velocities.

2. Evaluate the fitness function for each particle.

3. Update personal best (Pbest,) if current fitness is better.

4. Update global best (gbest;) among all particles.

5. Update velocity and position using the governing equations.

6. Repeat steps 2—5 until convergence or maximum iterations are reached.
4.3 Optimization Results
The PSO Algorithm successfully identified the optimal combination of design variables after 229 iterations. The optimum
values of the design parameters were obtained as 7z =0.03, Q =1999.99rpm, T =15.9°C, and L/b = 5. The convergence
plot is shown in Fig. 9.

Best: -459.592 Mean: -459.592
-200 T T T T T T T
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Figure 9. Convergence of Natural frequency
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At this optimal configuration, the natural frequency increased significantly to 459.52 Hz compared to the initial
maximum value of 423 Hz. This 10 % improvement demonstrates the effectiveness of the PSO-based optimization
approach in enhancing the dynamic performance of the structure by efficiently exploring the design space and identifying
the most favourable parameter combination.

Similarly, for the minimization of dynamic deflection, the PSO algorithm converged to the optimal solution after 51
iterations. The optimum design variables were obtained as Tz = 1.127, Q = 1941.75rpm, T = 26°C, and L/b = 5. The
obtained results indicate that the selected optimization algorithm efficiently searched the design space and rapidly
converged toward the minimum dynamic deflection configuration within a relatively smaller number of iterations as
shown in Fig 10. This demonstrates the capability of the optimization algorithm in improving the structural dynamic
response and achieving enhanced vibration suppression characteristics.

3.5
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P
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Figure 10. Convergence of dynamic deflection
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Finally, the multi-objective optimization was carried out using the multi-objective particle swarm optimization
algorithm (MOPSO) to simultaneously maximize the natural frequency and minimize the dynamic deflection of the
structure. Based on the obtained Pareto optimal solutions, the best 10 design combinations as listed in Table 5, are selected
considering the trade-off between higher natural frequency and lower deflection. These solutions represent the most
efficient configurations among all feasible designs generated during the optimization process.

Table 5. Best 10 non-dominating optimal solution

S.N. n, Q T L/b F, F,
1 1.922 1580.637 28.358 2.469 335.251 2.84E-06
2 2.138 1248.844 18.208 3.494 286.209 4.13E-05
3 1.881 622.83 12.72 2.544 242.569 2.02E-05
4 1.666 475.664 16.024 3.383 308.61 1.49E-05
5 2.407 679.115 25.936 2711 454.992 2.10E-05
6 3.323 1069.433 26.086 2.574 444.627 3.43E-05
7 1.999 100.001 28.165 3.747 421.76 7.84E-07
8 1.516 764.912 17.58 1.845 375.014 2.47E-05
9 0.191 1994.697 18.737 1.079 458.163 6.82E-05
10 0.736 686.511 17.695 2.675 457.022 2.20E-05

The Pareto front is plotted in Fig 11, to illustrate the relationship between the conflicting objective functions. The
generated Pareto curve clearly demonstrates that an improvement in natural frequency is generally accompanied by an
increase in dynamic deflection, indicating the inherent trade-off between stiffness enhancement and deformation control.
Therefore, the Pareto front provides a set of optimal compromise solutions from which the designer can select the most

suitable configuration according to practical engineering requirements and performance priorities.
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Figure 11. Pareto front for non-dominating solutions

5. Conclusion

A comprehensive numerical and computational framework was developed to evaluate the dynamic characteristics of the
rotating beam with improved accuracy and computational efficiency. The following conclusions are drawn:

The effective material properties of the functionally graded beam were evaluated using a power-law distribution
through the thickness direction. Temperature-dependent material properties were incorporated to realistically capture
the degradation in stiffness under elevated thermal conditions. The developed formulation successfully included the
combined influence of centrifugal stiffening due to rotation and thermal softening due to temperature rise.

The finite element-based numerical model was implemented to evaluate the free vibration characteristics of the
rotating beam. The obtained results demonstrated that the rotational speed significantly influences the structural
stiffness and natural frequency. It was observed that an increase in rotational speed enhances the natural frequency
because of the centrifugal stiffening effect generated during rotation.

In contrast, thermal loading reduces the effective stiffness of the beam, thereby decreasing the natural frequency
values. The study also revealed that the material grading index plays an important role in controlling the dynamic
behavior of the structure. A lower power-law index, corresponding to a higher ceramic content, considerably improved
the stiffness characteristics and enhanced the vibration resistance of the beam.

A detailed parametric investigation was carried out to study the effects of rotational speed, temperature rise, and
grading index on the vibration response. The results confirmed that the combined thermo-rotational environment has a
substantial impact on the dynamic stability and structural performance of rotating blades.

Therefore, proper selection of material composition and geometric parameters is essential for achieving improved
vibration characteristics in high-speed rotating applications such as turbine blades, compressor blades, aerospace
structures, and micro-scale rotating systems.

To reduce computational effort and improve prediction efficiency, an Artificial Neural Network (ANN)-based
surrogate prediction model was developed using FE-generated datasets. The neural network model was successfully
trained and validated for predicting the natural frequency of the rotating beam.

Regression analysis, comparison plots, and error evaluation confirmed that the ANN model can accurately reproduce
the FE results with high prediction capability and minimal computational time. The developed surrogate model can
therefore serve as an efficient alternative for rapid dynamic response estimation and design optimization studies.
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e  Further, Particle swarm optimization algorithm (PSO)-based optimization was performed to identify the optimal design
parameters for improving the dynamic performance of the rotating structure. The optimization results showed a
significant enhancement in the natural frequency compared to the initial design configuration. The PSO efficiently
converged toward the optimal solution by exploring the design space and selecting the most favourable parameter
combinations.

e Subsequently, multi-objective optimization using the Multi-objective particle swarm optimization algorithm
(MOPSOA) was carried out to simultaneously maximize the natural frequency and minimize the dynamic deflection.
The Pareto optimal solutions obtained from the optimization process clearly demonstrated the trade-off relationship
between stiffness enhancement and deformation control. From the Pareto front, the best ten optimal design
combinations were selected to provide suitable compromise solutions for practical engineering applications. The
developed optimization framework therefore offers an effective methodology for the design and performance
enhancement of rotating functionally graded blade structures operating under thermo-mechanical environments.
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