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Modeling the Damage Index in a Slider-Crank Mechanism with Clearance Joints
Using Optimized Multilayer Perceptron Neural Networks
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ABSTRACT: Mechanisms typically have clearance in their joints due to manufacturing and assembly
requirements, and this clearance tends to increase during operation. If the clearance exceeds the allowable
limit, it can lead to decreased accuracy, increased vibration and noise, and reduced system efficiency.
Therefore, timely identification of the growth of clearance in the joints is essential for preventing
destructive effects and increased maintenance costs. In recent years, health-monitoring methods have
gained considerable attention owing to their effectiveness and cost efficiency. In this study, the time
history of the slider-link acceleration produced by a slider-crank mechanism with radial clearance in its
revolute joints is investigated. To identify defects, a novel index based on nonlinear monitoring methods,
including vibro-acoustic modulation and higher-harmonic generation, is presented; this index can predict
the presence or absence of clearance in the mechanism. Using the collected data, a multilayer perceptron
neural network is then trained to address the problem and to predict the index value. In addition, the
structure of the neural network is optimized using the particle swarm optimization algorithm. The results
show that the optimized network can accurately predict the desired index from the input values.
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1- Introduction

Most kinematic and dynamic analyses of mechanisms
idealize joints as clearance-free. In practice, however,
manufacturing tolerances and assembly requirements leave
clearance in every joint, introducing uncontrolled degrees of
freedom that degrade kinematic accuracy, generate impulsive
contact forces, increase vibration, and shorten service life.
This study addresses clearance identification in a planar
slider-crank mechanism to mitigate these effects. Prior work
has focused mainly on modeling the effect of clearance on
kinematic and dynamic behavior, using contact-force and
friction models, with less attention to detection. Nonlinear
structural health monitoring techniques—particularly vibro-
acoustic modulation (VAM) and higher-harmonic generation
(HHG)—are more sensitive to incipient damage than linear
methods, while neural networks have proven effective for
automating damage classification from vibration and image
data. The novelty here is twofold: a new damage index
combining VAM and HHG is proposed for a slider-crank
mechanism with two clearance joints, and an MLP neural
network optimized via particle swarm optimization across
one to five hidden layers is trained to predict this index
accurately.

*Corresponding author’s email: varedi@shahroodut.ac.ir

2- Methodology
2- 1- Mechanism model and damage index

The planar slider-crank mechanism considered here
consists of a crank, a coupler, and a slider, connected by two
revolute joints (A and B) that may contain radial clearance.
The links are assumed rigid, and each clearance joint adds
two generalized coordinates to the system. The governing
equations of motion are derived using the Lagrangian
formulation for the crank, coupler, and slider, together with
a continuous contact-force model that represents the contact/
impact forces within the clearance joints. For a given clearance
size, excitation frequency, and crank speed, the resulting
time history of the slider acceleration is transformed into the
frequency domain, and the damage index (DI) is computed
as the ratio of the mean sideband amplitude (from VAM and
HHGQG) to the probe-frequency amplitude and analog gain:

1
DI:E/;SBA(fc) e)

c

where A(fc) denotes the sideband amplitudes at the
relevant frequencies, ® is the probe (carrier) amplitude, G is
the analog gain, and F, is the set of sideband frequencies
considered.
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2- 2- Data generation

Training data were generated by finite-element (FE)
simulation in COMSOL Multiphysics, modeling the
mechanism in the healthy state and with one or two clearance
joints (mesh size 6860 eclements, simulation time 1.2 s).
Four input parameters were varied factorially: presence of
clearance (one or two joints), clearance size (100, 200, 400,
600, 800 and 1000 um), excitation frequency (233 and 533
Hz) and input angular speed (400-5000 rpm). Fast Fourier
transform of the resulting slider acceleration was used to
evaluate the damage index for every combination, yielding a
dataset of 144 samples with four inputs and one output (DI).
The FE results were verified against the analytical solution
of the governing equations, showing close agreement in the
location and magnitude of the VAM-related spectral peaks.

2- 3- Neural network design and optimization

AnMLPnetwork was used to map the four input parameters
to the damage index. Because the number of hidden layers,
the number of neurons per hidden layer, the transfer function
of each layer, and the training algorithm all affect accuracy,
these were treated as design variables of an optimization
problem solved with particle swarm optimization (PSO).
The number of neurons per hidden layer was allowed to vary
between 1 and 30, three transfer functions were considered
(log-sigmoid, tan-sigmoid and Elliot-sigmoid), and eleven
training algorithms were included (e.g., Levenberg—
Marquardt, resilient backpropagation, BFGS quasi-Newton
and conjugate-gradient variants). Separate optimization
problems were solved for networks with one to five hidden
layers, with a swarm size equal to twice the number of design
variables and a maximum of 100 iterations. The dataset was
split randomly into 70% training, 15% validation and 15%
test subsets, and early stopping on the validation error was
used together with this three-way split to prevent overfitting.
The cost function to be minimized was the mean-squared
error (MSE) of the network output; the correlation coefficient
(R) was used as a complementary performance measure:

I
MSE:ZZ(Y{,—YP)Z )

A3)

where n is the number of training samples, and y , y and
— . P>
y, are the actual, predicted outputs and the mean value of ¥,
, respectively.

3- Results and Discussion

The PSO algorithm was run independently for MLP
structures with one to five hidden layers, and the optimal
design variables obtained for each case are summarized in
Table 1 and compared in Figure 1. Increasing the number of
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Table 1. Optimal design variables and performance of

the MLP networks.
Net. Ni FCN MSE R
1HL 9 trainlm 49.674 0.9703
2HL 26,9 trainrp 47.199 0.9714
3HL 26,27,7 trainlm 27.815 0.9840
4HL 25,24,22,5 trainbfg 36.860 0.9776
SHL 25,17,5,19,21 trainlm 46.251 0.9729

hidden layers from one to three steadily reduces the MSE and
increases R, but adding a fourth or fifth hidden layer degrades
performance again, indicating over-parameterization relative
to the size of the dataset.

The best overall performance was obtained with three
hidden layers containing 26, 27 and 7 neurons, using tan-
sigmoid, Elliot-sigmoid and log-sigmoid transfer functions,
respectively, and trained with the Levenberg—Marquardt
algorithm (MSE = 27.8145, R = 0.9840). Training of this
optimal network stopped at epoch 13 through early stopping,
before the validation error began to increase, confirming that
overfitting was avoided. The mean absolute error (MAE) of
the optimal network was 2.62, which — being noticeably
smaller than the square root of the MSE — indicates that
a limited number of samples carry a comparatively large
error while the majority of samples are predicted with very
small error. Overall, the correlation-coefficient plots for the
training, validation, test and total datasets confirm that the
optimized three-hidden-layer MLP reproduces the damage
index accurately over the whole range of clearance sizes,
excitation frequencies and input speeds considered.

4- Conclusion

A damage index combining vibro-acoustic modulation and
higher-harmonic generation was formulated and evaluated for
a planar slider-crank mechanism with radial clearance in one
or two revolute joints, using slider-acceleration data obtained
from finite-element simulation over 144 combinations of
clearance size, excitation frequency and input speed. An MLP
neural network was trained to map these four input parameters
onto the damage index, and its architecture number of hidden
layers, number of neurons, transfer functions and training
algorithm was optimized using particle swarm optimization.
Among networks with one to five hidden layers, the three-
hidden-layer architecture (26-27-7 neurons, tan-sigmoid/
Elliot-sigmoid/log-sigmoid, trained with Levenberg—
Marquardt) achieved the best accuracy (MSE = 27.8145,
R = 0.9840). In contrast, additional layers increased error
due to over-parameterization. These results confirm that an
optimized MLP can reliably predict the proposed damage
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Fig. 1. a)MSE and b) correlation coefficient (R) of the
optimal networks versus the number of hidden layers.

index from readily measurable operating parameters, offering
a practical, data-driven tool for the early detection of joint
clearance in slider-crank mechanisms.
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6. Vibro-Acoustic Modulation(VAM)

7. Fourier Spectral Element Method(FSEM)

8. Piezoelectric transducer (PZT)

9. baseline-free

10. Finite element method (FEM)

11. correlated degree of cyclostationarity (CDCS)
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1. one-dimensional feature pyramid networkl) D-FPN)
2. Dempster-Shafer evidence theory (DSE)

3. Convolutional neural network (CNN)

4. Full Convolutional Neural Network (FCN)

5. Segmentation

6. Artificial Neural Networks (ANN)

7. Multilayer perceptron (MLP)

8. Particle Swarm Optimization(PSO)
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Table 1. Geometric and inertial properties of the slider-crank mechanism.
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Fig. 1. Slider-crank mechanism with two clearance revolute joints.
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Fig. 2. Vibro-acoustic modulation technique: (a) high-frequency (fl) and low-frequency (fo) signals
applied to the specimen, (b) defective test specimen, (c) output signals, (d) initial power spectrum in the
frequency domain, and (e) output power spectrum [33].
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1. Ultrasonic test (UT)

2. Eddy current test(ET)

3. Modulation index (MI)

4. Higher Harmonic Generation (HHG)
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Fig. 3. Higher-order harmonic generation in a linear
(healthy) system
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5. discretization
6. transient analysis
7. COMSOL Multiphysics
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1. Damage Index(DI)

2. sideband amplitudes

3. analog gain

4. set of sideband frequencies
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Table 3. Input parameters of the problem and their variation levels for data generation.
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Fig. 4. COMSOL simulation environment.
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Fig. 5. Fast Fourier transform of the slider acceleration obtained from (a) the analytical method and (b) the finite-
element method.
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Fig. 7. General structure of the problem under study.
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Table 4. List of design variables in each optimization problem
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Table 5. Types of transfer functions used in the optimization process.
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Table 6. Types of training algorithms used in the optimization process.
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Levenberg-Marquardt 'trainlm’
Gradient Descent 'traingd'
Gradient Descent with Momentum "traingdm’
Scaled Conjugate Gradient "trainscg’
One Step Secant 'trainoss’
Variable Learning Rate Backpropagation "traingdx’
BFGS Quasi-Newton 'trainbfg’
Resilient Backpropagation "trainrp’
Conjugate Gradient with Powell/Beale Restarts "traincgb’
Fletcher-Powell Conjugate Gradient "traincgf’
Polak-Ribiére Conjugate Gradient 'traincgp’
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Fig. 8. Convergence curve of the PSO algorithm for optimizing the MLP network structure.
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Table 7. Optimal values of the design variables in different cases.
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Fig. 9. Comparison of the optimal networks in different cases: (a) MSE error, (b) correlation coefficient R.
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Best Validation Performance is 52.0002 at epoch 13
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Fig. 11. Convergence plot of the training process of the optimal network.
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Fig. 12. Correlation coefficient (R) plots during training of the optimal network: (a) training data, (b) valida-
tion data, (c) test data, (d) all data.
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