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Local Damage Detection in Steel Beams Using the ELM Algo-
rithmand ComparisonwiththeHybrid ELM-PSO Approach
Hosein Hoseinzadeh Karimi, MojtabaHanteh

1. M.Sc-Islamic Azad University, Kohgiluyeh and Boyer-Ahmad, Iran 2. Ph.D-Semnan University, Semnan, Iran

Abstract

With the growing use of steel beams in civil infrastructure, early detection of localized damage is essential to ensure structural safety and longevity. In
recent years, intelligent data-driven methods have increasingly replaced traditional non-destructive testing techniques due to their superior speed and
accuracy. This study presents a fast, simple, and efficient approach for damage identification in steel beams using the Extreme Learning Machine (ELM)
algorithm and its optimized version based on Particle Swarm Optimization (PSO). A total of 200 data samples-comprising displacement amplitude,
crack depth, and natural frequency ratio-were generated and balanced using the oversampling technique. To enhance prediction accuracy, new composite
features were extracted from the primary variables. The results indicate that the baseline ELM model with 100 hidden neurons achieved an accuracy of
40%, whereas the PSO-optimized variant, with only 10 neurons, improved the accuracy to 61.7%. After class balancing, a slight decrease in accuracy was
observed, attributed to the increased variability within the minority (damaged) class. Additionally, the use of a multilayer perceptron (MLP) and ensemble
modeling through majority voting further improved the accuracy to 55%. These findings highlight the effectiveness of parameter optimization and model
fusion in improving the performance of structural damage detection systems.

Keyword: Extreme Learning Machine, Particle Swarm Optimization, Damage Detection, Steel Beam, Neural Network.
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Figure 2. Flowchart of the research methodology.
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Figure 1. Schematic illustration of localized damage identification and
damage severity in a steel beam (designed for this study).
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Table 2. Statistical Characteristics of Input Data

Variable Min Max Mean Std. Dev.
Displacement range (mm)  0.127 4936 2472 1.445
Crack depth (mm) 0.015 2972 1513 0.879
Natural frequency ratio 0.804 1.200 1.008 0.123
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Table 3. ELM Specifications
Parameter Value Description oz 1 S0 5 (89939 (S 529 A Jold 4 y0 5 coliiul digai Vo ol agly ol 5
=TT N e
Method for calculating output weights  Pseudoinverse  Moore—Penrose sl 00 "‘3)3] ™ J}‘-‘?
{(PSO) &5 bl w53 Y Y Y B ko Sl | Jgar
' _ B ) o Table 1. Variable Classification
A 00 43 0 440 PSO p.’;.i)s.iﬂ )‘l ‘(Nh)u,_w <5L‘2’Q9)9" peovy Sla_s5 u.._el., 6')—.’ Variable Type Description
sl 00 03 53] (F) Jga ,oPSO  (slo yal )by Displacement range Input  Peak displacement range (mm)
Crack depth Input Depth of crack (mm)
ELM (5 jludin2 S5 PSO S yolyb.F Jguir e
Natural frequency ratio Input Ratio ———
Table 4. PSO Parameters for ELM Optimization undamaged
Parameter Value Description Label Output  Undamaged =0, Damaged=1
Number of particles 10 Particle swarm size
Number of iterations 10 Maximum generations
Initial inertia weight 0.5 Wy
Inertia damping 0.9 Inertia weight decay per iteration
Cognitive acceleration 15 c1
Social acceleration 15 ca
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Table 5. MLP Specifications

Hyperparameter Value Description
Hidden lavers 2 Number of hidden layers
Neurons per hidden layer 30 Neurons per layer
Activation function RelLU max(0, z) = g(z)
Solver lbfgs Optimizer
Regularization rate (o) 0.001 To prevent overfitting
MLP Olasie .0 i

Table 5. MLP Specifications
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Table 6. Specifications of the Ensemble Method
Feature Description
Base models ELM+PSO . MLP
Combination method Majority voting

Weighting scheme Equal weighting {one vote per model)
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Figure 3. Convergence trend graph
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Table 7. Model performance based on R, RMSE, and MAPE

Model R RMSE MAPE (%)
ELM (Base) ELM+PSD ELM+PSO  MLP (50x2) Ensemble
(Balanced) ELM(lﬂﬂNeurons) 032 1.25 284
ELM+PSO 0.38 0.87 18.2
(ClassificationAccuracy) B _Jowo 38 dwslio 410903.7 & ELM+PSO (Balanced)  0.45 1.02 227
, Y J NG MLP(2x50) 040 110 249
Figure 6. Comparison of model classification accuracy Ensemble (ELM+MLP)  0.52 0.95 205
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