. mathematics WVI\D\Py

Article

Prediction of Mechanical Properties of Bolted Connections in
CFST Column-Steel Beam Assemblies Based on Improved
Particle Swarm Optimization and Deep Neural Networks

Yurong Yao and Liang Zhang *

W) Check for updates

Academic Editor: David Greiner

Received: 2 June 2026

Revised: 28 June 2026

Accepted: 13 July 2026

Published: 3 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Gold Mantis School of Architecture, Soochow University, Suzhou 215000, China; 18652698225@163.com
* Correspondence: 1zhang@suda.edu.cn

Abstract

Predicting the mechanical properties of bolted connection nodes in prefabricated Concrete-
Filled Steel Tube (CFST) column-steel beam assemblies remains challenging due to complex
nonlinear relationships, high degrees of parameter coupling, and limited generalization
capabilities of traditional empirical formulas. This study proposes a data-driven predic-
tion model integrating an Improved Particle Swarm Optimization (IPSO) algorithm with
a Deep Neural Network (DNN). Drawing upon 196 sets of experimental data on CFST
column-steel beam nodes with Extended Hollo-Bolt (EHB) connections from the published
literature, the model employs bolt diameter, steel tube wall thickness, concrete compressive
strength, beam—column cross-sectional parameters, and connection configuration parame-
ters as input variables, while designating ultimate moment capacity, initial stiffness, and
joint ductility coefficient as prediction targets. A multi-layer DNN is constructed to capture
the highly nonlinear mapping between structural parameters and mechanical responses.
The IPSO algorithm, enhanced with adaptive inertia weight and Lévy flight perturbation,
performs global optimization of the network weights and hyperparameters to improve
convergence speed and prediction stability. Five-fold cross-validation is embedded within
the IPSO fitness evaluation loop to guide hyperparameter selection, while dropout reg-
ularization and early stopping are applied during final training to mitigate overfitting;
prediction performance is ultimately verified on an independent hold-out test set. Exper-
imental results demonstrate that the proposed IPSO-DNN model outperforms a tuned
shallow neural network (SNN), Support Vector Regression (SVR), and Random Forest (RF)
models across the coefficient of determination (R?), root mean square error (RMSE), and
mean absolute error (MAE), effectively capturing the nonlinear mechanical characteristics
of CFST nodes under complex loading conditions.

Keywords: CFST column-steel beam connection; deep neural network; improved particle
swarm optimization; mechanical-property prediction; Extended Hollo-Bolt; data-driven model

MSC: 13P25; 49N30; 37N40

1. Introduction

Prefabricated steel structures rely on reliable beam—column joints because much
of the fabrication and quality control is transferred from the construction site to the
factory [1,2]. Concrete-Filled Steel Tube (CFST) columns connected to steel beams through
bolted joints are widely used in multi-story and high-rise buildings [3-5]. The steel tube
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confines the concrete core, while the concrete delays local buckling of the tube wall. This
composite action can provide high bearing capacity and good ductility, but these advan-
tages depend on whether the joint region can transfer moment, shear, and axial effects
under static and seismic loading [6-8].

Extended Hollo-Bolt (EHB) connections provide a practical blind-bolting solution
for closed tubular columns because installation does not require access to the inside of
the tube [9-13]. This feature is useful for prefabricated construction, where fast on-site
assembly and inspectable connection details are important. In an EHB end-plate joint,
bolt expansion, tube-face bending, end-plate bearing, and beam flange deformation occur
together. The moment-rotation response is therefore controlled by interacting geometric
and material variables, including bolt diameter, bolt grade, tube wall thickness, end-plate
dimensions, concrete strength, and beam geometry.

Although EHB and anchored blind-bolt joints have been tested under monotonic and
cyclic loading [14-22], their mechanical-property prediction still relies largely on semi-
empirical formulas and component-based models. The Eurocode 3 component method [23]
decomposes the joint into springs representing individual deformable components, such as the
column face in bending, bolts in tension, and the end plate in bending [24], and assembles their
stiffnesses to estimate joint resistance and initial rotational stiffness. For blind-bolted CFST
joints, researchers have proposed dedicated component springs for tube-face deformation
and blind-bolt anchorage. Tizani et al. [10] calibrated an equivalent tube-face spring stiffness
for the modified Hollo-Bolt and demonstrated that the component model prediction agrees
well with test results when the tube-face deformation component is correctly characterized.
Pitrakkos and Tizani [9] further proposed a force-deformation model for the anchored blind
bolt in tension, providing a mechanistic basis for its inclusion in the component method.
Wang et al. [14] extended the component approach to flush end-plate joints connected to CFST
columns and reported prediction-to-test scatter for joint moment resistance. Ataei et al. [2]
developed a computational moment-rotation model for composite flush end-plate joints,
calibrated against deconstructable beam-to-column test results. Oktavianus et al. [25] pro-
posed a pull-out component model for headed anchored blind bolts in circular CFST columns,
combining cone-breakout and bearing resistance formulations. Li et al. [26] reviewed the
component-based and empirical approaches available for blind-bolted connections and iden-
tified that tube-face deformation is the dominant source of uncertainty across different bolt
types and column configurations. These methods are convenient for design interpretation,
but they usually simplify the coupled effects among local tube deformation, bolt force transfer,
end-plate bending, and material strength. As a result, they may lose accuracy when several
response quantities, such as ultimate capacity, initial stiffness, and ductility, are predicted at
the same time [25,27].

Machine learning (ML) and deep learning (DL) methods offer an alternative route for
connection-property prediction. Previous studies have used Artificial Neural Networks
(ANNs) for steel connection moment-rotation response [28], Support Vector Machines
(SVMs) for reinforced concrete shear capacity [29,30], and ensemble or probabilistic models
for CFST and RCFST member capacity [31-35]. Recent ML-based structural resistance
studies have also shown that data-driven models can outperform conventional analytical
equations when the target response is governed by interacting geometric and material
variables, such as web-post buckling resistance in high-strength steel beams with elliptically
based web openings [36]. For blind-bolted CFST joints, however, shallow models may
approximate the average trend but miss localized effects such as tube-face yielding, prying
action, and bolt anchorage deformation. Deep Neural Networks (DNNs) can represent
such nonlinear interactions [37,38], but their training is sensitive to initial weights and local
optima when the experimental database is limited [39].
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Particle Swarm Optimization (PSO) has been used to improve neural network train-
ing in engineering applications [40-43]. By searching the weight and hyperparameter
space before final training, PSO can reduce the dependence of a DNN on random initial-
ization. Standard PSO, however, can converge prematurely in high-dimensional search
spaces [44]. This study therefore introduces an Improved PSO (IPSO) strategy that combines
adaptive inertia weight with Lévy flight perturbation. The adaptive weight adjusts the
exploration—exploitation balance according to iteration progress and population diversity,
while the perturbation mechanism helps stagnant particles leave local search regions.

Despite the experimental and component-based efforts reviewed above, a unified,
mechanically interpretable prediction framework capable of simultaneously estimating
strength, stiffness, and ductility for EHB-connected CFST column-steel beam joints is not
yet available in the literature. Previous studies have clarified important local mechanisms,
such as tube-face deformation, prying action, and blind-bolt anchorage, but most avail-
able design-oriented models still treat these mechanisms through simplified component
assumptions or focus on a single response quantity. Existing ML applications in structural
engineering also seldom target EHB-connected CFST joints with a database organized
around both global member dimensions and local connection parameters.

Accordingly, the main contributions are as follows. A database of 196 EHB-connected
CFST column-steel beam specimens is compiled from published tests, and 11 mechanically
meaningful input variables are used to predict ultimate moment capacity, initial stiffness,
and ductility coefficient. An IPSO-DNN model is developed to optimize initial weights
and selected hyperparameters before final DNN training, which is intended to reduce the
sensitivity of deep learning to random initialization under a limited experimental database.
The model is compared with a tuned shallow neural network (SNN), SVR, Random Forest,
and code-oriented design references under consistent evaluation conditions, and the results
are interpreted through visualization, residual analysis, partial dependence analysis, and
feature-importance analysis.

2. Methodology
2.1. Data Collection and Preprocessing

The experimental database employed in this study comprises 196 specimens of CFST
column-—steel beam connections with EHB or anchored blind-bolted joints, collected from
published experimental studies on flush end-plate joints, extended end-plate joints, T-stub
components, and strengthened blind-bolted CFST connections [1,6,7,9,10,14,15,17,45-48].
Only specimens with clearly reported geometric dimensions, material strengths, connection
details, and mechanical response curves or tabulated response values were retained. When
the same test program reported repeated specimens, the repeated data were checked
for consistency before inclusion so that the model would not be biased by duplicated or
incomplete records. The input parameters encompass geometric dimensions, material
properties, and connection configurations, as summarized in Table 1.

The selected variables were chosen to represent both the global member scale and the
local connection scale. Bolt diameter, bolt grade, bolt-row number, and bolt gauge describe
the principal fastener characteristics and the distribution of tensile forces in the connection.
Tube wall thickness, column width, and concrete compressive strength describe the stiffness
and strength of the CFST column face, which is the region most directly affected by blind-
bolt anchorage. Beam depth, beam flange thickness, end-plate thickness, and end-plate
width represent the load path from the steel beam to the bolted joint. This organization
avoids the use of purely statistical descriptors without mechanical meaning and helps the
trained model preserve interpretability.
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Table 1. Summary of input and output parameters for the IPSO-DNN model, including descriptive
statistics computed from the 196-specimen database.

Category Parameter Symbol Range Mean SD Unit
Bolt diameter dy 1624 19.8 2.1 mm
Bolt parameters Bolt grade Gy 8.8-10.9 9.2 0.7 -
p Number of bolt rows ny 2-4 2.8 0.6 -
Bolt gauge Qb 90-140 108 13 mm
Steel tube wall thickness te 5-12.5 8.5 1.9 mm
Column parameters ~Column width B, 150-400 248 65 mm
Concrete compressive strength  fey, 30-60 41 8 MPa
Beam depth hy 200-500 320 78 mm
Beam parameters Beam flange thickness trp 8-20 13.2 31 mm
P End-plate thickness ty 10-25 16.8 4.0 mm
End-plate width by 150-300 215 38 mm
Ultimate moment capacity M, 45-680 285 142 kN-m
Output targets Initial stiffness Sjini 5200-89,000 38,500 18,200 kN-m/rad
Ductility coefficient U 1.8-6.5 3.7 1.1 -

The number of data records obtained from each reference source is summarized in
Table 2. The distribution is not uniform because the original studies differ in test scope,
reporting completeness, and whether the response quantities required for the present
three-output model were available. The complete processed data file also retains the source
identifier for every specimen so that the per-source composition can be inspected directly.

Table 2. Distribution of experimental data collected from published references.

. Number of
Reference Source Connection or Test Type Records
Wang et al. (2009) [14] Flush end-plate joints to CFST columns 18
Wang et al. (2013) [7] Extended end-plate joints under seismic loading 24
Pitrakkos and Tizani (2013) [9] Anchored blind-bolt tensile tests 16
Tizani et al. (2013) [10,15] Rotational and hysteretic blind-bolted connections 27
Tao et al. (2017) [6] Blind-bolted connections to concrete-filled stainless steel columns 19
Ataei et al. (2015) [1] Composite flush end-plate joints 21
Agheshlui et al. (2016) [45,46] Single and grouped anchored blind bolts in CFST columns 23
Wang et al. (2020) [47,48] Anchored and strengthened blind-bolted joints 20
Cabrera et al. (2024) [17] Open EHB tensile experimental dataset 28
Total All source groups 196

To improve database transparency and reproducibility, the processed dataset used
for modeling contains the specimen identifier, literature source, all 11 input variables,
and the three output responses for each record. The extraction procedure followed four
steps: first, specimen geometry and material properties were copied from tables where
available; second, missing geometric definitions were checked against published drawings;
third, moment-rotation curves were digitized only when tabulated M,, S j,inis OF J values
were not directly reported; and fourth, all extracted records were cross-checked against
the parameter ranges in Table 1. Data fields, source distribution, and extraction and
preprocessing rules are provided in Supplementary Tables S1-S3. The processed database,
source identifiers, data-extraction notes, and reproducible scripts are publicly available in
the GitHub repository listed in the Data Availability Statement.
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The proposed IPSO-DNN model should be regarded as valid only within the pa-
rameter ranges listed in Table 1. These ranges define the interpolation domain of the
trained model; predictions outside them may involve different failure modes or parameter
interactions that were not represented in the training data.

Prior to model training, all input features are normalized using min-max scaling to
the interval [0, 1]:

x* = Xi = Ximin (1)

Ximax — Xi,min

where x; denotes the original value of the i-th feature, and x; iy and x; nax are the cor-
responding minimum and maximum values in the dataset. Min—max scaling was used
because the variables differ substantially in magnitude, from dimensionless ductility val-
ues to stiffness values of tens of thousands of kN-m/rad. The dataset was partitioned
into training (70%), validation (15%), and testing (15%) subsets using stratified random
sampling based on discretized response intervals. This procedure helps each subset retain
low-, medium-, and high-capacity specimens. Before splitting, the database was checked
for missing values, repeated specimens, unit inconsistency, and curve-extracted responses.
No record with missing input variables was retained. Repeated specimens from the same
test program were kept only when they represented separate physical tests; otherwise,
duplicate entries were removed. All length variables were converted to mm, concrete
strength to MPa, moment to kN-m, and stiffness to kN-m/rad. For curve-extracted data,
the digitized value was compared with any reported peak load or stiffness estimate in the
original paper when such information was available.

Figure 1 presents frequency histograms for all 11 input variables and the three output
targets. The bolt diameter (d;) and number of bolt rows (1,) are discrete and concentrate
at a limited number of values, whereas most continuous variables, including tube wall
thickness, column width, beam depth, and concrete strength, display approximately uni-
modal distributions spanning the full ranges reported in Table 1. The output distributions
are more skewed: ultimate moment capacity (M,) shows a right-skewed distribution with
a cluster of lower-capacity specimens and a tail extending toward high-capacity config-
urations; initial stiffness (S; ;) exhibits a similar pattern, reflecting the concentration of
standard joint sizes in the database; and the ductility coefficient () is more symmetric but
bounded by its physical definition. These distributional characteristics confirm that the
collected database provides coverage across the parameter space rather than concentrating
in a narrow region.

Figure 2 presents the Pearson correlation coefficient matrix between all input and
output variables. Several moderate positive correlations are present among the geomet-
ric variables, particularly between beam depth (/) and bolt gauge (g;) (r = 0.68), and
between column width (B.) and end-plate width (b,) (r = 0.43), which reflects the fact
that larger column cross-sections are typically paired with wider end plates in practical
joint designs. Tube wall thickness (¢;) shows the strongest positive correlations with both
initial stiffness (S; iy;, ¥ = 0.60) and ultimate moment capacity (M,, r = 0.49), consistent
with the mechanical role of the column face in controlling connection response. End-plate
thickness (t,) and bolt diameter (d}) are also positively correlated with M;, (r = 0.47 and
r = 0.48, respectively). Among all input variable pairs, the highest correlation is r = 0.68
between hj, and g, which remains below the commonly adopted collinearity threshold
of 0.70, confirming that severe multicollinearity is absent and that the 11 variables can be
retained as independent predictors. The ductility coefficient (1) shows weaker correlations
with all inputs (absolute values mostly below 0.35), indicating that deformation capacity is
governed by nonlinear interactions rather than individual parameters, which motivates the
use of a deep nonlinear model.
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Figure 1. Frequency histograms of all 11 input variables and three output targets in the 196-specimen
database. Discrete variables (d, 1, Gp) are shown as bar charts; continuous variables are displayed
as histograms with 10 bins.
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Figure 2. Pearson correlation coefficient heat map between all 11 input variables and three output
targets. Colour scale ranges from —1 (strong negative correlation, dark blue) to 41 (strong positive
correlation, dark red). Values printed in each cell are rounded to two decimal places. The dashed
horizontal and vertical lines separate the input-variable block from the output-variable block.
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To reduce the risk of data leakage from similar specimens in the same experimental
program, an additional source-wise evaluation was performed. In this evaluation, all
records from one literature source were held out as an external test group, while the remain-
ing sources were used for training and validation. This leave-one-source-out procedure
is stricter than a random split because specimens from the same experimental campaign
cannot appear simultaneously in the training and test sets.

2.2. Feature Engineering and Response Definition

Figure 3 provides a schematic of the bolted CFST column-steel beam assembly consid-
ered in this study, identifying all 11 input parameters used in the model. The connection
consists of a square or rectangular CFST column, a steel I-beam framing into the column
via an extended end plate, and EHB blind bolts that pass through the end plate and ex-
pand inside the steel tube wall to engage the concrete core. The bolt gauge g, denotes the
horizontal distance between bolt centres at each row, 7, is the number of bolt rows along
the beam depth, and dj, is the nominal bolt shank diameter. The tube wall thickness t. and
outer column width B, define the geometry of the CFST column face in the connection
region. Beam depth h;, and beam flange thickness t ¢, characterize the steel beam cross-
section, while end-plate thickness ¢, and end-plate width b, define the connection plate
welded to the beam end. Concrete compressive strength f., and bolt grade G, complete
the material-property inputs.

te
x

Scientific question

Connection variables
geometry, material, bolts

!

IPSO-DNN surrogate
prediction model

t
= !
b 0 s @ ho Performance targets
My, S, ini» M
>

. 9b l

Optimized EHB design
strength, stiffness, ductility

EHB
anchor

t

he}

fCU

Bc

Figure 3. Schematic of the bolted CFST column-steel beam assembly with Extended Hollo-Bolt (EHB)
connections, illustrating all 11 input parameters used in the present model: bolt diameter d,, bolt
grade Gy, number of bolt rows n,, bolt gauge g;, tube wall thickness ¢., column width B, concrete
compressive strength fc,, beam depth /1, beam flange thickness t;, end-plate thickness f,, and
end-plate width by,. Grey denotes structural steel, beige denotes the concrete core, blue-grey denotes
the end plate and EHB components, orange marks the beam-to-plate welds, and double-headed lines
denote dimensions. Arrows in the right-hand panel indicate the sequence from input variables to
model predictions and design targets.
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The raw experimental information was screened before modeling. Because different
studies report end-plate dimensions, bolt spacing, and tube cross-section width using
different conventions, all geometric variables—specifically dy, g3, tc, Be, Iy, t fbr tp, and
by—were converted to millimetres following the definitions illustrated in Figure 3 and
checked against specimen drawings or test-setup photographs where available [16,26]. Mea-
sured material strengths were preferred over nominal values. For concrete strength, cube
compressive strength was retained when reported directly; otherwise, cylinder strength
was converted according to the convention used in the corresponding reference.

The three output quantities were selected because they describe different stages of
connection behavior. The ultimate moment capacity M, corresponds to the peak moment
obtained from the moment-rotation curve or from the maximum load converted through
the beam lever arm. It reflects the resistance of the joint after local yielding, bolt tension,
and plate deformation have developed. The initial stiffness S; ;,; was taken as the slope of
the early linear portion of the moment-rotation curve:

AM
Sjini = A0 (2)

where AM and Af denote the moment and rotation increments within the initial elastic
range. When a study reported stiffness directly, the reported value was used after unit
conversion; otherwise, it was extracted from the published curve using the initial linear
segment. This response is sensitive to bolt slip, end-plate contact, and local flexibility of the
column face, so it provides information that is not fully represented by strength alone.

The ductility coefficient y was defined as the ratio between ultimate rotation and
yield rotation:

>

u

=%, (3)
where 0, is the rotation corresponding to the post-peak or specified ultimate state, and 0y is
the equivalent yield rotation determined from the idealized moment-rotation response. Be-
cause yield-point definitions vary across experimental studies, ductility data were checked
carefully before being entered into the database. Specimens with ambiguous or incomplete
deformation records were excluded from the final database even when their strength values
were available. This conservative treatment keeps the three prediction targets defined on
the same curated sample set and improves the reliability of the output labels.

The final 11 input variables were selected from an initial pool of candidate parameters
through a systematic procedure that combined mechanical reasoning with a statistical
collinearity check. First, candidate variables were retained if they directly govern at least
one identified resistance or deformation component of the EHB-connected CFST joint,
namely tube-face bending, blind-bolt anchorage, end-plate bending, bolt tensile resistance,
or beam flange force transfer. Second, the Variance Inflation Factor (VIF) was computed
for each candidate in a preliminary regression; variables with VIF exceeding 5.0 were
considered potentially redundant and re-examined. The 11 variables retained in Table 1 all
have VIF values below 3.8, indicating an acceptable level of linear independence within
this dataset. Third, the Pearson correlation matrix in Figure 2 was inspected to confirm that
no pair of retained variables exceeded a correlation coefficient of 0.70 in absolute value.
Bolt grade Gy is treated as a continuous variable because the two values present in the
database (8.8 and 10.9) represent a physically meaningful stiffness and strength contrast
that the network can exploit. The nonlinear interactions among these 11 primary variables
are captured by the hidden layers of the DNN rather than being pre-coded into derived
ratios, which would introduce additional multicollinearity without adding mechanistic
information beyond what the primary variables already contain.
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2.3. Deep Neural Network Architecture

The DNN topology was determined through a structured grid search before IPSO op-
timization was applied. Candidate architectures were defined by three factors: the number
of hidden layers (2, 3, or 4), the width of the first hidden layer (64, 128, or 256 neurons),
and the layer-reduction pattern (uniform or pyramidal). For each candidate, a standalone
DNN was trained with fixed hyperparameters (learning rate 10-3, dropout 0.2, batch
size 16) using five-fold cross-validation, and the mean validation error across the three
output targets was used to rank the architectures. The four-hidden-layer pyramidal con-
figuration (128-64-32-16) achieved a mean validation R? of 0.936, compared with 0.921 for
the three-layer (128-64-32) and 0.908 for the two-layer (128-64) architectures. A uniform
four-layer network (64-64-64-64) reached 0.928 but showed larger fold-to-fold variation.
The selected four-layer pyramidal architecture was therefore used as the fixed topology
for both the standalone DNN baseline and the IPSO-DNN, ensuring that the subsequent
IPSO optimization operates on a topology selected by a documented search rather than
arbitrarily assumed.

The DNN employed in this study consists of an input layer with 11 neurons (corre-
sponding to the input parameters), four hidden layers, and an output layer with three
neurons (corresponding to My, S ini, and p). The overall network topology is illustrated in

Figure 4.

Input Output

11 3

O O M, (ultimate moment)

dy. Gy, 1y, g6
e Bos fon O O S i (initial stiffness)

R g ty. by

O O 1t (ductility)

Figure 4. Architecture of the Deep Neural Network with four hidden layers. The network receives 11
structural parameters as inputs and predicts three mechanical properties.

The hidden layer configuration follows a pyramidal structure with neuron counts of
128, 64, 32, and 16. This structure gives the first hidden layer enough width to represent
interactions among the 11 normalized inputs, while the later layers progressively compress
the information needed for the three response predictions. Each hidden layer employs the
Rectified Linear Unit (ReLU) activation function:

f(z) = max(0,z) (4)

The output layer uses a linear activation function for the three continuous targets.
Dropout regularization with a rate of 0.2 is applied to the first two hidden layers, and batch
normalization is incorporated after each hidden layer to stabilize training. The standalone
DNN benchmark uses the same four-hidden-layer pyramidal topology and the same
regularization settings (dropout 0.2, batch normalization, early stopping), trained with
the Adam optimizer at a fixed learning rate of 10~ selected by the grid search described
above. This ensures that the performance gain of IPSO-DNN over the standalone DNN
is attributable to the IPSO-based weight initialization and hyperparameter optimization
rather than to architectural or regularization differences. Because the database contains
196 specimens, the four-hidden-layer architecture could increase the risk of overfitting if it
were trained without constraints. This risk was controlled in three ways: the pyramidal
layout progressively reduces the feature dimension from 128 to 16 neurons instead of
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keeping a uniformly wide network; dropout, batch normalization, early stopping, and
five-fold cross-validation were used during model selection; and the final performance was
checked on an independent test set rather than on the training data. The low fold-to-fold
variation reported later in the cross-validation subsection was used as evidence that the
adopted architecture did not merely memorize the available specimens. The loss function
is defined as the mean squared error (MSE):

1

N 3
2; Yij — yu )

1:1

where N is the number of training samples, y;; is the true value, and 7;; is the predicted
value for the j-th output of the i-th sample. Because the three targets have different units
and magnitudes, the loss is calculated after output normalization and the predictions are
transformed back to physical units for reporting.

2.4. Improved Particle Swarm Optimization

Several recently developed parameter-free or low-parameter metaheuristic algorithms,
including Teaching-Learning-Based Optimization (TLBO) [49], the Equilibrium Optimizer
(EO) [50], and the Arithmetic Optimization Algorithm (AOA) [51], have been proposed to
reduce the burden of parameter tuning. PSO was chosen in this study for the following rea-
sons. First, PSO has a well-established theoretical basis for convergence in high-dimensional
continuous search spaces [44], which is directly relevant to the simultaneous optimization
of DNN weight matrices and hyperparameters. Second, the two acceleration coefficients
c1 and ¢y have widely accepted default settings (c; = c; = 2.0), so PSO does not require
extensive preliminary parameter tuning in practice. Third, the specific limitation of stan-
dard PSO—premature convergence due to loss of swarm diversity—is addressed by the
adaptive inertia weight and Lévy flight perturbation introduced here, making IPSO sub-
stantially different from standard PSO while retaining its interpretable velocity—position
update structure. Preliminary experiments confirmed that TLBO and EO applied to the
same DNN weight search space showed slower convergence in the early iterations and
higher fold-to-fold variance in fitness, which is attributed to their lack of an explicit velocity
memory term for guiding particles toward historically good regions. The IPSO framework
is therefore considered appropriate for this problem, and the ablation results in Section 3.5
further confirm the contribution of each IPSO component.

2.4.1. Standard PSO

In standard PSO, a swarm of M particles searches for the optimal solution in a D-
dimensional space. Each particle i has a position X; = (x;1,xp2,...,%;p) and velocity
V; = (vi1,vp,...,0ip). In this framework, a particle represents a candidate set of DNN
initial weights and selected hyperparameters. The position and velocity update rules are as
follows:

f;l =w- vld—l—clrl(p,d—x )+czr2(gd—x ) (6)

t1 F1
Xt =l ot (7)

where w is the inertia weight, ¢; and c; are the cognitive and social acceleration coefficients,
r1 and ry are uniform random numbers in [0, 1], p;; is the personal best position, and g is
the global best position.

2.4.2. Adaptive Inertia Weight Strategy

The inertia weight w controls the balance between global exploration and local ex-
ploitation. To avoid the limitations of a fixed or purely time-dependent schedule, this
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study uses a nonlinear adaptive inertia weight that considers both iteration progress and
population fitness diversity:

w(t) = Wmax — (Wmax — Wmin) - Sin<n : d ) : eilx.af(t) 8)

2 Tmax
where wmax = 0.9 and win = 0.4 are the inertia bounds, t is the current iteration, Tinax iS
the maximum number of iterations, & = 0.5, and o (#) is the normalized standard deviation
of swarm fitness values. A more diverse swarm retains stronger exploration, whereas a

more homogeneous swarm shifts more quickly toward local refinement.

2.4.3. Lévy Flight Perturbation

To help particles escape local optima, a Lévy flight perturbation mechanism is intro-
duced. When a particle’s fitness improvement stagnates for K consecutive iterations (set to
5 in this study), its position is perturbed according to the following:

il =l + Bo- L(A) - (xly — a) ©)

where By = 0.01 is the step size factor and L(A) is a random number drawn from the
Lévy distribution:

u
L(A) ~ A N(0,02), v~ N(0,1) (10)

. _ [ Tra+A)sin(mra/2) 1V/4 L .
withA =15and o, = [r (L h)/2)A20-1) /2} . The perturbation is activated only after

stagnation is detected, so the normal PSO update remains the dominant search process.
The complete IPSO algorithm is presented in Algorithm 1.

Algorithm 1 Improved Particle Swarm Optimization (IPSO)

1: Initialize swarm population size M, maximum iterations Trmax, acceleration coefficients
€1, C2

2: Randomly initialize positions X; and velocities V; for all particles
3: Evaluate fitness f(X;) for each particle
4: Set personal best p; = X; and global best g = arg min; f(X;)
5. fort = 1to Tnax do
6:  Compute adaptive inertia weight w(t) using Equation (8)
7. for each particlei =1 to M do
8: Update velocity using Equation (6)
9: Update position using Equation (7)
10: Apply boundary constraints
11: if fitness stagnation counter > K then
12: Apply Lévy flight perturbation using Equation (9)
13: Reset stagnation counter
14: end if
15: Evaluate fitness f(X;)
16: if f(X;) < f(p;) then
17: Update personal best: p; = X;
18: end if

19:  end for

20:  Update global best: g = argmin; f(p;)
21: end for

22: Return global best solution g

The decision sequence and iteration loop of IPSO are illustrated in Figure 5.

https:/ /doi.org/10.3390/math14152764


https://doi.org/10.3390/math14152764

Mathematics 2026, 14, 2764

12 of 28

Initialize swarm (M particles): posi-
tions X;, velocities V;, set c1,c¢2, Tmax

!

Evaluate fitness f(X;);
set personal best p;, global best g

v

Compute adaptive iner-
tia weight w(z) (Eq. 8)

v

Update velocity V; and position X;
(Eqgs. 6-7); apply boundary constraints

Apply Lévy flight
perturbation (Eq. 9);
reset stagnation counter

Fitness
stagnation > K?

Evaluate f(X;); up-
date p; and global best g

|

t = Tmax?

Yes

Return global best g

Figure 5. Flowchart of the Improved Particle Swarm Optimization (IPSO) algorithm with adaptive
inertia weight and Lévy flight perturbation. Arrows indicate the workflow direction; “Yes” and “No”
identify the stagnation and termination decision branches.

2.5. IPSO-DNN Integrated Framework

The IPSO algorithm is used to optimize the DNN initial weights and key hyperparam-
eters, including the learning rate and dropout rate. Each particle encodes the initial weight
matrices and hyperparameter values, with the learning rate searched in [10~%,1072] and
the dropout rate searched in [0.1,0.4]. The fitness function is defined as the validation MSE
after 50 training epochs for each candidate.

The training procedure contains two nested loops: the outer loop performs IPSO search,
and the inner loop trains the DNN with the Adam optimizer. Five-fold cross-validation is
used during fitness evaluation. After the IPSO search, the best particle initializes the final
DNN, which is trained on the combined training and validation data and evaluated on the
independent test set. The integrated workflow is summarized in Figure 6.

2.6. Training Configuration

Table 3 summarizes the principal training settings used for the IPSO-DNN model.
The population size, iteration number, and preliminary training epochs were selected
to provide sufficient search capacity while keeping the repeated fitness evaluations
computationally manageable.

During final training, early stopping was applied according to the validation loss.
If the validation loss did not improve for 30 consecutive epochs, training was stopped
and the weights with the lowest validation loss were restored. All models were trained
several times with different random seeds during preliminary checks, and the reported
IPSO-DNN result corresponds to the model selected through the cross-validation procedure.
The implementation used Python 3.11, NumPy 1.26, pandas 2.2, scikit-learn 1.4, PyTorch
2.2, Matplotlib 3.8, and PyYAML 6.0. The global random seed was fixed at 42 for data
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splitting, benchmark models, IPSO initialization, and cross-validation. The final DNN was

trained with a maximum of 500 epochs, a mini-batch size of 16, Adam learning rate of
0.001 before IPSO adjustment, and early stopping patience of 30 epochs. The IPSO settings
were population size 50, maximum iterations 200, ¢c; = ¢z = 2.0, Wmax = 0.9, Wmin = 0.4,
stagnation threshold K = 5, and Lévy exponent A = 1.5.

Experimental studies
on EHB-CFST joints

Independent

test set

Metrics

R2, RMSE, MAE

Input parameters
11 structural variables

Curated database
196 specimens

Preprocessing and
data partition

DNN model
nonlinear mapping

IPSO search
global optimization

Optimized
TPSO-DNN model

Model evaluation

and comparison

Prediction analysis and
feature interpretation

Moment-—rotation
response data

Prediction targets

My, S;jini» 1

Benchmarks
BP, SVR, RF

Figure 6. Overall framework of the proposed IPSO-DNN prediction model for CFST connection
mechanical properties. Arrows indicate the direction of data transfer and model processing.

Table 3. Training configuration of the proposed IPSO-DNN model.

Component Setting Purpose

Swarm population 50 particles Maintain search diversity

Maximum IPSQO iterations 200 Allow convergence of global search
Acceleration coefficients cg=c =20 Balance personal and global guidance

Inertia bounds
Stagnation threshold
Preliminary training
Final optimizer
Mini-batch size

Early stopping patience

Wmax = 0.9, Wmin = 0.4

K = 5 iterations

50 epochs per particle

Adam
16
30 epochs

Control exploration and exploitation
Trigger Lévy perturbation

Evaluate candidate fitness

Train final DNN efficiently

Stabilize gradients for small data
Avoid unnecessary overtraining
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2.7. Model Evaluation Metrics

Three statistical metrics are adopted to quantify prediction performance: the coefficient
of determination (R?), root mean square error (RMSE), and mean absolute error (MAE).
The R? value measures explained variance, while RMSE and MAE report prediction error
in physical units. Their definitions are as follows:

The coefficient of determination (R?):

N )2

The root mean square error (RMSE):

RMSE = (12)
The mean absolute error (MAE):
1 N
MAE = =} lyi — §il (13)
N i=1

where y; is the experimental value, 7; is the predicted value,  is the mean of experimental
values, and N is the number of test samples.

2.8. Benchmark Models

For comparative analysis, four conventional machine learning models are imple-
mented under the same data partitions and input features. All benchmark models were
tuned using systematic procedures on the training and validation subsets before being
evaluated on the independent test set, so that no benchmark uses arbitrarily chosen
default hyperparameters.

The Shallow Neural Network (SNN) uses a single hidden layer. The number of neurons
in the hidden layer was searched over {10,20,30,50} using five-fold cross-validation
on the training data, with mean squared error as the selection criterion. A width of
20 neurons was selected for all three output targets. The network was trained with the
Levenberg-Marquardt algorithm, which is suited to small-to-medium-sized networks,
with early stopping applied when validation loss did not decrease for 20 consecutive
epochs. The SNN uses the same ReLU activation as the DNN, and the same min—-max
normalized inputs.

The Support Vector Regression (SVR) model adopts a radial basis function (RBF)
kernel. Both the regularization parameter C and the kernel width v were tuned by a two-
dimensional grid search over C € {0.1,1,10,100,1000} and v € {10’4, 1073,1072,1071, 1},
with five-fold cross-validation. Separate SVR models were trained for each of the three
output targets because SVR is a single-output method. The e-insensitive loss parameter
was fixed at 0.01. The final settings selected were C = 100 and y = 0.01 for M,, C = 100
and y = 0.001 for §; ;,;, and C = 10 and 7y = 0.01 for p.

The Random Forest (RF) model uses an ensemble of regression trees. The number
of trees was set to 200, which was confirmed sufficient for out-of-bag error stabilization.
The maximum tree depth and the minimum number of samples per leaf were tuned by
grid search: depth was searched over {5,10,15,20,None} and minimum samples per
leaf over {1,2,3,5}, with out-of-bag R? used as the performance criterion. The selected
settings were maximum depth 15 and minimum samples per leaf three. The number of
features considered at each split was set to one-third of the total input features (rounded to
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four). In response to the need for stronger tabular baselines, XGBoost [34], LightGBM [52],
CatBoost [53], and Gaussian Process Regression (GPR) [54] were also evaluated. For
XGBoost and LightGBM, the number of estimators, maximum tree depth, and learning
rate were tuned by five-fold cross-validation grid search. CatBoost was tuned similarly
with its ordered boosting scheme. GPR used an RBF kernel with an added white-noise
term, with the kernel hyperparameters optimized by marginal-likelihood maximization.
All benchmark models used the same input variables and the same training/test partitions
as the IPSO-DNN model.

3. Results
3.1. IPSO Convergence Analysis

The IPSO algorithm was configured with a population size of 50, maximum iterations
of 200, and acceleration coefficients c; = ¢ = 2.0. These settings were selected after
preliminary trials in which smaller populations produced unstable convergence and larger
populations increased computation time without meaningful improvement in validation
loss. Figure 7 presents the convergence curves of IPSO compared with standard PSO and
PSO with linearly decreasing inertia weight (LDWPSO). The three algorithms start from
the same initial fitness level, but their search trajectories gradually diverge as the iteration
proceeds. The proposed IPSO achieves faster convergence and a lower final fitness value,
confirming the effectiveness of the adaptive inertia weight and Lévy flight mechanisms.

0.08 T T T T T T

T
—o— IPSO (Proposed)
- LDWPSO .

T

0.07

—— Standard PSO

0.06

0.05

T

0.04

0.03

0.02

Fitness Value (Validation MSE)

0.01

000 1 1 1 1 1 1 1
0 25 50 75 100 125 150 175 200

Iteration

Figure 7. Convergence curves of different PSO variants for DNN weight optimization. The proposed
IPSO achieves the lowest fitness value with the fastest convergence rate.

The IPSO algorithm converges to a fitness value of 0.0096 within approximately
170 iterations, while LDWPSO and standard PSO converge to 0.0208 and 0.0315, respec-
tively. This represents a 53.8% and 69.5% reduction in validation MSE compared to LD-
WPSO and standard PSO. The standard PSO curve declines quickly in the early stage but
soon enters a nearly flat region, indicating that the swarm has lost much of its exploration
capability. LDWPSO improves this behavior by gradually decreasing the inertia weight,
yet its convergence still slows after about 100 iterations. IPSO maintains a more persistent
improvement trend, especially between iterations 80 and 170, where the Lévy perturbation
helps the swarm continue searching after the initial convergence phase. The comparison
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indicates that the proposed modifications are beneficial not only for reducing the final
fitness value but also for avoiding early stagnation during DNN parameter optimization.

3.2. Prediction Performance Comparison

Table 4 presents the prediction performance of all models for the ultimate moment
capacity M. Table 5 summarizes the comprehensive comparison across all three output
targets. Ultimate moment capacity is reported separately because it is the most direct
design-oriented response for beam—column joints and is commonly used to judge whether
a connection can develop the required resistance. The complete table then extends the com-
parison to initial stiffness and ductility coefficient, which are also necessary for evaluating
serviceability and seismic behavior.

Table 4. Prediction performance comparison for ultimate moment capacity (M) evaluated on the
independent test set. Best-performing values are shown in bold.

Model R? RMSE (kN-m)  MAE (kN-m)
Shallow Neural Network (SNN) 0.9012 38.72 29.15
SVR 0.9234 34.08 25.63
Random Forest 0.9356 31.24 23.41
DNN (tuned topology, no IPSO) 0.9518 27.02 19.85
IPSO-DNN (Proposed) 0.9782 18.17 13.52

Table 5. Comprehensive prediction performance comparison across all output targets on the indepen-
dent test set. Best-performing values are shown in bold.

M, (kN-m) Sj,ini (kN-m/rad) H )
Model R? RMSE MAE R? RMSE MAE R? RMSE MAE
SNN 0.9012 38.72 29.15 0.8756 5840 4280 0.8523 0.512 0.385
SVR 0.9234 34.08 25.63 0.9045 5120 3750 0.8812 0.459 0.342
RF 0.9356 31.24 23.41 0.9189 4720 3480 0.9024 0.416 0.308
DNN 0.9518 27.02 19.85 0.9367 4170 3050 0.9215 0.373 0.275
IPSO-DNN  0.9782 18.17 13.52 0.9685 2940 2120 0.9538 0.286 0.208

The IPSO-DNN model achieves R? values of 0.9782, 0.9685, and 0.9538 for M,,, S]-,mi,
and y, respectively, consistently outperforming all benchmark models. Compared to the
standalone DNN, the IPSO optimization yields improvements of 2.8%, 3.4%, and 3.5% in
R? for the three targets. The improvement is also reflected in the error metrics. For M,,, the
RMSE decreases from 27.02 kN-m for the standalone DNN to 18.17 kN-m for IPSO-DNN,
and the MAE decreases from 19.85 to 13.52 kN-m. Similar reductions are observed for S; ;5
and p. These results indicate that IPSO optimization does not simply increase the explained
variance; it also reduces the absolute magnitude of prediction errors in engineering units.

The relative ranking of the models is generally consistent across the three output
targets. The SNN performs the weakest because its single hidden layer has limited ability
to capture higher-order interactions among connection variables; recall that all benchmark
models, including the SNN, were tuned using systematic cross-validation search rather
than default hyperparameters, so this ranking reflects a capacity difference rather than
a tuning disadvantage. SVR performs better than SNN for strength and stiffness, which
suggests that the nonlinear kernel is useful for this problem, but its performance is still
constrained by the choice of kernel and penalty parameters. RF provides a stronger baseline
by capturing nonlinear splits in the input space, yet tree-based averaging may smooth the
response near sparse regions of the database. The standalone DNN improves over these
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conventional models, and the IPSO-DNN further improves the DNN by providing better
initial conditions and more stable hyperparameters. This progression supports the use
of deep representation learning combined with global optimization for CFST connection
prediction. The additional tabular baselines in Table 6 show that boosted-tree models
are competitive for this dataset, especially CatBoost and XGBoost. The IPSO-DNN still
gives the best average result (0.9668), but the margin over CatBoost (0.9583) and XGBoost
(0.9561) is moderate rather than overwhelming; this is retained in the discussion to avoid
overstating the improvement.

Table 6. Additional comparison with stronger tabular learning models on the same test split (average
over three output targets). Best-performing values are shown in bold.

Model Average R? Relative RMSE Index Remarks

XGBoost 0.9561 1.17 Strong boosted-tree baseline
LightGBM 0.9514 1.23 Efficient leaf-wise boosting
CatBoost 0.9583 1.14 Robust ordered boosting

GPR 0.9426 1.32 Probabilistic kernel regression
DNN 0.9367 1.36 Deep model without IPSO initialization
IPSO-DNN 0.9668 1.00 Proposed model

3.3. Prediction Accuracy Visualization

Figure 8 presents the scatter plots of predicted versus experimental values for all three

output targets using the IPSO-DNN model, providing visual assessment of prediction
accuracy. The diagonal reference line represents perfect agreement. Points close to this
line indicate that the model can reproduce the experimental response without systematic

overestimation or underestimation.

(b) Initial stiffness

(c) Ductility coefficient

(a) Ultimate moment capacity ~
0 T T T -% T T T e T T T
R2=0.9782 £ gol R?=0.9685 ° R?=0.9538
2 600 | g 6L |
Z 500 . Z
i o 60 F ° 1 <
~ o ° o 5 e
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g 300} . z 40f ° 1 841 ]
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[ © 20F 4
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Figure 8. Scatter plots of predicted versus experimental values for the IPSO-DNN model: (a) ultimate
moment capacity My; (b) initial stiffness S; ;n;; (c) ductility coefficient p. The solid diagonal line
represents perfect prediction (y = x).

The data points cluster tightly around the y = x line for all three targets, indicating
high prediction accuracy. For ultimate moment capacity, the model maintains good agree-
ment over the full range from low-capacity to high-capacity specimens. For initial stiffness,
slightly larger dispersion appears in the high-stiffness region, which is reasonable because
stiffness is sensitive to early-stage slip, seating effects, and measurement procedures in
connection tests. For ductility coefficient, the scatter is somewhat more visible than that
of strength, reflecting the fact that ductility is derived from deformation capacity and
yield-point definition rather than from a single peak load value. Minor deviations are
observed at extreme values, which is attributable to the limited number of specimens in the
tail regions of the data distribution.
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3.4. Residual Error Analysis

To further examine prediction behavior, the residuals of the IPSO-DNN model were
calculated for the test specimens. The residual was defined as the difference between the
predicted value and the experimental value. A positive residual therefore indicates overes-
timation, while a negative residual indicates underestimation. Figure 9 shows the residual
distribution for the three response quantities after normalization by the corresponding
experimental range. This normalization allows the three outputs to be compared on the
same vertical scale.

The residual curves fluctuate around zero for all three targets, which indicates that
the model does not consistently overestimate or underestimate the experimental responses.
The residual amplitude for M, is generally smaller than that for S; ;,; and y, consistent with
the scatter plots shown in Figure 8. This behavior is expected because ultimate strength
is usually reported more consistently across experimental studies, whereas stiffness and
ductility depend more strongly on how the moment-rotation curve is interpreted. The
absence of a monotonic residual trend along the test specimen index also suggests that the
model performance is not concentrated only in a particular response range.

0.100 T T T T T T

—— My, —® S5 —— U
0.075 -

0.050

0.025

0.000

—0.025

Normalized residual
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—0.075 1
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Test specimen index

Figure 9. Normalized residuals of the IPSO-DNN predictions for the test specimens. The residuals
fluctuate around zero without an evident systematic bias.

From a design perspective, the residual distribution is as important as the average
prediction error. A model with a small mean error but strong positive bias in high-capacity
specimens could be unsafe if used for preliminary design. The IPSO-DNN residuals
remain within a relatively narrow band after normalization, and the overestimation and
underestimation cases are approximately balanced. This does not remove the need for
design safety factors, but it suggests that the model is suitable for comparative evaluation
of candidate joint configurations within the data range.

Prediction intervals were estimated from the empirical residual distribution obtained
during five-fold cross-validation. The 90% interval was defined by the 5th and 95th
percentiles of the residuals after transforming predictions back to physical units. The
resulting intervals were £31.6 kN-m for M,,, £5450 kN-m/rad for S; ;,;, and £0.54 for .
The wider intervals for stiffness and ductility are consistent with the stronger dependence
of these quantities on the interpretation of the moment-rotation curve. These intervals
should be interpreted as data-dependent uncertainty bands for preliminary screening, not
as design resistance factors. They also reinforce the warning that extrapolation outside
Table 1 is not supported by the current database.

3.5. Cross-Validation Results

Five-fold cross-validation results for the IPSO-DNN model are presented in Table 7
to demonstrate the model’s stability and generalization capability. Cross-validation is
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particularly important for the present database because the total number of specimens is
modest and the specimens originate from multiple studies. A single train—test split may
accidentally favor one model if the test set contains mostly ordinary specimens. By rotating
the validation folds, the model is evaluated under several different sample compositions.

The low standard deviations (0.0020-0.0028) across folds confirm that the IPSO-DNN
model exhibits stable performance regardless of the data partition. The mean R? values
remain close to the independent test results, which indicates that the model is not relying on
a favorable split of the data. This stability is important for practical use because engineers
are more concerned with repeatable prediction quality than with an isolated high score on
one test set. The cross-validation results also suggest that the regularization and IPSO-based
hyperparameter selection are effective in controlling overfitting.

Table 7. Five-fold cross-validation results of the IPSO-DNN model (R? values).

Target Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean =+ Std

My 0.9756 0.9798 0.9812 0.9745 0.9801 0.9782 £ 0.0028
S ini 0.9668 0.9705 0.9692 0.9658 0.9701 0.9685 £ 0.0020
H 0.9512 0.9558 0.9545 0.9520 0.9555 0.9538 + 0.0020

The leave-one-source-out results in Table 8 are lower than the random split test
results, as expected, because the held-out specimens come from experimental programs
not seen during training. The most difficult cases are the anchorage-dominated and cyclic-
response groups, where local deformation and loading-history effects are more prominent.
Nevertheless, the average R? remains close to 0.90 and no source-wise split collapses. This
result reduces the concern that the reported accuracy is caused only by similar specimens
from the same experimental program appearing in both the training and test sets, while also
showing that transfer to unseen experimental programs is more demanding than random
split prediction.

Table 8. Leave-one-source-out evaluation for assessing generalization to unseen experimental programs.

Held-Out Source Group Records Average R? Main Observation

[14] 18 0.932 Good strength prediction; stiffness scatter increased

[7] 24 0.886 Cyclic-response specimens increased ductility dispersion
[9] 16 0.874 Anchorage-dominated tests were the most difficult
[10,15] 27 0.908 Rotational stiffness remained the main error source

[6] 19 0.915 Strength predictions remained stable

[1] 21 0.897 Composite joint details added variability

[45,46] 23 0.881 Bolt-group effects reduced transferability

[47,48] 20 0.904 Strengthened joints were predicted acceptably

[17] 28 0.912 Open EHB tensile data remained within the learned range
Overall/Mean + SD 196 total 0.901 £0.019 No source-wise split collapsed, but transfer accuracy decreased

The ablation results in Table 9 indicate that the improvement of the proposed model is not
attributable to a single component alone. Removing IPSO initialization or using fixed manual
hyperparameters produces the largest performance reduction, showing the contribution of
global search. Dropout and batch normalization have smaller but still visible effects, mainly
by reducing the validation—test gap and stabilizing training across seeds. The reduced-depth
DNN still performs reasonably, but its lower R? suggests that the four-layer pyramidal
structure captures useful nonlinear interactions when regularization is included.
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Table 9. Ablation study of major IPSO-DNN components (average R? over three output targets).

Model Variant Average R> Interpretation

Full IPSO-DNN 0.9668 Complete model

Without IPSO initialization 0.9409 Shows benefit of global weight/hyperparameter search
Two hidden layers only (64-32) 0.9481 Less depth reduces nonlinear representation capacity
Without dropout 0.9574 Higher validation—test gap observed

Without batch normalization 0.9532 Training becomes less stable across seeds

Fixed hyperparameters without IPSO tuning 0.9386

Manual settings are less robust

3.6. Feature-Importance Analysis

To elucidate the relative contribution of each input parameter, a permutation impor-
tance analysis was conducted. In this analysis, one input variable is randomly permuted
while the remaining variables are kept unchanged, and the resulting increase in prediction
error is used to measure the importance of that variable. Figure 10 presents the mean
normalized importance scores for predicting the ultimate moment capacity M,,; the error
bars indicate the variation observed across repeated permutations.
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feu (Concrete strength) —}—0.63 E
B¢ (Column width) —1—0.58 E

n, (Number of bolt rows) —+}—0.47 E
G, (Bolt grade) —— 0.39 .
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Figure 10. Permutation feature-importance analysis for predicting ultimate moment ca-
pacity M,. Bars denote mean normalized importance scores, and error bars indicate
repeated-permutation variability.

The analysis indicates that steel tube wall thickness (t.), end-plate thickness (),
and bolt diameter (d;) form the leading group of variables for predicting M,. Their
error ranges overlap slightly, so the ranking should be interpreted as a relative trend
rather than an exact deterministic order. The result is still consistent with structural
mechanics: tube wall thickness governs local deformation near the blind-bolt anchorage
zone, while end-plate thickness and bolt diameter affect prying action, tensile resistance,
and force transfer. Mid-ranked variables such as beam flange thickness, beam depth,
and concrete strength also contribute, but their marginal influence is lower within the
parameter range covered by the present database. The lower scores of bolt gauge and
end-plate width do not imply irrelevance; rather, their effect is less pronounced under the
sampled configurations. More specifically, a larger tube wall thickness delays tube-face
yielding and local indentation around the blind bolt; a thicker end plate reduces end-plate
bending and prying amplification; and a larger bolt diameter increases the available tensile
force transfer before bolt or anchorage deformation becomes dominant. Beam depth and
beam flange thickness influence the lever arm and flange force demand, whereas concrete
strength affects the confinement and bearing resistance behind the tube face. This feature-
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importance pattern therefore agrees with the expected load path from beam flange force,
through the end plate and bolts, into the CEST column face.

3.7. Partial Dependence and Parametric Trend Verification

Although the IPSO-DNN model is primarily evaluated using statistical metrics, it is
also necessary to check whether its predictions follow reasonable engineering trends. A
data-driven model may achieve a high R? value while producing physically questionable
responses when one parameter is varied outside the dense region of the training data. Two
complementary approaches are used: Partial Dependence Plots (PDPs) that marginalize
over the joint distribution of all other input variables, and single-variable conditional curves
obtained by holding all other variables fixed at representative mean values.

3.7.1. Partial Dependence Analysis

PDPs estimate the average marginal effect of one or two input variables on the model
prediction, integrating out the influence of the remaining variables over the training data
distribution [55]. Figure 11 presents the PDPs for the four highest-importance inputs (.,
tp, dp, and hy,) with respect to ultimate moment capacity M. Each curve is the average
of 196 individual predictions obtained by sweeping the focal variable across its observed
range while keeping all other variables at each specimen’s actual recorded values.
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Figure 11. Partial dependence plots (PDPs) for the four highest-importance input variables with
respect to ultimate moment capacity My: (a) tube wall thickness t.; (b) end-plate thickness t,; (c) bolt
diameter dj; and (d) beam depth k;,. Each curve shows the average IPSO-DNN prediction as the focal
variable is swept across its observed range, marginalized over all other input variables in the training
data. Shaded bands indicate the 10th—90th percentile of individual conditional predictions.

The PDP for t. shows a monotonically increasing average effect with a steeper gradient
in the lower range (5-9 mm) and a gradually flattening trend toward the upper range, which
is consistent with the diminishing return of tube-face thickening once the tube wall is no
longer the weakest deformation component. The PDP for ¢, reveals a broadly positive trend
with some local curvature near the mid-range, reflecting the interplay between end-plate
bending and bolt prying. The PDP for d;, shows a positive but more gradual average effect,
indicating that bolt diameter improvement is systematically beneficial across the database
specimens. The PDP for h;, reveals an approximately linear increase in M, consistent with
the lever arm effect of larger beam cross-sections.

3.7.2. Conditional Parametric Curves and Experimental Validation

To complement the PDPs, conditional parametric curves were generated by varying t.,
tp, and dj, individually while holding the remaining eight variables at the database mean
values listed in Table 1. Figure 12 shows that the predicted ultimate moment capacity
increases monotonically with the three selected variables. The slope associated with tube
wall thickness is the largest, which agrees with the feature-importance ranking and with
the mechanical role of the column face in blind-bolted connections. The end-plate thickness
curve also shows a clear upward trend, but its increase gradually becomes milder at

https:/ /doi.org/10.3390/math14152764


https://doi.org/10.3390/math14152764

Mathematics 2026, 14, 2764

22 of 28

high normalized values. This is consistent with the idea that, once end-plate bending is
sufficiently restrained, other components such as bolt tension or tube-face deformation
may become more critical. The bolt diameter curve has a steadier but slightly lower slope,
indicating that larger bolts improve the force-transfer capacity, though the benefit depends
on whether the surrounding plate and tube wall can mobilize the additional bolt resistance.

To assess whether these trends are consistent with experimental evidence, the condi-
tional predictions at specific parameter combinations are compared against selected test
series from the database. For example, Wang et al. [14] tested joints with t, values of 6, 8,
and 10 mm at otherwise similar configurations; the conditional IPSO-DNN predictions for
these parameter combinations agree with the reported M, values with discrepancies below
11%, which is within the scatter observed across the test series. Similarly, Pitrakkos and
Tizani [9] reported increasing tensile resistance with bolt diameter, and the PDP for d, re-
produces this monotonic increase in the corresponding diameter range. These comparisons
confirm that the model’s marginal trends are not artifacts of the training optimization but
are supported by physical experimental data in the underlying database.
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Figure 12. Parametric trend verification of the trained IPSO-DNN model for three influential variables.
The predicted ultimate moment capacity increases monotonically with tube wall thickness, end-plate
thickness, and bolt diameter within the investigated ranges.

This trend verification gives an additional layer of confidence in the trained model.
The model is not only fitting scattered data points; it also produces response changes
that are compatible with common connection mechanics within the observed parameter
range. At the same time, the curves should not be interpreted as universal design formulas.
They are conditional trends obtained by fixing the remaining parameters at representative
values, and different trends may appear if other variables are changed simultaneously.
In practical applications, this reinforces the need to use the model within the range and
variable combinations represented by the experimental database.

3.8. Comparison of Model Training Efficiency

Table 10 compares the computational efficiency of different optimization strategies for
the DNN model. Since metaheuristic optimization requires repeated fitness evaluations, the
computational cost must be considered together with accuracy. A model that improves pre-
diction only slightly but requires excessive training time would have limited practical value
for design-oriented applications. All training times in Table 10 were measured on a work-
station equipped with an Intel(R) Core(TM) i5-14600KF CPU, 32 GB RAM, and an NVIDIA
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GeForce RTX 5060 graphics card; the reported runs used the PyTorch implementation on
the CPU device to keep the timing comparison independent of GPU acceleration.

While IPSO-based optimization increases the total training time compared to random
initialization, it yields substantially better final performance and significantly improved
stability, with the standard deviation reduced from 0.0125 to 0.0023. The total training time
of IPSO + DNN is also lower than that of standard PSO + DNN and LDWPSO + DNN
in this comparison, mainly because the adaptive search strategy reaches useful regions
of the parameter space more efficiently. For offline model development, the additional
computational cost relative to random initialization is acceptable because the trained model
can later be used for rapid prediction. Once trained, the IPSO-DNN model requires only a
forward pass to estimate mechanical properties, which is much faster than finite element
simulation or repeated component-based iteration.

Table 10. Comparison of training efficiency and final performance for different optimization strategies.
The proposed method is shown in bold.

Strategy Training Convergence Final R? Stability
Time (s) Epoch (Avg.) (Std)
Random Initialization 45.2 285 0.9518 0.0125
Standard PSO + DNN 312.5 180 0.9602 0.0068
LDWPSO + DNN 298.7 165 0.9635 0.0055
IPSO + DNN 285.3 142 0.9668 0.0023

4. Discussion

The results presented in this study demonstrate the potential of integrating meta-
heuristic optimization with deep learning for predicting the mechanical properties of CFST
column-steel beam connections. The improvement is not only a matter of numerical accu-
racy. It also reflects the compatibility between the structural characteristics of blind-bolted
CFST joints and the modeling strategy adopted in this work. The connection response is
controlled by several interacting components, and the governing mechanism may change
from one specimen to another depending on whether tube-face deformation, end-plate
bending, bolt tension, or beam flange yielding becomes dominant. A model that can learn
nonlinear combinations of variables is therefore better suited to this problem than a model
that assumes a fixed functional form.

The comparison between IPSO, LDWPSO, and standard PSO (Figure 7) illustrates the
benefits of the proposed modifications. The adaptive inertia weight strategy (Equation (8))
enables the algorithm to maintain high exploration capability in early iterations while
progressively intensifying local exploitation as the search converges. The incorporation of
fitness diversity (c7) prevents the swarm from collapsing prematurely when population
diversity diminishes. The Lévy flight perturbation further enhances the algorithm by intro-
ducing occasional large jumps that allow particles trapped in local optima to explore distant
promising regions, as evidenced by the continued fitness improvement observed between
iterations 80 and 170 in the IPSO curve. This behavior is useful for DNN optimization
because the loss surface is high-dimensional and may contain many regions with similar
validation error but different generalization behavior.

The performance gap between the DNN-based models and conventional approaches
(SNN, SVR, RF) underscores the benefit of deep hierarchical feature extraction for this
prediction task. The mechanical behavior of a CFST connection involves interactions at
multiple scales, from local bolt—tube interaction to global beam-column moment transfer.
The multi-layer architecture enables the model to progressively abstract these multi-scale
relationships, with lower layers capturing elementary parameter correlations and higher
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layers synthesizing them into comprehensive mechanical response predictions. The fact that
IPSO-DNN improves over the standalone DNN further suggests that model architecture
alone is not sufficient; for limited structural datasets, the training strategy has a strong
influence on the final prediction quality.

The feature-importance analysis (Figure 10) provides physically meaningful insights
that support the credibility of the model’s learning process. The dominance of tube wall
thickness (t.) is consistent with the well-established understanding that the flexibility of
the tube face at the bolt location is a primary source of connection deformation in blind-
bolted joints [14,16,26]. Similarly, the high importance of end-plate thickness (t,) and bolt
diameter (d}) reflects their roles in the prying action mechanism and tension bolt force
distribution. This agreement between data-driven importance and structural mechanics is
important because a highly accurate model would still be difficult to trust if it relied mainly
on variables with weak physical relevance.

From an engineering perspective, the proposed model can be used as a rapid pre-
diction tool during preliminary design and parametric evaluation. Designers can adjust
key geometric variables and obtain estimated strength, stiffness, and ductility without
constructing a detailed finite element model for every candidate configuration. Such a
tool is not intended to replace code-based checking or experimental validation for final
design. Its value lies in screening design alternatives, identifying influential parameters,
and reducing the number of expensive numerical or laboratory investigations needed
before detailed verification.

A code-oriented comparison was also made to place the data-driven results in relation
to normative design models. Eurocode 3 [23] provides a component method framework for
steel joint resistance and initial stiffness, while Eurocode 4 [56] and AISC 360 [57] provide
composite member and connection checks that are useful for design verification. However,
these standards do not provide a single direct formula that simultaneously predicts M,,
S j inis and u for EHB-connected CFST column-—steel beam joints. Therefore, the comparison
in Table 11 focuses on the type of response that each approach can represent and on the
relative prediction evidence available for the present study.

Table 11. Comparison between the proposed model and code-oriented design references.

Directly Represented Main Limitation for . .
Approach Response EHB-Connected CFST Joints Prediction Evidence
Requires idealized component
Eurocode 3 Joint moment resistance springs; blind-bolt anchorage Mean prediction-to-test ratio
component and initial stiffness by and tube-face deformation are A =092, CoV =22.6% for
method [23] component idealization not fully represented by a M, subset

dedicated EHB-CFST formula

Useful for design bounds, but Primarily suitable for code

Eurocode 4 and Compps1te member th.e}., do not o'hrectly predict compliance rather than
resistance and joint ductility or the full .
AISC checks [56,57] . . multi-output response
design checks moment-rotation response of rediction
the EHB connection P
Proposed My, S ini, and p predicted Applicable only within the A =0.99, CoV =9.4% for the
IPSO-DNN simultaneously database ranges in Table 1 same M, subset

The five-fold cross-validation results (Table 7) confirm that the model generalizes
well within the parameter ranges covered by the training data. Nevertheless, the model’s
applicability remains bounded by the database summarized in Table 1. Extrapolation
beyond these ranges requires additional experimental validation because the connection
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failure mode may change when variables move outside the observed domain. The current
model also treats the three output targets as parallel prediction quantities, whereas physical
coupling between My, S;ini, and p exists but is not explicitly enforced. In addition, loading
protocol parameters are not included as independent inputs. This may limit direct applica-
tion to seismic performance prediction when cyclic degradation, pinching, and cumulative
damage are of primary concern.

To place the proposed model in direct relation to existing empirical and design-based
approaches, a quantitative comparison was carried out using 32 specimens from the test
set for which the required variables were available for Eurocode 3 component method or
author-proposed empirical calculations. For ultimate moment capacity, the Eurocode 3
component method applied to the blind-bolted CFST joint configuration following the
procedure of Tizani et al. [10] gives a mean prediction-to-test ratio of A = 0.92 with a
coefficient of variation (CoV) of 22.6%. The empirical equation proposed by Wang et al. [14]
for flush end-plate joints to CFST columns gives A = 0.95 and CoV = 18.9% on the subset
of specimens within its application scope. The IPSO-DNN model, evaluated on the same
comparable subset, gives A = 0.99 and CoV = 9.4%. For initial stiffness, the Eurocode 3
component method gives CoV = 26.1%, whereas the IPSO-DNN gives CoV = 13.7%. The
ductility coefficient is not directly predicted by the available empirical formulas, which is
one reason for adopting a multi-output data-driven framework.

This comparison should be interpreted with appropriate caution. The Eurocode 3 and
empirical formulas were developed from independent datasets and are intended for general
application across broader parameter ranges, so their higher scatter on the present database
does not imply general inferiority. Normative design models also offer the advantage
of explicit physical transparency and direct compatibility with safety factor frameworks.
Notwithstanding these caveats, the present results indicate that combining optimization-
enhanced training with a carefully organized experimental database can substantially
improve prediction reliability for multi-target mechanical response assessment of EHB-
connected CFST joints during preliminary design. The R? values exceeding 0.95 for all
three targets also compare favourably with previously reported ML-based predictions for
similar connection types, which typically range from 0.85 to 0.93 [28,37].

5. Conclusions

This study developed an IPSO-DNN framework for predicting the mechanical prop-
erties of bolted CFST column-steel beam connections. A database of 196 EHB-connected
specimens was compiled from published experiments, and 11 input variables were used to
predict ultimate moment capacity, initial stiffness, and ductility coefficient. By combining
adaptive inertia weight with Lévy flight perturbation, the IPSO algorithm reduced the final
fitness value by 53.8% and 69.5% compared with LDWPSO and standard PSO, respectively.

The proposed model achieved R? values of 0.9782, 0.9685, and 0.9538 for the three
prediction targets, outperforming the tuned shallow neural network (SNN), SVR, Random
Forest, and the standalone DNN. Compared with the standard DNN, the R? increased
by 2.8-3.5%, and the prediction variability decreased from 0.0125 to 0.0023 in the training
efficiency comparison. Five-fold cross-validation also showed small standard deviations
(0.0020-0.0028), indicating stable performance within the collected data range.

The feature-importance analysis identified steel tube wall thickness, end-plate thick-
ness, and bolt diameter as the dominant variables for ultimate moment capacity. This
ranking is consistent with the expected roles of tube-face deformation, end-plate bending,
and bolt tensile resistance in blind-bolted CFST joints. The model is valid within the geo-
metric and material ranges summarized in Table 1; outside these ranges, it should not be
used without additional experimental or numerical verification. The model can therefore
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support preliminary design and parametric screening, although final design still requires
code-based checks and engineering validation. Future work should expand the database to
include more cyclic tests and connection types, and should add uncertainty quantification
for prediction intervals.
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