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THE ARTIFICIAL INTELLIGENCE IN STEEL STRUCTURES:
METHODS, APPLICATIONS AND PERSPECTIVES ON JOINT BEHAVIOUR

Summary: Artificial intelligence (Al) is emerging as a powerful tool in structural engineering,
enabling data-driven alternatives to traditional analytical and numerical methods. In steel
structures, Al has been applied to design optimisation, structural health monitoring, and reliability
assessment; however, its application to modelling nonlinear joint behaviour remains limited. This
paper reviews Al methods in steel structures, outlining their purpose, capabilities, and current
challenges. Focus is given to steel joints, where accurate prediction of moment-rotation (M-0)
response is essential. A framework combining Genetic Algorithms (GA) for component
characterisation and Physics-Informed Neural Networks (PINNs) for surrogate modelling and
joint behaviour prediction is presented. The approach enables fast and physically consistent
prediction of full nonlinear joint behaviour, supporting advanced Al structural design.
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VESTACKA INTELIGENCIJA U CELICNIM KONSTRUKCIJAMA :
METODE, PRIMENE | PERSPEKTIVE U KARAKTERIZACIJI CELICNIH VEZA

Rezime: Vestacka inteligencija (VI) postaje mocan alat u gradevinskom inZenjerstvu,
omogucavajuci pristupe zasnovane na podacima kao alternativu tradicionalnim analitickim i
numerickim metodama. U oblasti ¢elicnih konstrukcija, VI se primenjuje za optimizaciju
projektovanja, pracenje stanja konstrukcija i procenu pouzdanosti; medutim, njena primena u
karakterizaciji nelinearnog ponasanja Celicnih veza i dalje je ograni¢ena. U ovom radu dat je
pregled metoda vestacke inteligencije u oblasti ¢eli¢nih konstrukcija, uz prikaz njihove namene,
mogucénosti 1 aktuelnih izazova. Poseban fokus stavljen je na Celi¢ne veze kod kojih je tacno
predvidanje moment—rotacija (M—6) odgovora od sustinskog znacaja. Predstavljen je okvir koji
kombinuje genetske algoritme (GA) za karakterizaciju komponenata i neuronske mreze vodene
fizickim zakonima (Physics-Informed Neural Networks — PINNS) za razvoj zamenskih modela i
predvidanje nelinearnog ponasanja veza. Ovakav pristup omoguéava brzo i fizi¢ki konzistentno
predvidanje kompletnog nelinearnog ponasanja veza, ¢ime se pruza podrSka naprednom
projektovanju ¢eli¢nih konstrukcija primenom vestacke inteligencije.

Kljucne redi: vestacka inteligencija, elicne konstrukcije, celi¢ne veze, genetski algoritmi,
neuronske mreze vodene fizickim zakonima, nelinearno ponasanje
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1. INTRODUCTION

Structural engineering has traditionally relied on analytical, numerical and experimental
methods to ensure the safety and efficiency of load-bearing systems. In recent years, artificial
intelligence (Al) and machine learning (ML) have emerged as data-driven complements to these
approaches, offering faster, more cost-effective predictions of complex nonlinear structural
behaviour, with rapid growth in ML applications reported across structural analysis and design,
health monitoring, reliability prediction, and material property estimation [1-3].

Within steel structures, AI/ML is particularly attractive given their strongly nonlinear
behaviour and the abundance of experimental and monitoring data, with applications ranging
from capacity prediction and failure-mode classification to constitutive modelling and structural
optimisation [1].

Analytical methods remain particularly limited in predicting the nonlinear moment-—rotation
(M-0) response of steel joints. The component method of EN 1993-1-8 [4] provides a rational,
widely used framework for joint stiffness and resistance, but is conservative and restricted to the
elastic range, offering little guidance on post-elastic response and reserve deformation capacity
[5,6]. Experimental testing and finite element (FE) modelling can capture this behaviour, but both
are costly and difficult to generalise across joint configurations, limiting their use in probabilistic
and reliability-based design [7,8].

This paper reviews the current state of Al applications in steel structures, with particular
attention to their use, or absence, in modelling nonlinear joint behaviour. Emphasis is placed on
the moment-rotation response of steel joints, where a combined Genetic Algorithm (GA) and
Physics-Informed Neural Network (PINN) framework, developed by the authors, predicts the full
nonlinear M—@ behaviour of welded beam-to-column joints.

2. ARTIFICIAL INTELLIGENCE METHODS

2.1. ARTIFICIAL INTELLIGENCE, MACHINE LEARNING AND DEEP
LEARNING

Artificial intelligence (Al) is broadly defined as the branch of computer science concerned
with developing systems that exhibit human-like intelligence, including perception, reasoning
and decision-making [1,9]. Within Al, three related subfields are particularly relevant to
engineering applications: pattern recognition (PR), machine learning (ML) and deep learning
(DL).

Pattern recognition classifies input data into predefined categories using feature vectors and
statistical decision rules, typically operating in a training mode, in which a classifier is calibrated
on labelled data, and a testing mode, in which new inputs are assigned to classes [1]. Machine
learning generalises this idea, encompassing algorithms that learn a function from input—output
examples (supervised learning) or discover structure in unlabelled data (unsupervised learning),
without being explicitly programmed [1,2]. Deep learning is a subset of ML that employs
artificial neural networks with many layers to automatically learn hierarchical features directly
from raw data, such as images or signals, and underlies many recent advances in structural health
monitoring and image-based inspection [10,11].

In supervised ML, two broad problem types are relevant to structural applications: regression
(continuous quantities such as resistance, stiffness or displacement) and classification (a discrete
label such as a failure mode or damage class) [1]. A typical ML workflow: data preparation,
model training and evaluation, is common to essentially all model families [2].



2.2. Al MODEL FAMILIES AND SELECTION CRITERIA

Several Al model families are used in structural engineering, each suited to particular data
types and problem structures (see Table 1). Artificial Neural Networks (ANN/MLP) are the most
widely used models for general regression problems, such as the prediction of structural
resistance, stiffness and constitutive behaviour [12,13]. Tree-based models (Random Forest,
XGBoost) are robust and computationally efficient for tabular data, commonly used for capacity
prediction and failure classification [14]. Support Vector Machines (SVM) and Gaussian Process
Regression (GPR) perform well with comparatively small datasets, with GPR additionally
providing uncertainty estimates [15]. Convolutional Neural Networks (CNN) are the standard
choice for image-based inspection and crack detection, while Recurrent Neural Networks
(RNN/LSTM) are suited to time-series problems such as vibration-based monitoring. Graph
Neural Networks (GNN) are increasingly applied to structural layout generation and topology
optimisation by naturally representing structural connectivity [16]. Finally, Physics-Informed
Neural Networks (PINNs) combine machine learning with governing physical equations or
engineering constraints, reducing reliance on large training datasets while improving physical
consistency and extrapolation capability [17,18]. Relevant selection criteria include the type and
quantity of available data, the required prediction accuracy, computational cost, interpretability,
and the availability of physical knowledge suitable for hybrid, physics-informed approaches.

Table 1: Comparison of common Al model families used in structural engineering
Model Family Typical Applications Main Advantage(s) Main Limitation(s)
- . - Requires relatively large
ANN / MLP StrucFura_lI response_predlctlon, Flex!ble, captures nonlinear datasets and hyperparameter
constitutive modelling relationships -
tuning
RE / XGBoost Capa_c!ty predlctlon, failure !—Ilgh accuracy, robust, L|m|tgq extrapolation
classification interpretable capability
SVM/ GPR Small datasets, regression and Good with limited data; Reduced scalability for very
classification uncertainty estimation (GPR) | large datasets
CNN Crack detection, image-based Excellent spatial feature Applicable mainly to image
inspection extraction data
Structural health monitoring, time- | Captures temporal Longer training time, higher
RNN/LSTM h s .
series prediction dependencies cost
GNN Structural Iayoqt ge_)neratlon, Naturally represeqts_ High architectural complexity
topology optimisation structural connectivity
. . Incorporates engineering -
Physics-based regression, . More complex training and
PINN constitutive modelling l;gr?::rl:idngig and physical loss-function design

3. APPLICATIONS OF Al IN STEEL STRUCTURES

3.1

DESIGN, OPTIMISATION AND CAPACITY PREDICTION

Al methods have been increasingly applied to structural design and optimisation. Malaga-
Chuquitaype [3] reviews ML frameworks for structural design, noting that ML algorithms can
explore multi-dimensional design spaces beyond human intuition, though fully automated end-
to-end design remains rare. Wang and Zhuang [19] similarly review nearly two hundred studies
applying ML to steel-concrete composite structures, reporting that neural networks and ensemble
methods have been used across beams, slabs and connectors for design optimisation and capacity
prediction; both reviews note that available datasets remain relatively small, requiring careful
validation.



At the component level, Alagundi and Palanisamy [20] developed an ANN model that predicts
the shear strength of exterior reinforced-concrete beam—column joints more accurately than code-
based empirical formulas. Horton and Hajirasouliha [21] applied deep neural networks to
reduced-beam-section steel moment connections, predicting the parameters of a hysteretic model
directly from connection geometry and material properties, enabling accurate reproduction of the
full cyclic moment—rotation response. In fatigue and welding applications, Bai and Xie [22]
combined fine-scale finite element stress analysis with machine learning to update fatigue-
damage accumulation in welded spherical joints in real time, while Mezher and Pereira [23]
compared several ML regressors for the tensile-shear strength of dissimilar resistance spot-
welded joints, finding that a multilayer perceptron achieved the highest accuracy (R* = 0.95).
Capacity prediction has also been demonstrated for cold-formed steel built-up columns [14] and
for corroded steel plates strengthened with adhesives and bolts [24]. These studies consistently
show that Al models can outperform code-based formulas for component-level resistance and
response parameters, provided that sufficiently representative training data are available.

3.2. STRUCTURAL HEALTH MONITORING AND DAMAGE DETECTION

Structural health monitoring (SHM) is one of the most mature Al applications in steel
structures, given the abundance of image and sensor data. Kompanets [25] evaluated an encoder—
decoder network for automatic crack segmentation on steel bridges, finding detection capability
comparable to manual inspection, though with a non-negligible false-positive rate. Jia et al. [26]
fine-tuned a DeeplLabv3+ network for fatigue-crack detection in steel box-girder bridges,
improving the mean Intersection-over-Union from 0.618 to 0.724, while Tseng and Kalaycioglu
[27] integrated a MobileNetV2 network into an inspection robot, achieving about 85% precision
across six defect categories.

In a review of 337 studies, Jia and Li [28] report that vibration signals and images account for
roughly 80% of SHM data sources, with CNNs the dominant algorithm (about 60% of works)
and crack detection the most common problem. Vision-based techniques have also diagnosed
bolt-loosening without deep networks [29]. Collectively, these studies confirm Al-based
inspection can match or exceed manual performance, although field reliability and false positives
remain open challenges.

3.3. RELIABILITY ASSESSMENT AND MATERIAL MODELLING

Al has also supported reliability assessment and material characterisation. Guo et al. [30]
trained neural networks and ensemble regressors to estimate collapse resistance and progressive-
collapse probability of steel frame—composite floor systems, using interpretable models to
identify governing parameters and providing a fast surrogate for expensive FE analyses. Guo and
Yang [31] review supervised methods (MLPs, CNNs, RNNs) for predicting elasticity, strength
and fracture behaviour from microstructural data, and generative approaches for exploring novel
material designs, highlighting graph neural networks and reinforcement learning as emerging
tools. Gaussian Process Regression has similarly been applied to constitutive modelling of
stainless steel under varying strain rate and temperature [15]. A recent fatigue-life survey [32]
finds random-forest and hybrid ensemble models most frequently used, with steel the most
common material studied.

Taken together, these applications show Al is a mature, validated tool for steel design,
monitoring and reliability assessment. However, most studies address global structural response,
damage classification, or isolated scalar quantities. Direct prediction of the full nonlinear
moment-rotation response of steel joints, arguably the most important source of nonlinearity
governing frame behaviour, remains comparatively underexplored, as discussed next.



4. Al FOR STEEL JOINT BEHAVIOUR

4.1. RESEARCH GAP

A small number of studies have applied Al specifically to the moment-rotation behaviour of
steel joints, but each addresses only a narrow aspect of the problem. Kueh [33] trained an ANN
on connection test data and regressed its output via multivariate linear regression to obtain closed-
form expressions for the initial rotational stiffness of flush end-plate connections. Tran [34]
combined finite element analysis with ANNSs to predict the ultimate moment capacity and bilinear
shape parameters of flush end-plate joints at elevated temperature. Sarothi et al. [35] used
Random Forest regression to predict the bearing strength of double-shear bolted connections (R?
= 0.88), outperforming code-based formulas, while Jiang et al. [36] trained eight ML algorithms
to predict the failure load and failure mode of high-strength steel bolted connections, achieving
over 97% classification accuracy compared with 68-85% for design-code predictions. Rabbani
et al. [37] compared an ANN and a multi-gene genetic programming (MGGP) model for the M—
6 response of semi-rigid connections, finding that the symbolic MGGP model generalised better
than the ANN.

These studies demonstrate that Al can capture specific aspects of joint performance (stiffness,
strength, or failure mode) with high accuracy, but each targets a narrow joint typology or a single
scalar output. No framework has yet been proposed that predicts the complete nonlinear M—0
curve, together with its underlying component-level behaviour, for a general class of joint
configurations. Addressing this gap requires (i) a physically consistent, computationally efficient
method to characterise the nonlinear force—deformation (F—d) behaviour of the governing joint
components, and (ii) a surrogate model capable of reconstructing the full-range M- response
from these component-level relationships while remaining consistent with mechanical principles.
The following subsections present such a framework, developed by the authors for one-sided
welded beam-to-column joints, combining GA-based component characterisation with PINN
surrogate modelling [38,39].

4.2. GA-BASED COMPONENT CHARACTERISATION

In one-sided welded beam-to-column joints, the global M—6 response is governed by the
interaction of three components: the column web in shear (CWS), in compression (CWC) and in
tension (CWT) (Fig. 1a). Each component is represented by a nonlinear force—deformation (F—
d) relationship, idealised through proposed four characteristic points, P1-P4 [38], covering the
initial elastic stiffness through to the ultimate deformation capacity (Fig. 1b) [4,6,40]. While EN
1993-1-8 [4] provides analytical expressions for the first two points, the elastic stiffness kin and
the resistance Fren, the nonlinear branch beyond yielding (P3, P4) is not codified and must be
calibrated against experimental or numerical data. Here, ke; and Fp, correspond to these two
values, while the remaining values (Fp1, kp2, Fps, kps, Fp4, Kps) are obtained from them as detailed
in Table 1 of [38].

The Genetic Algorithm (GA) is a stochastic, population-based optimisation method inspired
by natural selection [41,42], well suited to problems such as multi-point curve calibration, where
the fitness landscape is non-convex and difficult to differentiate analytically.

In [38], a GA was developed and applied to 20 one-sided welded beam-to-column joints
selected from the SERICON 11 database [43], tested by Klein and Braun and previously identified
as the most complete test records using an established evaluation framework [44]. Each GA
individual encodes 24 genes, eight resistance/stiffness parameters per component, initialised
within physically meaningful bounds around the EN 1993-1-8 [4] reference values. Candidate
solutions are evaluated using a Python-based nonlinear component model (NLCM), which
reconstructs the full M-8 response from the F—d curves of the three components; the fitness
function is the coefficient of determination (R?) between the predicted and experimental M—6



curves of the three components. Tournament selection, blend crossover (BLX-¢) and bounded
Gaussian mutation with an annealed step size are used to evolve the population, with multiple
early-stopping criteria to limit computational cost [38].
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Figure 1: Component method for a one-sided welded beam-to-column joint:
a) mechanical spring model; b) F—d component characterisation with four characteristic
points (adopted from [38])

Benchmarked against the 20 experimental joint configurations with failure component CWS
according to EN 1993-1-8 [4], the GA-calibrated M—6 curves achieved R2 values above 0.98 at
the joint level, with the component-level shear and connection responses also closely matching
the experimental trends [38]. Across all configurations, the GA consistently identified statistical
admissible ranges, rather than single values, of stiffness and resistance for each F—d point. The
ranges subsequently adopted as physics-based constraints for the surrogate model of Section 4.3
are summarised in Table 2 [38]. These ranges are physically meaningful: the first two points
remain close to the EN 1993-1-8 [4] reference values, while larger deviations are observed for
the post-limit points P3 and P4, reflecting the greater uncertainty in the nonlinear range. Because
they define a continuous, experimentally validated domain rather than a discrete set of samples,
these ranges provide a natural basis for physics-based constraints in a machine-learning surrogate
model, as described next.

Table 2: Statistical descriptors of calibrated normalised component parameters
(% values relative to EN 1993-1-8 [4] kin and Fren) [38]

_ cws cwT cwc

Point F [%] k [%] F [%] k [%] F [%] k [%]
Pica 60 -90 60 — 140 55-75 30 - 140 80 -98 50 - 150
Paca 90 - 120 13-50 80110 6-30 85-115 6 — 65
Psca 120 - 165 2-6 115 - 150 04-4 120 - 145 15-65
Pica 165 — 240 06-1.2 185 - 220 04-1 185 - 220 0.6-2

4.3. PINN SURROGATE MODELLING

Building on the GA-derived component characterisation, a Physics-Informed Neural Network
(PINN) was developed [39] to act as a fast surrogate for the full nonlinear M—6 response,
extending the earlier PINN formulation of Ljubinkovi¢ et al. [45], in which only the analytically
derived initial-stiffness expressions of EN 1993-1-8 [4] were embedded. Rather than predicting
only global scalar quantities (initial stiffness or resistance) the present formulation reconstructs
the complete F—d behaviour of the CWS, CWC and CWT components, from which the joint-
level M- response is subsequently derived, ensuring a physically consistent, component-based
representation of the global behaviour [39].



The PINN maps a 19-parameter input vector describing joint geometry, material properties,
weld size and the EN 1993-1-8 [4] reference values of component stiffness and resistance, to 24
output quantities, corresponding to the four force values and four stiffness values defining the F—
d curve of each of the three components. The network follows a fully connected feed-forward
architecture with four hidden layers of 128 neurons, Sigmoid Linear Unit (SiLU) activation, and
a linear output layer, trained using the Adam optimiser with an initial learning rate of 11073, a
batch size of 16, and 1200 training epochs [39].

Physical knowledge is embedded through a composite loss function [17,39]:

L = Lgata + /lphys‘Lphys (l)

combining a standard mean-squared-error data term Lgaw, With a physics-based penalty Lphys,
that penalises predictions falling outside the admissible GA-derived ranges of Table 2, weighted
by a coefficient Apnys = 0.5 [39].

4.4. RESULTS

The PINN was trained on a dataset of 20 one-sided welded beam-to-column joints, 19 used
for training, one held out for testing and evaluated using a leave-one-out strategy, so that every
joint configuration was assessed independently as an unseen test case [39]. Across all
configurations, the coefficient of determination R2 consistently exceeded 0.97 for the M—-6
response at the global joint level, with slightly lower but still robust correlation at the component
level, reflecting the greater sensitivity of individual component responses in the nonlinear, post-
limit range [39].

Representative comparisons for three joint configurations (105_14 (HEB180 column, IPE360
beam), 105_18 (HEB240 column, IPE450 beam) and 105_11 (HEB140 column, IPE300 beam))
show close agreement between the PINN-predicted and experimental M—6 curves throughout the
loading history, capturing the initial stiffness, the progressive stiffness degradation, and the post-
limit evolution up to large rotations, with only minor deviations at higher rotation levels that do
not affect the overall stiffness or ultimate moment capacity (see Figures 5-8 in [39]). As an
example, Fig. 2 compares the predicted and experimental M—é response for joint 105_14 showing
a close match in both the linear and nonlinear ranges; see [39] for further details.
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Figure 2: Comparison of experimental and PINN-predicted M- curves for joint 105_14:
a) global (joint) level; b) component (connection and shear) level (adopted from [39])

5. CONCLUDING REMARKS

This paper reviewed the current state of Al applications in steel structures, from general model
families and selection criteria to specific applications in design optimisation, structural health
monitoring, and reliability and material modelling. Al methods, particularly ANN/MLP, tree-
based models, CNNs and, increasingly, physics-informed approaches, have demonstrated the



ability to match or exceed traditional empirical and code-based methods, given sufficiently
representative data.

However, Al applications targeting the nonlinear moment-rotation behaviour of steel joints
remain limited to narrow joint typologies and isolated scalar outputs; no general framework was
previously available to reconstruct the complete nonlinear M—0 response together with its
component-level behaviour.

The GA-PINN framework presented in Section 4 addresses this gap for one-sided welded
beam-to-column joints. GA-based calibration of multi-point F—d curves provides physically
validated admissible ranges for the governing components (CWS, CWC, CWT), embedded as
physics-based constraints in a PINN surrogate model. Across 20 welded joint configurations
evaluated in a leave-one-out validation, the framework achieved R? values consistently above
0.97 at the joint level, reproducing both initial stiffness and post-limit evolution with good
component-level accuracy [38].

Some limitations remain: the training dataset is relatively limited (20 joint configurations),
which may restrict generalisation to other joint types, and surrogate accuracy is bound by the
quality of the GA-derived parameter ranges [39]. Future work will expand the dataset using
experimentally calibrated FE simulations within the same GA-PINN framework, and extend the
methodology to additional joint typologies (two-sided, interior/exterior, bolted and mixed),
consistent with EN 1993-1-14 [7,39].

ACKNOWLEDGEMENTS

This work was supported by the Innovation Pact “R2UTechnologies | Modular Systems”
(C644876810-00000019), by the “R2UTechnologies” Consortium, co-financed by
NextGenerationEU through the “Agendas for Business Innovation” investment of the Portuguese
Recovery and Resilience Plan (PRR).

REFERENCES
[1] Salehi, H.; Burguefio, R. Emerging artificial intelligence methods in structural engineering.
Engineering Structures, 171, 170-189, 2018. DOI: 10.1016/j.engstruct.2018.05.084.

[2] Thai, H.-T. Machine learning for structural engineering: A state-of-the-art review. Structures,
38, 448-491, 2022. DOI: 10.1016/j.istruc.2022.02.003.

[3] Malaga-Chuquitaype, C. Machine learning in structural design: an opinionated review.
Frontiers in Built Environment, 8, 815717, 2022. DOI: 10.3389/fbuil.2022.815717.

[4] CEN. EN 1993-1-8: Eurocode 3 — Design of steel structures — Part 1-8: Design of joints.
Brussels: European Committee for Standardization, 2005.

[5] Simdes da Silva, L.; Girdo Coelho, A.M.; Lucena Neto, E. Equivalent post-buckling models
for the flexural behaviour of steel connections. Computers & Structures, 1-12, 2000.

[6] SimBes da Silva, L.; Santiago, A.; Vila Real, P. Post-limit stiffness and ductility of end-plate
beam-to-column steel joints. Computers & Structures, 80(5-6), 515-531, 2002. DOI:
10.1016/S0045-7949(02)00014-7.

[7] CEN. prEN 1993-1-14: Eurocode 3 — Design of steel structures — Part 1-14: Design assisted
by finite element analysis. Brussels: European Committee for Standardization, 2022.

[8] CEN. EN 1990: Eurocode — Basis of structural design. Brussels: European Committee for
Standardization, 2002.

[9] Bishop, C.M. Pattern Recognition and Machine Learning. Springer, New York, 2006.
[10] Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning. MIT Press, Cambridge, MA, 2016.

[11] LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature, 521(7553), 436444, 2015. DOI:
10.1038/nature14539.



[12] Fuhg, J.N.; Anantha Padmanabha, G.; Bouklas, N.; Bahmani, B.; Sun, W.; Vlassis, N.N.;
Flaschel, M.; Carrara, P.; De Lorenzis, L. A Review on Data-Driven Constitutive Laws for
Solids. Archives of Computational Methods in Engineering, 32(3), 1841-1883, 2025. DOI:
10.1007/s11831-024-10196-2.

[13] Dornheim, J.; Morand, L.; Nallani, H.J.; Helm, D. Neural Networks for Constitutive
Modeling: From Universal Function Approximators to Advanced Models and the Integration
of Physics. Archives of Computational Methods in Engineering, 31(2), 1097-1127, 2024.
DOI: 10.1007/s11831-023-10009-y.

[14] Aloko, M.N.; De Risi, R.; De Luca, F. Capacity prediction and failure mode classification
of cold-formed steel built-up columns using machine learning methods. Thin-Walled
Structures, 210, 112873, 2025. DOI: 10.1016/j.tws.2024.112873.

[15] Barbagallo, R.; Lo Sciuto, G.; Mirone, G. Gaussian Process Regression for Constitutive
Modeling of Austenitic Stainless Steel Under Various Strain Rates and Temperatures. Journal
of Dynamic Behavior of Materials, 12, 215-226, 2026. DOI: 10.1007/s40870-025-00493-7.

[16] Zhao, P.; Liao, W.; Huang, Y.; Lu, X. Beam layout design of shear wall structures based on
graph neural networks. Automation in Construction, 158, 105223, 2024. DOI:
10.1016/j.autcon.2023.105223.

[17] Raissi, M.; Perdikaris, P.; Karniadakis, G.E. Physics-informed neural networks: A deep
learning framework for solving forward and inverse problems involving nonlinear partial
differential equations. Journal of Computational Physics, 378, 686-707, 2019. DOI:
10.1016/j.jcp.2018.10.045.

[18] Wang, S.; Teng, Y.; Perdikaris, P. Understanding and mitigating gradient flow pathologies
in physics-informed neural networks. SIAM Journal on Scientific Computing, 43(5), A3055—
A3081, 2021. DOI: 10.1137/20M1318043.

[19] Wang, X.; Zhuang, B.; Smyl, D.; Zhou, H.; Naser, M.Z. Machine learning for design,
optimization and assessment of steel-concrete composite structures: A review. Engineering
Structures, 329, 119652, 2025. DOI: 10.1016/j.engstruct.2025.119652.

[20] Alagundi, S.; Palanisamy, T. Neural network prediction of joint shear strength of exterior
beam-column joint. Structures, 37, 1002-1018, 2022. DOI: 10.1016/j.istruc.2022.01.013.

[21] Horton, T.A.; Hajirasouliha, I.; Davison, B.; Ozdemir, Z. Accurate prediction of cyclic
hysteresis behaviour of RBS connections using Deep Learning Neural Networks. Engineering
Structures, 247, 113156, 2021. DOI: 10.1016/j.engstruct.2021.113156.

[22] Bai, Y.; Xie, C.; Zhou, X. Al-based macro model learning for high cycle fatigue assessment
of welded joints in large-span steel structures. International Journal of Fatigue, 184, 108321,
2024.

[23] Mezher, M.T.; Pereira, A.; Shakir, R.A.; Trzepiecinski, T. Application of machine learning
and neural network models based on experimental evaluation of dissimilar resistance spot-
welded joints between grade 2 titanium alloy and AISI 304 stainless steel. Heliyon, 10(24),
€40898, 2024. DOI: 10.1016/j.heliyon.2024.e40898.

[24] Zhou, X.; Li, M.; Li, Q.; Sun, G.; Liu, W. Load Capacity Prediction of Corroded Steel Plates
Reinforced with Adhesive and High-Strength Bolts Using a Particle Swarm Optimization
Machine Learning Model. Buildings, 14(8), 2351, 2024. DOI: 10.3390/buildings14082351.

[25] Kompanets, A.; Leonetti, D.; Duits, R.; Maljaars, J.; Snijder, H.H. Probability of detection
curve for the automatic visual inspection of steel bridges. ce/papers, 6(3-4), 814-824, 2023.
DOI: 10.1002/cepa.2585.

[26] Jia, X.; Wang, Y.; Wang, Z. Fatigue Crack Detection Based on Semantic Segmentation
Using DeepLabV3+ for Steel Girder Bridges. Applied Sciences, 14(18), 8132, 2024. DOI:
10.3390/app14188132.



[27] Tseng, A.; Kalaycioglu, S. Intelligent Magnetic Inspection Robot for Enhanced Structural
Health Monitoring of Ferromagnetic Infrastructure. arXiv preprint arXiv:2411.02651, 2024.

[28] Jia, J.; Li, Y. Deep Learning for Structural Health Monitoring: Data, Algorithms,
Applications, Challenges, and Trends. Sensors, 23(21), 8824, 2023. DOI:
10.3390/s23218824.

[29] Luo, J.; Li, K.; Xie, C.; Yan, Z.; Li, F.; Jia, X.; Wang, Y. A novel anti-loosening bolt
looseness diagnosis of bolt connections using a vision-based technique. Scientific Reports,
14, 11441, 2024. DOI: 10.1038/s41598-024-62560-8.

[30] Guo, Y.; Yang, B.; Algawzai, S.; Chen, K.; Kong, D. Machine learning-based and
interpretable models for predicting the resistance and probability of progressive collapse of
steel frame-composite floor structures. Engineering Structures, 332, 120089, 2025. DOI:
10.1016/j.engstruct.2025.120089.

[31] Guo, K.; Yang, Z.; Yu, C.-H.; Buehler, M.J. Artificial intelligence and machine learning in
design of mechanical materials. Materials Horizons, 8(4), 1153-1172, 2021. DOI:
10.1039/DOMHO01451F.

[32] Gbagba, S.; Maccioni, L.; Concli, F. Advances in Machine Learning Techniques Used in
Fatigue Life Prediction of Welded Structures. Applied Sciences, 14(1), 398, 2024. DOI:
10.3390/app14010398.

[33] Kueh, A.B.H. Artificial neural network and regressed beam-column connection explicit
mathematical moment-rotation expressions. Journal of Building Engineering, 43, 103195,
2021. DOI: 10.1016/j.jobe.2021.103195.

[34] Tran, V.-L. Investigating the Behavior of Steel Flush Endplate Connections at Elevated
Temperatures Using FEM and ANN. International Journal of Steel Structures, 22(5), 1433-
1451, 2022. DOI: 10.1007/s13296-022-00650-X.

[35] Sarothi, S.Z.; Ahmed, K.S.; Khan, N.1.; Ahmed, A.; Nehdi, M.L. Predicting bearing capacity
of double shear bolted connections using machine learning. Engineering Structures, 251,
113497, 2022. DOI: 10.1016/j.engstruct.2021.113497.

[36] Jiang, K.; Liang, Y.; Zhao, O. Machine-learning-based design of high strength steel bolted
connections. Thin-Walled Structures, 179, 109575, 2022. DOI: 10.1016/j.tws.2022.109575.

[37] Rabbani, A.; Ghiami Azad, A.R.; Rahami, H. Enhancing prediction of the moment-rotation
behavior in flush end plate connections using Multi-Gene Genetic Programming (MGGP).
Structural Engineering and Mechanics, 91(6), 2024.

[38] Milicevi¢, A.; Ljubinkovi¢, F.; Santos, A.F.; Simdes da Silva, L. Genetic algorithm
optimisation of welded joint components for moment-rotation response and PINN-driven
surrogate modelling. Proceedings of the XV Congresso de Construgdo Metalica e Mista
(XVCMM), Porto, Portugal, 2025.

[39] Milic¢evi¢, A.; Ljubinkovi¢, F.; Santos, A.F.; Simdes da Silva, L. Al-driven optimization and
surrogate modelling framework for predicting steel joint behaviour. ce/papers, Eurosteel
2026, Krakéw, Poland, in press.

[40] Jaspart, J.-P.; Weynand, K. Design of Joints in Steel and Composite Structures. Brussels:
ECCS; Berlin: Ernst & Sohn, 2016.

[41] Eiben, A.E.; Smith, J.E. Introduction to Evolutionary Computing. Springer-Verlag,
Berlin/Heidelberg, 2003.

[42] Darwin, C. The Origin of Species. New York: P.F. Collier & Son, 1909.

[43] Cruz, P.J.S.; Simdes da Silva, L.; Rodrigues, D.S.; Simdes, R. Database for the semi-rigid
behaviour of beam-to-column connections in seismic regions (SERICON II). Journal of



Constructional Steel Research, 46(1-3), 233-234, 1998. DOIl: 10.1016/S0143-
974X(98)80038-X.

[44] Bonina de Mesquita, A.C. Caracterizagdo e Sistematizacdo do Comportamento Experimental
de LigagBes Metalicas e Mistas. MSc Dissertation, Universidade de Coimbra, Portugal, 2002.

[45] Ljubinkovi¢, F.; Carvalho, A.; Conde, J.; Simdes da Silva, L. Reliability assessment of
welded beam-to-column joints using physics-informed neural networks. ce/papers, 8(6), 2025
(SDSS 2025 - Stability and Ductility of Steel Structures, Barcelona, Spain). DOI:
10.1002/cepa.70083.



