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Abstract

In the modern world where the populations are increasing along with the built environment, the
importance of seismic evaluation becomes more crucial in achieving safety and sustainability.
The recent seismic activity in Turkey has brought the risk of earthquakes back into public con-
sciousness, especially due to the extreme fatality rates. Typically, finite element analysis would
be used to evaluate structures on a case-to-case basis. This procedure is usually time-consuming
where the civil engineer is required to have a specific set of skills and know-how so as to obtain
realistic and error-free results through a pushover analysis. One possible solution is to replace
the tedious process of performing a pushover analysis through the use of a predictive machine
learning-generated model. For the needs of this research work, 1248 reinforced concrete build-
ings were developed using such an approach. Each structure was unique in geometry, covering
different footprint areas, and took into account the presence of different configurations of shear
walls, material properties, and reinforcement ratios. Each base structure was analyzed around
20,000 times for different combinations of material properties and reinforcement detailing. The
analyses were performed on LUMI supercomputer where the P-6 curves were recorded and
stored in a relevant dataset that contains more than 21 million analysis results. This research
work presents the method through which this large dataset was developed and discusses the
future objectives of this research work.
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1 INTRODUCTION

The development of P-6 curves through pushover analysis is a fundamental approach for
assessing the seismic vulnerability of reinforced concrete (RC) buildings. Pushover analysis
provides a computationally efficient method for evaluating structural performance under in-
creasing lateral loads, allowing for a detailed understanding of nonlinear behavior and failure
mechanisms. By incrementally applying horizontal forces to a numerical model of a structure,
pushover analysis enables the derivation of P-d curves, which illustrate the relationship between
lateral displacement and base shear. These curves serve as a critical tool for identifying struc-
tural weaknesses and estimating the progression of damage under seismic excitation. According
to Eurocode 8 [1], the evaluation of structural stability under seismic loading is crucial, as ex-
cessive lateral displacements can compromise the overall integrity of a building.

The accuracy of P-6 curves depends on several parameters, including material properties,
geometric configurations, and boundary conditions. However, comprehensive studies on the
influence of these factors in RC buildings remain limited due to the significant computational
effort required to model various structural typologies [2-6]. The challenge lies in developing an
efficient method capable of predicting reliable P-6 curves across a wide range of building con-
figurations. Additionally, generating models for hundreds or thousands of structures presents
difficulties in generalizing results for different RC building types. Addressing these challenges
is essential for enhancing seismic risk assessment methodologies and improving the resilience
of RC buildings against earthquakes, in line with the performance-based principles outlined in
Eurocode 8.

The rapid expansion of machine learning (ML) applications in civil engineering has enabled
researchers to solve complex problems and gain deeper insights into the significance of various
parameters that were previously overlooked [7—13]. However, a fundamental limitation of most
predictive ML models is their reliance on interpolation, meaning they can only generate accu-
rate predictions within the range of the input parameters they were trained on. While extrapo-
lation is theoretically possible, it often leads to significant inaccuracies due to the lack of
representative training data.

A well-known example is the dataset developed by Asteris [14], which examines the funda-
mental period of infilled reinforced concrete (RC) structures based on 4,026 cases, considering
variations in five key input parameters: building height, opening percentage, span length, num-
ber of spans, and masonry wall stiffness. The main challenge with predictive models trained on
this dataset [15, 16] is that their validity is restricted to structures with identical material prop-
erties and cross-sectional dimensions as those in the original dataset. Any deviation in these
properties alters the mass or stiffness of the structure, directly affecting its fundamental period
of vibration, which is highly sensitive to these parameters. This constraint highlights the chal-
lenge of developing ML models that can generalize across a broader range of structural config-
urations while maintaining predictive accuracy.

Therefore, developing a large dataset is beneficial in allowing the generalization of several
building types and seismic demands. To this end, this research paper aims to develop a large
dataset with more than 21 million analyses of the P-6 curves that cover different materials,
mechanicals, and geometric characteristics of RC structures ranging from low-rise to high-rise
buildings using the LUMI supercomputer. For this purpose, a pushover analysis is conducted
first on the 1248 RC buildings modeled using Reconan FEA software [17].

Developing a large dataset is crucial for enabling the generalization of various building types
and seismic demands. In this context, the objective of this research is to generate an extensive
dataset comprising more than 21 million analyses of P-0 curves, encompassing a wide range of
material properties, mechanical characteristics, and geometric configurations of RC structures.
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The dataset covers structures from low-rise to high-rise buildings, utilizing the computational
power of the LUMI supercomputer.

To achieve this, pushover analyses are first performed on 1,248 RC buildings modeled using
Reconan FEA software [17]. These analyses serve as the foundation for constructing a compre-
hensive dataset that captures the nonlinear behavior of RC structures under seismic loading,
ultimately enhancing the predictive capabilities of ML-based seismic vulnerability assessment
models.

The motivation for integrating ML-based predictive modeling stems from the limitations of
empirical formulas and physics-based simulations in handling large-scale structural datasets.
While traditional FEA methods provide accurate results, they are computationally expensive
and difficult to generalize across diverse structural configurations.

In this study, the dataset generated using HPC-driven simulations will be leveraged to train
ML models capable of predicting P-6 curves based on input features such as material properties,
geometry, and reinforcement ratios. The choice of ML algorithms will be guided by:

» Robustness in handling high-dimensional input features (e.g., Gradient Boosting,
Deep Neural Networks)

» Computational efficiency for real-time predictions

» Ability to generalize across diverse RC structural types

Future work will compare multiple ML models to determine the most accurate and compu-
tationally efficient predictive framework.

2 NUMERICAL CAMPAIGN AND USE OF HPC

For the creation of the base dataset used to generate over 21 million analysis results, various
structural types were modeled using Reconan FEA [17]. This software utilizes the Natural
Beam-Column Flexibility-Based finite element [19], which reduces computational demands,
and derives high numerical accuracy when modeling RC structures. A total of 1,248 RC build-
ings were modeled following the guidelines of Eurocode 2 and 8 [1,18].

Concrete compressive strength 60 MPa

Elastic modulus of concrete 44 GPa

Steel ultimate tensile strength 600 MPa
Elastic modulus of steel 210 GPa

Beams dimensions 025mx0.55m
Columns dimensions 0.35mx0.35m
Longitudinal reinforcement ratio of the beam, columns, and SW 4%

Shear reinforcement ratio of the beams, columns, and SW 2%

Poisson ratio of concrete 0.2

Poisson ratio of steel 0.3

Table 1: Maximum mechanical and geometrical characteristics of each of the base RC buildings

The dataset aims to be used for training predictive models that will be able to compute the
P-6 curves of RC buildings by considering the variability across structural and material input
parameters. These include average floor height, which is set at 2.5 m for buildings with 1, 6,
and 12 stories, as well as building heights of 2.5, 15, and 30 m for the 1, 5, and 8-storey con-
figurations. Additionally, building widths and lengths are modeled with values of 3, 6, 8, 24,
and 48 m, with bay lengths of 3, 6, and 8 m, resulting in 1, 3, 4, 6, and 8 bays. This research
work also examines four different shear wall (SW) percentages: 0%, 50%, 75%, and 100%. The
75% SW configuration is only considered for buildings with an average floor height of 3 m,
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with 1, 5, and 10 storeys, and building heights of 3, 15, and 30 m. The maximum mechanical
and geometric characteristics of the 1,248 structures were outlined in Table 1 and were used to
determine the maximum P-6 curve response from each base building model.

The determination of SW cross-sections was based on the specified SW percentage, except
for the 100% configuration, where the dimensions of all SW sections were defined to be equal
to 0.6 m x 3 m. Fig. 1 illustrates the geometry of the RC building models developed for the
needs of this research work for four different SW percentages.

To predict the P-4 curves, it is necessary to determine the maximum lateral load that the
structures can withstand before reaching their ultimate capacity or collapse, as well as the max-
imum roof displacement under these lateral loading conditions. These values are obtained
through nonlinear static pushover analysis, conducted using Reconan FEA [17], for the cases
where the buildings assume maximum material and reinforcement ratios.

Figure 1: Different geometry of RC buildings with percentages of SW: 0%, 50%, 75%, and 100%

It is important to note here that all RC buildings were assumed to be fixed at their bases and
that the plan view did not foresee any asymmetries. In addition to that, the seismic loads were
distributed according to the seismic load distribution that is described by Eurocode 8 [1]. Fur-
thermore, the slabs were modeled as diaphragms through the use of rigid elements.

2.1 The use of LUMI HPC in performing the analyses

The utilization of High-Performance Computing (HPC) resources was integral to the success
of this research project, enabling the efficient execution of extensive Finite Element Analysis
(FEA) simulations. The LUMI-C supercomputer was employed to handle the computational
demands of analyzing 1,240 base structural models, each subjected to an average of 20,000
different configurations.

The workflow was designed to maximize computational efficiency while adhering to system
constraints. For each of the 1,240 base models, a job was queued on the HPC system. Each job
was responsible for the random sampling of the 20,000 configurations, which involved varying
material properties and structural configurations to capture a wide range of potential seismic
responses.

To manage this substantial computational task, each job was allocated 256 CPUs. These
CPUs acted as individual workers, with each CPU dedicated to running the FEA software on
one of the 20,000 configurations. This parallel processing approach significantly reduced the
time required to complete the simulations, as multiple configurations could be analyzed simul-
taneously.

However, the number of jobs scheduled to run concurrently was limited to 70 base models
in parallel. This limitation was imposed due to a file limit of 2 million files on the resource node
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at any given time. By restricting the number of simultaneous jobs, the process was able to run
efficiently without exceeding this file limit that is set by default on the LUMI supercomputer.
Additionally, this approach ensured that unnecessary files were cleared upon completion of
each job, maintaining system performance and resource availability.

Once the FEA simulations were completed for a given configuration, the output data were
retrieved and stored for further analysis. This data included detailed information on the P-9
curves, which were subsequently compiled into one of the largest datasets of its kind found
currently in the international literature. In addition to the variation of the input features de-
scribed in the previous section, this generated dataset includes the variation of 7 more input
parameters, which are described in Table 2. The workflow per job as described herein is out-
lined in Figure 2.

It must be stated at this point that during the LUMI analysis some models were computa-
tionally demanding while others were able to run significantly faster, leading to time constraints.
This had as a result a limited number of analyses performed for the case of some large RC
models.

Concrete compressive strength 20, 40, 60 MPa
Elastic modulus of concrete 20, 36, 44 GPa
Steel ultimate tensile strength 400, 500, 600 MPa
Elastic modulus of steel 190, 200, 210 GPa
Longitudinal reinforcement ratio of the beam (%) 0.13,2,4
Longitudinal reinforcement ratio of the columns and SW 02,2,4

Shear reinforcement ratio of the beam, columns, SW 02,2,4

Table 2: Characteristics of the developed dataset

1 Base
Model

,_f 300 000 f Random . .
Configurations Sampiing »{ 20000 FEM's

Queue with 256 CPU workers:

Reconfiguration

Per Worker/FEM:

EEM FEA P-5 56 Workers
ReConAn Result Queue

Results in Text File <
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Job-Zip File
20 000 P-0 Results

Y

Figure 2: HPC workflow, per scheduled job
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2.2 Programming and Results

The project’s computational workflow was meticulously designed and implemented using a
combination of scheduling batch scripts and Python processing scripts to ensure efficient exe-
cution of large-scale simulations. These scripts were responsible for orchestrating the submis-
sion, execution, and post-processing of numerous computational tasks in an HPC environment.

To effectively distribute and manage the computational workload, the SLURM job scheduler
was employed. SLURM was used to schedule, queue, and allocate resources for each job, en-
suring optimal utilization of the available computing infrastructure. Each job submission re-
quired the specification of CPU cores, memory allocation, wall-time limits, and dependency
constraints to prevent resource conflicts and maximize throughput.

Each computational job involved the execution of processing scripts written in Python,
which were responsible for running FEA simulations on RC models. These processing scripts
were designed to dynamically load input parameters, execute simulations, and store results in
structured output files.

Given the large scale of the study, it was essential to run multiple jobs simultaneously to
reduce the overall computational time. The scheduling strategy was configured to execute 70
jobs in parallel, with each job focusing on analyzing a single RC model. This parallelization
was crucial in handling the vast number of simulations efficiently. However, the choice of 70
concurrent jobs was not arbitrary; it was imposed due to a file limit restriction on the resource
nodes. This limitation ensured that the system remained stable and prevented excessive file
generation that could disrupt ongoing processes.

Over the course of the study, 21 million individual analyses were completed, consuming a
total of 380,000 CPU hours. These CPU hours were distributed across multiple HPC nodes,
allowing for efficient execution of computations in parallel. It is important to note that not all
allocated CPU hours were dedicated to actual result generation. A small portion was used for
testing, debugging, and refining the workflow to ensure the accuracy and efficiency of the sim-
ulations.

Once the workflow was fully optimized and operational, the total real-time execution re-
quired approximately 60 days to complete. This two-month computational period reflects the
extensive nature of the simulations and the vast dataset generated. Upon completion of the sim-
ulations, the total size of the output files amounted to 36 GB. The output files consisted of P-6
curve data, which were systematically structured to facilitate post-processing and ML model
training. Given the large volume of data generated, efficient data management strategies were
employed to ensure smooth retrieval and analysis of results. It is also important to note that the
developed software was able to use Reconan FEA and solve on average 1800 — 4000 models
per minute depending on the size of the model.

This computational framework provided a scalable, automated, and optimized approach to
handling a large dataset of RC simulations, paving the way for further advancements in predic-
tive modeling and structural engineering research.

3 CURRENT AND FUTURE RESEARCH WORK

After the successful performance of the nonlinear pushover analyses, the output data were
gathered in a single folder where they are currently being processed. This research work fore-
sees the extraction of all P-o curves according to the numerically generated output files through
the use of Reconan FEA and LUMI. The final dataset will be stored in an Excel sheet through
which the authors will be able to train ML algorithms for the development of predictive models
that will be able to compute the P-d curves of RC buildings.
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Therefore, the main objective of future research work is to use the generated dataset to de-
velop ML-generated predictive models that are going to be able to provide the Civil Engineer-
ing community with the P-6 curve of RC buildings without the need to develop FEA models,
which is a tedious and time-consuming process. The predictive models will be able to provide
any engineer with the P-d curve of RC buildings within milliseconds given that the engineer
will provide the required input features of their RC building.

In addition to the above, this research work aims to numerically investigate the dataset and
provide insights on the correlation between the overall mechanical response of RC buildings
and the different input features that relate to the material properties of the frame, the geometry,
and the reinforcement configurations that Civil Engineers use during the design of their RC
buildings. Investigating the impact of the input features on the variation of the P-3 curves will
be performed after the dataset is assembled.

Finally, it is important to note that the extensive use of HPC resources for dataset generation
necessitates an analysis of computational cost versus accuracy trade-offs. A total of 380,000
CPU hours were allocated to perform the analyses, with an execution time of approximately 60
days. However, the computational effort required for ML model inference is expected to be
significantly lower than the traditional FEA approach.

To assess scalability, we will investigate:

» The minimum dataset size required for accurate ML predictions
» Potential reduction in required simulations while maintaining dataset integrity
» The feasibility of deploying pre-trained models on standard engineering workstations

By quantifying these aspects, we aim to develop a computationally efficient yet highly ac-
curate predictive model that can be integrated into real-world structural design processes.

4 CONCLUSION

This research underscores the significant role that HPC plays in the development of large
datasets necessary for the creation of predictive models in Civil Engineering. By leveraging the
computational power of the LUMI supercomputer, over 21 million FEA simulations were con-
ducted on 1,248 RC buildings, covering a vast range of geometric configurations, material prop-
erties, and reinforcement ratios. These analyses generated detailed P-6 curves that are essential
for seismic vulnerability assessment. The extensive dataset formed through this process paves
the way for the development of ML models that can predict the seismic response of RC build-
ings in a fraction of the time it would take using traditional FEA methods.

The future goals of this research include developing ML models that can instantly provide
P-8 curves for any given RC building based on its specific parameters. This would significantly
streamline the design and evaluation process for engineers, improving both efficiency and
safety. Moreover, the ongoing investigation into the correlations between material properties,
geometry, and reinforcement configurations will provide invaluable insights into the optimiza-
tion of structural designs, potentially enhancing the resilience of buildings to seismic activity.
As the field advances, this approach represents a transformative shift toward more efficient and
effective seismic risk assessment in Civil Engineering. By reducing the computational burden
associated with seismic assessments, this research paves the way for scalable, Al-driven struc-
tural analysis, enhancing both safety and efficiency in earthquake engineering.
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