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ABSTRACT

After many years of research and development, the dissipative components and systems such as
hysteretic metallic yielding dampers (MYDs) are still rarely implemented in the common construc-
tion practice. It is mainly because there is not enough experience obtained from the buildings with
dissipative components, repair and reassembly procedures have not yet been adequately addressed,
and their long-term benefits have not been well quantified. Moreover, current methods for the eval-
uation of nonlinear seismic response in structural engineering are time-consuming: the calculation
of nonlinear seismic structural response for buildings equipped with MY Ds could take hours using
nonlinear time history (NLTH) analysis in finite element modelling (FEM) software. Therefore,
there is a need for faster solutions without a decrease in structural response prediction accuracy,
which can also consider the repairability, life cycle environmental and economic assessment for
such systems. Another significant issue is that the Architecture, Engineering and Construction
(AEC) industry is responsible for around 40% of global CO, emissions: up to 11% of it comes from
embodied carbon - emissions related to production, manufacturing, maintenance, and end of life
disposal of building materials. Consideration of embodied carbon adds another important design
criteria to structural design making the task of finding optimized solutions even harder. Since cur-
rent design approach leaves a lot of sustainable and cheaper structural solutions simply undiscov-
ered, there is an urgent need for the modernization of the design workflow.

This thesis explores the potential of data-driven methods in enhancing the sustainability of earth-
quake-resistant structures, particularly those equipped with a new type of MY Ds. Experimental re-
sults obtained from shaking table testing have informed the correct modeling of MYDs in the finite
element modeling (FEM) software. A case study has demonstrated that buildings equipped with
new hysteretic MY Ds offer significant advantages over conventional structures in terms of Life Cy-
cle Cost (45% reduction) and embodied CO2 (25% reduction for life-cycle stages A-C). The results
proved the hypothesis that the introduction of these M'YDs into the building can yield to more sus-
tainable structures in seismic areas. Machine Learning (ML)-based surrogate models have been
trained to approximate the results of the NLTH analysis. The surrogate models have been developed
taking into account practical needs of structural engineers executing nonlinear seismic analysis:
these models have been integrated into a building optimization tool developed in this PhD thesis
project. The tool allows engineers to quickly iterate on different design scenarios for structures that
require nonlinear seismic analysis. Thanks to the surrogate models, the generation and design of all
possible structural options for a given inputs took seconds instead of days needed for FEM ap-
proach. Empirical case studies showed that the utilization of this tool facilitates the discovery of
structures that are not only up to 30% more sustainable but also up to 25% more cost-effective
when compared with structural configurations found using conventional design methodologies em-
ployed by industry practitioners and academic experts.

Keywords: Earthquake Engineering; Hysteretic metallic yielding dampers; Machine Learning; Sur-
rogate Models; Design Optioneering
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1 Introduction

Earthquakes cannot be prevented, but their actions on the structures can be mitigated. The main
goals for seismic design engineers all over the world are to limit the damage to buildings during the
earthquake and assure the safety of their occupants. Modern seismic design codes (EN 1998-1 [1]
and ANSI/AISC 341-10 [2]) have been developed mainly to solve these problems. Current seismic
design provisions of steel-concrete composite buildings propose to use the capacity design approach
to avoid progressive building’s collapse (Figure 1 [3]). Its main goal is to guarantee a ductile behav-
iour of the structure during the earthquake event. According to capacity design rules, earthquake en-
ergy should be dissipated by the structure in the so-called “dissipative zones”, where the inelastic
deformations occur. In traditional buildings, they are located in structural elements (i.e., beams,
base connections). Therefore, conventional buildings suffer significant inelastic deformations in
their main structural members during seismic action, which causes expensive repair procedures, in-
terruption of the building’s functionality, and discomfort for tenants. However, in past decades it
was discovered that dissipative zones can also be located in dissipative systems. The focus of this
thesis will be on a particular type of dissipative systems called hysteretic metallic yielding dampers
(MYDs) which dissipate seismic energy through the yielding of the steel material.
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Figure 1. The collapse of a steel building during Kobe, Japan earthquake in 1995 [3]

Apart from potential seismic damage, new buildings located in seismic areas have another sig-
nificant issue that is common for all structures regardless of their location — environmental impact.
Embodied carbon that is Carbon Dioxide equivalent (CO2e) emissions related to building materials
production, manufacturing, maintenance, and disposal is becoming a huge problem and now pre-
sents 11% of total CO2e emissions in the world [4]. There is a potential for hysteretic MYDs to re-
duce not only seismic damage for the new buildings but also their embodied carbon due to their
ease of repairability and replaceability. Several innovative systems based on energy dissipation via
metal yielding and damping have been recently invented all over the world as summarized in detail
by Castaldo [5] Saravanan [6], and EU-RFCS DISSIPABLE project [7]. Although there is a big va-
riety of MYDs, they all have following issues in common:

e MYDs have been developed mainly considering their structural and dissipative performance
without evaluating their repairability, economic feasibility and environmental performance.

e Behaviour of structures equipped with these dampers is evaluated by complicated and time-
consuming nonlinear structural analysis that limits possible design iterations.



e The optimisation tool that considers both economic and environmental criteria for the build-
ings equipped with MY Ds does not exist.

Since the design space (all the possible structural configurations of a building given geometric
constraints, loading, and material inputs) is quite large in structural engineering applications, there
is a need for search optimization procedure that can help the engineer to efficiently navigate
through different design criteria and their trade-offs to design sustainable and cost-efficient struc-
tures. Structural analysis is an essential part of this procedure since the design space must consist of
well-designed and safe buildings. Due to the expected yielding of MYDs in earthquake scenario,
nonlinear analysis is required to adequately evaluate a structural behaviour of buildings equipped
with them, in particular nonlinear time history (NLTH) analysis is implemented in engineering
practice for this purpose. Currently, the finite element method (FEM) is used to conduct nonlinear
time history (NLTH) analysis which is a physics-based process consisting of the integration of the
structural equation of motion in each of the arbitrarily chosen time steps. Conventionally, the num-
ber of time steps is huge which results in computationally expensive analysis procedure that can
take hours to finish. It makes the generation of the above-mentioned design space an extremely
computationally expensive task. Consequently, structural engineers are discouraged to use seismic
resistant buildings equipped with MY Ds in their designs choosing their conventional counterparts
which need to be repaired or even demolished after significant seismic events.

One of the main approaches to improve productivity and accelerate processes all over the world
regardless of the industry is digitalisation. Nowadays, there is an undergoing digital transformation
in Structural Engineering industry which involves development of advanced software, improvement
of interoperability between existing programs, paperless projects execution, etc. One of the novel
concepts of this industry’s digital transformation is data-driven design where the choice of the
structural system is driven by data or performance which is opposed to conventional design practice
where the choice of the structure is based on a past experience of the senior engineer and always
precedes its performance evaluation (Figure 2). The core technology of data-driven structural de-
sign is Artificial Intelligence (Al). It has been extensively applied in healthcare, retail, e-commerce,
and other industries and now getting traction also in Structural Engineering [8], [9]. There is a tre-
mendous potential of Al in seismic engineering applications [10] and some of the branches of Al
such as Machine Learning (ML) and evolutionary algorithms can be particularly suitable for the
problems related to design optimisation of buildings equipped with MY Ds stated above.

Traditional workflow
Structural Evaluation of

analysis and cost and
design embodied carbon

Past experience Structural

and bias system choice

Data-driven workflow

Structural Evaluation of Structural system
analysis and cost and choice
design embodied carbon

All potential

options

Figure 2. Traditional vs data-driven workflows for structural design



The goal of this research is to improve sustainability of earthquake resistant structures using ad-
vanced digital technologies, such as data-driven structural design. To achieve this goal, the follow-
ing steps are planned:

e Investigate the environmental and economic impacts of buildings equipped with innovative
MYDs and compare them with conventional structures.

e Accurately predict the nonlinear structural behaviour of buildings equipped with these MY Ds
and their conventional counterparts using fast ML-based surrogate models instead of conven-
tional time-consuming FEM-based NLTH analysis.

e Create an optimisation procedure via efficient design space exploration. Full life-cycle cost
and embodied carbon will be used as design criteria for optimisation.

Experimental and Life Cycle Analysis (LCA) data obtained within DISSIPABLE project [7] to
support and validate the developments have been used. As a final deliverable of the thesis the web-
based structural optimisation tool (SUSTEZ — Sustainable Structures in Earthquake Zones) has been
developed. The tool allows engineers to find which columns’ span and lateral load resisting system
provides the most sustainable and cost-efficient solution from all the possible options.



2 State of the art

This section presents a literature overview on hysteretic metallic yielding dampers (MY Ds) ap-
plied in composite steel-concrete buildings, life cycle and sustainability analysis for earthquake re-
sistant structures, running time reduction for NLTH analysis, applications of ML for data-driven
structural seismic analysis and design, and design space exploration for building located in seismic
areas.

2.1 Anoverview of hysteretic MYDs in composite steel-concrete buildings

Conventional concepts for the seismic design of the buildings allow some damage in structural
elements under severe earthquakes ensuring the safety of humans and an absence of sudden col-
lapse of the structure. However, devastating Northridge (1994) and Kobe (1995) earthquakes
showed the need for protective systems that can dissipate earthquake energy leaving all the struc-
tural members undamaged. Several passive energy dissipation devices have been developed, such
as hysteretic MYDs, friction dampers (FDs), fluid viscous dampers (FVDs), tuned mass dampers,
and base isolation systems [11]. This research will be focused on MY Ds which absorb energy in-
duced by the earthquake through the metal yielding. These dampers can be categorized as displace-
ment-dependent i.e., their force output depends on the magnitude of their displacement. A number
of hysteretic yielding dampers have been successfully developed in the civil engineering industry:

e ADAS [12] and its variation TADAS [13] consist of a series of steel plates. The bottom
part of the plates is attached to the top of a chevron bracing arrangement and the top part
of the plates is connected to the floor level above the bracing (Figure 3.a). During the
earthquake upper end of the plates moves with respect to the lower end and it causes out-
of-plane bending of the plates and their subsequent flexural yielding (Figure 3.b,c). Fur-
thermore, a variation of this damper made of copper Cu-ADAS [14] has been investi-
gated. Honeycomb damper [15], Slit damper [16] and Shear Panel [17] are used in a
similar configuration as ADAS, but utilizing shear yielding instead of flexural one (Fig-
ure 3.d).

Issues: even though these dampers are easily replaceable their economic and environ-
mental cost has not been evaluated.

e Buckling Restrained Braces (BRBs) [18] consists of steel brace encased in hollow steel
shape filled with concrete-like material (Figure 3.e). The confinement provided by the
concrete-filled tube allows the steel brace to yield under compressive loads without buck-
ling. Therefore, the damper behaviour is identical in tension and compression which al-
lows significant energy dissipation. This is the most widely used hysteretic MYD in the
civil engineering industry by now.

Issues: expensive replacement of the damaged damper after the seismic event.

e Pidamper [19] applies to the column’s weak axis. In this system, a wide-flange beam is
joined to a wide-flange column by bolted splices at the top flange of the beam and steel
hysteretic dampers at the bottom flange of the beam (Figure 3.f). The system is designed
in a way that the beam’s rotation centre is located at the end of its top flange. Therefore,
all the damage from seismic events concentrates on the damper leaving the floor slab and
other structural elements undamaged.

Issues: all the tests have been performed on only a part of the structure without investi-
gating the global behaviour of the entire construction with these dampers. Repairability
and economic feasibility aspects have not been addressed.

e Steel Self Centering Device (SSCD) [20] consists of a hysteretic MYD and a steel pre-
tension system for re-centering (Figure 3.9). This typology of dissipative devices is
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characterized by the presence of a re-centering force that mitigates and eliminates the
residual deformations of the building after the earthquake. The main dissipative elements
are steel fuses that experience yielding during the seismic event and can be easily replaced
when damaged.

Issues: repairment procedures are complicated and can be expensive. Economical and
sustainability aspects are not addressed.

Removable Link Device [21] can be applied exclusively to steel frames with eccentric
bracing. In eccentrically braced frames links are conventionally designed to be a dissipa-
tive component (Figure 3.h). This device represents a typical link that is connected to the
beam using bolts and can be easily replaced after the seismic event.

Issues: applicable only to the one type of structures. The sustainability aspect has not
been addressed.

Tube-in-Tube Damper (TTD) [22] consists of a tube-in-tube assemblage of two com-
monly available hollow structural sections (Figure 3.i). The outer hollow section of the
damper has a series of strips created by cutting a series of slits through the wall, and it is
welded to the inner hollow section in such a way that when the brace damper is subjected
to forced displacements in the direction of its axis, the strips dissipate energy through
flexural/shear yielding.

Issues: the absence of the tests on the entire structure equipped with this damper. High
efforts for the repair (the whole race needs to be replaced).

Dissipative column [23] is a new type of hysteretic dampers consisting of two or more
adjacent steel vertical elements connected to each other with continuous mild/low
strength steel shear links. Numerical tests showed that doubly-hinged dissipative column
(DC) elements with low eccentricity can fully yield along their length while columns are
subjected to axial strain and so, small bending moments can be neglected flexural defor-
mation.

Issues: numerical tests have not been supported by experiments.

Yield-Link Moment Connection [24] is special patented connection for moment resisting
frames. It consists of plats that are bolted to the bottom and top flanges of a beam. The
plate is weakened to have a desirable yielding location, another plate is bolted on top of
this weakened part to avoid its buckling. There is also a configuration with a cover plate
for steel-concrete composite structures. It is a widely used in a practice connection that
is also a qualified connection for the American design code [25].

Issues: the life-cycle sustainability aspect has not been addressed.

DuraFuse Frames connection system [26]. During severe earthquakes, deformations are
accommodated by bolt slip and shear yielding of fuse plate attached to the bottom flange
of the beam. These connections were extensively tested in the lab and are commonly used
in practice.

Issues: the life-cycle sustainability aspect has not been addressed.

10
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Figure 3. Hysteretic yielding dampers

Even though a lot of hysteretic MY Ds have been developed and recently implemented into the
engineering practice, their environmental cost required for the manufacturing, repair and possible
recycling has not been considered. Therefore, there is a need for a life-cycle assessment of buildings

equipped with MYDs both on component and global structural levels.
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2.2 Life-cycle cost and sustainability analysis for earthquake resistant structures

Reduction of post-earthquake damage of structural and non-structural elements becomes a fun-
damental aspect for improving long-term sustainability and resource conservation. The resources
spent in the reconstruction after a disaster can be significantly reduced through innovative structural
systems for new buildings and retrofitting measures for existing buildings, dropping economic and
environmental costs from a life cycle perspective. The application of dissipative and repairable
MY Ds enables long-term use of structural elements, which do not require replacement or demoli-
tion after string earthquake events, improving the sustainability of building construction. Recent cir-
cular economy policies and the European Green Deal [28] confirm that energy-intensive industries,
such as steel, are crucial to Europe’s economy, providing several key value chains, therefore their
decarbonization and modernization are vital.

Numerous LCA studies quantified environmental impact of seismic events on buildings and
concluded that seismic damage can significantly increase structural carbon footprint [29], [30], [31],
[32], [33]. A few researchers performed a comparative LCA to investigate the environmental im-
pact of design decisions for structures located in seismic areas. The European research project
“High Strength Steel (HSS) in Seismic Resistant Building Frames” [34] concluded that the use of
high strength steel leads to the reduction of the size of structural elements and consequently to envi-
ronmental savings compared to traditional steel material. In another study different concrete mixes
were compared and the replacement of cement with fly ash was the most efficient environmental
impact reduction strategy [35]. Moreover, environmental impact of different reinforced concrete
retrofitting alternatives has been quantified [36] as well as the consequence of building new struc-
ture instead of strengthening the existing one [37]. The LCA impact of dissipative systems was cal-
culated by Ribakov et al. [38] where non-retrofitted building was compared with use of concrete
diaphragms for seismic strengthening, application of high-damping rubber bearings, and use of seis-
mic isolation columns. The study concluded that the use of base isolation can reduce building’s en-
vironmental impacts up to 50%. LCC methodologies related to buildings located in seismic areas
have also been proposed in the literature [39], [40]. The approach relates to quantification of seis-
mic damage in monetary terms. Other applications consider LCC optimization of tuned mass damp-
ers [41], analysis of self-centering structures equipped with buckling restrained braces [42], perfor-
mance of smart bridges with shape memory alloy (SMA) [43], and comparative LCC between steel
frames equipped with SMA dampers and their conventional analogues [44]. In the latter study it
was observed that passive dampers can decrease life cycle cost of 4-story steel frame by 53%, and
12-story steel frame by 90%, respectively.

Literature review reveals that nonlinear structural analysis is crucial for both LCA and LCC
since it is the most accurate way to estimate potential structural damage due to the seismic event
[45]. Most of the considered studies quantify environmental or economic impact of seismic resistant
structure without comparing different solutions (e.g., dampers vs non-dampers). The few studies
that make this comparison concentrate either on LCA or on LCC but do not perform both compari-
sons at the same time. For instance, the positive economic impact of particular energy dissipation
strategy is quantified while environmental aspect is not considered and vice versa. The study that
quantifies both economic and environmental benefits of buildings equipped with MY Ds has not
been found in the literature.

2.3 Running time reduction for NLTH analysis using physics-based procedures

Since nonlinear time history (NLTH) analysis could run for hours even for a few DOF mod-
els, several attempts have been done to obtain reliable results spending less time for this analysis.
Domingues Costa et al. [46] developed a simplified procedure for NLTH analysis based on the The-
ory of Plasticity. The computational procedure has been developed on a single degree of freedom
(SDOF) system where plastic bending moment at the column’s base has been calculated based on
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the Theory of Plasticity assuming rigid-plastic behaviour. Then, in each step of the integration of
the equation of motion (EOM), it was checked whether the plasticity at the base was reached and
then EOM was modified (and simplified when the structure was elastic assuming that its relative
displacements to the ground are equal to 0). Furthermore, the proposed procedure has been applied
to 4-storey RC frame. In this case, the equation of motion is established by using the virtual work
equation. After comparing the results of simplified NLTH with standard NLTH in FEM software
authors found that in the former approach maximum average displacement is 18% lower than in the
latter one. This difference can be considered significant and it is not on the safe side. In addition,
only rigid-plastic behaviour has been considered and time savings compared to conventional NLTH
analysis have not been quantified. Another study proposed a simplified NLTH analysis where lead-
ing and trailing weak signals in the acceleration record are trimmed, and remaining record is
downsampled [47]. The proposed method preserves significant frequency characteristics of the
original record including its S-phase. To identify the proportions of acceleration record to be
trimmed maximum roof displacement has been used (Figure 4). It allowed to keep the most im-
portant part of the accelerogram for the representation of structural behavior. The proposed method
has been applied to 5, 10, 15 and 20 — storey 3D R/C structures. The authors concluded that the pro-
posed procedure is able to evaluate the peak roof displacement within the 5% error to the conven-
tional NLTH analysis. The average time savings of this method are 60%. Even though the proposed
methodology reducing NLTH analysis time more than two times without losing much accuracy, the
peak structural response needs to be calculated in advance by another nonlinear method (pushover
analysis) in order to efficiently cut the input accelerograms.
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Figure 4. Trimming leading and trailing signals [47].

Faroughi and Hosseini [48] invented a method for simplification of accelerograms based on
the modification of their Fourier analyses. In the proposed method the Fourier Spectrum of the ac-
celerogram is calculated first, and then, by using a computer program, developed by the authors, the
corresponding Inverse Fourier Transform is calculated using a relatively large time step, depending
on the structure’s periods. By use of this technique, the time step of original accelerograms has been
increased 5-10 times reducing the time required for NLTH analysis in the same proportion. Maxi-
mum displacement values have been overestimated by 5-10% using altered acceleration input com-
paring to the original one. However, the proposed method has been applied only to SDOF systems
and only two ground motion records have been used. Therefore, there is no guarantee that this
method is uniform and can be applied to a big variety of ground motions and structural systems.
Mehmood et al. [49] developed the Uncoupled Modal Response History Analysis (UMRHA) proce-
dure. It can be viewed as an extended version of the classical modal analysis procedure, where the
nonlinear response of each vibration mode is first computed, and they are later on combined into the
total response of the structure. The proposed method has been applied to 4 buildings with a height
variation of 20-44 storeys. The results of UMRHA procedure have been compared with conven-
tional NLTH analysis and the average difference of 18% in terms of interstorey drift has been

13



found. This methodology needs 6 times less time to finish the analysis in comparison with NLTH.
However, it still required 5 hours and the knowledge of the modal hysteretic behavior, which can be
obtained from a cyclic modal pushover analysis is needed. Zhao et al. [50] introduced fast convolu-
tion integration method based on Duhamel integration to enhance the efficiency of the frequency
domain approach (FDA) for the nonstationary response analysis of nonproportionally damped struc-
tures. An impulse excitation approach has been proposed to determine the structural impulse re-
sponse matrix. Then, the response statistic has been directly evaluated by the convolution with re-
spect to the discrete-time impulse response. Finally, Fast Fourier Transformation (FFT) algorithm
has been applied has been used to accelerate the computation of this convolution. To evaluate the
efficiency of the proposed methodology the lateral displacements of 20-300 storey buildings was
calculated and compared with outputs from FDA approach. The authors concluded that their
method achieved good accuracy with a significant reduction of analysis time (up to 154 times).
However, real accelerograms have not been applied and the generalization of the proposed ap-
proach to the real structures has not been investigated by authors.

There are numerous attempts to reduce the time required for NLTH using physics-based
methods. However, these studies either suffer from a lack of accuracy, require complicated pre-pro-
cessing procedures, or their analysis time reduction is relatively small. Therefore, alternative proce-
dures are needed to boost the quality and speed of physics-based simulations.

2.4 Running time reduction for NLTH analysis using ML-based surrogate models

Another method to reduce the time required for NLTH analysis without a significant loss in
the accuracy is Machine Learning — based surrogate models. To provide the reader with a better un-
derstanding of this technology, general introduction for Artificial Intelligence and surrogate models
IS presented.

2.4.1 Artificial Intelligence (Al) and Machine Learning (ML)

Four decades ago, new families of computational methods, denoted as soft computing (SC) meth-
ods, have been proposed [51]. These methods are based on heuristic approaches of artificial intelli-
gence (Al) rather than on rigorous mathematics. They were initially received with suspicion be-
cause they do not take explicit physics-based formulations into account. However, according to nu-
merous numerical and experimental investigations, they have turned out in many cases to be ex-
tremely powerful [52], [53], [54]. Consequently, their use in various areas of engineering science is
continuously growing. As one of the most conspicuous and widely adopted digital technologies,
ML can refer to a series of methodologies that can prominently mimic the learning and reasoning
process of the human brain to automatically extract knowledge from the data and, subsequently, im-
prove the decision making [55]. Nonetheless, it is easy to confuse the relationships between ML,
Al, and Deep Learning (DL), which are concepts that are frequently used in the corresponding liter-
ature related to ML (Figure 5).
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Figure 5. Relationship between Al, ML, and DL [55]

ML can be categorized into four types, namely supervised learning, semi-supervised learn-
ing, unsupervised learning, and reinforcement learning. For the first three types, Figure 6 provides
an intuitive representation in terms of relationships between the training processes and the utiliza-
tion of data. In the reinforcement learning an agent makes decisions in an environment, learns from
its actions based on rewards and penalties, aiming to maximize cumulative reward over time.

Training Data

Supervised .
Learning All Labeled Data Supervised model
Some Labeled Data
Supervised
Learning S —

[ )

Supervised
Learning

Figure 6. Typical representations of three types of ML methods [56]

In the past decades, various ML algorithms have been developed and utilized. In the work con-
ducted by Ray [57], a brief review of several widely applied ML algorithms has been provided, in-
cluding linear regression, logistic regression, decision tree and its derivations (random forests, gra-
dient boosting, etc.), support vector machine, Bayesian learning, Naive Bayes, K-nearest neigh-
bours, K-means clustering, gradient descent algorithms, and backpropagation algorithms. Specifi-
cally, among them, the decision tree is a supervised ML algorithm that is widely adopted to solve
regression and classification problems by splitting data and making decisions in “nodes” and
“leaves”. Besides, the performance of the decision tree can be further improved by applying ensem-
ble modelling techniques. For instance, a ML algorithm named random forest can be built by ran-
domly ensembling various decision trees using the bagging method and obtaining the output(s)
through voting [57]. As a powerful ML algorithm, random forest can overcome the overfitting
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problem and improve the robustness against the outliers, without compromising the performance in
handling non-linear classification and regression problems [57], [58]. In addition, algorithms such
as gradient descent algorithms and backpropagation algorithms have been applied as the basis of
various ML methods, such as artificial neural networks (ANN). ANN has also been categorized as a
DL structure, especially when multiple hidden layers are used. Nonetheless, there is no universal
threshold to classify if an ANN structure should belong to DL or simply the conventional ML struc-
ture. Therefore, to avoid confusion, in this research, all the ANN structures identified through litera-
ture will be considered as ML.

When it comes to the development process of ML models, Figure 7 provides a general
workflow. Firstly, data that can reflect the input and output correlation under the problem context
will be collected through various ways. Not only the quality of the data but also its quantity matters
for the ML model to yield accurate predictions. Subsequently, analysis is performed on the col-
lected data to statistically investigate, clean, transform, and structure it. This step is essential in
providing better understanding and organization of the data. Traditionally used in the field of soft-
ware development, features refer to the coherent and identifiable representations that can portray
the system functionalities. However, under the context of ML development, features normally refer
to the input variables of the models while feature engineering is the process of constructing, reshap-
ing, and selecting these input variables using statistical or mathematical techniques or domain
knowledges to improve the predictive performance of the models [59]. Eventually, the ML models
are trained using the prepared dataset and tested on utilized error metrics [60] to judge the perfor-
mance before final deployment.

. . Feature

Data collection | —— ‘ Data analysis | _— ‘ engineering
Model « L ML model

‘ deployment | Error estimation | «— training

Figure 7. Typical ML/DL model development workflow

2.4.2 ML-based surrogate models

Provided the necessary amount of data, ML algorithms can learn the hidden relationship be-
tween inputs and outputs for the problem and make accurate predictions in a short amount of time.
In the application of nonlinear structural analysis, ML can rapidly predict the structural response
(internal forces, displacements, etc.) given the required inputs (building geometry, elements’ cross-
sections, acting loads, etc.), thus creating the approximations of the non-linearities. These approxi-
mations are called surrogate models and can be considered as an alternative to the typical Finite El-
ement Model (FEM) analysis.

Widely applied in various engineering fields, surrogate models can be developed using
physically based approximation techniques to create lower fidelity analysis [61]. With the gradual
improvement and vigorous development of related research, as well as the fact that enormous data
has been generated in the industry over the past decades, surrogate modelling has also been greatly
stimulated by the utilization of data-driven techniques, such as ML, to relate the needed response
surface surrogates to the original simulation models. Since the availability of data in structural engi-
neering is poor, it is common to generate the data for ML training in FEM software [62], [63], [64].
ML models often struggle to extrapolate beyond their training data [65], meaning they may not per-
form well on unseen examples, making it crucial to find training data that adequately represents the
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diverse scenarios and situations in the application space to ensure better generalization and perfor-
mance. Figure 8 illustrates a comparison between the surrogate model and the FEM-based simula-
tion method. Overall, ML-based surrogate model follows the ML training workflow depicted in
Figure 7 where features are typical inputs required for structural analysis and the output is a struc-
tural response.
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Figure 8. Surrogate model

2.4.3 Application of ML-based surrogate models for NLTH analysis prediction

The biggest issue with NLTH is that it takes a lot of computational time since the problem
needs to be discretised in small time steps to accurately catch nonlinearity. Therefore, ML algo-
rithms could be very helpful in the fast prediction of nonlinear seismic structural behaviour. This
chapter presents an overview of the available ML-based surrogate models to predict the maximum
nonlinear seismic structural response.

Artificial Neural Network (ANN) was the first ML technique used to predict nonlinear seis-
mic structural response. The first attempt to use ANN for nonlinear structural seismic response pre-
diction was conducted by Molas and Yamazaki [66].They used ground parameters such as peak
ground acceleration, peak ground velocity, spectral intensity, etc., to predict the ductility factor of a
single degree of freedom timber building. The root mean square error of 0.406 proved that ML-
based surrogate model is capable to predict nonlinear seismic structural response with adequate ac-
curacy and this approach worth further research. To investigate the applicability of this technology
for the bigger structure, Lagaros and Fragiadakis [67] predicted the interstorey drift of 10 storey
steel Moment Resisting Frame (MRF) using ANN to build its fragility curves. Apart from ground
motion parameters, the variability of material characteristics (Young’s modulus and yielding
strength) has been considered as the input of the algorithm. This research showed that ML-based
surrogate models can be successfully applied even to predict nonlinear seismic response of a real-
scale buildings. However, the application was restricted only to one structure without any indication
of the ability and accuracy of a model to make reliable predictions for buildings with different ge-
ometry, cross-sections, or material.

De Lautour and Omenzetter [68] performed the first study where trained ANN was applica-
ble not only for one building but for a set of structures. They trained their neural network to be able
to predict the damage index of Reinforced Concrete (RC) frames with different geometry, strength
class of concrete, elements’ cross-sections, and damping ratio subjected to seismic loading with dif-
ferent ground motion parameters. This successful attempt pushed the researchers to investigate
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which features can be the most predictive for the nonlinear seismic structural response. Aiming to
investigate this issue Arslan [69] predicted the results of pushover analysis using ANN for seismic
damage classification of the group of the RC buildings. The author used different structural and ma-
terial parameters to investigate their importance to the algorithm’s prediction power. Shear wall ra-
tio and short column formation were the most significant structural parameters that affect ANN’s
performance. Doran et al. [70] trained ANN to predict the nonlinear seismic response of concentri-
cally braced frames with various geometrical, and structural characteristics subjected to a range of
ground motions. They discovered that structural period and peak ground acceleration were the most
critical parameters for the neural network to predict the interstorey drift. Additionally, ANN that
uses only structural parameters as inputs had a higher error than the model that used also ground
motion parameters as an input (13% vs 8% average error). Digging deeper into ground motion pa-
rameters’ influence on the nonlinear seismic response prediction, Morfidis & Kostinakis [71] con-
cluded that ANN can achieve a remarkably high degree of accuracy in the prediction of RC build-
ings’ damage level (expressed in terms of maximum interstorey drift) when at least five seismic in-
put parameters are used. These conclusions are applicable for 3-7 storey 3D buildings with fixed
geometries in plan. Stefaninin et al. [72] trained ANN to predict multiple outputs for nonlinear seis-
mic behaviour of RC buildings in Bologna, Italy (Figure 9). The size of the column turned out to be
the most predictive parameter of the algorithm. Other attempts to predict the nonlinear seismic be-
haviour of buildings using neural networks were focused on the particular unique inputs, such as the
hysteretic loop of the structure [73], and resonance area [74]. In these cases, instead of explicitly
using structural properties (geometries, cross-sections, materials, etc.) the authors used the encoded
nonlinear structural behaviour as an input.
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Figure 9. ML-based surrogate model applied for nonlinear seismic response prediction of RC building [72]

Even though ANN showed a great performance as a main algorithm for ML-based surrogate
model for nonlinear seismic structural response prediction, other ML algorithms have been applied
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for the same purpose. Comparison between ANN and other ML techniques has been performed in
several studies. Kia and Sensoy [75] compared Support Vector Machine (SVM) and SVM com-
bined with ANN for seismic damage classification of various RC frames. The latter model yielded
more accurate results — ANN was used for the prediction of structural displacements, which were
used as an input for SVM classification model. Gudipati and Cha [76] trained ANN and SVM sur-
rogate models and concluded that the former leads to much smaller errors in the prediction of the
nonlinear seismic response of mid-rise steel MRF structures. These two studies showed than ANN
outperformed SVM in nonlinear seismic structural response prediction. Therefore, comparison with
other ML algorithms had to be done. Nguyen et al. [77] used ANN and eXtreme Gradient Boosting
(XGBoost) algorithms for the prediction of the nonlinear seismic structural response of the wide
range of steel MRFs. They observed that the accuracy of these 2 algorithms in terms of the coeffi-
cient of determination was very close, but XGBoost slightly outperformed ANN (0.975 vs 0.962).
Moreover, aiming to find the most predictive features they discovered that peak ground velocity and
spectral acceleration at the 1% natural period of the structure are the most important inputs for the
surrogate models. It proved the outcomes of previous research in terms of significance of structural
natural period as an input feature. This research also showed that tree-based models can be competi-
tive with ANN for this task and even outperform it.

Zaker Esteghamati and Flint [78] decided not to use ANN at all and concentrated on other ML al-
gorithms (Multiple Linear Regression, Random Forests (RF), SVM, K-nearest neighbours (KNN),
and XGBoost) to predict a seismic loss in mid-rise RC buildings in South Carolina, USA. They
found SVM and XGBoost surrogates to be the most accurate for this purpose with floor area and
building height being the most influential parameters for the algorithms. However, all the men-
tioned in this chapter studies considered purely data-driven surrogate model without trying to in-
clude the underlying physics of the nonlinear seismic structural response. To tackle this issue, Guan
et al. [79] compared the mechanical, purely data-driven, and hybrid approach for nonlinear seismic
structural response prediction. A hybrid (mechanics-based + data-driven) model requires the user to
perform some type of mechanics-based analysis (e.g., a modal or linear static structural analysis) to
generate some intermediate results (e.g., elastic story drifts). Then, the gap between the intermedi-
ate results and the target response variable (with the predictors as input) is bridged using ML model.
The results showed that the hybrid approach yielded the highest accuracy; however, it required
greater effort compared to the purely data-driven approach since a preliminary structural analysis
needed to be performed for hybrid surrogate models. For hybrid and purely data-driven models,
they calculated the accuracy of linear regression, random forests, XGBoost, and ANN concluding
that random forests were the most accurate algorithm of all. Moreover, they proposed a new perfor-
mance metric that represents the fraction of the data set whose relative difference does not exceed a
predefined percentage.

Table 1 provides a summary of above-mentioned papers, including the range of application, ML
algorithms used, their inputs and outputs. The application of surrogate models’ is always limited
and rarely exceeded more than 10 storeys range. Moreover, the lateral load resisting system was
fixed in all studies which is a big limitation for seismic engineering applications. Even though
ANNSs were used extensively as an ML model, recently they have been outperformed by tree-based
models. Ground motion and structural (material, cross-sections, geometry) parameters were com-
monly used as an input while peak interstorey drift is the most common output representing struc-
tural seismic behaviour.
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Study Structure Inputs Outputs Algorithm
[66] 1 DOF timber frame Ground motion parameters Ductility factor ANN
[67] 10 storey steel MRF Material characterlstlcs, Peak interstorey drift ANN
ground motion parameters
Material characteristics,
structural geometry, ele-
[68] 3-7 storey RC frame ments’ cross-sections, Damage index ANN
damping ratio, ground mo-
tion parameters
Material characteristics,
[69] 4-7 storey RC frame structural geometry, ele- Peak interstorey drift ANN
ments’ cross-sections
Structural geometry, ele-
[75] 4-8 storey RC frame ments’ cross-sections, Damage index ANN, and SVM
ground motion parameters
Structural geometry, ele-
[70] 3, and 9 storey steel ments gross-sectlons, n.atu— Peak interstorey drift ANN
braced frame ral period, ground motion
parameters
[71] 3-7 storey RC frame Structura_l geometry, ground Peak interstorey drift ANN
motion parameters
[73] SDOF system Structural hystere_tlc _Ioop, Peak structural dis- CNN
and ground excitation placement
Ground motion parameters Peak interstorey
[74] 3 storey RC frame P " drift, peak structural ANN
resonance area .
displacement
Structural geometry, ele-
4 and 6 storev steel ments’ cross-sections, struc-
ural damping, materia eak interstorey dri ,an
76 RE tural d teriall  Peak interstorey drift  ANN, and SVM
characteristics, ground mo-
tion parameters
Structural geometry, struc-
-20 storey stee ural periods, ground motion  Peak interstorey dri ,an 00S
77 3-20 st teel MRF  tural d d mot Peak interst drift  ANN, and XGBoost
parameters
Structural geometry, ele- . .
ments’ cross sections, struc- . . Linear regression,
[79] 1-19 storey steel MRF tural periods. around ;notion Peak interstorey drift Random forests,
Perogs, g XGBoost, and ANN
parameters
Structural geometry, ele- Linear regression,
, g Y. Seismic loss, global SVM, KNN, Ran-
[78] 3-6 storey RC frame ments’ cross sections, . .
round motion parameters warming potential dom forests, and
g XGBoost
Structural geometry, gravity tsrzsle dsize?;;rsriﬁ;
[72] 2-8 storey RC building loads, elements’ cross sec- P ' ANN

Table 1. Summary of ML-based surrogate models for NLTH analysis

tions, material properties

activated mass,
structural periods

ML-based surrogate models showed a great performance for the prediction of NLTH analysis
response of buildings. This technique can be clearly considered as faster and more accurate alterna-
tive of physics-based attempts to reduce the time of NLTH structural analysis. However, in all the
considered study either one of very few structural responses were taken as outputs of ML models
which limits their potential application to the practice. The considered studies were mainly aimed at
the exploration of ML-based surrogate models’ capabilities rather than making them really useful
for the structural engineering practice. The only industrial application is The SP3 Structural Re-
sponse Prediction Engine [80]. The goal of this engine is to create a better alternative to FEMA P-
58 [81] which is commonly used for a probabilistic seismic performance prediction in the USA to
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assess the risk of the building in terms of economic loss, repair time, and casualties. More than 4
million nonlinear seismic structural analyses were performed to train a surrogate model that can
predict structural displacements and accelerations. Unfortunately, the authors did not reveal any in-
formation about ML algorithm used and further details of the model.

2.5 Buildings optimisation in seismic areas

To introduce the problem of building optimisation in seismic areas, the general scope of the
structural optimisation and its types are given. Then, different algorithms to solve this issue are dis-
cussed and the applications of Genetic Algorithm for the structural optimisation of buildings located
in seismic areas are highlighted.

2.5.1 Optimisation of a building’s structural system

Optimisation is an essential part of the structural design of all buildings. An optimization
problem can be written mathematically in the following generic form:
minimize fi(x), (i=1,2, ..., M), xeR"
subjected to, hi(x) =0, (j =1,2,....J)
gx(x) <0 (k=12,..,K)

Where fi(x) is the objective function, hj(x) and gk(x) the constraints and x the vector of design
variables. When working with real problems usually there is not just one objective to optimize but
several of them that should be considered simultaneously. This is called multi-objective optimiza-
tion (MOO) problem, and the best compromise solutions must be found among the whole solution
space. These problems are commonly approached with non-dominated sorting and Pareto sets con-
cepts. Let’s suppose a MOO problem with m objectives. Each solution can be represented in a m-
dimensional space based on its objective values. If the vectors ul and u2 represent two different so-
lutions, we can say that the solution ul is dominated by the solution u2 if all the objective values of
u2 are better than the corresponding ones of ul. Mathematically it can be expressed as:

Vie{l2,...m}:f(u)<f(u)
We can say a solution is non-dominated if it is not dominated by any of the solutions. The set of
non-dominated solutions conform what is called the Pareto front [82], which is the set of most inter-
esting solutions in a MOO problem. Figure 10 illustrates the explained concepts.

min F(x) = min([f;(x), f2(x)]
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Figure 10. Pareto front [83]

There are 3 main types of structural optimization [63]:

e Topology optimisation: for discrete structures, such as trusses and frames, searches for the
optimal numbers of elements, and how they are connected. Topology optimisation for the
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entire structure will include location and number of columns, span directions of beams,
structural types and materials.

e Shape optimisation: looks at the overall dimensions and form of a structure, including the
locations of its nodes. Shape optimisation is particularly important for tension-only struc-
tures but can also improve the performance of trusses and similar frames.

e Size optimisation: the optimal design is found by changing aspects such as the sectional
sizes of members in trusses and frames, or the thicknesses of plates in a girder.

Size optimization is the most common form of all since it is related to the optimization of mem-
ber’s cross-section. It is already fully integrated into structural engineering practice where from the
early stages of their career young professionals are encouraged to optimize the size of cross-sec-
tions given the acting loads. Unfortunately, it is the least impactful type of structural optimizations.
Shape optimization is usually applied for trusses in a current practice. It involves the form finding
via reciprocal force diagrams [84]. Finally, typology optimization brings the most impact to the
structural design while also being the most complex type of all. Nowadays, it is mainly used by the
biggest engineering firms that develop the scripts in parametric engineering software [85]. This the-
sis will be focused on layout optimization which is a form of typology optimization and is con-
cerned with the best overall form of the structure, such the choice of material, floor type, lateral
load resisting system, etc. Therefore, the literature review shows the studies related mainly to the
layout optimisation.

Layout optimisation have been applied in the concept stage of building design to different
types of structures, such as trusses [62], [86], [87], domes [88], [89], residential [90], [91], [92],
[93], and industrial buildings [94]. As an objective function usually structural stiffness [91], [93],
internal stresses or cost were selected [62]. However, in some studies multiple objective functions
were implemented, such as cost, free space, end embodied carbon [92]; embodied and operational
energy [95]; structural and energy cost [96]; plan irregularity, energy efficiency, and construction
cost [97]; structural, heating, and cooling energy [98]. Structural limit states and compatibility were
mainly considered as constraints which leads to discarding of solutions where either serviceability
or safety criteria were not satisfied. Geometrical, material and loading parameters have been used as
design variables, combination of which constructed a design space.

2.5.2 Optimisation algorithms

Optimisation algorithms are step-by-step strategies to solve the optimisation problem stated
in the previous subchapter. They can be divided in 2 classes:

e Deterministic algorithms (Direct Analysis, Gradient Descent, Exhaustive Enumeration,
Heuristic Solutions). They require an initial configuration and a gradient of a constraint
function.

e Stochastic algorithms (Monte Carlo, Stochastic Gradient Descent, Evolutionary Algo-
rithms, Particle Swarm). They do not require the gradient of objective functions, but in-
stead they use probabilistic transition rules.

Which method to choose depends on the way in which an optimization problem is de-
scribed, and the kind of information we have about the objective and constraint functions [99].
When the design space (the all possible options) is extremely big or even infinite (when continuous
variables are involved) evolutionary algorithms, in particular Genetic Algorithm (GA) proved to be
the most efficient option for the structural optimisation [62], [99], [100], [101].

Genetic algorithm (GA) is a numerical optimization technique used to optimize undifferenti-
able optimization objective functions. It uses concepts from evolutionary biology to search for a
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global optimum (minimum or maximum) of an optimization problem, by mimicking evolutionary
biological processes [82]. GA starts with the initialization of candidates’ solutions, then it evaluates
their fitness based on the predefined objective function and, if stopping criteria (adequate number of
optimized solutions) is not met, it creates a subsequent generation of solutions based on evolution-
ally inspired procedures such as selection, crossover, and mutation. The cycle repeats until an opti-
mal number of optimized solutions is found (Figure 11 [10]).

Return the fittest
mdividual Start

Is stopping Evaluate the fitness Tmitialize a population of
criteria met? of each individual mdividuals (candidate solutions)
Selection of couples
of «parents» New population of
\L mdividuals

Crossover of thewr
genetic information

!

Mutation of the «offspring»
chromosomes

Figure 11. Flowchart of GA [10]

On the contrary, an Exhaustive Enumeration (EE), also known as a brute-force search, is a
straightforward algorithmic approach to solving a problem by considering all possible solutions
within a defined search space [99]. It systematically explores every combination or permutation of
variables or parameters to find the optimal solution. While EE guarantees finding the best solution,
it can become impractical and computationally intensive as the search space grows exponentially
with the number of variables. However, if the search space is relatively small it can be considered
as the most straightforward and easily explainable optimisation technique [103] also in structural
engineering applications [104].

2.5.3 Optimisation of the structural system of a building in seismic areas

For structural design optimization, Genetic Algorithm (GA) combined with structural non-
linear seismic analysis in FEM software has been widely used. Wongprasert and Symans [105] in-
vestigated an optimal viscous dampers distribution within the scope of 20-storey building. The opti-
mization has been performed by minimizing four different frequency-domain objective functions.
Structural analysis has been performed outside the GA with most appropriate damper distributions
according to authors. Each of the resulting optimized damper configurations provided an improve-
ment in the seismic response of the benchmark building as compared to the uncontrolled building.
An automated procedure that combines performance-based seismic design methodology and GA for
steel structures has been proposed by Liu et al. [106]. Requirements of a code-compliant design are
assessed by multiple objective functions, which reflect either initial expenses in terms of the steel
material weight and the number of different steel section types or future seismic risks in terms of
interstorey drift demands at selected seismic hazard levels. Pushover analysis has been used inside
the GA to evaluate structural response. In total 400 generations were needed to reach the optimiza-
tion goal and each generation took 10 minutes. A similar study has been performed by Fragiadakis
et al. [107].Static pushover analysis has been used inside the design phase of the optimization algo-
rithm to determine the level of damage for different earthquake intensities. The proposed
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methodology is based on the Eurocode design standards while two objective functions have been
considered: initial material weight, and lifecycle cost. This methodology has been applied for the
design of a ten-storey steel moment-resisting frame. It took more than 3 hours for the algorithm to
optimize the structure.
Lagaros et al. [108] used NLTH analysis within GA to optimize a seismic design of 6-storey space
frame made of steel (Figure 12). Maximum interstorey drift ratio has been used as a main threshold
for the design population generation and the obtained optimal designs are compared, in terms of
both material weight (cost) and seismic performance. From 15 to 23 hours was needed for algo-
rithm to propose a best set of different design outputs.
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Figure 12. Six-storey space frame configuration [108]

Hejazi et al. [109] developed an optimization procedure for the energy dissipation system
that consists of viscous dampers. The goal was to find the optimum damping coefficients for the
viscous dampers installed in 5-storey RC frame. This study developed a multi-objective optimiza-
tion computation procedure based on the GA to enhance the performance of earthquake energy dis-
sipation systems and to minimize the seismic response of structures in terms of damage to structural
members and simultaneous displacements of all story levels. Nonlinear time history analysis has
been performed within the GA and it resulted in 83 hours for optimization procedure to finish.

Several attempts to use GA and other evolutionary algorithms for structural optimization
have been concentrated on structures equipped with MY Ds, mainly BRBs. Both single and multi-
criteria optimization have been performed. Structural cost [110] and BRB area [111], [112] were
the most common single objectives. Structural cost and damage [113], installation cost and seismic
repair cost [114], structural weight and dissipated energy [115], story drift and acceleration [116]
were multiple criteria used within the optimization problem. No studies that included environmental
criteria were found. Moreover, as with conventional buildings, NLTH analyses took a lot of time
within the search for the most optimal solution since a lot of options needed to be evaluated. Ap-
proximated calculations as well as parallel computing were used to decrease the optimization time,
but it still required hundreds of NLTH analyses to finish the optimization task.

Gholizadeh [117] proposed a novel approach that consists of a combination of meta-heuristic
algorithm (evolutionary-based algorithm) and ANNSs. Instead of performing structural analysis in
FEM software as an intermediate stage of algorithm optimization as other mentioned researches, the
author trained an ANN to predict the results of nonlinear pushover analysis and used it as a
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structural constraint for the population generation. A Performance-based Design (PBD) procedure
has been used to evaluate structural performance at different levels of earthquake intensity. Finally,
three low-rise, mid-rise and high-rise planar steel moment-resisting frame structures have been suc-
cessfully optimized for various performance levels. It was the only try to integrate ML-based surro-
gate models with the optimisation framework for buildings that require nonlinear seismic analysis.
However, pushover analysis was used instead of NLTH and considered structures were not
equipped with MY Ds.

The abovementioned papers are summarised in Table 2. Even though a lot of layout optimisa-
tion problems were discussed in the literature for standard buildings and mentioned in the previous
subchapter, for seismic resistant structure size optimisation problem is more prevalent. In particular,
structural elements’ cross-sections and dampers’ parameters were the most common design varia-
bles to be optimised. Other studies concentrated on the best location of the damper, but none of
them tried to optimise the entire building layout. Moreover, the choice of lateral load resisting sys-
tem was fixed in all studies while it is a significant design variable in structural engineering design
process. Structural safety was mainly used as an optimisation constraint to assure the generated so-
lutions are feasible. Optimization criteria were restricted to structural performance and overall
structural cost without considering sustainability aspects. Where optimisation time was reported, it
usually took hours or even days for the process to finish. In 2 notable exceptions researchers used
distributed computing and ML-based surrogate models to get a tremendous reduction in optimisa-
tion procedure running time. The application of EE in optimisation of seismic resistant structures
was not found in the literature.
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Study  Structure Dissipative  Design variables Constraints ~ Optimisation Nonlinear Optimisation
systems criteria seismic time
used analysis
used
[105] 20-storey Viscous Dampers’ loca-  Number of  Structural dam- NLTH -
steel MRF  dampers tion dampers age (interstorey
drifts, floor ac-
celeration, etc.)
[106]  5-storey - Structural ele- - Monetary cost,  Pushover 66,5 hours
steel MRF ments’ Cross- structural dam-
sections age
[107] 10-storey - Structural ele- Code com- Initial and life-  Pushover 3,2 hours
steel MRF ments’ Cross pliance cycle monetary
sections costs
[108] 6-storey - Structural ele- Code com-  Structural NLTH 15-23 hours
3D steel ments’ Cross pliance weight
MRF with sections
a setback
[109]  5-storey Viscous Damper’s damp- ~ Structural Structural dam- NLTH 83,3 hours
RC frame dampers ing coefficient safety age (displace-
ments)
[110]  3-5storeys BRBs BRBs’ location  Structural Monetary cost ~ Pushover -
RC frames safety
[111] 10-storey BRBs BRB area Storey duc-  Total area of NLTH -
steel CBF tility limit all BRBs
[112] 3,9-storey BRBs Thickness of Structural Total area of Pushover -
steel MRF BRB’s steel safety all BRBs
core, thickness
of welded plates
attached to
beams and col-
umns
[113] 8-storey BRBs BRB area Structural Monetary cost, NLTH -
steel CBF safety structural dam-
age
[114] 2D 9-sto- BRBs BRB area and Interstorey BRB installa- Pushover 0,1 -5 hours
rey steel location drift limit tion cost, post-  (2D) (2D)
CBF, 3D 3- earthquake NLTH 1 - 35 hours
storey RC damage cost (3D) (3D)
building
[115] 3, 6-storey  BRBs BRB area, struc-  Structural Structural NLTH -
steel CBF tural elements’ safety weight, dissi-
Ccross sections pated energy
[116] 3,6, 9-sto- Curved Dampers’ char-  Yielding Interstorey drift NLTH -
rey steel dampers acteristics pattern and floor accel-
MRF and BRBs eration
[117] 3,6,12- - Structural ele- Structural Structural Pushover 0,3 hours
storey steel ments’ cross safety weight with ML-
MRF sections based
surrogate

Table 2. Summary of structural optimisation studies
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2.6 Added value of this research to the state of the art

The conclusions of the literature study and the added value of this research are subdivided into
two subsections: one related to MY Ds, and the other to data-driven structural design.

2.6.1 Added value of this research regarding MYDs
The following conclusions have been made based on this literature study:

In currently developed hysteretic dissipative systems, environmental cost required for their
manufacturing, repair and recycle has not been considered.

Most of the considered studies quantify environmental or economic impact of seismic re-
sistant structure without comparing different solutions (e.g., dampers vs non-dampers). The
few studies that make this comparison concentrate either on LCA or on LCC but do not per-
form both comparisons at the same time. The study that quantifies both economic and envi-
ronmental benefits of buildings equipped with MY Ds has not been found in the literature.

To contribute to the existing state of the art and resolve the found limitations, the following has
been done within this PhD project:

The environmental cost of producing MYDs has been thoroughly evaluated in collaboration
with a steel manufacturer and LCA experts. The findings were utilized to accurately estimate
the environmental impact of buildings equipped with these systems.

Comparative LCA and LCC analyses on buildings equipped with new types of MYDs and
their conventional counterparts has been performed. The results showed that the introduction
of MYDs could reduce both building’s lifetime embodied carbon emissions and monetary
cost.

2.6.2 Added value of this research regarding data-driven structural design
The following conclusions have been made based on this literature study:

Attempts to reduce NLTH analysis running time based on physics failed to reach accurate and
efficient procedure.

Alternatively, ML-based surrogate models can be used to predict the results of NLTH analysis
in accurate and fast manner. However, there is just one attempt to bring these models into the
design practice.

Genetic algorithm (GA) is the most common optimisation technique for structural engineering
applications. It has been used in several studies for structural optimization purposes in seismic
areas even for buildings equipped with MY Ds. However, optimization criteria were restricted
to structural performance and overall structural cost without considering sustainability as-
pects. In addition, the optimization procedure took a lot of time due to the need of performing
NLTH analysis as an intermediate step of the algorithm. The attempts to reduce optimisation
procedure time included using multiple computers at the same time and ML-based surrogate
model to approximate the results of nonlinear seismic analysis.

Alternatively, Exhaustive Enumeration (EE) can be used for structural optimisation. It is fea-
sible only when the design space size is not huge.

To contribute to the existing state of the art and resolve the found limitations, the following has
been done within this PhD project:

ML-based surrogate models have been successfully trained to predict the results of NLTH
analysis for structures equipped with MYDs and their conventional counterparts. Special
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emphasis was placed on the practicality of these models within the structural engineering
practice. To reach it, the wide range of input and output parameters has been considered in
the trained models.

An optimization tool for buildings in seismic areas has been developed, incorporating sustain-
ability criteria in addition to monetary costs and structural safety. Both buildings equipped
with MYDs, and their conventional counterparts are considered for the design space genera-
tion. The optimisation procedure takes less than a minute thanks to rapid NLTH analysis pow-
ered by ML-based surrogate models. The layout optimisation has been implemented to make
an optimisation procedure more impactful compared to the literature studies where local
cross-sectional optimisation has been used.
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3  Methodology

The goal of this thesis is to improve sustainability of earthquake resistant structures using ad-
vanced digital technologies. Based on the literature study, buildings equipped with a new type of
MY Ds have been chosen as earthquake resistant structures as well as conventional buildings with-
out any dampers. Al is used as an advanced digital technology, in particular ML is implemented for
creating a surrogate model. Embodied carbon is used as a sustainability criteria. The detailed work-
flow of the research is presented in Figure 13. This workflow is applied to the particular new MY Ds
discussed in this thesis. However, it can also be generalised to any type of MYDs given that all the
steps shown in Figure 13 are followed. The PhD project consists of 3 parts:

e Experimental, LCA and LCC data collection from physical tests and numerical calibra-
tions.

e Creation of ML-based surrogate models.

e Development of the optimisation tool.

The optimisation tool

Geometrical,
material, and loadin

Experimental, LCA and LCC data collection from physical tests and numerical calibration s

from user

Generation of
the set of structural
options (design
space)

Numerical calibration Structural analysis
of MYDs analytical and design of pilot
model building

LCAand LCC
Experimental tests analyses of pilot
buildings
Cost and
embodied Seismic structural
Validated analytical carbon data analysis and design
models for MYDs

Cost and embodied

carbon calculations

for each generated
building

L

Creating ML-based surrogate models

Generating NLTH
analyses in
SAP2000 FEM
software

ML-based
surrogate
models

Training ML models
to predict structural
responses

Multi-objective
optimisation of the
design space

Pareto front
consisting of the

best structural
options

Figure 13. Research workflow

The experimental, LCA and LCC data is collected within DISSIPABLE research project [8].
New MY Ds have been created during that project, while this PhD thesis will focus on two of them
— one for moment resisting frame (MRF) configuration and another for the concentric braced frame
(CBF) one. Half-scale 3D buildings equipped with these dampers have been tested on shaking table
to calibrate the analytical models of the developed dissipative components. These validated analyti-
cal models are then used in FEM simulations to generate the data for ML models training.

Finally, with the involvement of steel producer and industrial experts comparative LCA and
LCC has been performed to see if the integration of MY Ds has any benefits in terms of cost and
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embodied carbon. Two different levels have been considered: “Product level” and “Building level”.
For the assessment at Product level, the results have been evaluated individually, with reference to 1
MYD considering as system boundaries the phases from raw material extraction and processing to
product manufacturing (“cradle to gate”). In the modular approach defined within EN 15804 [118],
such phases correspond to modules A1-A3 (Figure 14). Technical documents have been prepared
for each of the components (DRBrC, DRBeS) in accordance with the calculation rules in the Prod-
uct Category Rules “Construction Products and Construction Services” of The International Envi-
ronmental Product Declaration (EPD) System. These documents are specifically tailored to DRCs
and can serve as valuable resources for future EPD applications. The EPD, which is a type Il envi-
ronmental declaration based on ISO 14025 [119], provides a reliable and comprehensible means to
communicate the environmental performance of products. It enables effective comparisons with al-
ternative solutions, thereby facilitating market acceptance and adoption. Regarding the building
level, two 6-storey pilot buildings have been designed for the life-cycle analyses — one equipped
with new MYDs (DISSIPABLE building) and its conventional counterpart (Conventional building)
without any integrated dampers. For the assessment at building level, the system boundaries apart
from modules A1-A3 also include the building construction phase (A4-Ab), the use stage (B1-B7)
and the end of life (C1-C4). This “cradle to grave” assessment allows to include in the assessment
also the repair phase (after a seismic event) and the decommissioning of the building (Figure 14),
providing more details about the main differences between the DISSIPABLE and the Conventional
buildings. The results of these analyses are then used in the calculations of optimisation criteria in
the optimisation tool.

Al A2 A3 A4-A5 B1-B7 C1-C4

Raw material Transport Manufacturing Costruction process Use stage End of life stage
supply stage

Electricity

Deconstruction,

Product demolition
manufacturing Transport

Ancillary materials
Packaging materials:

- Transport to the
manufacturer 7 Transport
Construction Repair
process

Waste processing
Waste
—
Disposa
recycling

Legend: l Input/output ] | Processes | _

Figure 14. System boundary for the LCA assessment at building level

To quantify the environmental and economic impacts, all the information related to the life
cycle phases has been translated into material and energy flows. These flows were then utilized to
construct life cycle inventories. Subsequently, these inventories were converted into environmental
and economic results. The environmental impacts were calculated using the LCA software GaBi
[120] and the professional database ecoinvent 3.6 [121]. The calculation of environmental impacts
followed the indicators and methods specified in the amended standard EN 15804 [118]. The result
of the life cycle inventory for both case studies are shown in Appendix A. By employing these soft-
ware tools and adhering to standardized methodologies, the study ensures a rigorous evaluation of
the environmental implications associated with the analysed components and buildings throughout
their life cycles.

In the context of Life Cycle Costing (LCC), the economic impacts are expressed in mone-
tary units. Different stakeholders are involved at various stages of the supply chain, each with their
own costs and gains. For this thesis, a single perspective has been adopted, assuming that the com-
ponent producer corresponds to the building contractor. The assessment does not include the influ-
ence of capital expenditures (CAPEX) since the actual production volume is limited. It is
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challenging to evaluate the direct impact of CAPEX on the final cost under such circumstances.
However, as the production volume increases, the contribution of CAPEX is likely to become negli-
gible. With reference to the building level, considering the contractor’s point of view, equipment as
such as cranes could be considered as CAPEX, but due to lack of the reliable information, they have
been excluded from the study.

The ML-based surrogate modelling is an iterative process. In general, a huge amount of data
is needed to train the ML algorithm. Since that kind of data is not widely available even for conven-
tional structures and especially for the buildings equipped with new MYDs, it must be generated
synthetically via FEM simulations. Then, for each of the generated structural configurations, NLTH
analysis is performed to get the structural seismic response. SAP2000 [122] FEM software has been
chosen for this purpose due to its wide seismic analysis capabilities and convenient Application
Programming Interface (API). The data is generated for 4 building frame types which are then con-
sidered in the optimisation tool:

e MRF.
e MRF equipped with new MYDs.
e CBF.

e CBF equipped with new MYDs.

Due to the time-consuming nature of NLTH analysis and regular plan configurations of the
buildings in the optimisation tool, 2D FEM analyses were executed instead of 3D. The 2D models
have been validated with studies found in literature [123], [124] to ensure that the results of FEM
analysis are reliable. After the data is generated, ML model training starts according to the work-
flow explained in Figure 7. The trained model is validated by checking its error and comparing it to
the predefined threshold. In this study, the error metric is Mean Absolute Percentage Error (MAPE)
and the threshold is 10% on average between all types of structural response. If the error is above
the threshold, the sample space gets updated which in the context of this thesis means more data is
being generated. Otherwise, the procedure stops, and the obtained ML model is treated as a final
one. The whole procedure is explained in detail in chapter 5.

Start

Algorithm: ML-based surrogate modeling

Generating design solutions
Input: Initial number of design solutions N, convergence rule O
1. Generate an array of design solutions P, = {Xy, ..., Xy}, where each
Performance evaluation based on design solution X = {x1, ..., x,}, sett = 0

numerical simulations Evaluate the performance of each design solution =X, ... (Xn)}
Construct the surrogate model f using ML
Evaluate the performance of the surrogate model O(f)
If O(f) unsatisfies 0

Update the design sampling

. Repeat Step 2 to Step 4
Update the sample space . t=t+1
9. Else

10. return f(X)
11. EndIf
Output: Surrogate model f (X)

Construct surrogate model using .
ML

ONOU A WD

Validate the surrogate model

Convergence?

Figure 15. The flowchart of the ML based surrogate modelling process and corresponding algorithm
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These surrogate models are then used within the optimisation tool to perform structural de-
sign of generated buildings and ensure that they can sustain the given seismic action. It must be
noted that surrogate models can accurately predict the response of the structures withing defined
geometric and earthquake loading ranges (indicated in chapter 5). Therefore, the design space for
the optimisation procedure is restricted according to these ranges.
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The final deliverable of this PhD project is a web-based optimization tool SUSTEZ (Sustainable
Structures in Earthquake Zones) that synthesizes all preceding research phases and presents the the-
sis's results in an interactive way. It has a user interface that allows the user to insert the necessary
inputs such as building geometry, material grades, gravity and seismic loading parameters, unit cost
of materials, etc. Then, a huge set of all possible structural configurations is generated, i.e., the de-
sign space is created. All the structures in the design space have optimised cross-sections. As it was
stated in the previous paragraph, the geometry of generated buildings is restricted by the surrogate
model’s limitations. The generated buildings are analysed and designed with the use of ML-based
surrogate models, after which life-cycle cost and embodied carbon are calculated to launch multi-
objective optimisation search through the entire design space. The aim of this search is to create a
pareto front of the most optimised design solutions for the engineer to choose from. The resulted
structures are ranked according to non-dominated sorting procedure and solutions with the highest
ranks are shown to the user. It involves the partitioning of the population into subpopulations based
on their dominance ranks. The procedure begins by assigning a rank of 1 to the non-dominated set
of solutions, followed by iteratively assigning subsequent ranks to the remaining solutions based on
their non-dominated status until all solutions are ranked (Figure 16)

F N

Rank 3

Objective 2

Rank 2

Rank 1 (non-dominated front)

'

Objective 1
Figure 16. Non-dominated fronts [125]

Eventually, the engineer (final user) is able to compare the cost and embodied carbon of dif-
ferent lateral load resisting systems and quantify the impact of inserting new MY Ds into them en-
suring a truly data-driven design. Therefore, SUSTEZ performs both local (cross-sectional) and
global (layout) structural optimisations. The details of the optimisation tool creation and capabilities
are given in chapter 6.
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4  Experimental, LCA and LCC data collection from physical tests and numerical calibration

This PhD thesis is based on experimental results, and Life Cycle Analysis (LCA) performed on
buildings equipped with MY Ds within EU-funded DISSIPABLE project [8]. The following MYDs
have been analysed:

o Dissipative Repairable Beam Splice (Figure 17. g, c).

e Dissipative Repairable Bracing Component (Figure 17. b, d).

Dissipative Repairable Beam Splice (DRBeS) was introduced during the FUSEIS [126] pro-
ject and resembles “replaceable plastic hinges” for moment-resisting frames. Depending on the type
of connection this damper is divided into two systems: bolted or welded beam splices. In this re-
search the focus is given to the bolted beam splice. It consists in a cross-sectional weakening lo-
cated at the beam ends at a certain distance from the beam-to-column connections (Figure 17. a, ¢),
avoiding in this way potential brittle failures at the welds. It acts as dissipative seismic fuse, forcing
the plastic hinge to develop at the fuse through concentration of inelastic behaviour, preventing the
spreading of damage into the beams and columns. DRBeS achieves seismic resistance performance
by introducing a discontinuity on the composite beams of a moment resisting frame and assembling
the two parts of the beam through steel plates bolted to the web and flange of the beam. The con-
nections between the steel plates and the beams are obtained by means of high strength friction grip
(HSFG) bolts. The part of the beam near the connection is reinforced with additional steel plates
welded to both web and flange of the beam.

Dissipative Repairable Bracing Component (DRBrC) is the optimized version of the pin de-
vice from INERD [127] project. DRBrC corresponds to a pin component mounted in the bracing
system within a box connecting a bracing element with a column, as shown in Figure 17. b. The
concept of this connection is a pin that is subjected to four-point bending which behaves in a rela-
tively simple and predictable way (that can be related to a beam), dissipating earthquake energy
through its yielding and failing due to low cycle fatigue, by an accumulation of permanent plastic
deformations.
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4.1 Experimental campaign and calibration

The numerical models for these MY Ds have been calibrated by use of experimental campaign.
The purpose of this task was to experimentally investigate the dynamic behaviour of the pilot build-
ings with DRBeS and DRBrC subjected to biaxial lateral earthquake ground motions. Then numeri-
cal models have been developed and calibrated according to these test results. 2D hybrid tests were
performed by University of Trento (UNITN), while within this PhD thesis a couple of 3D shaking
table tests were designed and calibrated. In particular:

e 3D shaking table tests of 2-storey half-scale building (Figure 18. a);

e 3D shaking table tests of 2-storey half-scale building with 5% of mass eccentricity in both
principal structural directions (Figure 18. b);
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a. Test specimen without mass eccentricity b.  Test specimen with 5% mass eccentricity

Figure 18. 3D shaking table specimens

Both tests were performed at the Laboratory for Earthquake Engineering (LEE) of the National
University of Athens (NTUA). The experimental investigation of the seismic response has been
performed on 1:2 scale, two-storey 3D steel concrete composite specimens with MYDs, subjected
to biaxial lateral earthquake ground motions. The examined structure was a moment resisting frame
equipped by DRBeS in one direction and braced frame with DRBrC in orthogonal direction. For
similitude purposes, as the specimen was designed in 1:2 scale, additional masses were placed on
each storey. A series of shaking table tests at limit states Damage Limitation (DL), Significant
Damage (SD) and Near Collapse (NC) were carried out to examine the response of the building at
each limit state.

These structures were numerically modelled in FEM software SAP2000 [122] with the goal to
calibrate experimental results with the numerical model and achieve as accurate numerical formula-
tion of MYDs as possible. Furthermore, numerical and experimental structures were subjected to
the same accelerograms. The 3D view of the structure in SAP2000 [122] software is presented in
Figure 19.

Figure 19. SAP2000 model of shaking table test

The particular attention is given to the slab stiffness, that was taken:
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e Full for Damage Limitation (DL) limit state since no cracks were expected.

e 0.5 of full for Structural Damage (SD) limit state. To take into account the effects of cracks
as it is proposed in EN 1998-1 [2].

e 0.1 of full for Near Collapse (NC) limit state for the same reason.

The comparison between the test and FE model results for the building without mass eccen-
tricity are presented in two principal directions of the structure (X - MRF equipped with DRBeS, Y
— braced frame equipped with DRBrC) in terms of structural periods (Table 3) and base shear — dis-
placement relationship (Table 4 and Table 5).

Limit state Period X (s) Period Y (5)
Experimental - DL 0.63 0.42
Numerical - DL 0.59 0.18
Experimental — SD 0.65 0.45
Numerical - SD 0.62 0.18

Table 3. Structural periods comparison

Limit stat MAX displ. (mm) MIN displ. (mm) MAX base shear (kN) MIN base shear (kN)
imit state
Exp. Num. Exp. Num. Exp. Num. Exp. Num.
DL 36.55 30.96 -32.99 -29.94 47.26 42.05 -40.51 -40.28
SD 73.56 71.94 -77.30 -57.74 63.90 73.69 -76.11 -71.82
Table 4. Maximum and minimum base shears and displacements in X direction
Limit stat MAX displ. (mm) MIN displ. (mm) MAX base shear (kN) MIN base shear (kN)
imit state
Exp. Num. Exp. Num. Exp. Num. Exp. Num.
DL 11.49 2.48 -8.10 -2.76 39.21 36.78 -33.63 -40.02
SD 25.66 5.69 -13.37 -5.70 66.50 59.50 -47.82 -58.05

Table 5. Maximum and minimum base shears and displacements in Y direction

The good correlation is reached in X (MRF) direction of the structure. Therefore, it can be con-
cluded that the stiffness of the structure that is modelled in SAP2000 [122] software and the struc-
tural behaviour are close to the tested specimen in X direction. However, in Y (bracing) direction
the results are very close in terms of forces and deviate in terms of displacements. FE model is
stiffer than the test specimen in this direction. The reason for this difference is the gap between the
pin and plates (internal and external) in DRBrC. This gap induces displacement in the component
with very low amount of force applied (lower than 1kN). Based on test calibration reports produced
by the author and other DISSIPABLE project participants it was decided by all partners of the pro-
ject to modify an original formulation of DRBrC and include the influence of gap between the pin
and the plates by adding a particular value (depending on the size of the gap and geometry of
braced frame, Table 6) to global structural displacements per storey for displacement-based checks
(interstorey drift, p-delta effects). The values reported in Table 6 were achieved within experimental
and numerical investigation during INNOSEIS project. This decision is based on the fact that ac-
cording to the experience of project’s participants, braced systems do not usually have problems
with deformability. Therefore, even when global structural displacements are calculated in an ap-
proximate way, it will not cause problems with structural safety. The final conclusion of the experi-
mental campaign is that the building with 5% mass eccentricity behaves in a very similar way to the
building without any mass eccentricity (Figure 20).

36



Diagonal inclination [degrees]
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Figure 20. Influence of mass eccentricity on the global structural behaviour

4.2 Numerical simulations

Based on the test results | calibrated the numerical model of the MYDs and in collaboration with
other academical partners of DISSIPABLE project [8] defined the updated design rules and guide-
lines for them. Then, | performed a parametric study, where | simulated 4 buildings with and with-
out dissipative systems and compare their structural performance during the seismic excitation. Ad-
ditionally, I performed the Life Cycle Assessment (LCA) and Life Cycle Costing (LCC) of one of
the numerically tested structures and compared it with the conventional building’s environmental
performance in collaboration with (RINA Consulting S.p.A.)

This chapter refers to the seismic design of new six-story composite steel-concrete office build-
ing. It aims to demonstrate the implementation of DRBeS and DRBrC components that were tested
and calibrated by me within DISSIPABLE project. The elaborated case study comprises the con-
ceptual design, modelling and analysis by nonlinear time history design method (NLTH), design of
main dissipative and non-dissipative structural members, and structural detailing of bolted DRBeS
and DRBrC components. Moreover, the conventional structure without any DISSIPABLE compo-
nents is also designed for comparative purposes and called further in the text as “State of the art
(Conventional) building”.

The steel-concrete composite 6-storey building is regular in plan and elevation. The number of
bays in both directions is 3 with a span length of 6.6 m in the X direction and a span length of 5m in
the Y direction. The height of each story is equal to 4 m (Figure 21). The gravity frames are com-
posed of composite steel-concrete beams and steel columns, located at each structural axis. Lateral
forces in the Y direction are resisted by the moment resisting frames (MRFs) only for Conventional
building and MRFs with DRBeS components for DISSIPABLE building. In the X direction lateral
loads are resisted by concentrically braced frames (CBF) only for Conventional building and by
CBF with DRBrC components for DISSIPABLE building. In this respect, beam-to-column joints
and column bases are assumed as fully fixed in the Y direction and nominally pinned in the X direc-
tion. The concrete slab with a thickness of 130mm made from C25/30 concrete with B500
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reinforcement is used. The structural geometry and slab’s thickness were adopted from 3D shaking
table tests to obtain the consistency between experimental campaign and numerical simulations.
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Figure 21. Structural geometry in both directions

Both DISSIPABLE and Conventional are subjected to the same set of 7 accelerograms for 3 limit
states (DL, SD and NC) to perform the NLTH analysis. The selection of seismic records considered
as far as possible the regional tectonic environment, earthquake magnitude, source-to-site distance,
and local conditions of the recording site, relevant for the return period of the seismic actions of in-
terest. The criteria for the search of accelerograms used in this study are presented in Appendix B.
Due to scarcity of appropriate records on soil category A, the database search was broadened to in-
clude soils with site category B. The spectral accelerations of the selected accelerograms is compat-
ible with the elastic response spectrum (Appendix C) in the period range from 0.2T to 1.5T1, where
T1 is the fundamental period of the structure in the direction where the base motion is applied. All
the recorded accelerograms were selected from the NGA-West2 PEER database [128] and the ESM
database [129] and scaled by National Technical University of Athens (NTUA). Moreover, the
gravity loads acting on both structures are the same. The used accelerograms can be found in
Appendix D.

Both buildings are modelled with frame and shell type elements, using the SAP2000 [122] soft-
ware. Diaphragm constraint is applied on each floor. The slab behaviour is simulated by means of
thin shell element. The reduction of concrete stiffness by half is applied according to EN 1998-1 [1]
to simulate the possible cracks in the slabs during the earthquake. The composite beams are mod-
elled by means of the section designer command offered by SAP2000 [122] with the effective width
of the composite section corresponding to EN 1998-1 [1]. Plastic hinges are placed in main beams’,
bracings’, and columns’ ends to check if they stay elastic during the analysis. P-delta effects was
considered explicitly during the structural analysis by SAP2000 [122] software. DRBeS are simu-
lated by plastic links with pivot hysteresis. DRBrC are simulated by plastic links with kinematic
hysteresis Both structures were designed in a way to respect capacity design rules of EN 1998-1 [1]
and DISSIPABLE design guidelines for the dissipative composite steel-concrete buildings devel-
oped within my PhD. Overall, in the DL limit state no damage was observed in both buildings while
in the SD limit state main beams and braces yielded in the Conventional building (Figure 22 a, c),
and only DRBrC and DRBeS components yielded in the DISSIPABLE building (Figure 22 b, d)
which makes this structure highly and easily repairable after the major seismic event. The intersto-
rey drifts diagrams can be found in Appendix E. The legend for Figure 22 is explained in Appendix
K.
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Figure 22. Deformed shape envelopes and yielded elements for the SD limit state for both buildings

4.3 LCA and LCC analyses results

The data regarding MY Ds’ manufacturing, results of 3D shaking table tests, and numerical
structural analysis have been sent to RINA Consulting S.p.A for LCA and LCC analyses. In partic-
ular, the manufacturing data has been collected from SOFMAN and integrated into life cycle inven-
tory (Appendix A). While the time required for repairability has been measured during experi-
mental campaign. The repairing and reassembling procedures were included into experimental cam-
paign (Figure 23) and the outcomes of these experiments are incorporated into life cycle inventory
used for LCA and LCC analyses. Moreover, the guidelines of how to repair these dampers have
been developed [8].
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a. Replacement of DRBrCs b. Replacement of DRBeS
Figure 23. Replacement of MYDs

The purpose was to create a comparative analysis between Conventional and DISSIPABLE
buildings to understand the difference in environmental and economic metrics. The following as-
sumptions of the study are considered:

Although the foundation types of Conventional and DISSIPABLE buildings could be slightly
different, only the unburied parts of the building are considered, and the foundations are not
included in this study. In addition, only the structural parts of the buildings are considered,
and the not/structural ones are considered out of scope.

No difference is considered during the use phase (in terms of energy consumption of the
buildings). Consequently, this phase is excluded from the assessment.

For the assessment at building level, the average lifespan (RSP) of the building has been as-
sumed at 50 years.

It has been assumed that 1 seismic event could occur during the 50 years. Consequently, the
Life cycle phases of building have been modelling according to the following time scale (Fig-
ure 24):

©)

O
O

Year 0: Both Buildings, Conventional and DISSIPABLE are manufactured; the
lifespan of buildings should be 50 years.

Every 5 years: maintenance operations on steel structures.

Year 30: Seismic event occurs.

Conventional building is demolished and reconstructed. The lifetime of new building
is 50 years.

DISSIPABLE building is repaired accounting the replacement of seismic devices. It
is considered that the performance of the repaired structure is equal to the to the pre-
vious one (Pre-earthquake): the lifetime of building is extended at 50 years.

Year 80: Both structures should be demolished considered the end of the lifetime.
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Figure 24. Scenarios for the LCA and LCC analyses

In general, the data use to model the scenarios have been collected in the following ways:
e Directly measured:
o Consumption for the MYDs production (from steel manufacturer).
o Consumption for the MYDs repair (from laboratory tests).
e Calculated:
o Amount of material for the building construction.
e Estimated, based on the experience of the technicians:
o Consumption for the maintenance of the building (from the contractor of the test
specimens).
o Costs for materials, energy, waste management for both dissipative components and
building (using the data from the contractor’s practice for the year 2022).

The LCA and LCC analyses has been performed according to the current standard and
norms [118], [130], [131]. Figure 25 shows that the environmental impact (embodied CO>) and cost
related to the construction of the DISSIPABLE buildings are higher due to the higher amount of
necessary steel (for the structural frame). However, the impacts associated to the repair/ substitution
of the device after the seismic event are quite limited: for this reason, when comparing the necessity
to demolish and re-construct the Conventional building after a seismic event, the overall life cycle

impacts are lower for the DISSIPABLE buildings.
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Figure 25. LCA and LCC analyses results

4.4 Discussion about experimental campaign and comparative LCA and LCC analyses

The following conclusions can be reached based on the results presented in this chapter:

e The empirical formulations of MYDs have been approved by shaking table tests. Therefore,
it can be concluded that the resulted FEM models are on agreement with an experimental
campaign.

e Including repairability in the analysis allowed for a more accurate assessment LCC and LCA
impacts of structures. MYDs can be replaced or repaired after a seismic event without neces-
sitating extensive demolition or reconstruction of the entire structure. The experimental cam-
paign allowed to accurately assess the monetary and environmental impacts of repairability.

e The case study showed that thanks to the MYDs’ repairability DISSIPABLE buildings are
cheaper than conventional buildings (by 45%) and emit less embodied carbon (by 25%). How-
ever, these results are applicable for the whole life-cycle of the building considering one

42



seismic event happening within its life. Due to the relatively low cost and environmental im-
pact of MYDs’ repair DISSIPABLE buildings can be considered beneficial to their conven-
tional counterparts where the reconstruction of the whole building is needed.

43



5 Training and deployment of ML-based surrogate models

In this chapter the process of creating ML-based surrogate models to predict the results of NLTH
analysis is presented. It starts with a detailed explanation of synthetic data generation in FEM soft-
ware where also the boundaries of the model’s application are discussed. It continues with the de-
tails about ML model training and its accuracy. Finally, the information about model’s deployment
is given. The key success criteria considered in developing these models include:

e Accuracy: Ensuring the surrogate models can accurately predict the nonlinear
seismic response by training them on a comprehensive dataset generated from
detailed FEM analyses (10% mean error percentage threshold was established).

e Speed: The models are designed to deliver quick predictions, reducing the time
needed for nonlinear seismic analysis from hours to minutes.

e Generalizability: The models are trained using a wide range of input parameters
(e.g., structural geometry, material properties, seismic loading conditions) to
ensure they can generalize well to different structural configurations.

5.1 Synthetic data generation

The data for training of ML-based surrogate models have been generated synthetically via
API of SAP2000 software [122]. Figure 26 shows the general flowchart of this process applied to
one frame.
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Figure 26. Data generation flowchart

First, the type of frame is chosen from the following options:

e Typical MRF
e MRF equipped with DRBeS
e Typical CBF

e CBF equipped with DRBrC

Secondly, the frame with a random geometry is generated. Each parameter and its boundaries
are shown in Table 7. These boundaries were chosen to be big enough to allow a large set of realis-
tic structures during the design space generation while also not being too big to violate the accuracy
of ML models. To generate the frame, the random value was sampled from each of the geometric
variables.
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Geometric variable Minimum value Maximum value Step

Number of spans 1.0 6.0 1.0
Span width [m] 3.0 8.0 1.0
Number of floors 1.0 6.0 1.0
Floor height [m] 3.0 4.0 0.5

Table 7. Geometric boundaries

Then, the random materials and cross-sections from all the possible options (Table 8) are as-
signed to each generated frame element. The decision to generate random structures instead of us-
ing a set of pre-designed ones is made to give ML model an opportunity to better learn structural
behaviour dealing with under and over designed buildings as well. In the engineering practice, it is
common to start with not optimal solution and then iteratively find the best one. Therefore, ML
model must correctly also predict the initial guesses that can be far from the optimal designs. Nev-
ertheless, to ensure that generated structures are at least realistic, the choice of cross-sections is
guided by constraints. First of all, they were grouped by floors and assigned to elements according
to the height distribution indicated in Table 8. Additionally, lower and upper boundary constrains
are applied to columns and beams cross-sections. Regarding lower boundary constraint, it is en-
sured that columns and beams can withstand the acting gravity loads. The preliminary bending mo-
ment (for beams) and axial forces (for columns) calculations are performed using simplified engi-
neering formulas and the obtained actions are compared with the resistance of a randomly assigned
cross-section. If the check is not passed, the cross-section is increased until its resistance is bigger
than acting force. For the upper boundary, the arbitrary value is chosen to avoid having too large
cross-sections for small frames. Regarding the material, the constraint is implemented to verify that
neither beam’s nor bracing’s steel grade exceeds the one of a column. It is implemented to satisfy
the dissipative behaviour of a frame according to Eurocode 8. The typical S235, S275, and S355
material grades are available for the random choice.
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Structural

The smallest cross-

The biggest cross-

Distribution along the

element section section height Upper boundary
Column HEAL00 HEM1000 Each 3 floors Qecrgase the Max. HEA550 if the frame
cross-section size has 3 floors or less
Beam IPESO HEA700 The same along the height Max. IPE6OO if the frame
has 3 floors or less
Max. CHS 168.3 / 4.0 if the
frame has 2 floors or less.
Bracing CHS76.1/3.2 CHs711/80  tach 2floors decrease the

cross-section size

Max. CHS 457/ 8.0 if the

frame has 4 floors or less

Table 8. Cross-sectional boundaries

The next step is to assign MYDs if the frame should be equipped with them according to the
initial choice. DRBeS is assigned in the vicinity of beam ends while DRBrC is inserted between the
bracing and the column. Both dampers are modelled as link elements with the nonlinear behaviour
obtained and validated via experimental campaign and reported in previous chapter briefly and the
DISSIPABLE guidelines in detail [132]. According to these guidelines, their initial dimensions de-
pend on the connected structural member (beam or bracing). Therefore, the catalogue has been cre-
ated where for each available beam and bracing cross-section there is a predefined MYD. The ex-
ample of one randomly generated structure with elements’ cross-sections for each type of frame is
shown in Figure 27.
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Figure 27. Example of randomly generated structures

Live, self-weight, superimposed dead, and facade loads are considered as gravity loads act-
ing on the frame. The range for the load quantity is shown in Table 9. These loads are applied as
distributed loads acting on beams except for the case of self-weight dead load that is automatically
applied by the FEM software. The value of the gravity loads is randomly taken from Table 9 and for
superimposed dead and live loads multiplied by the tributary width for the gravity loads from
Figure 28. The span width out of plane for tributary width calculation is randomly taken from the
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range indicated in Table 7. Then, the modal analysis is performed considering maximum 12 struc-
tural modes.

Gravity load type Minimum value Maximum value
Superimposed dead [KN/m?] 1.0 6.0
Live [kN/m?] 1.0 5.0
Facade [KN/m] 0.0 4.0

Table 9. Gravity loads boundaries.

Lateral load resisting system

[ [
Gravity loads tributary area

Seismic loads tributary area

Lateral load resisting system

Figure 28. Building plan. Tributary areas for gravity and seismic loads for 2D frames extracted from 3D building.

After the gravity and modal analyses are finished, NLTH analysis starts. It uses deformed shape
and stiffness matrix from gravity analysis to realistically replicate the initial building conditions
when the earthquake arrives. Nonlinear behaviour of structural elements is simulated via plastic
hinges assigned to columns, beams, and braces. The exact formulation of plastic behaviour is auto-
matically taken from American design codes [3] by SAP2000 software [122]. P-delta effects are in-
cluded during NLTH analysis while 5% damping is assigned to the structure. Rayleigh damping is
used while mass and stiffness coefficients are calculated based on first 2 structural periods of the
frame calculated during the modal analysis. In order to achieve an accurate approximation of a 3D
building seismic structural behavior using 2D frames, the floor mass is calculated according to the
seismic tributary area (Figure 28). This mass is assigned to the 2D frame using nodal masses in the
structural joints in each floor. To calculate the floor mass, out of plane number of spans and their
width is randomly sampled from Table 7. The out of span width is taken the same as for the gravity
loads calculations for the consistency purposes. The ground motions used for NLTH analysis are
taken from Peer [128], and ESM [129] databases and reported in Table 10. The ground motions are
not scaled to any design spectrum since in that case the application would be limited to a particular
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location. Instead, accelerograms with a vast variety of ground shaking intensity have been chosen to
have a better generalization of an ML model.

Distance to Shear wave velocity

Ground motion name Magnitude Peak Ground Acceleration [g] fault [km] [mis]
Corinth_ Greece 6.60 0.300 10.27 361.40
Griva_ Greece 6.10 0.100 32.84 551.30
Viktoria, Mexico 6.33 0.150 18.96 242.05
Northridge-01 6.69 0.110 35.66 549.75
Spitak_ Armenia 6.77 0.200 23.99 343.53
Chns‘;::;;(;hd_New 6.20 0.150 13.91 649.67
Friuli Italy-01 6.50 0.354 15.82 505.23
Parkfield 6.19 0.123 12.90 256.82
Umbria Marche_ Italy 6.00 0.171 17.28 293.00
Taiwan SMARTL(5) 5.90 0.140 25.50 309.41
Landers 7.28 0.283 19.74 352.98

Table 10. Ground motions

Overall, for each frame type 1819 randomly generated structures were subjected to 11
ground motions each which results to 20009 NLTH analyses per frame and 80036 overall. The
number of generated structures was obtained by trial-and-error procedure where different number of
datapoints for ML training has been generated until the acceptable accuracy of the prediction has
been achieved (following the algorithm from Figure 8). The resulting number of structures repre-
sents just a tiny bit of the entire space of possible options. Through the application of elementary
permutation methodologies, encompassing exhaustive examination of geometric configurations,
material properties, cross-sectional profiles, and gravity loads, within the specified ranges indicated
in the aforementioned tables, the total combinatorial abundance of structural arrangements amounts
to approximately 4.7 billion distinct possibilities. Notably, the utilization of ML techniques proves
exceptionally beneficial in this context, as merely a modest subset of the exhaustive permutations,
comprising fewer than 2000 generated structures, suffices to achieve an acceptable accuracy in
terms of response predictions. Consequently, the ML model's aptitude extends beyond the analysed
subset, thereby permitting the approximate determination of response characteristics for all other
potential configurations. Overall, it took around 800 hours to generate all the data on a personal
computer (36 seconds per one analysis) with 2,8 GHz Quad-Core Intel Core i7 processor and 16 GB
2133 MHz memory. The overall inputs and outputs for each type of frame is shown in Table 11.
Since ML models work only with numerical type of values, the elements’ cross-sections are en-
coded as their mechanical properties — moment of inertia and area respectively. Indicated in Table
11 parameters are be used as features (inputs) and labels (outputs) of ML-based surrogate model.
Therefore, the range of all the features is reported to get an understanding of its boundaries and ap-
plicability. The following outputs are obtained from NLTH analysis:

e Interstorey displacement. The maximum value of an interstorey displacement among all floors
of the frame during the seismic excitation. This output can be used to calculate maximum
interstorey drift used in global serviceability building checks.

e Axial force in a column. The maximum axial force during the seismic excitation among all 1%
storey columns.
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e Bending moment in a column (MRF only). The maximum bending moment during the seismic

excitation on the most axially stressed column. This and the previous outputs can be used
perform columns seismic design.

to

e Bending moment in a beam (MRF only). The maximum bending moment during the seismic

excitation among all beams. This output can be used to perform beams seismic design.

e Axial force in a bottom bracing (CBF only). The maximum axial force during the seismic
excitation among all 1%t storey bracings. This output can be used to perform bracings seismic

design.

Incorporating a wide range of input and output parameters in machine learning-based surrogate
models is crucial for comprehensive modeling, generalizability, and practicality in structural

engineering applications, including the development of an accurate and practical optimization tool.

A broad set of input parameters ensures accurate capture of complex interactions and behaviors of
different structural configurations under seismic loading, leading to more reliable predictions of
structural responses. By considering various input scenarios, the models can generalize better to
new, unseen configurations, enhancing their applicability to a wider range of buildings.
Furthermore, engineers can leverage these models to explore multiple design options quickly,
thanks to the comprehensive set of outputs, which helps ensure adequate design of all main frame
components, such as columns, beams, and bracings, resulting in practical and efficient solutions.
This set of input and output parameters is vital for making an optimization tool like SUSTEZ
accurate and practical, enabling efficient exploration and optimization of structural designs for
seismic performance.
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Inputs

MRF CBF with
Feature name MRF with CBF Range (min-max)
DRBrC
DRBeS
Column Fy [Mpa] 4 4 4 4 235-355
Beam Fy [Mpa] v v v v 235-355
Bracing Fy [Mpa] x x v v 235-355
Columns 1-3 |
v v v v -
[mm*107] 3.49-6447
Columns 4-6 |
v v v v -
[mm*107] 0-5538
Beam | [mm**109] v v v v 1.71-1752
Bracing 12 A x x v v 733-15130
[mm?]
Bracing 234 A < x v v 0-2377.07
[mm?]
Bracing 256 A < < v v 0-1341.76
[mm?]
Number of spans v v v v 1-6
Span width [m] v v v v 3-8
Number of floors v v v v 1-6
Floor height [m] 4 4 v v 3-4
318.55-135357.77
. [KNm/rad] for DRBeS
MYD’s stiffness x 4 x 4
1.37E+05-1.36E+06
[kN/m] for DRBrC
6.24-536.57 [KNm] for
MYD’§ Y.ielding < v M v DRBeS
limit 43.99-1113.71 [kN] for
DRBrC
3.30-283.36 [kNm] for
MYD’§ U}timate < v N v DRBeS
limit 134.77-3412.20 [KN] for
DRBrC
MYD’s ﬂarzlge area < v < < 2104000
[mm?]
Number of braced < < v v 1.2
spans
Floor mass [kg] v v v v 568.99-884936.45
Facade load v v v v 0-4
[kN/m]
Distributed super-
imposed dead load v v v v 3-48
[kN/m]
Distributed live v v v v 340
load [KN/m]
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Peak Ground Ac-
celeration [g]

Magnitude

Distance to fault
[km]

Shear wave veloc-
ity [m/s]

Fundamental pe-
riod [s]

0.10-0.354

5.90-7.28

10.27-35.66

242.05-649.67

0.05-10.48 for MRF

0.06-13.08 for MRF
with DRBeS

0.04-4.02 for CBF

0.04-5.11 for CBF with
DRBrC

Outputs

Insterstorey dis-
placement [mm]

Axial force ina
column [kN]

Bending moment
in a column [KNm]

Bending moment
in a beam [KNm]

Axial force ina
bottom bracing
[kN]
Bending moment
in DRBeS [kNm]

Axial force ina
bottom DRBrC
[kN]

0.12-287.75 for MRF
0.26-299.33 for MRF
with DRBeS
0.10-122.18 for CBF
0.10-232.67 for CBF
with DRBrC
6.15-3278.18 for MRF
11.77-2818.89 for MRF
with DRBeS
8.96-9468.09 for CBF
13.03-6326.29 for CBF
with DRBrC
1.95-3291.59 for MRF
0.76-6484.13 for MRF
with DRBeS

1.82-1455.36 for MRF

9.56-1672.16 for MRF
with DRBeS

2.59-3846.45 for CBF

2.96-2559.72 for CBF
with DRBrC

1.06-532.30

2.98-2502.57

5.2 ML models training

Table 11. ML model inputs and outputs

The training of ML models follows the general workflow shown in Figure 7. The synthetic
data generated by SAP2000 software [122] was used to train ML models to predict the analysis
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outputs based on their inputs. To evaluate the accuracy of the trained algorithm, Mean Average Per-

centage Error (MAPE) is used:
n
1 z |4; — Py
MAPE = — ) ——
n = Ai

Where:
e n s atotal number of observations.
e Aiis an actual value.
e Fiisa predicted value.

This error metric is chosen since it can be easily interpreted by a reader as well as a final user of
the tool. In fact, it can be interpreted as “how many percents the prediction deviates from the reality
on average”. The use of percentages as a unit of measure also eliminates the need to know the mean
value of the predicted label to interpret the scale of the error which is present when other error met-
rics are used, such as Mean Absolute Error (MAE) or Root Mean Squared Error (RMSE). Since
there is no way to know which ML algorithm will be the best for the given data in advance, all algo-
rithms proven powerful in the literature have been used and compared (Table 12). Python program-
ming language [133] was used for the models training. The data has been split for training and test-
ing with 95% (19000 datapoints) related to training and 5% (1000 datapoints) to testing data. Strati-
fied by magnitude data splitting was used to verify that in both training and testing data ground mo-
tions acting on frames are equally represented. Both training and testing errors are reported to verify
the reliability of the training process (testing error is expected to be higher than training one) and
check algorithms for a potential overfitting. To increase the accuracy of ML models, instead of
training one model to predict all the outputs at the same time, separate models were used for each
output. It resulted to 4 ML-surrogates for MRF, 5 ML-surrogates for MRF with DBBeS, 3 ML-sur-
rogates for CBF, and4 ML-surrogates for CBF with DRBrC respectively. Table 12 shows MAPE
for all the algorithms with their default parameters. Linear Regression (LR), K-Nearest Neighbors
(KNN), Decision Trees (DT), Random Forests (RF), XG Boost (XGB) and Light Gradient Boosting
Machine (LGBM) algorithms have been implemented.
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MRF

Predicted output  Dataset LR KNN DT RF XGB LGBM
Interstorey Dis-  Train 121.29 71.53 0.00 441 12.73 19.00
placement Test 133.28 124.75 10.75 8.06 17.67 18.92
Axial forceina  Train 54.65 27.82 0.00 5.64 10.0 11.26
column Test 58.76 41.89 22.88 14.85 14.80 13.16
Bending mo- Train 146.98 73.45 0.00 8.64 18.55 23.21
me”tu':“‘? o rest 16498 114.02 30.59 23.47 28.61 26.17
Bending mo- Train 81.71 43.7 0.00 7.32 13.57 16.23
ment in a heam Test 87.95 62.94 28.11 20.60 18.94 18.52
MRF with DRBeS
Interstorey Dis-  Train 97.04 50.44 0.00 5.94 13.13 19.93
placement Test 94.80 69.88 23.58 16.30 20.48 22.36
Axial forceina  Train 40.65 22.16 0.00 4,18 7.38 8.28
column Test 38.15 31.52 16.11 10.87 10.07 9.14
Bending mo- Train 132.03 73.55 0.00 11.35 22.04 30.76
me”tu'rr;r? - rest 12688  107.12 37.46 30.40 36.73 29.70
Bending mo- Train 60.19 28.69 0.00 6.34 10.58 13.76
ment in a beam Test 58.93 38.82 24.04 16.26 13.85 14.76
Bending mo- Train 63.82 29.03 0.00 4.46 8.90 11.68
ment in DRBeS Test 63.96 40.47 16.16 11.81 11.16 13.11
CBF
Interstorey Dis- _ Train 107.41 62.42 0.00 3.92 12.19 17.48
placement Test 104.94 99.69 13.27 10.03 15.60 17.99
Axial force in a Train 96.67 38.74 0.00 5.96 11.39 15.69
column Test 92.90 57.54 22.91 15.41 15.89 16.70
Axial forceina  Train 82.12 44.34 0.00 5.79 13.71 18.46
bottom brace Test 80.70 65.62 22.03 15.55 17.90 20.11
CBF with DRBrC
Interstorey Dis- _ Train 112.47 55.50 0.00 4.92 14.31 21.52
placement Test 110.78 90.84 16.35 11.07 19.32 21.41
Axial force in a Train 68.49 30.61 0.00 5.67 9.34 13.06
column Test 59.38 44.09 23.02 15.41 12.93 13.91
Axial force in a Train 57.80 31.69 0.00 4.65 9.15 13.00
bottom brace Test 56.03 47.56 18.85 13.00 13.04 14.21
Axial forceina  Train 57.21 31.14 0.00 4.50 8.71 13.02
bottom DRBrC Test 55.52 46.81 17.56 12.68 12.24 14.49

Following observations can be made from the obtained results:
RF, XGB, and LGBM algorithms are the most accurate ones for a given problem.
DT overfitted (fit training data too well failing to generalise on a testing dataset) for all the

for hyperparameter tuning. It consists of testing different parameters of the algorithm on a given

case studies. It was expected since overfitting is one of main drawbacks of this algorithm.

Table 12. MAPE for training and testing data of various ML models

LR model failed at this task since this algorithm expects linear dependence between inputs

and outputs that is clearly not the case in NLTH analysis.
KNN also turned out to be too simple for this problem.

Interstorey displacement predictions have the best accuracy while columns bending moments
were the hardest to predict.

Based on the obtained preliminary results, RF, XGB, and LGBM algorithms have been chosen

data to find the ones that give the best accuracy. For that reason, a range of parameters is chosen for
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each algorithm. For hyperparameter tuning the original training data is used which is further divided
for training and validation datasets, where the ML model is fit on training data and tested on valida-
tion one. Then, the obtained final algorithm is tested on testing data and results of the testing error

are shown in Table 13. Additionally, the Voting Ensemble (VE) algorithm which combines the best
2 ML models for each predicted output is tested. Based on these results the highlighted algorithm is
chosen for each ML-based surrogate model and then deployed on the web and into the final optimi-

sation tool.
MRF
Predicted output RF XGB LGBM VE
Interstorey Displace- 8.02 11.25 10.92 8.14
ment
Axial force in a col- 14.76 9.15 8.05 7.84
umn
Bending moment in a 2331 15.17 11.57 11.65
column
Bending momentin a 20.35 11.66 10.27 9.95
beam
MRF with DRBeS
Interstorey Displace- 16.14 15.94 14.77 11.40
ment
Axial force in a col- 10.71 7.03 5.87 5.76
umn
Bending moment in a 31.64 2353 11.01 16.96
column
Bending moment in a 16.04 9.92 8.80 8.53
beam
Bending moment in
DRBeS 11.77 8.85 7.69 7.45
CBF
Interstorey Displace- 9.84 13.21 10.89 9.40
ment
Axial force in a col- 15.38 9.93 9.23 8.88
umn
Axial force in a bot- 15.45 11.80 11.55 11.05
tom brace
CBF with DRBrC
Interstorey Displace- 11.14 15.56 12.21 10.65
ment
Axial force in a col- 15.34 9.05 8.46 8.20
umn
Axial force in a bot- 11.45 9.30 8.79 8.50
tom brace
Axial force in a bot-
tom DRBIC 1259 201 soL -

Table 13. MAPE for the best ML algorithms with hyperparameter tuning

The hyperparameter tuning did not give a significant improvement for RF algorithm while it
made both XBG and LGBM algorithms much more accurate. VE is the most accurate algorithm in
most cases which is expected since it combines the best 2 ML models and uses statistical techniques
to get the best out of both at the same time. In frames equipped with MY Ds, displacement predic-
tions yielded lower accuracy compared to their conventional counterparts. It can be attributed to
their higher range which was shown in Table 11. However, for all other predicted parameters
frames with MY Ds have higher accuracy compared to conventional ones. The reason for this lies in
a high predictability of features associated with MYD (such as stiffness and yielding limit) and dis-

cussed in detail in the next subchapter.
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Finally, since the data is generated synthetically its amount can be controlled. Therefore, the
sensitivity analysis of the amount of data and the resulting MAPE is performed. 5000, 10000,
15000, and 20000 datapoints are used. For the consistency purposes, for each dataset 90% of data is
used for training ML algorithms while 10% for the testing. This choice was made since 5% of test-
ing data (used previously) results in too few testing samples to adequately evaluate the performance
of algorithms applied on data with 5000 and 10000 datapoints. The resulting testing MAPE for the
best ML model for each predicted output is shown in Table 14.

MRF
Predicted output 5000 datapoints 10000 datapoints 15000 datapoints 20000 datapoints
Interstorey Displacement 13.17 9.75 8.90 7.83
Axial force in a column 11.39 8.73 7.96 7.87
Bending moment in a column 19.55 1451 13.13 11.85
Bending moment in a beam 15.36 12.46 11.13 10.18
MRF with DRBeS
Interstorey Displacement 19.38 15.24 14.54 11.94
Axial force in a column 8.08 7.11 6.19 5.73
Bending moment in a column 17.19 14.46 12.32 11.34
Bending moment in a beam 13.01 11.31 10.31 9.37
Bending moment in DRBeS 11.24 8.84 8.26 7.65
CBF
Interstorey Displacement 15.67 11.61 10.75 9.90
Axial force in a column 12.75 10.32 9.55 8.86
Axial force in a bottom brace 16.74 14.16 12.12 10.95
CBF with DRBrC
Interstorey Displacement 15.38 14.10 12.09 10.68
Axial force in a column 10.19 9.69 8.50 7.81
Axial force in a bottom brace 11.45 10.26 8.79 8.35
Axial force in a bottom DRBrC 11.12 9.89 8.75 8.24

Table 14. The dependence of MAPE on the amount of data

The increase of the amount of data improves the accuracy of ML models for all the outputs.
However, when MAPE becomes small (lower than 10%), the increase of the size of the data does
not substantially reduce the error anymore.

5.3 ML models interpretation

Even though LGBM and VE models are the most accurate for the NLTH analysis prediction,
they are hard to interpret. They are based on the simple concept of decision trees, but due to the
complex math applied to proceed from basic decision trees to these advance algorithms it can be
extremely difficult to understand why model gives a particular prediction given a particular set of
inputs and which inputs affect the outputs more than others. To solve this issue and improve the ex-
plainability of ML models, SHAP (SHapley Additive exPlanations) values are used [134]. Itis a
method of explaining the predictions of ML models by decomposing the prediction into the contri-
bution of each feature or input variable [135]. The SHAP value for a feature represents the differ-
ence between the expected model output and the actual model output when the feature is included
in the prediction, compared to when it is excluded.

SHAP values are based on the Shapley value, a concept from cooperative game theory that as-
signs a value to each player in a coalition based on their marginal contribution to the coalition’s to-
tal value [136]. In the context of ML, the players are the features, and the coalition is the set of fea-
tures used in the prediction. SHAP values have several advantages over other methods of interpret-
ing ML models. They are model-agnostic, meaning they can be applied to any black-box model,
and they provide local explanations that are specific to individual instances rather than global expla-
nations that apply to the entire dataset. Additionally, SHAP values are consistent, meaning that they
satisfy a set of desirable properties for feature attribution methods.
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Figure 29, Figure 30, Figure 31, Figure 32 show a global and local SHAP values for each of the
ML-based surrogate model for MRF. Results of global analysis are shown via summary plots where
the most important features for the prediction of each output are located from top to bottom. Addi-
tionally, the colourmap indicates how the increase or decrease of feature value affects the predic-
tion. For the local analysis waterfall plots are used. They show the importance of each feature on
the chosen datapoint. In particular, they indicate how starting from expected value (mean value of
all predictions for the entire dataset — E[f(x)]) the model arrives to its final prediction — f(x) and
how the value of each feature impacts this prediction. For instance, Figure 29, b shows how starting
from expected value of interstorey displacement equal to 19.96 mm each important feature contrib-
uted to the final prediction of 14.12 mm which is very close to the original value of 14.10 mm. The
original value is indicated on the top of each local analysis plot to show the accuracy of the chosen
prediction. Regarding global analysis, Figure 29, a is an example of structural period being the most
predictive features of all for interstorey displacement prediction. The x axis consists of dots where
each dot corresponds to SHAP value (numbers indicated inside the bars for each feature in Figure
29, b).
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Figure 29. SHAP analysis for ML model used for MRF interstorey displacement prediction
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Figure 30. SHAP analysis for ML model used for MRF column axial force prediction
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Figure 31. SHAP analysis for ML model used for MRF column bending moment prediction
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b. Beam bending moment global analysis
Figure 32. SHAP analysis for ML model used for MRF beam bending moment prediction

Following conclusions can be made:

e Period and seismic parameters (PGA, magnitude) are the most impactful features for
the interstorey displacement prediction. Moreover, higher period and PGA correspond
to higher displacements which shows that the ML model correctly learned the funda-
mentals of underlying physics behind NLTH analysis. Moreover, columns’ stiffness has
a significant impact on the predictions.
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e For column’s axial force, the number of floors and acting gravity loads have a big im-
pact on the predictions results, as well as their stiffness, which is also aligned with phys-
ics-based analysis since columns’ stiffness and acting vertical loads affect the acting
axial force in a column during the seismic excitation.

e Regarding the bending moment in columns, their stiffness, acting floor mass and seis-
mic parameters have the biggest impact on the predictions.

e For beams’ bending moment, their stiffness is the most impactful feature as it could be
expected. As stiffer the beams as higher forces they attract during the seismic excitation.

Similar analysis is performed for MRF equipped with DRBeS. The results are reported in
Figure 33, Figure 34, Figure 35, Figure 36, and Figure 37.
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Figure 33. SHAP analysis for ML models used for MRF equipped with DRBeS interstorey displacement prediction
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Figure 34. SHAP analysis for ML models used for MRF equipped with DRBeS column axial force prediction
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Figure 35. SHAP analysis for ML models used for MRF equipped with DRBeS column bending moment prediction
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Figure 36. SHAP analysis for ML models used for MRF equipped with DRBeS beam bending moment prediction
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Figure 37. SHAP analysis for ML models used for MRF equipped with DRBeS MYD bending moment prediction

Following conclusions can be made:

e Period and seismic parameters (PGA, magnitude) are the most impactful features for
the interstorey displacement prediction as well as in case of conventional MRF.

e For column’s axial force, the number of floors and acting gravity loads have a big im-
pact on the predictions results, as well as their stiffness, which is also like simple MRF
case.

e Regarding the bending moment in columns, their stiffness, acting floor mass and seis-
mic parameters have the biggest impact on the predictions.
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e For beams’ bending moment, MYD stiffness is the most impactful feature (compared
to beam’s stiffness in conventional MRF case). It shows the impact of DRBeS on
beam’s bending moment which is expected since seismic behaviour of the beam is
highly affected by the introduction of this MYD. As stiffer the DRBeS as higher forces
they attract to the beam during the seismic excitation.

e DRBeS yielding limit and stiffness are the most impactful features to MYD’s bending
moment. The correlation is similar as in case of beams — as stiffer and stringer DRBeS
as more seismic forces it attracts.

Analogously, Appendix G shows a global and local SHAP values for each of the ML-based
surrogate model for CBF. Following conclusions can be made:

Period and PGA are the most impactful features for the interstorey displacement prediction.
Moreover, higher period and PGA correspond to higher displacements which shows that the
ML model correctly learned the fundamentals of underlying physics behind NLTH analysis.
For columns, their cross-sections have a big impact on the predictions results, as well as acting
gravity loads, which is also aligned with physics-based analysis since columns’ stiffness and
acting vertical loads affect the acting axial force in a column during the seismic excitation.
Regarding axial forces in bracings, their areas are playing more important role than in the
prediction of other outputs. Moreover, as bigger the bracings as higher forces they attract
which represents a solid engineering knowledge learned by ML model. The same can be men-
tioned about the number of braces spans, since the more spans are braced, the lower force will
be acting in each brace.

Similar analysis is performed for CBF equipped with DRBrC. The results are reported in Fol-
lowing conclusions can be made:

As for conventional CBF, period and PGA are the most impactful features for the interstorey
displacement prediction.

Bracing areas are the most impactful features for column axial forces prediction.

For bottom bracing and DRBrC axial forces, bracing areas, floor mass and PGA have the most
impact while MYD’s stiffness does not have a high SHAP value.

5.4  Error analysis for the trained ML models

MAPE metric gives a good indication for the average error among training and testing data.

However, more sophisticated error analysis can be done to better investigate how the predicted by
ML-surrogate models values relate to the reality. Figure 38, Figure 39, Figure 40, and Figure 41
show an error distribution of the testing datapoints. Most predictions have an error below 10%
MAPE that was taken as a threshold. However, in few examples the prediction error is rather large,
exceeding 40% and even 60%. Moreover, the waterfall plot with local SHAP analysis is shown for
the datapoint that has the highest error.
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MAPE error distribution for a interstorey displacement in MRF
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Figure 38. Error analysis for ML models used for MRF interstorey displacement prediction
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MAPE error distribution for a column axial force in MRF
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Figure 39. Error analysis for ML models used for MRF column axial force prediction
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Mean Average Percentage (MAPE) error distribution for a column moment in MRF
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Figure 40. Error analysis for ML models used for MRF column bending moment prediction
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MAPE error distribution for a beam moment in MRF
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Figure 41. Error analysis for ML models used for MRF beam bending moment prediction

Following conclusions can be made:

e The biggest MAPE for interstorey displacement is quite low in absolute values (1.4
mm). The relatively small period contributes significantly to reducing the prediction
value comparing to the mean one.

e For axial forces in columns, the biggest error is observed for small 1 storey structure
with 1 span which can be considered as an outlier.

e Regarding bending moments in columns, the biggest error is observed in one span, one
storey structure with high columns’ cross-section (HEA550). It is an overdesigned
structure, which can be considered unrealistic but still permitted to be generated to give
ML models better understanding of structural engineering principles.
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e Also, for bending moments in beams, the biggest error is observed with a structure

which has extremely large columns.

Similar analysis is performed for MRF equipped with DRBeS. The results are reported in

Figure 42, Figure 43, Figure 44, Figure 45, Figure 46.
MAPE error distribution for a interstorey displacement in MRF with DRBeS
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6 = Number of floors

7.28 = Magnitude

0.283 =PGAg

6 = Final Dead Load
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1506.795 = MYD stiffness kNm/rad

14 other features-1.08 .
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E[f(X)] =29.738

b. Interstorey displacements biggest error analysis

Figure 42. Error analysis for ML models used for MRF equipped with DRBeS interstorey displacement prediction
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MAPE error distribution for a column axial force in MRF with DRBeS
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a. Column axial force error distribution

Impact of each feature on the prediction. Original value =169.02 kN
f(x) =244.684

6.75 = Final Dead Load
3 = Span width m
2153 = Columns 4-6 | mm4*10°6
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b. Column axial force biggest error analysis

Figure 43. Error analysis for ML models used for MRF equipped with DRBeS column axial force prediction

73



MAPE error distribution for a column moment in MRF with DRBeS

% of errors bigger than 10%: 43.0
% of errors bigger than 15%: 26.0
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a. Column bending moment error distribution

Impact of each feature on the prediction. Original value = 60.55 kNm
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330.9 = Columns 1-3 | mm4*10°6 —38.65

6.77 = Magnitude +20.99
3 = Span width m -11.32 .
3 = Floor height m . +10.62
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b. Column bending moment biggest error analysis

Figure 44. Error analysis for ML models used for MRF equipped with DRBeS column bending moment prediction
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MAPE error distribution for a beam moment in MRF with DRBeS
250 % of errors bigger than 10%: 36.6
% of errors bigger than 15%: 19.8
% of errors bigger than 20%: 10.5

Number of datapoints
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a. Beam bending moment error distribution

Impact of each feature on the prediction. Original value = 95.75 kNm
f(x) = 156.314

7371.411 = Floor mass kg —41.37

113143.412 = MYD stiffness kNm/rad
6.75 = Final Dead Load
496.864 = MYD Py kNm
32.84 = Distance to fault km
7 = Span width m - +9.59
1 = Spans . +7.85
14 other features

160
E[f(X)] =143.644

180 200 220 240 260

b. Beam bending moment biggest error analysis

Figure 45. Error analysis for ML models used for MRF equipped with DRBeS beam bending moment prediction



MAPE error distribution for a DRBeS moment in MRF with DRBeS

% of errors bigger than 10%: 27.1
% of errors bigger than 15%: 17.0
% of errors bigger than 20%: 9.8
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a. DRBeS bending moment error distribution

Impact of each feature on the prediction. Original value = 30.46 kNm

f(lx) =46.044
6.062 = Columns 1-3 | mm4*10°6
3 = Span width m
9903.503 = MYD stiffness kNm/rad
72.523 = MYD Py kNm
1.723 = Period s
16 = Final Dead Load +5.4
0.1=PGAg ~5.28 .
6.1 = Magnitude -5.07
38.299 = MYD Pu kNm —3.45 .
14 other features
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E[f(X)] =118.249

b. DRBeS bending moment biggest error analysis

Figure 46. Error analysis for ML models used for MRF equipped with DRBeS MYD bending moment prediction

Following conclusions can be made:

e The biggest MAPE for interstorey displacement is quite low in absolute values (19 mm).
The relatively high period contributes significantly to reducing the prediction value
comparing to the mean one.

e For axial forces in columns, the biggest error is observed for a structure with columns
on 4-6 storey having HEA700 cross-section. It is an overdesigned structure, which can
be considered unrealistic but still permitted to be generated to give ML models better
understanding of structural engineering principles.
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¢ Regarding bending moments in columns, the biggest error is observed for small 1 storey
structure with 1 span which can be considered as an outlier. Similar situation is observed
for the biggest error of beam and DRBeS bending moment predictions.

Analogously, Appendix | shows the error distribution and local SHAP analysis for the biggest
error for all ML-based surrogate models for CBF. Following conclusions can be made:

e The biggest MAPE for interstorey displacement is quite low in absolute values (0.4
mm). The relatively small period contributes significantly to reducing the prediction
value comparing to the mean one.

e For axial forces in columns the biggest MAPE is achieved for the 1 storey structure with
the lowest columns’ cross-sections possible.

e Regarding the bottom bracings, the biggest error is reached in a structure with very big
columns’ cross-sections (HEA 900) which is pushing the prediction further from the
ground truth. It is an overdesigned structure, which can be considered unrealistic but
still permitted to be generated to give ML models better understanding of structural
engineering principles.

Similar analysis is performed for CBF equipped with DRBrC. The results are reported in Appendix
J. Following conclusions can be made:

e The biggest MAPE for interstorey displacement is quite low in absolute values (7 mm).
It is associated to untypically small cross-sections of both bottom and upper columns of
5 storey building equal to HEA100. This datapoint can be considered as an outlier. The
same happens for the worst prediction of axial force in a bottom bracing.

e For axial forces in columns the worst prediction represents unrealistic structure that has
enormous columns’ cross-sections (HEA 1000) which is pushing the prediction further
from the ground truth.

e Regarding the worse prediction of the axial force of the DRBrC, extremely high bracing
section pushing prediction far from a real value. Cross-section of that size is not char-
acteristic for a 4 storey structure with a low level of seismic action (0.15g PGA in this
case).

5.5 Surrogate models validation

In this chapter several case studies are performed to verify the abilities of ML-surrogate models to
successfully interpolate within defined in Table 11 inputs ranges. Moreover, the extrapolation capa-
bilities of trained algorithms are discovered testing them on the data outside of training range of the
features. Since prediction errors for the same response types among different frames are similar
(Table 13) only 1 frame type is considered in each case study and the obtained conclusions could be
applicable for all other frame types as well.

5.5.1 Interpolation capabilities of trained ML models

To discover interpolation capabilities of trained ML models, 2 case studies are performed:
e Interpolation within geometry and cross-section input ranges.
¢ Interpolation within ground motion input ranges.

For the first check an MRF structure with properties indicated in Table 15 is tested (Figure 47). The
truthfulness of the interpolation check lies in a fact that this particular structure could not have been
included in neither training not testing data of any trained ML algorithm. In the original structure
generation procedure only HEA cross-sections were used in columns, while gravity loads, and span
width could have only integer values. In this case study HEB cross-sections are implemented for
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columns while span width and gravity loads have float values. However, since it is an interpolation
check, all the inputs lie within the original ranges of ML models training.

Input Value ML training range (min-max)
Column Fy [Mpa] 355 235-355
Beam Fy [Mpa] 235 235-355
Columns 1-3 | [mm**109] 576.80 (HEB 400) 3.49-6447
Columns 4-6 | [mm**109] 431.90 (HEB 360) 0-5538
Beam | [mm**109] 57.90 (IPE 270) 1.71-1752
Number of spans 5 1-6
Span width [m] 5.30 3-8
Number of floors 4 1-6
Floor height [m] 3 3-4
Floor mass [kg] 228759.49 568.99-884936.45
Facade load [KN/m] 2.70 0-4
Distributed superimposed
dead load [kN/m] 6.88 3-48
Distributed live load
[KN/m] 6.40 3-40
Peak Groun([jg,]Acceleratlon 0.30 0.10-0.354
Magnitude 6.60 5.90-7.28
Distance to fault [km] 10.27 10.27-35.66
Shear wave velocity [m/s] 361.40 242.05-649.67
Fundamental period [s] 1.68 0.05-10.48

Table 15. Input values for geometry, gravity loads and cross-sections interpolation case study

Figure 47. MRF structure for geometry, gravity loads and cross-sections interpolation case study

Percentage error for all the predicted responses (FEM simulation in SAP 2000 vs ML model predic-
tion) is shown in Table 16 along with original testing MAPE errors for the best ML algorithm from
the previous chapter for the comparison purposes. The errors for this case study are lower than aver-
age ones which shows the ability of the trained ML models to successfully interpolate within the
given cross-sections, geometry, and vertical loads ranges.
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Predicted output FEM results ML model prediction % error Original MAPE
Interstorey Displace- 311 322 3.23 8.14
ment [mm]
Axial force in a col- 290.72 204.83 1.41 7.84
umn [kN]
Bending moment in a 802.00 719.28 10.31 11.57
column [kKNm]
Bending moment in a 113.69 128.48 3.90 9.95

beam [kNm]

Table 16. Error analysis for geometry, gravity loads and cross-sections interpolation case study

In a second case study, CBF structure with properties indicated in Table 17 is tested. In this case the

interpolation accuracy is evaluated in a context of ground motions parameters. The accelerogram
which has not been used for model training is applied (El Centro from PEER database). Its PGA

and magnitude lie within the original ranges of accelerograms used for ML models training, while
distance to fault and shear wave velocity do not. However, since the impact of these two features on

the surrogate models’ prediction is very low (as discussed in a previous chapter), this ground mo-

tion was considered suitable for interpolation case study.

Input Value ML training range (min-max)
Column Fy [Mpa] 355 235-355
Beam Fy [Mpa] 355 235-355
Bracing Fy [Mpa] 355 235-355
Columns 1-3 | [mm**109] 450.70 (HEA 400) 3.49-6447
Columns 4-6 | [mm**109] 330.90 (HEA 360) 0-5538

Beam | [mm**108] 19.43 (IPE 200) 1.71-1752
Bracing 12 A [mm?] 989 (CHS101.6/3.2)  733-15130
Bracing 34 A [mm?] 862 (CHS 88.9/3.2) 0-2377.07
Bracing 56 A [mm?] 733 (CHS 76.1/3.2) 0-1341.76
Number of spans 3 1-6

Span width [m] 6 3-8

Number of floors 5 1-6

Floor height [m] 3.50 3-4

Number of braced spans 1 1-2

Floor mass [kg] 106019.11 568.99-884936.45
Facade load [KN/m] 3 0-4
Distributed superimposed 10 3-48

dead load [KN/m]

Distributed live load [KN/m] 9 3-40

Peak Ground Acceleration [g] 0.28 0.10-0.354
Magnitude 6.95 5.90-7.28
Distance to fault [km] 6.09 10.27-35.66
Shear wave velocity [m/s] 213.44 242.05-649.67
Fundamental period [S] 1.20 0.04-4.02

Table 17. Input values for ground motion interpolation case study
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Figure 48. CBF structure for ground motion interpolation case study

Percentage error for all the predicted responses (FEM simulation in SAP 2000 vs ML model predic-
tion) is shown in Table 18 along with original testing MAPE errors for the best ML algorithm from
the previous chapter for the comparison purposes. The errors for this case study are lower than aver-
age ones for axial forces in a column and bottom brace while higher for interstorey displacement.
The higher error in displacement prediction can be attributed to spectral characteristics of the con-
sidered earthquake. As it was already mentioned, the ground motions used for training were not
scaled to any response spectrum for the generalisation purposes and structural displacements are
particularly sensible to ground motion characteristics. However, the obtained error for interstorey
displacements is still below 15% and quite low in absolute values (2 mm) for the unseen accelero-
gram. Considering lower that original MAPE errors for column and bracing axial forces, it can be
concluded that trained ML models are capable for the accurate interpolation also in terms of ground
motions.

Predicted output FEM results ML model prediction % error Original MAPE
Interstorey Displace- 13.50 15.50 14.81 9.40
ment [mm]
Axial force in a col- 1388.29 133151 4.09 8.88
umn [kN]
Axial force in a bot- 393.62 399.32 1.45 11.05

tom brace [kN]

Table 18. Error analysis for ground motion interpolation case study

5.5.2 Extrapolation capabilities of trained ML models
In a similar manner, for the extrapolation 2 case studies have been considered:

e Extrapolation outside of geometry input ranges.

e Extrapolation outside of ground motion input ranges.
Unlike of interpolation, the ability of ML models to extrapolate highly depends on the field of ap-
plication. Therefore, just 1 example is not enough to adequately estimate it, so for each case study
100 structures are generated to obtain statistically reliable conclusions.
For a first case study, CBFs with geometric ranges outside of the original ones (Table 19) have been

generated. The number of spans and span width has also been increased for the tributary width cal-
culation for seismic loads. Consequently, the maximum potential values of floor mass have
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increased. All abovementioned changes affected the range of structural period, where maximum
value has increased almost 2 times. The range for all other inputs stayed the same, therefore they
are not reported in the table. One of the 100 of generated structures is shown in Figure 49.

Input Case study range ML training range (min-max)
Number of spans 7-10 1-6

Span width [m] 3-10 3-8

Number of floors 7-8 1-6

Floor mass [kg] 100236.5-2883712 568.99-884936.45
Fundamental period [s] 0.81-9.21 0.04-4.02

Table 19. Input values for geometry extrapolation case study

Figure 49. Example of CBF for geometry extrapolation case study

MAPE for all the predicted responses (100 FEM simulations in SAP 2000 vs 100 ML model predic-
tions) is shown in Table 20 along with original testing MAPE errors for the best ML algorithm from
the previous chapter for the comparison purposes. For all the responses MAPE is much higher com-
pared to the original one. It is especially evident for the displacement prediction. However, the er-
rors do not exceed 100% (2 times difference) which shows that ML models learned a physics be-
hind NLTH analysis well enough to extrapolate outside of their training range without giving ex-

tremely wrong predictions.
Predicted output MAPE for this case study Original MAPE
Interstorey Displace-

86.23 9.40
ment [mm]
Axial force in a col-
umn [kN] 30.18 558
Axial force in a bot- 46.12 11.05

tom brace [kN]
Table 20. Error analysis for geometry extrapolation case study

For the second extrapolation case study, 100 MRF structures were subjected to ground motions with
parameters outside of training range. Kobe and Chi Chi ground motions were extracted prom PEER
database. Since the purpose of this case study was to investigate the sensitivity of ML models to ex-
trapolate seismic loading input, all other features (geometry, cross-sections, gravity loads, etc.) are
kept within their training range.
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Input Case study range ML training range (min-max)

Peak Ground Acceleration [g] 0.48-0.52 0.10-0.354
Magnitude 6.90-7.62 5.90-7.28
Distance to fault [km] 7.08-13.46 10.27-35.66

Table 21. Input values for ground motions extrapolation case study

MAPE for all the predicted responses (100 FEM simulations in SAP 2000 vs 100 ML model predic-
tions) is shown in Table 22 along with original testing MAPE errors for the best ML algorithm from
the previous chapter for the comparison purposes. For all the responses MAPE is higher compared
to the original one. It is especially evident for the displacement prediction which is highly depend-
ent on PGA and magnitude. However, the errors do not exceed 50% (2 times difference) and are
much lower than in geometry extrapolation case. For column axial force the error is even below
20%. It shows that ML models learned a physics behind NLTH analysis well enough to extrapolate
also for ground motions outside of their training range without giving extremely wrong predictions.

Predicted output MAPE for this case study Original MAPE
Interstorey Displace-

44.2 8.14
ment [mm]
Axial force in a col-
umn [kN] 17.59 7.84
Bending moment in a
column [KNm] 35.19 11.57
Bending moment in a 25 57 9.95

beam [KNm]

Table 22. Error analysis for ground motions extrapolation case study

5.5.3 Validation with an experimental test

The last check of ML-based surrogate model performance is the validation with an experimental
test. Since 3D shaking table tests performed within this thesis concerned half-scale 2-storey build-
ings which properties lie outside of ML models training range, 2D hybrid full-scale tests explained
in detail in [137] and [138] are used for the comparison. The tests were performed on 6-storey 2D
frames where only part of the frame was subjected to a physical test while the rest of the structure
was modelled numerically. Two structures have been considered (Figure 50):

e 6-storey MRF equipped with DRBeS. Where 1.5 storeys are physical, and 4.5 storeys are

numerical.
e 6-storey CBF equipped with DRBrC. Where 1 storey is physical, and 5 storeys are numerical.

Structural details that are also inputs to ML model are shown in Table 23.
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a. MRF with DRBeS

b. CBF with DRBrC

Figure 50. Physical and numerical subdomains of a hybrid tests [137], [138]

Input

MRF with DRBeS

CBF with DRBrC

Column Fy [Mpa]

Beam Fy [Mpa]

Bracing Fy [Mpa]
Columns 1-3 | [mm**108]
Columns 4-6 | [mm**106]
Beam | [mm**109]
Bracing 12 A [mm?]
Bracing 34 A [mm?]
Bracing 56 A [mm?]
Number of spans

Span width [m]

Number of floors

Floor height [m]

MYD’s stiffness

MYD’s Yielding limit
MYD’s Ultimate limit
MYD’s flange area [mm?]
Number of braced spans
Floor mass [kg]

Facade load [KN/m]
Distributed superimposed
dead load [KN/m]

355
355

149.20 (HEB 260)
112.60 (HEB 240)
57.90 (IPE 270)

2

4.275

6

3.50

15814 [kNm/rad]
150 [kNm]

224 [KNm]

1200

17809
4
2.36

355
355

355

149.20 (HEB 260)
112.60 (HEB 240)
83.56 (IPE 300)
3142 (HEA140)
2534 (HEA120)
2124 (HEAL00)

2

4.275

6

3.50

73832 [kN/m]
123 [kN]

338 [kN]

1
35150
4

9.48
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Distributed live load [KN/m] 2.03 8.12

Peak Ground Acceleration [g] 0.42 0.42
Magnitude 6.93 6.93
Distance to fault [km] 9.96 9.96
Shear wave velocity [m/s] 729.65 729.65
Fundamental period [s] 1.35 0.99

Table 23. Input values for experimental test validation case study

The comparison between experimental results and ML model prediction are shown in Table 24.
Only column moment and internal forces in MY Ds are presented since these are the only values re-
ported in the test report [137], [138]. The MAPE for all the outputs is lower 30% while column mo-
ment prediction has the highest error of all as it was in original algorithm training. The error for
DRBrC axial force is even lower than 5%. The results show the validity of trained ML algorithm
and the fair correlation between training data generated in FEM and experimental results, which
also proves the accuracy of FEM modelling used for this thesis.

Predicted output Experimental results ML model prediction % error Original MAPE
Bending moment in a

280.0 202.40 27.71 11.01
column [KNm]
Bending moment in
DRBeS [kNim] 102.0 117.10 14.80 7.45
Axial for[clf,\l'? DRBrC 165.0 158.12 417 8.45

Table 24. Error analysis for experimental test validation case study

5.6 ML model deployment

To expose the ML model to engineering community, get a professionals’ feedback and share the
results of this thesis, trained surrogate models for conventional MRF and CBF have been deployed
to the web. The resulting prototype can be accessed here. The user can provide its inputs that lie
within ML model range and get an immediate output of NLTH analysis for a given frame (Figure
51).

ML prediction of nonlinear seismic response
of a steel frame

2D frame Geometry Structural elements

Spans Select beam's cross-section

—_— IPEBO

Select the yielding limit of beams [MPa]
O 25

. 215

355

Select column's cross-section for floers 1-3

—
HEALOD

Seismic tributary width (half of a distance to another lateral load resisting system) is equal to 4.5 [m].

HEALOD The floor mass carried by 2D frame is equal to 6.03 Tons (including the self-weight of the frame).
.

Select the yielding limit of columns [MPa)

0235 0.35
715
355 167

Select bottom (floors 1-2) bracing's cross-section

CHS76.1/3.2 - 114.22

18.48
Select middle (floors 3-4) bracing s cross-sectior

Spans out-ol plane CHS76.1/32

a. Input menu b. 2D frame under consideration and ML output

Figure 51. The interface of a web tool
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https://nlthpredictions.streamlit.app/

Another activity related to the sharing of the research results is the creation of the competition on
the Kaggle platform [139]. A chunk of data with MRF interstorey displacements has been published
and around 30 teams around the world participated in the competition trying to predict the structural
response using the most accurate algorithm. The goal of the competition was to encourage a data
sharing culture in structural engineering industry and invoke the interest in ML for young engineers.
More information about the competition is given in Appendix L.

5.7 Discussion about the training and validation of ML-based surrogate models

In this chapter the procedure for data generation and training of ML-based surrogate models has
been presented. Based on the obtained results, following conclusions can be made:

e Even though some structural responses have higher prediction accuracy than others, MAPE
for all of them lie around 10%. It shows that given that ML model has reached a particular
accuracy for a given response, it is most likely that similar accuracy will be achieved also for
other structural responses given the same source and features’ ranges of training data.

e Since the data for training the models was generated synthetically, its amount can be con-
trolled. More data gives better accuracy. However, since the difference in accuracy between
15 and 20 thousands of datapoints was small, in order to reach a significant improvement
further, most likely a big data (more than 100 thousands points) is needed. It was also the case
in [80] where to reach very high accuracy millions of datapoints were used.

e Trained ML models were able to catch some physics behind NLTH analysis. It is proven by
the fact that the most predictive features for the response prediction were well expected given
the reader’s knowledge of basic structural and seismic engineering concepts.

e Trained ML models have better abilities to interpolate rather than extrapolate, which was ex-
pected from the literature. However, the trained algorithms were able to predict some struc-
tural responses for ground motion outside of the training range with a fair accuracy. It high-
lights a generalisation capability of the trained surrogate models.

The Table 25 compares two approaches for structural analysis: the FEM and ML-based surrogate
modeling. In terms of accuracy, FEM is considered the closest to the ground truth, with an average
error of 9.17%, while the accuracy of surrogate modeling depends on the quality of the training data
and the model itself. Regarding speed, surrogate modeling offers a significant advantage, taking
only 0.03 seconds for a single analysis, compared to 432 seconds for FEM. This speed advantage
makes surrogate modeling highly practical for exploring a vast design space quickly. However,
FEM has the advantage of being able to analyze all possible geometries and dimensions, while sur-
rogate modeling is limited to the range of training data, typically rectangular plans in this case. In
terms of scalability, FEM becomes increasingly time-consuming and impractical for analyzing large
numbers of structures, while surrogate modeling excels in this regard, allowing for the rapid genera-
tion and analysis of a huge design space.
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FEM Surrogate modelling

9.17% of average error from the
ground truth
Speed (for 1 analysis) 432 seconds 0.03 seconds
Only rectangular plan, the
dimensions within the range of the

Accuracy The closest to the groung truth

Practicality All the possible geometries and

dimensions training data
Limited.Very time-consuming and . .
Scalability unatractive for large amount of High. Allows for the quick

structures. generation of a huge design space.

Table 25. FEM vs Surrogate modelling comparison

Overall, while FEM provides highly accurate results and can handle any geometry, its
computational expense and limited scalability make it less attractive for large-scale design
exploration and optimization tasks. In contrast, surrogate modeling, although limited by its trainin
data, offers significant advantages in speed, and scalability, making it a valuable tool for efficient
design space exploration and optimization in structural engineering applications.

g
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6 The optimisation tool (SUSTEZ)

The final tool is called SUSTEZ — Sustainable Structures in Earthquake Zones. It incorporates
all the parts of the thesis in user-friendly web-based software. The main goal of this tool is to help
structural engineers to make efficient and fast choices for structures located in seismic areas. Even-
tually, the most sustainable and cost-efficient structural configurations can be found from the vast
design space. Moreover, the final development allows the user to quantify the benefits of buildings
equipped with MYDs compared to conventional ones. This chapter presents the information about
the parametric creation of structural configuration, structural design of the generated solutions, and
the graphical user interface (GUI) of the tool. Moreover, several case studies showcase the capabil-
ity of the developed software to help the user to make a data-driven decision and consequently opti-
mise the structural configuration.

6.1 Structural generation

Following the general methodology shown in Figure 13, the user inputs are followed by the genera-
tion of structural solution, i.e., creating a design space. The tool must allow layout optimisation on a
global level to cause a higher impact on the cost and embodied carbon compared to local cross-sec-
tional optimisation. Therefore, oppositely to the studies considered in the state of the art chapter
where dampers’ properties and location were used as the design variables [110] - [116] in this study
the following parameters are being optimised:

e Columns’ spans in both orthogonal directions.
e The type of lateral load resisting system (LLRS).

The columns’ spans are taken as an optimisation variable since they can have a tremendous impact
on the building’s embodied carbon [140] while LLRS is being optimized to explore the impact of
MY Ds on the cost and embodied carbon of structures during the design space exploration process.
The location of MYDs is predetermined. For DRBeS these are ends of each beam when MRF is
chosen as LLRS while for DRBrC these are ends of a bracing member. Another fixed parameter
that cannot be chosen by the user is the material of the structure — steel is considered for all beams,
columns, and bracings, while the slab is made of concrete. The floor configuration is fixed as com-
posite steel-concrete. The last two parameters are fixed since the ML-based surrogate model is
trained on composite steel-concrete frames. To potentially consider other structural materials and
floor types, the surrogate model must be significantly extended, otherwise the accuracy of the pre-
dictions could be low. The same applies for the material grade of the concrete used. Another fixed
parameter is the shape of the plan, which is rectangular. Other shapes have not been considered due
to the potential plan eccentricities and consequent additional stresses not included in the surrogate
model. Moreover, since the model has been trained on 2D frames approximating 3D frames behav-
iour, the plan must be regular to establish the validity of this approximation. Cross-sections of all
structural elements and the dimensions of MY Ds come from the result of the structural design pro-
cedure which is explained in detail in the next subchapters. Table 26 provides a summary of which
structural parameters are being optimised, can be chosen by the user, and are fixed. Other parame-
ters are allowed to be modified by the user.
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Structural parameter Status

Structural material Fixed (steel for the frame, concrete for the slab)
Material grade for steel User’s choice
Material grade for concrete Fixed (C30/37)
Slab type Fixed (composite steel-concrete)
Slab’s thickness User’s choice
Columns’ span To be optimised
LLRS To be optimised
Building’s dimensions in plan User’s choice
Shape of the plan Fixed (rectangular)
Interstorey height User’s choice
Number of storeys User’s choice
Location of MYDs Fixed (beam ends for DRBeS, bracing ends for DRBrC)
Frame elements’ cross-sections Taken from the structural design
MYD’s dimensions Taken from the structural design
Acting gravity loads User’s choice
Acting seismic loads User’s choice

Table 26. Structural parameters and their status in a tool

Consequently, the optimisation question can be formulated in a following way:

“Given the dimensions of the building and the acting loads, which span of
columns and type of lateral load-resisting system would provide the most
sustainable and cost-efficient structural solution?”

The range of potential columns’ span and its number is consistent with one used for ML models
training (Table 27). It is done to assure that trained surrogate models are applicable and accurate for
each generated structure. Consequently, the largest possible structure that can be evaluated by the
tool has 6 storeys and is 48 x 48 meters in plan. The building generation is parametric. It starts with
creating a columns’ layout given the overall building dimensions provided by the user. The columns
are spaced equally in each orthogonal direction, which sometimes cause the last of them to be out of
the defined plan. In this case, the building plan dimensions are adjusted to include this column. For
example, if the building’s dimension is equal to 20m in X direction and column’s spacing in the
same direction is 7m, the former one is augmented up to 21m (to fit 4 columns located at points
with X coordinate 0, 7, 14, and 21). Then, beams connect all columns in both orthogonal directions,
creating a typical structural grid. Slabs are put on top of the beams covering the whole building in
plan. The example of a generated structure is shown in Figure 52.

Parameter Range Total possible options
Columns’ span in X direction 3-8 m (with a step of 0.5) 11
Columns’ span in Y direction 3-8 m (with a step of 0.5) 11

Table 27. Range of columns’ spans used for structural generation
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Figure 52. The example of a generated structure
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Considering LLRSs, conventional ones as well as frames equipped with MY Ds are used. Moreover,

since there are 2 orthogonal directions, the combination of the two types is also implemented (i.e.,
conventional frames in one direction and frames equipped with MYDs in another one). Table 28
shows all possible configurations of LLRS considered by the tool. Regarding the location of the
bracing tower, when only one is needed, it is placed on a central bay, while when two of them are

required, they are located on the edge bays. Figure 52 shows a structure where CBF is used in one

structural direction while MRF in an orthogonal one.

LLRS in X direction

LLRS in Y direction

MRF

MRF

MRF

MRF

CBF

CBF

CBF

CBF
MRF with DRBeS
MRF with DRBeS
MRF with DRBeS
MRF with DRBeS
CBF with DRBrC
CBF with DRBrC
CBF with DRBrC
CBF with DRBrC

MRF
CBF

MRF with DRBeS

CBF with DRBrC
CBF
MRF

CBF with DRBrC

MRF with DRBeS
MRF

MRF with DRBeS
CBF

CBF with DRBrC
CBF

CBF with DRBrC
MRF

MRF with DRBeS

Table 28. All the possible LLRS combinations
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The total number of all possible structural configurations is equal to:

Total = Columns’ spans in X direction - Columns’ spans in'Y direction - LLRSs
=11-11-16 = 1936 structures

Due to the strict discretisation of the geometrical parameters, the resulting value of all possible so-
lutions is not as high as in seen in the literature where GA was commonly used (Table 29). The high
number of generated buildings in other studies is related to either the use of continuous values such
as area of the dampers’ cross-section (which makes the iteration through all possible solutions im-
possible) or an extreme size of the total design space (due to a lot of parameters being optimised
simultaneously). Consequently, given the relatively small solutions space, there is no need to use
complex evolutionary solvers such as GA and simple exhaustive enumeration (EE) algorithm is
suitable for solving the optimisation problem in this study.

Number generated solutions needed

Study Algorithm for algorithm to converge
This thesis EE 1936
[92] GA 38 104
(108] oA 10 000
l116] oA 14 000

Table 29. Comparison of the generated solutions between this study and the literature

6.2 Structural design

After all the structures are generated, the structural design stage initiates. The building is firstly de-
signed for a gravity loads and then the resulted configuration is being subjected to seismic loads.
Following the current seismic design standards and recommendations for columns’ optimisation in
plan [141], only columns located on the edges of the building are designed to resist seismic loads,
while ones located inside are designed only for gravity loads (Figure 53). Following the same inten-
tion, MRFs are allowed to be located only on the edges of the building and not on every bay as it
was frequently done in the past.

Gravity-only columns

| L] / L] L
L]

] L] L]

] [ ] [ ] [ ]

Figure 53. Location of gravity-only column in a generic plan

The design for gravity loading starts from collecting loads acting on each group of beams and col-
umns based on their tributary area (Figure 54). In case of beams, the load from the slab is assumed
to be distributed along the longer span. The Ultimate Limit State (ULS) load combination from Eu-
rocode 1 [142] is used to get a final value of the acting gravity load:
q=YgG+yqQ

Where:

e ygisamultiplier for a gravity load equal to 1.35

e G isanominal value of an acting dead load [kKN/m]
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e yqisamultiplier for a gravity load equal to 1.5
e G isanominal value of an acting live load [KN/m]
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a. Tributary load area for internal and external columns b. Tributary area for beams

Figure 54. Tributary areas for beams and columns [92]

Then, the acting bending moments and axial loads are calculated using simple engineering formu-
las. In particular, axial force acting on columns is calculated using the following formula:
N=q-LxLy'NS

Where:

e (isafinal value of the acting gravity load in ULS combination [KN/m].

e Ly is the tributary width in x direction [m].

e Ly isthe tributary width in y direction [m].

e NS is the number of stories above the column.
Beams can be classified depending on their connection type (pinned or rigid) and the role in the
gravity load path (primary and secondary). Only beams located in MRFs on the edge of the struc-
ture are assumed to have a rigid connection while all others are pinned. Secondary beams receive
the load from the slab and transfer it to the primary beam which receives this load and the weight of
the secondary beam itself. The final gravity load acting on a secondary beam equal to:

(sec = Q‘Lsec

Where:

e ¢ isa final value of the acting gravity load in ULS combination [KN/m]

e L is the tributary width of a secondary beam [m]
While the final gravity load acting on a primary beam is calculated in a following manner:

gor = (q + Yg"Wsec) Lpr

Where:

e (isafinal value of the acting gravity load in ULS combination [KN/m]

e ygisamultiplier for a gravity load equal to 1.35

o Wi is a distributed self-weight of a secondary beam [KN/m]

e L is the tributary width of a primary beam [m]
Finally, the bending moment acting on a beam is calculated in the following manner:
Qpeam LZ

M =
K

Where:
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e (s afinal value of the acting gravity load on a beam [KN/m]

e L isaspan of abeam

e Kiis a coefficient related to a constraint. It is equal to 8 for pinned beams and to 12 for rigidly
connected ones.

Columns that have a rigid connection with beams (in MRF frames) are assumed to have the same
bending moment coming from the gravity loads as beams (since beams transfer their moment en-
tirely to columns in MRFs). To achieve the local optimisation, the following elements’ groups are
defined based on the acting vertical loads and restraints:

e Internal (gravity-only) columns for floors 1-3.
e Internal columns for floors 4-6.

e Edge columns for floors 1-3.

e Edge columns for floors 4-6.

e Internal beams

e External MRF beams

e External CBF beams

The distinction between columns is made since columns on upper floors support lower number of
stories compared to columns on the bottom floors. Consequently, their acting axial loads are lower,
and the dimension of cross-section can be smaller than for bottom columns. The same logic is fol-
lowed regarding internal and external columns where the former ones have higher tributary area and
must resist larger axial loads as a consequence. The distinction for internal and external beams fol-
lows the same logic while the difference between CBF and MRF beams lies in acting bending mo-
ment and reflected in a formula above. Figure 55 presents the workflow for an automated gravity
loads design implemented in the tool. After getting acting internal loads, the check on column and
beam is performed according to Eurocode 3 [143]. Then, the cross-sections of structural elements
are increased until the check is satisfied. Since bracing members do not have any gravity loads act-
ing on them, their cross-sections are taking as the smallest ones from the catalogue (Table 8). The
distribution along heigh is similar as in ML training — different cross-sections in each 2 stories, hav-
ing the largest in the bottom floors and the smallest in the upper ones (Table 8). For example, if the
building has 6 storeys, the smallest cross-sections from catalogue will be assigned on the upper two
stories, then for stories 3-4 the second smallest cross-sections will be used, and finally first two sto-
ries will receive the third smallest cross-section. Figure 55 summarises the workflow for structural
design for the gravity loads.

92



Nominal gravity loads

[kN/m2] and tributary

area of the structural
member [m]

l

Assign minimum
cross-sections for
beams, columns, and
bracings

Get distributed gravity|
loads [kN/m]

Which structura
element?

Column
Beam

Perform:
1. Buckling check Perform bending
2. Bending moment check moment check
3. Combined bending

moment and axial force

check
4. Biaxial check (if needed)

Increase cross- Re-calculate self-
section size weight

Check
satisfied?

Gravity design
finished

Figure 55. Diagram for the structural design for the gravity loads

After the structure is designed for a gravity loads, and all cross-sections are optimised a seismic
design starts. First of all, seismic requirements such as strong-column-weak-beam and bracing slen-
derness limits imposed by Eurocode 8 are verified. For the seismic loads two, already mentioned,
limit states are considered: DL and SD. In DL limit state the serviceability criterion is checked. In
this study, as it is commonly used for structural seismic design, this criterion is an interstorey drift
that must be lower than 1% of the interstorey height in accordance with Eurocode 8. Moreover, no
yielding of any structural element is allowed in this limit state. SD limit state reflects ultimate limit
state design where only building components’ and MY Ds resistance is checked. Following the code
and DISSIPABLE guidelines [132] suggestions, in the conventional structures yielding of beam (in
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MREF) and bracings (in CBF) is allowed in this limit state given that columns are not damaged. In
the meantime, for buildings equipped with MYDs, only dampers are allowed to yield while all other
structural elements must stay elastic. The type and number of structural checks for beams and col-
umns in seismic scenario are the same as for the gravity loads case and shown in Figure 55. While
for bracings both yielding and buckling checks are performed. Only beams and columns comprising
LLRS (i.e., located on the edge of the building) are subjected to seismic loads and being updated
during the seismic design step, while gravity-only columns and beams are left unchanged after the
end of the gravity analysis. Figure 56 summarises the steps performed in seismic design in a form
of a diagram. The result of this step is the structure designed to resist both gravity and seismic
loads. However, since some structural elements are allowed to yield, their repair status is recorded
to accurately estimate the cost and embodied carbon of each generated and designed configuration.
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Structural elements
designed to resist
gravity loads
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Verify EC8 seismic

requirements:
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2. Bracing
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Perform NLTH
analysis using
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Increase
column's
cross-section
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check satisfied?

All structural NO Increase the
elements and cross-section of
MYDs not the damaged
damaged? element

YES

Perform NLTH
analysis using ML-
based surrogate
models.
SD level
earthquake

Type of a
structure?

Conventional MYDs

All columns,
Columns not beams, and
NO damaged? bracings not NO
damaged?
YES Record if a repair| YES
is needed after
the seismic
event

Seismic design
finished

Figure 56. Diagram for the structural design for the seismic loads



6.3 Cost and embodied carbon calculation

After each structure is designed, its cost and embodied carbon are calculated. Structural weight is
calculated first since both parameters are the function of it. The weight is calculated separately for
structural elements (steel) and floor slab (reinforced concrete). The monetary cost accounts for both
the material cost and the workmanship cost. They have been considered directly proportional to the
material quantity and can be calculated as follows:

Celements = W - (UCm + UCl)
Where:

e W is the total weight of the material under consideration
e UCm — unitary cost of the material
e uci — unitary cost of the labour

The values for unitary costs are specified in Table 30 for the different material types. The price gen-
erator of Cype website has been used as a reference to extract the unitary costs of materials and la-
bour [144]. The price highly depends on the market factors and can be a bit higher or lower depend-
ing on the time of the read. However, since the same unit price is applied to all structures, the exact
amount of it does not matter in terms of the results of the optimisation procedure (which tries to
identify which columns’ spans and LLRS lead to the cheapest structures). Even though the exact
price of the cheapest structures can be different in reality compared to this thesis, the conclusion re-
garding of which optimisation parameters lead to the price decrease will be still valid. The quantity
of reinforcement in the concrete is estimated approximately according to [145]. The values for

MY Ds are taken from comprehensive LCC study which is explained in detail in [146].

Steel S275 Steel S355 MYDs Reinforcing steel
Unitary (Tgt‘;”a| cost 0.86 €/kg 0.96 €/kg 393 € (DRBrC) 0.81 €/kg
m
Unitary labor cost
)Eum) 0.42 €/kg 48 € (DRBeS)

Table 30. Unitary costs of steel and concrete materials and labor

The cost of the floor system can be easily calculated with the floor surface and the unitary floor cost
per quadratic meter.

Cfioor = At * NS -+ (ucm + uci)
Where:

e Afis the floor area of one storey [m?]

e NS total number of storeys

e UuCm— unitary cost of the material for steel-concrete composite slab, taken as 41.85 €/m?
e uci — unitary cost of the labour for steel-concrete composite slab, taken as 28.70 €/m?

Finally, the total monetary cost is calculated as a sum of structural elements and floor costs.

Regarding the embodied carbon, the approach officially adopted by the current standards and rec-
ommendations [131], [147] is implemented in this study. In particular:

E=W-ZCOef
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Where:
e W is the total weight of the material under consideration [kg]
e Y Coef is asum of carbon coefficient [kgco2 / kg]

Carbon coefficients are reported in Table 31 separately for steel and concrete materials. They are
taken from the ICE database [148] which is commonly used in the engineering practice [142]. In
this case, a cradle-to-gate approach has been chosen for the embodied carbon calculation and thus
the embodied carbon factors A1-A3, and C have been considered. The factors referring to the con-
struction stage (A4-A5) are not included since they are highly dependent on the project location and
factors related to the use stage (B1-B7) are also not included since their contribution in embodied
carbon for structural elements is relatively very low [149]. The values for MYDs are taken from
comprehensive LCA study which is explained in detail in [146].

Product Al-A3 Cl-C4 Total

Hot rolled plate and structural sections [kg
co2e / kg of product] 2.50 0.0135 2.51
Concrete RC30 [kg co2e / kg of product] 0.20 0.0135 0.21
Reinforcing steel [kg co2e / kg of product] 1.96 0.0135 1.97

296 (DRBIC)
435 (DRBeS)

Table 31. Embodied carbon coefficients

MY Ds [damper]

Finally, the impact of the structural damage and consequent repair status on cost and embodied car-
bon is considered (Table 32). In the absence of damage both parameters are expectedly not affected.
While the damage in beam or bracing leads to full building repair and reconstruction, following the
assumptions in LCA analysis described in chapter 4 of this thesis. The repair of MYDs leads to

20% increase in cost and embodied carbon according to the results of the LCA analysis (Figure 25).

Damage Repair status Impact on cost and embodied car-
bon
No damaged No repair -
Beam/bracing yielded or buckled Full building repair 2x increase in both
MY Ds yielded MY Ds repair 0.1x increase in both

Table 32. Impacts of repair status on cost and embodied carbon

6.4 Graphical User Interface (GUI)

GUI allows the user to communicate with a software and extract a value out of it. The resulting
tool was developed using Javascript programming language [150]. The starting screen presents a
generic 3D structure and several menu buttons (Figure 57):

e “Inputs” where the user can provide the geometrical, loading, price and carbon inputs for
the design space generation and evaluation.

e “Pareto front” where the exploration of the best design options and cost-embodied carbon
trade-off happens.

e “Details” where each of the chosen from pareto front solutions can be explored in detail.

e “Info” providing the general information of the toll and its capabilities.
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Details Info

A%

Inputs Pareto front

Generic structure

\

Figure 57. Starting screen of the tool

After “inputs” button is pressed, three tabs appear: building parameters, cost parameters, and
CO2 parameters (Figure 58). Structural geometry such as overall building dimensions in X and Y
directions, number of floors and floor height are inserted first. The column span and LLRS are the
parameters to be optimised as it was mentioned in the previous subchapters. Therefore, they are not
presented in the building parameters tab. Material grades and acting gravity loads are other essential
inputs that must be chosen before the launch of the analysis. Unitary cost and CO2 coefficients can
vary significantly by location and materials’ producers. Therefore, the user can modify these param-
eters while the default inputs were explained in the previous subchapter. After all the inputs are set
the “submit” button must be pushed to launch the design space generation.
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Building parameters j Cost parameters j CO2 parameters

Geometry

Building's X dimension [m]
Building's Y dimension [m]
Number of floors

Floor height [m]

Acting gravity loads

Concrete slab thickness [mm] X
(C ) Dead load [kN/m2] Material cost
Live load [kN/m2]
Facade load [kN/m]

Material grades

Column yield strength [MPa]
Beam yield strength [MPa]

Building parameters | Cost parameters | CO2 parameters

Composite floor cost [€/m2]
Steel cost [€/kg]
Reinforcement cost [€/kg]

- -
HIEIRS S

o

=]

c

=

0

o

@

~

Bracing yield strength [MPa] Composite floor labour cost [€/m2]
DL earthquake parameters Steel labour cost [€/kg]
PGA [g]
Magnitude
Distance from fault [km]
SD earthquake parameters
PGA [g]
Magnitude
Distance from fault [km]
a. Building parameters _ b. Cost parameters
Building parameters I Cost parameters l CO2 parameters
A1-A3
Steel sections [kgCO2e/kg]
Concrete [kgCO2e/kg]
1,96 Steel reinforcement [kgCO2e/kg]
C1-C4
Stele sections [kgCO2e/kg]
Concrete [kgCO2e/kg]
Steel reinforcement [kgCO2e/kg]

c. CO2 parameters

Figure 58. Inputs menu

After the design space is generated, it can be interactively explored pressing “pareto front” but-
ton (Figure 59). First of all, the number of the best designs to show must be chosen. “Best” designs
are chosen according to non-dominant multi criteria search, where the rank is assigned for all the
possible structural configurations and the whole design space is sorted according to this rank in the
ascending order (meaning solutions with rank 1 are the best ones). Then, optimisation criteria must
be chosen. By default, they are cost and embodied carbon, but only one of them could be selected as
well. Finally, there is an option to not include designs with MY Ds if the user is not familiar with
them and wants to explore only traditional frames. As an output, the pareto front graph is shown
where each structure is placed as a dot with y coordinate corresponding to its total cost and x coor-
dinate corresponding to its embodied carbon emissions normalised per gross internal area (GIA).
The latter one has been chosen instead of the total emissions, since it is normalised, and a more ac-
cepted and clear way to report embodied CO2 in structural engineering practice [147].
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c. Pareto front sorted to embodied carbon criteria

Figure 59. Pareto front

The user can click on each of the dots in pareto front graph to see the corresponding structural
solution visualised in 3D in the main screen. Moreover, clicking the “details” button, structural de-
tails for this solution such as LLRS, elements’ cross-sections, MYDs dimensions, structural periods,
interstorey drifts and elements’ damage status can be explored (Figure 60). Eventually, following a
back-and-forth process between pareto front visualisation and structural details exploration, the user
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can choose the best solution for his/her particular case and justify the decision by the data taken
from this tool. This workflow ensures that local (cross-sectional) optimisation is handled automati-
cally by the tool, while global (layout) optimisation must be finalised by the engineer given the de-
sign requirements and constraint.

General information

X span: 8
Y span: 6
Lateral load resisting system in X direction: Concentric Braced Frame with DRBrC
Lateral load resisting system in Y direction: : Moment Resisting Frame with DRBeS

Structural elements

Beams

Primary gravity beams: IPE450
Secondary gravity beams: IPE400
Beam in MRF in Y direction: IPE450

Columns

Internal columns (floors 1-3): HEB200
External columns among X (floors 1-3): HEB220
External columns among Y (floors 1-3): HEA240

Bracings

Bracings (floors 1-2): CHS 193.7 /5
Bracings (floors 3-4): CHS 139.7 [ 4

Dissipative components

DRBeS Y flange plate dimensions [mm]:130, 8
DRBrC (floors 1-2) pin dimensions [mm]:48, 52
DRBrC (floors 3-4) pin dimensions [mm]:48, 52

Structural performance

Period X [s] : 0.26

Period Y [s] : 0.46

DL Interstorey dirft X (%) : 0.09

DL Interstorey dirft Y (%) : 0.69

Bottom bracing status SD : not damaged
MRF beam X status SD : not damaged
MRF beam Y status SD : not damaged
DRBeS Y status SD: not damaged
DRBrC (floors 1-2) status SD:not damaged
Repair needed : No repair

Building metrics

Total building cost [thousands €] : 398.59
Total embodied carbon [kgCO2e] : 528033.23
Embodied carbon per GIA [kgCO2e/m2] : 244.46

Figure 60. Solution details

6.5 Case studies

To show the validity and the impact of the tool in structural engineering practice, 3 case studies
are analysed:

e 4-storey generic building
e 5-storey building taken from the literature [151]
e 3-storey building taken from DISSIPABLE project

6.5.1 4-storey generic building

In this case study, 4-storey building with generic plan dimensions and acting loadings is considered.
The purpose of this example is to showcase the potential application of the developed tool in the en-
gineering practice and quantify the potential impacts of its use. The building input parameters are
shown in Figure 61. The seismic action is assumed to have the same magnitude and distance to fault
with just PGA increasing from DL to SD limit state. This is done to reflect a common practice of
NLTH analysis where the same ground motion is scaled up in terms of PGA to reflect different
limit states. Cost and CO2 parameters are kept as default.
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Building parameters I Cost parameters J CO2 parameters

Geometry

Building's X dimension [m]
Building's Y dimension [m]
Number of floors

Floor height [m]

Acting gravity loads

Concrete slab thickness [mm]
Dead load [kN/m2]

Live load [kN/m2]

Facade load [kN/m]

Material grades

Column yield strength [MPa]
Beam yield strength [MPa]
Bracing yield strength [MPa]

DL earthquake parameters

PGA [g]
Magnitude
Distance from fault [km]

SD earthquake parameters

PoA la
et
Distance from fault [km]

Figure 61. Input parameters for 4-storey generic building case study

After pressing the submit button, the design space generation procedure started. It took just 500 sec-
onds (around 8 minutes) for the web version of SUSTEZ to generate and design 1936 structures.
That speed was possible thanks to the use of ML-based surrogate models which rapidly predicted
the results of NLTH analyses for each structure. Moreover, this speed was reduced by the limited
computer power available on the cloud server where ML model is deployed. On the local computer
of the author of the thesis. The generation took just 50 seconds. If for each case, the NLTH analysis
would be performed in FEM software instead, it would take on average 36 seconds for each 2D
frame (which was measured and reported during data generation procedure for ML training). Con-
sidering that 3D building consists of two 2D frames, each of which is subjected to 2 ground motions
(DL and SD) and averagely 3 design iterations (invoked by “No” in Figure 56), the average time of
FEM analysis of 1 structure will be 432 seconds. Consequently, for 1936 buildings, it will take
836352 seconds or approximately 232 hours which results in almost 10 full days. However, this in-
crease of the speed comes at the cost of the error related to the FEM analysis results. Table 33
shows the comparison between surrogate models and conventional FEM for the design space gener-
ation in terms of time (the generation time in a local computer is reported for the fairness of the
comparison) and analysis error. The error for surrogate models is taken as an average of the best
models for each response presented in Table 13.

Method Time of design space creation (s) Error (%)
ML-based surrogate models 50 9.17
Conventional FEM 836 352 (10 days) 0.00

Table 33. Comparison of design space generation using surrogate models and conventional FEM

The resulting pareto front for this case study is shown in Figure 62. The best 30 solutions (Figure
62, a) are shown along with the whole design space (Figure 62, b). On the whole design space
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visualisation, the correlation between cost and embodied carbon is clear. It is expected since both of
the criteria depend on the weight and the unit cost and carbon coefficients are taken the same for all
solutions.

Number of the best designs to show 2000 Number of the best designs to show
Costand CO2 ~| Criteria to optimize for Costand CO2 v| Criteria to optimize for
[JShow only "No MYDs" designs [Show only "No MYDs" designs
Redraw Redraw
Pareto front Pareto front
BBU: il
2,000 -
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200 2;0 350 3;0 4&0 45')0 5&0 5;0 GéD Séﬂ 7(')0 75‘)0 '
Embodied carbon [kgCO2e/m2] Embodied carbon [kgCO2e/m2]

Traditional frame © Frame with MYDs Traditionaliane Erame nith MYDs

a. Pareto front for the best 30 solutions b. Pareto front for the entire design space

Figure 62. Pareto fronts for 4-storey generic building case study

The details for one of the generated solutions are shown in Figure 63. The structural span is equal to
5.5 meters in X direction and 5 meters in Y direction, while LLRS is a mix of traditional MRF and
CBF equipped with DRBrC.
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General information

X span: 5.5

Y span: 5

Lateral load resisting system in X direction: Concentric Braced Frame with DRBrC
Lateral load resisting system in Y direction: : Moment Resisting Frame

Structural elements

Beams

Primary gravity beams: IPE360

Secondary gravity beams: IPE300

Beam in MRF in Y direction: IPE360

Columns

Internal columns (floors 1-3): HEB280

External columns among X (floors 1-3): HEB280
External columns among Y (floors 1-3): HEB280
Internal columns (floors 4-6): HEA100

External columns among X (floors 4-6): HEB160
External columns among Y (floors 4-6): HEB160
Bracings

Bracings (floors 1-2): CHS 168.3 / 4

Bracings (floors 3-4): CHS 101.6 / 3.2
Dissipative components

DRBrC (floors 1-2) pin dimensions [mm]:36, 42
DRBrC (floors 3-4) pin dimensions [mm]:36, 42

Structural performance

Period X [s] : 0.30

Period Y [s] : 0.76

DL Interstorey dirft X (%) : 0.10

DL Interstorey dirft Y (%) : 0.81

Bottom bracing status SD : not damaged
MRF beam X status SD : not damaged
MRF beam Y status SD : not damaged
DRBrC (floors 1-2) status SD:not damaged
Repair needed : No repair

Building metrics

Total building cost [thousands €] : 770.3
Total embodied carbon [kgCO2e] : 1145017.77
Embodied carbon per GIA [kgCO2e/m2] : 289.15

a. Building’s information b. Building’s visualisation

Figure 63. Details of the solution for 4-storey generic building case study

Finally, to evaluate the potential impact of the tool. The best (the dot in the bottom left corner of
Figure 62, a) and worst (the dot in the upper right corner of Figure 62, b) structural solutions are
compared in terms of cost and embodied carbon. It is done to evaluate the range of both criteria in a
structural configuration for a fixed building volume. Table 34 shows the drastic difference (around
3 times) between the best and worst solutions for each criteria. It shows that even for a constrained
volume, just the change of structural span and LLRS can create structural solutions that are 3 times
more sustainable than others. The developed tool allows a seamless design space exploration to dis-
cover these differences and come up with the best decision according to the project’s requirements.
Total embodied carbon [tons Embodied carbon per

Total cost [thousands €]

CO2¢] GIA [tons CO2e/m2]
The best solution 543 778 216
The worst solution 2091 3202 782
Absolute difference 1543 2424 566
% difference 285 312 262

Table 34. The comparison of the worst and the best solutions for 4-storey generic building case study

6.5.2 5-storey building taken from the literature

The reference structure for the next case study is taken from Eurocode 8: Seismic Design of Build-
ings

Worked examples [151]. It is a design manual commonly used as a reference by structural engi-
neers in Europe. 6-storey structure having CBF as LLRS in both directions is taken as an example
from there. The goal of this case study is to find the reference structure inside the generated design
space, explore the design differences between the tool’s automated design procedure and the man-
ual one performed by the authors of [151], and propose the alternative design solutions found by the
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tool. The input for the case study is shown in Figure 64. Since the reference structure has been ana-
lysed by means of response spectrum analysis, to make the comparison fair, the San Fernando ac-
celerogram from PEER database was scaled to match this response spectrum. The visual compari-
son between the spectrum and the scaled accelerogram can be found in Appendix F. PGA for SD
earthquake was taken from the scaled accelerogram while for DL earthquake this PGA was divided
by 1.5 following Eurocode 8 assumption DL to SD ratio. All other input parameters were taken ac-
cording to the reference structure in [151].

Building parameters l Cost parameters I CO2 parameters

Geometry

Building's X dimension [m]
Building's Y dimension [m]
Number of floors

Floor height [m]

Acting gravity loads

Concrete slab thickness [mm]
Dead load [kN/m2]

Live load [kN/m2]
) Facade load [kN/m]

Material grades

Column yield strength [MPa]
Beam yield strength [MPa]
Bracing yield strength [MPa]

DL earthquake parameters

PoA o]
Magnituce
Distance from fault [km]

SD earthquake parameters

PGA [g]
Magnitude
Distance from fault [km]

Figure 64. Input parameters for 5-storey building taken from the literature case study

First of all, the validation between the tool and the reference structure is performed. It consists of
comparing the results of structural design in terms of found elements’ cross-section. Table 35 shows
this comparison in detail. Columns’ cross-sections are a bit lower in the tool compared to the refer-
ence. It can be attributed to different column alignment along the height (uniform in the reference
and smaller columns in the last 2 floors in the tool). Beams’ cross-sections are harder to compare
since in the reference composite steel-concrete beam is used. It is expected then to see larger beams
designed by the tool since the interaction between steel and concrete is not considered for beams in
there. Finally, bracings areas are very similar which shows a good convergence between the tool
and the reference structure. Apart from above mentioned reasons for the discrepancy in the struc-
tural design, it was expected to get slightly different results between these 2 cases since linear anal-
ysis was used in one and nonlinear in another. Even though the accelerogram was scaled to match
the response spectrum, the different nature of analyses inevitably could cause some difference in the
results.
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General information

X span: 7

Y span: 6

Lateral load resisting system in X direction: Concentric Braced Frame
Lateral load resisting system in Y direction: : Concentric Braced Frame

Structural elements

Beams

Primary gravity beams: IPE400

Secondary gravity beams: IPE330

Columns

Internal columns (floors 1-3): HEB240

External columns among X (floors 1-3): HEB240
External columns among Y (floors 1-3): HEB240
Internal columns (floors 4-6): HEB160

External columns among X (floors 4-6): HEB200
External columns among Y (floors 4-6): HEB200
Bracings

Bracings (floors 1-2): CHS 177.8 | 5

Bracings (floors 3-4): CHS 168.3 /4

Bracings (floors 5-6): CHS 168.3/ 4

Structural performance

Period X [s] : 0.27

Period Y [s] : 0.29

DL Interstorey dirft X (%) : 0.19

DL Interstorey dirft Y (%) : 0.17

Bottom bracing status SD : not damaged
MRF beam X status SD : not damaged
MRF beam Y status SD : not damaged
Repair needed : No repair

Building metrics

Total building cost [thousands €] : 499.58
Total embodied carbon [kgCO2e] : 814804.43
Embodied carbon per GIA [kgCO2e/m2] : 323.34

a. Building’s information

b. Building’s visualisation

Figure 65. Details of the found solution for validation with a literature

Columns Beams Bracing area [mm?]
HEB 240 (upper) IPE 330 (secondary)
The tool HEB 200 (bottom) IPE 400 (primary) 2714
Reference structure HEB 260 IPE 270 (composite) 2510

Table 35. Comparison between the tool and the reference structure

After the validation is completed, the reference structure can be considered in the context of the
whole design space. Figure 66 shows that the chosen by the authors of [151] solution is far from the
worst possible, but there are also a lot of structural configurations that result to lower cost and em-
bodied carbon emissions. Table 36 presents the comparison between the best traditional frame solu-
tion found by the tool in comparison to the reference structure. It shows that the developed tool al-
lows the discovery of the structural configuration that is cheaper by 122 thousand € and emits
around 200 tons less in embodied carbon compared to the solution found by the engineering profes-

sionals.
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Figure 66. Pareto front for 5-storey building taken from the literature case study

Total cost [thousands €] Total embodied carbon [tons Embodied carbon per

CO2e] GIA [tons CO2e/m2]
The best solution 378 612 238
Reference structure 500 815 323
Absolute difference 122 203 85
% difference 24 25 26

Table 36. The comparison of the reference and the best solutions for 5-storey building taken from the literature case
study

6.5.3 3-storey building taken from DISSIPABLE project

The final case study considers a structural configuration considered in DISSIPABLE project. The
goal is to validate the structure (like it was done in the previous case study for the traditional frame)
and then explore the reference solution in the context of the whole design space. The building under
consideration is a 3-storey building from a case study reported in [132]. The input building parame-
ters for the tool validation are shown in Figure 67. Since 7 accelerograms were used for the design
of the reference structure, their mean PGA and magnitude for DL and SD limit states are taken as
the input for the tool.
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Building parameters ] Cost parameters ] CO2 parameters

Building's X dimension [m]
Building's Y dimension [m]
Number of floors

=(<|[z](2] &
o
3
[1+]
-
=
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Floor height [m]

Acting gravity loads

Concrete slab thickness [mm]
Dead load [kN/m2]
Live load [kN/m2]

Facade load [kN/m]

I

Material grades

Column yield strength [MPa]
Beam yield strength [MPa]
Bracing yield strength [MPa]

DL earthquake parameters

PoA [a
Vagnitude
Distance from fault [km)]

SD earthquake parameters

PoA [0
Magnitude
Distance from fault [km]

Figure 67. Input parameters for 3-storey building taken from DISSIPABLE case study

Figure 68 shows a found solution in the tool corresponding to the reference structure while in Table
37 the detailed comparison between the structural configuration found in the tool and the reference
one is reported. The found cross-sections are relatively close to each other even though some differ-
ences are found. In terms of beams, they can be attributed to the use of composite beams in the ref-
erence structure and pure steel beams in the tool. Other differences (with columns, bracings and

MY Ds) are attributed to the inevitable error in the approximation of 7 ground motions by only one
with the average parameters and ML-based surrogate models’ errors.
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General information

X span: 6.5

Y span: 5

Lateral load resisting system in X direction: Concentric Braced Frame with DRBrC
Lateral load resisting system in Y direction: : Moment Resisting Frame with DRBeS

Structural elements

Beams

Primary gravity beams: IPE330
Secondary gravity beams: IPE270
Beam in MRF in Y direction: IPE330
Columns . _.ssEEisoocieseEmaa.

Internal columns (floors 1-3): HEB400 s e
External columns among X (floors 1-3): HEB400 e
External columns among Y (floors 1-3): HEB400
Bracings

Bracings (floors 1-2): CHS 2445 /5

Bracings (floors 3-4): CHS 168.3 / 4
Dissipative components

DRBeS Y flange plate dimensions [mm]:90, 9
DRBrC (floors 1-2) pin dimensions [mm]:62, 68
DRBrC (floors 3-4) pin dimensions [mm]:62, 68

Structural performance

Period X [s] : 0.20

Period Y [s] : 0.64

DL Interstorey dirft X (%) : 0.03

DL Interstorey dirft Y (%) : 0.95

Bottom bracing status SD : not damaged
MRF beam X status SD : not damaged
MRF beam Y status SD : not damaged
DRBeS Y status SD: yielded

DRBrC (floors 1-2) status SD:not damaged
Repair needed : DRD repair

Building metrics

Total building cost [thousands €] : 181.16
Total embodied carbon [kgCO2e] : 257247.42
Embodied carbon per GIA [kgCO2e/m2] : 293.16

a. Building’s information b. Building’s visualisation

Figure 68. Details of the found solution for validation with DISSIPABLE

Beams Bracing DRBeS di- DRBrC di-
Columns 2 ; )
area [mm?] mensions mensions
IPE 330 (primary)
The tool HEB 400 IPE 270 (secondary) 7524 90x9 68x62
Reference structure  HEB 340 P& 270 (composite, primary) 8113 150x14 80X70

IPE 200 (composite, secondary)
Table 37. Comparison between the tool and the reference DISSIPABLE structure

After the validation is completed, the reference structure can be considered in the context of the
whole design space. Figure 69 shows that the chosen by the authors of [132] solution is far from the
worst possible, but there are also a lot of structural configurations that result to lower cost and em-
bodied carbon emissions. Table 38 presents the comparison between the best traditional frame solu-
tion found by the tool in comparison to the reference structure. It shows that the developed tool al-
lows the discovery of the structural configuration that is cheaper by 45 thousand € and emits around
76 tons less in embodied carbon compared to the solution found during DISSIPABLE research pro-
ject by academics.
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Figure 69. Pareto front for 3-storey building taken from DISSIPABLE case study

Total cost [thousands €] Total embodied carbon [tons Embodied carbon per

CO2e] GIA [tons CO2e/m2]
The best solution 136 182 192
Reference structure 181 258 293
Absolute difference 45 76 101
% difference 25 30 34

Table 38. The comparison of the reference and the best solutions for 3-storey building taken from DISSIPABLE case
study
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6.6 Discussion about SUZTEZ’s functionality and the results of case studies

As the result of the presented tool functionality and investigated case studies, the following con-
clusions can be made:

The use of ML-based surrogate models significantly accelerates the design space explo-
ration compared to conventional FEM method (from 10 days to 50 seconds). However,
the price for it is the accuracy of the analysis. Particularly, in the developed tool the aver-
age error of ML predictions is around 10%. Additionally, the design space is restricted by
the limitations of the trained surrogate model (the range of its inputs) to ensure that this
error is not exceeded.

Just the change of span and LLRS can lead to drastically different economic and environ-
mental performance of structural configuration for a given building plan and elevation.
The best solutions can be around 3 times cheaper and environmentally friendly.

The developed tool was validated by both engineering design guidelines and EU research
project’s approved technical report. It proves the reliability of the generated structural
solutions and the research findings.

There is a correlation between the cost and embodied carbon since both of them are related
to material weight and the type of material as well as the type of the slab were fixed in
this study.

The cheapest and lowest in embodied carbon solutions have small spans. It can be at-
tributed to the lower cross-sections needed for columns and beams since they carry less
gravity and seismic load compared to the configurations with larger spans.

In terms of LLRS no such correlation was found. The best solutions have all the potential
configurations without strong inclination to any of them.
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7 Conclusions

This thesis presents a data-driven method for the design of sustainable buildings equipped with in-
novative dampers. The methodology involves the use of advanced digital technologies, in particular
machine learning, to develop surrogate models for predicting the response characteristics of compo-
site steel-concrete buildings equipped with hysteric MYDs. The trained surrogate models are incor-
porated into the web tool to offer a computationally fast design space exploration and help engi-
neers with finding the best structural configuration according to their needs. This final chapter sum-
marizes the novel intellectual work of the dissertation and offers concluding remarks.

Regarding LCA and LCC studies for buildings equipped with MYDs:

The DISSIPABLE project has led to the development of new types of MYDs. Experimental data
from shaking table tests have been gathered to ensure accurate modelling of structures equipped
with these dampers, and to estimate the amount of time and resources required for repairability of
the dampers. Additionally, production data for the MY Ds was sourced from a steel manufacturer.
This data was used to conduct the first (according to the author knowledge) comparative Life Cycle
Assessment (LCA) and Life Cycle Cost (LCC) analyses on buildings equipped with MYDs (re-
ferred to as DISSIPABLE buildings) and their conventional counterparts. The study made several
key assumptions: only the above-ground parts of the buildings were considered, foundations were
excluded from the analysis, and the focus was solely on structural components. A 50-year average
building lifespan was assumed, with one seismic event occurring during that time.

The LCA and LCC analyses, conducted in accordance with established standards, revealed that
DISSIPABLE buildings have higher initial environmental impacts and construction costs due to in-
creased steel usage in their structural frames. However, these buildings showed a significant ad-
vantage in overall life cycle impacts - a 45% reduction in monetary cost and a 25% reduction in em-
bodied CO2. This is attributed to the high reconstruction cost and environmental impact for conven-
tional buildings, while the MYDs in DISSIPABLE buildings can be easily repaired after a seismic
event.

The study underscores the critical role of high repairability in enhancing the sustainability of seis-
mic-resistant structures. Moreover, it emphasizes the importance of comparative LCA and LCC to
justify the use of buildings equipped with MY Ds instead of conventional frames. Overall,
integrating repairability, LCA, and LCC analyses into the design and implementation of structures
with MY Ds significantly enhances the accuracy of sustainability and economic assessments.

Regarding ML-based surrogate models:

The intricate world of ML-based surrogate models, promising tools for structural analysis, was ex-
plored. One of the main goals of this thesis was to focus on the practicality of these models for
structural engineering practice. Therefore, multiple ML models have been trained for each type of
lateral load resisting frame to predict the most important outputs needed for structural design A
Mean Absolute Percentage Error (MAPE) of 10% was achieved with 20,000 data points. Generat-
ing this data synthetically took almost a month in FEM software, which highlights the unique chal-
lenge in the field of structural engineering where, unlike other industries, existing data is scarce. To
help address this issue, a portion of the generated data was published on the web, and a Machine
Learning competition was created. This not only contributes to the pool of available data but also
encourages further development and innovation in the field.

It was found that a particular level of accuracy for one response can anticipate similar accuracy for
others within the same source and feature range of training data. It was also discovered that the vol-
ume of synthetic training data played a crucial role in improving model accuracy. While increasing
data volume led to only marginal improvements after 15,000 datapoints, further significant gains
may require datasets exceeding 100,000 points.
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The exploration also uncovered that ML models were not merely statistical black boxes but effec-
tively captured the underlying physics of NLTH analysis. This was evident as the most predictive
features for ML models were aligned with fundamental principles of structural and seismic engi-
neering. These models excelled at interpolation, as anticipated from previous research about ML
models behaviour, yet still demonstrated fair accuracy when venturing into uncharted territory out-
side the training data range, especially in terms of unseen ground motions. This underlined the gen-
eralization capabilities of the trained surrogate models. Finally, the trained models have succeeded
in predicting the results of a 2D hybrid test.

Regarding the optimisation tool:

The optimisation tool has been designed to aid structural engineers in making efficient and fast
choices for structures located in seismic areas. While in the existing literature, the focus is given to
the monetary cost and structural performance, in this thesis also environmental impact (in a form of
embodied carbon) is considered as an optimisation criteria. The tool allows to find the most sustain-
able and cost-efficient structural configurations from a vast design space. It allows users to quantify
the benefits of buildings equipped with MY Ds compared to conventional ones.

The tool follows a general methodology where user inputs lead to the generation of structural solu-
tions, creating a vast design space consisting of 1936 structural configurations. Unlike the literature
where local optimisation was employed (considering structural elements’ and MYDs’ cross-sec-
tions), this study is concentrated on a global optimisation since it has bigger impact on monetary
cost and embodied carbon. Consequently, the tool optimizes global structural variables such as col-
umns’ spans in both orthogonal directions and the type of lateral load resisting system (LLRS). The
optimization problem can be formulated as: “Given building’s dimensions and acting loads, which
columns’ span and lateral load resisting system will provide the most sustainable and cost-efficient
structural solution”. The largest possible structure that can be evaluated by the tool has 6 storeys
and is 48 x 48 meters in plan.

To design the structures the nonlinear seismic structural analysis was required since the yielding of
the damper must be considered in the structural analysis for the buildings equipped with MY Ds.
Cross-sections of all structural elements and the dimensions of MY Ds come from the result of the
structural design procedure performed using ML-based surrogate models. They significantly accel-
erated design space exploration, reducing analysis time from 10 days (if it would be done in FEM
software) to 50 seconds. However, this comes at the cost of an average 10% error in predictions,
and the building’s dimension constraints coming from the input range of surrogate models. Given
the relatively small solutions space, there was no need to use complex evolutionary solvers such as
GA and a simple exhaustive enumeration (EE) algorithm was suitable for solving the optimisation
problem in this study.

The case studies revealed that changes in span and LLRS can substantially impact the economic and
environmental performance of structural configurations, potentially making solutions up to three
times cheaper and more sustainable. A correlation exists between cost and embodied carbon, both
linked to material weight and type. Small spans tend to yield the cheapest and lowest in terms of
embodied carbon solutions. However, the open plan space can be limited in this case which high-
lights the challenges in considering multiple design goals in structural engineering practice and the
need for the tool that outputs multiple design configuration and not just the one most optimised
from the mathematical perspective. The developed tool has been validated by engineering design
guidelines and an EU research project's technical report, affirming the reliability of generated struc-
tural solutions and research findings. Thanks to this development, more sustainable (up to 30%) and
cost-efficient (up to 25%) structures could be found compared to the manual approach of engineer-
ing professionals and academics.
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Regarding the broad implications of this research to the Architecture Engineering and Con-
struction (AEC) industry:
Benefits brought by the introduction of MYDs from the structural engineering standpoint include
enhanced energy dissipation during earthquakes, as the yielding of steel material in MY Ds helps
dissipate seismic energy, protecting primary structural components from damage. Additionally,
MY Ds offer improved repairability, as they can be more easily repaired or replaced after a seismic
event, reducing downtime and enabling quicker recovery of the building's functionality.
Furthermore, MY Ds increase safety by localizing inelastic deformations, maintaining the overall
structural integrity and reducing the risk of collapse, thereby enhancing occupant safety during
earthquakes.
From the design process standpoint, the research findings have significant implications for
modernizing design workflows in the AEC industry:
e Increased Efficiency: By integrating ML-based surrogate models, the design
process becomes much faster, allowing for quick iterations and evaluations of
numerous design scenarios. This accelerates the overall workflow and reduces
the time required for seismic analysis and optimization. More importantly, this
speed could be a differentiating factor of considering the use of MYDs in the
buildings.
e Enhanced Sustainability: The research demonstrates the potential for
significant reductions in embodied carbon emissions (up to 25%) for buildings
equipped with MYDs. This aligns with the industry's growing emphasis on
sustainability and environmental responsibility.
e Data-Driven Design: The adoption of data-driven methodologies, supported by
Al and ML technologies, facilitates more informed decision-making, enabling
engineers to optimize structures for both performance and sustainability criteria
effectively.
e Broader Impact: The research highlights the importance of considering
repairability and life cycle assessments in structural design, promoting the
development of resilient and sustainable buildings that can better withstand and
recover from seismic events.
Overall, these findings support the transition towards more sustainable and efficient
design practices in the AEC industry, addressing critical challenges related to the digitalisation,
embodied carbon emissions and long-term environmental impacts.

7.1 Future work

The following extensions to the presented developments can be done in the future:

e Considering other materials and MYD types. This thesis is concentrated on steel-concrete
composite structures with a particular MY Ds developed within DISSIPABLE project. In the
future, the same methodology can be applied to other structural materials as well as other
damper types.

e Extending the range of ML-based surrogate models. The biggest possible structure that can
be considered in this thesis has 6 floors and 48x48 meters plan dimensions. In the future, more
data can be generated to extend this range (without losing the accuracy of the model) and
increase the applicability of the tool.

e Using supercomputers for the synthetic data generation. One of the most common paths to
improve the accuracy of ML models is to get more data. The use of supercomputers can allow
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to generate millions of datapoints and consequently lead to surrogate models with a wide
application and very high accuracy.

Incorporating other design variables for the optimisation. This thesis showed that column span
and LLRS are impactful variables for the global structural optimisation problem. However,
other components such as slab type, material type, etc. can be considered in the future.
Creating additional optimisation criteria. Monetary cost and embodied carbon have been con-
sidered as optimisation criteria in this study. Other significant aspects of the structure such as
ease of constructability, construction time, the size of free space, etc. can be considered in the
future.

Extending the geometrical boundaries of the plan and columns’ placement. In this study only
rectangular plans with equidistant column placement are considered. Since it is not always
the case in the reality, more complex plan forms as well not equidistant column spacing can
be considered in the future. However, it will lead to further complications for surrogate mod-
els development since its training data must contain some of these potential complex scenar-
i0s.

Extending the number of applied ground motions during the structural analysis. The current
version of the tool applies only 1 ground motion for each limit state to pre-design a structure.
In the future, their amount can be increased to 3 or even 7 to align better with the code re-
quirements.
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Appendix A

In the figures below the LCI for DISSIPABLE and Conventional buildings are presented.
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Figure 70. LCI for the DISSIPABLE building
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Appendix B

Table 39 shows the criteria for the ground motion selection for all limit states.

] Return Pe- Ris =
E
Limit State ConsceI::sence cactSeS:f riod, Tr PGA (g) | Rrup
gory (years) (km)
DL — Damage

Limitation 60 0.20

SD = Significant cc2 A 475 036 | 0-30
Damage
NC — Near Col- 1600 0.504
lapse

Table 39. Parameters for the ground motions’ selection
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Appendix C

Table 40 shows the parameters of the elastic response spectrum to which accelerograms are scaled.

Importance factor (Class 1) yi=1.0
agr=0.20-g (DL)
Peak ground acceleration agr=0.36-g (SD)
agr=0.504-g (NC)
Ground type A
Smax 1.00
Th 0.15 sec
Tc 0.40 sec
Td 2.00 sec
Lower bound factor 0.2

Table 40. Parameters of the elastic response spectrum for accelerograms’ scaling
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Appendix D

In this appendix all the accelerograms used in the NLTH analysis for 6-storey pilot build-

ings are present (unscaled version). Apart from the ground acceleration, also the ground velocity

and displacement are shown for each record.
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Figure 72. Acceleration, velocity and displacement for esrcO record in Y structural direction
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Figure 73. Acceleration, velocity and displacement for esrcO record in X structural direction
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Figure 74. Acceleration, velocity and displacement for euula record in Y structural direction
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Figure 75. Acceleration, velocity and displacement for euula record in X structural direction
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Figure 76. Acceleration, velocity and displacement for ivt1212 record in Y structural direction
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131



Acceleration [g]

Displacement [cm]

=l

Velocity [emisec]

Lo
52 b5
[eIETa

Velacty [emisec]

Acceleration [g]

Displacement [em]

0 2 4 ] 8 10 1z 14 16 18 20 2 24 26 28 30 32 M 3B 3/ 40 42 44 46 48 S0 52 54 56
Time [sec]

= n oo
ERR-N-1

,\,a
8 5 o

0 2 4 L 8 10 12 14 16 18 20 22 24 % 2 30 2 34 36 38 40 42 44 46 48 50 52 54 56
Time [sec]

h o e 2 @

Time [sec]

Figure 78. Acceleration, velocity and displacement for tk4101 record in Y structural direction
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Figure 79. Acceleration, velocity and displacement for tk4101 record in X structural direction
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Figure 80. Acceleration, velocity and displacement for rsn1091 record in Y structural direction
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Figure 81. Acceleration, velocity and displacement for rsn1091 record in X structural direction
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Figure 83. Acceleration, velocity and displacement for rsn4483 record in X structural direction
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Figure 84. Acceleration, velocity and displacement for rsn5618 record in Y structural direction
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Figure 85. Acceleration, velocity and displacement for rsn5618 record in X structural direction
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Appendix E

Interstorey drifts are shown in Figure 86 for Conventional building and Figure 87 for DIS-
SIPABLE building only for DL limit state since this is the govern limit state for serviceability
checks according to EN 1993-1 [1]. The average of maximum drifts among 7 accelerograms for
each storey are reported in both positive and negative directions. It can be seen that average of max-
imum interstorey drifts among 7 accelerograms in both X and Y directions do not exceed 1% of
height threshold that is required by EN 1993-1 [1].
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Figure 86. Average intersotrey drift among 7 earthquakes for both X and Y directions for Conventional building
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Average of 7 records in DL, X direction
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Figure 87. Average intersotrey drift among 7 earthquakes for both X and Y directions for DISSIPABLE building
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Appendix F

Figure 88 shows the comparison between target spectrum and the spectrum obtained from the
scaled version of the San Fernando accelerogram.
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Figure 88. San Fernando accelerogram vs target response spectrum
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Appendix G
Figures below show the results of the SHAP analysis for braced frames.
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Figure 89. SHAP analysis for ML models used for CBF interstorey displacement response prediction
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Figure 90. SHAP analysis for ML models used for CBF column axial force response prediction
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Figure 91. SHAP analysis for ML models used for CBF bracing axial force response prediction
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Appendix H
Figures below show the results of the SHAP analysis for braced frames equipped with DRBrCs.
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Figure 92. SHAP analysis for ML models used for CBF equipped with DRBrC interstorey drift response prediction
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Figure 93. SHAP analysis for ML models used for CBF equipped with DRBrC column axial force response prediction
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Impact of each feature on the prediction. Original value = 357.36 kN
f(x) = 357.37

187070.083 = Floor mass kg
0 = Bracing_A34 mm2
2 = N braced spans
7.28 = Magnitude

19.74 = Distance to fault km . +6.52
2 = Number of floors . +6.16
21 = Final Dead Load . +5.36
0.307 = Period s . +5.15

18 other features . +10.53

220
E[fiX)] =210.268

240 260 280 300 320 340 360

b. Bottom bracing axial force local analysis

Figure 94. SHAP analysis for ML models used for CBF equipped with DRBrC bracing axial force response prediction
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Floor mass kg -
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Bracing_A34 mm2
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N braced spans
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Feature value
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Final Dead Load

Number of floors

Low

~300 -200 -100 0 100 200 300
SHAP value (impact on model output)

a. Bottom DRBIrC axial force error distribution

Impact of each feature on the prediction. Original value = 162.20 kN
f(x) = 162.356

26328.654 = Floor mass kg —41.98

2065 = Bracing_A12 mm2 —39.56
989 = Bracing_A34 mm?2

0.65 = Period s +19.75
6.6 = Magnitude
1 = N braced spans +9.86
379021.098 = MYD stiffness kN/m —6.48 .
229.3 = Columns 1-3 | mm4*10°6 —3.66 .
18 other features

220

120 140 160 180 200
E[f(X)] =204.033

b. Bottom DRBrC axial force biggest error analysis

Figure 95. SHAP analysis for ML models used for CBF equipped with DRBrC MYD axial force response prediction
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Appendix |

Figures below show the results of the error analysis for braced frames.
MAPE error distribution for an interstorey displacement for a braced frame

140 % of errors bigger than 10%: 42.4
% of errors bigger than 15%: 24.8

% of errors bigger than 20%: 14.1

Number of datapoints

60 80 100 120
MAPE

a. Interstorey displacements error distribution

Impact of each feature on the prediction. Original value = 0.37 mm

f(.x) =0.751
15776.798 = Floor mass kg —-0.84
0.2=PGAg . +0.56
6447 = Columns 1-3 | mm4*10°6 -0.47 .
6.77 = Magnitude . +0.37
11285 = Bracing_A34 mm?2 -0.33 .
5538 = Columns 4-6 | mm4*10°6 -0.31
2 = N braced spans —-0.23 ‘
4 = Spans } +0.12
18 other features -0.21 ‘
2 4 6

8
E[f(X)] =8.398
b. Interstorey displacements biggest error analysis

Figure 96. Error analysis for ML models used for CBF interstorey drift response prediction
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MAPE error distribution for a column axial force in a braced frame
% of errors bigger than 10%: 35.7

140 % of errors bigger than 15%: 17.4

% of errors bigger than 20%: 10.0

Number of datapoints

MAPE

a. Column axial force error distribution

Impact of each feature on the prediction. Original value = 189.15 kN
f(x) = 295.102

3.492 = Columns 1-3 | mm4*10°6 —160.41
0.354 = PGAg +156.54
0.209 = Period s —153.75

16217.309 = Floor mass kg —-98.15

0 = Columns 4-6 | MM4*10~6
3 = Final Dead Load
0 = Bracing_A34 mm2

2124 = Columns 1-3 A mm2 —25.07 .
1 = N braced spans . +18.99
18 other features ’ +4.88
300 400 500 600 700

800
E[f(X)] =793.699
b. Column axial force biggest error analysis

Figure 97. Error analysis for ML models used for CBF column axial force response prediction
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MAPE error distribution for a bottom bracing axial force in a braced frame

175 % of errors bigger than 10%: 43.1
% of errors bigger than 15%: 26.9
% of errors bigger than 20%: 15.9

Number of datapoints

40 50 d 80 90
MAPE

a. Bottom bracing axial force error distribution

Impact of each feature on the prediction. Original value = 150.5 kN

f(x) =328.25
1.459 = Period s +35.06

1 = N braced spans
4221 = Columns 1-3 | mm4*10°6
6.1 = Magnitude
1117 = Bracing_A34 mm?2
3034 = Columns 4-6 | mm4*10°6
32.84 = Distance to fault km - +7.08
5 = Spans - +6.94

15 other features -3.28 .

300 320 340 360
E[f(X)] =301.394

b. Bottom bracing axial force biggest error analysis

Figure 98. Error analysis for ML models used for CBF bracing axial force response prediction
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Appendix J

Figures below show the results of the error analysis for braced frames equipped with DRBrCs.

MAPE error distribution for an interstorey displacement in CBF with DRBrC

% of errors bigger than 10%: 47.5
% of errors bigger than 15%: 29.3
% of errors bigger than 20%: 18.8

Number of datapoints

60 80 100
MAPE

a. Interstorey displacements error distribution

Impact of each feature on the prediction. Original value = 7.18 mm
flx) =14.226

3193.7 = Floor mass kg

733 = Bracing_A12 mm2 +1.94

18.96 = Distance to fault km
0.484 = Period s

3.492 = Columns 1-3 | mm4*10°6 . +0.56
0.15=PGAg . +0.54
1 = N braced spans . +0.41
3.492 = Columns 4-6 | mm4*10°6 . +0.28
18 other features - +0.76
10 12 14 16 18
E[f(X)] =8.993

b. Interstorey displacements biggest error analysis

Figure 99. Error analysis for ML models used for CBF equipped with DRBrC interstorey displacement response predic-

tion
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MAPE error distribution for a column axial force in CBF with DRBrC

% of errors bigger than 10%: 28.9
% of errors bigger than 15%: 14.3
% of errors bigger than 20%: 7.0

250

200

Number of datapoints

60 80 100
MAPE

a. Column axial force error distribution

Impact of each feature on the prediction. Original value =308.08 kN
flx) = 466.516

5538 = Columns 4-6 | mm4*10°6
6447 = Columns 1-3 | mm4*10°6
12.9 = Distance to fault km
30346.272 = Floor mass kg
6.19 = Magnitude
5 = Number of floors
1 = N braced spans
18 other features -17.98 .

450 500 550 600 650 700 750
E[fIX)] =672.75

b. Column axial force biggest error analysis

Figure 100. Error analysis for ML models used for CBF equipped with DRBrC column axial force response prediction
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MAPE error distribution for a bracing axial force in CBF with DRBrC
250 % of errors bigger than 10%: 30.5
% of errors bigger than 15%: 14.9
% of errors bigger than 20%: 8.0

200

Number of datapoints

o T — =

60 80 100

MAPE

a. Bottom bracing axial force error distribution

Impact of each feature on the prediction. Original value =77.08 kN
f(x) =140.303

733 = Bracing_A34 mm2 —26.96
6.33 = Magnitude
2.26 = Period s 1
222480.13 = MYD stiffness kN/m -15.91
1 = N braced spans +15.19

3 = Span width m -14.6

4
©

10.33 = Columns 1-3 | mm4*10°6 - +11.81
53901.342 = Floor mass kg -8.5
18 other features +13.01
140 160 180 200 220 240

E[fiX)] =210.268

b. Bottom bracing axial force biggest error analysis

Figure 101. Error analysis for ML models used for CBF equipped with DRBrC bracing axial force response prediction

151



MAPE error distribution for a DRBrC axial force in CBF with DRBrC

% of errors bigger than 10%: 28.3
300 % of errors bigger than 15%: 15.1
% of errors bigger than 20%: 8.3

250

N
o
S}

Number of datapoints
&
Z

100

MAPE

a. Bottom DRBrC axial force error distribution

Impact of each feature on the prediction. Original value =162.50 kN
f(x) = 268.709

37473.975 = Floor mass kg
6286 = Bracing_A34 mm2
1 = N braced spans

13.91 = Distance to fault km
0.54 = Period s
1.5 = Final Dead Load

240 260

18 other features

180 200 220
E[f(X)] =204.033

b. Bottom DRBrC axial force biggest error analysis

Figure 102. Error analysis for ML models used for CBF equipped with DRBrC MYD axial force response prediction
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Appendix K

Figure 103 show the force-displacement relationship of the plastic hinge in SAP2000 software
[122].

Force

Displacement

Figure 103. Legend explanation for plastic hinges in SAP2000
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Appendix L

The Kaggle [139] competition lasted for 6 months from April 2023 to September 2023. The goal for
the participants was to predict the interstorey displacements of the MRF frames given the same in-
puts as indicated in Chapter 5 of this thesis. Overall, 3000 datapoints were provided to the partici-
pants to train their models, and 300 datapoints were used for the evaluation of the predictions. 28
teams participated in the competition (Figure 104, a), and 10 solutions were voluntarily shared with
the public by the participants (Figure 104, b). The findings from these solutions have been used in

this thesis to improve the overall accuracy of the ML models.
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a. Leaderboard with the 11 best teams participarted in a competiton
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b. A sample of shared voluntarily solutions by the participants

Figure 104. The results of the Kaggle competition
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