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ABSTRACT

After many years of research and development, the dissipative components and systems such as
hysteretic metallic yielding dampe(felYDs) 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 longterm benefits have not been well quantified. Moreover, current methods for the eval-
uation of nonlinear seismic response in structural engineering aredimsemingthe calculation

of nonlinear seismic structural response for buildings egapvithMYDs could take hours using
nonlinear time history (NLTH) analysis in finite element modelling (FEM) softwirerefore,

there is a need for faster solutions without a decrease in structural response prediction accuracy,
which can also considehne repairability, life cycle environmental and economic assessment for
such systemsAnother significant issue is that the Architecture, Engineering and Construction
(AEC) industry is responsible for around 40% of globab@@issionsup to 11% of it com&from
embodied carbonemissions 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 findingrojzed 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 potentialdatadriven method# enhancing the sustainability of earth-
guakeresistant structures, particularly those equipped with a new type of MYDs. Experimental re-
sultsobtained from shaking table testihgve informed the correct modeling of MYDstlre finite

element modeling (FEM) softwareéA case stug has demonstrated that buildings equipped with

new hysteretic MYDs offer significant advantages over conventional structures in terms of Life Cy-
cle Cost (45% reduction) and embodied:G25% reductiorfor life-cycle stags AC). The results
proved the hypothesis that the introduction of these MYDs into the building can yield to more sus-
tainable structureim seismic areasvlachineLearning (ML}based surrogate models have been
trained to approximate ¢hresults of the NLTH analysis. The surrogate mokial® beemleveloped
taking into account practical needs of structural engineers executing nonlinear seismic: analysis
these models have been integrated &ttailding optimization tooteveloped in thi®hD thesis

project The tool allows engineers to quickly iterate on different design scenarios for structures that
require nonlinear seismic analysi$ianks to the surrogate models, the generation and design of all
possible structural options for a giveputs 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% meifféectise

when @mpared withstructural configurationfound using conventional design methodologies em-
ployed by industry practitioners and academic experts.

Keywords: Earthquake Engineeringtysteretic metallic yielding dampenglachine LearningSur-
rogateModels;Desigh 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 worldoalimit the damage to buildings during the
earthquake and assure the safety of their occupants. Modern seismic design codes+(EN]1998
and ANSI/AISC 34110[2]) have been developed mainly to solve these problems. Current seismic
design provisionsfasteelconcrete composite buildings propose to use the capacity design approach
to avoid pr ogr es sHgurel [3D.utd maid goal gtd guaranted aldactdesbehaw
iour of the structure during the earthquake event. According to capacity design rules, earthquake en-
ergy should be dissipated by the structureinthesol | ed Adi ssi pative zone:¢
deformations occur. In tditional 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 negiupes, in-
terruption of the buildingds functionality, a
was discovered that dissipative zones can aldodagedin dissipative systems. The focus of this
thesis will be on a particular type of disative systems callelalysteretic metallic yielding dampers
(MYDs) which dissipate seismic energy through the yielding of trlle steel material.
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Figurel. The collapse of ateelbuilding during Kobe, Japan earthquake in 1§85

Apart from potential seismic damage, new buildings located in seismic areas have another sig-
nificant issue that is common for all structures regardiéfiseir locationi environmental impact.
Embodied carbon that is Carbon Dioxide equivalentg®missions related to building materials
production, manufacturing, maintenance, and disposal is becoming a huge problem and now pre-
sents 11% of total C£ emissions in the world]. There is a potential fdrysteretidMYDs to re-
duce not only seismic damage for the new buildings but also their embodied daebontheir
ease of repairability angplaceability Several innovative systems based on endrgsipation via
metal yielding and damping have been recently invented all over the world as summarized in detail
by Castaldd5] Saravanai6], and EURFCS DISSIPABLE projedt7]. Although there is a big va-
riety of MYDs, they all have following s&ies in common:

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

1 Behaviour of structures equipped with these dampersaisi@&ed by complicated and time
consuming nonlinear structural analysis that limits possible design iterations.



1 The optimisatiortool thatconsiderdoth economic and environmental criteria for the build-
ings equipped with MYDsloesnot 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 ckmnthe engineer to efficiently navigate
through different design criteria and their traafés to design sustainable and cefficient struc-
tures. Structural analysis is an essential part of this procedure since the design space must consist of
well-desigied 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 imp@ated in engineering
practice for this purpose. Currently, the finite element method (FEM) is used to conduct nonlinear
time history (NLTH) analysis which is a physibased process consisting of the integration of the
structural equation of motion in daof 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 aboyationed design space an extremely
computationally expensive task. Consequently, structural engineers are discouraged to use seismic
resistant buildings equipped with MYDs in their designs choosing their conventional counterparts
which need to be repaired or even demolished after signifegsmic 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 whiahvolves development of advanced software, improvement
of interoperability between existing programs, paperless projects execution, etc. One of the novel
concepts of this i ndus tdriverddesigd whgre theachoiceé afthen s f or m
strudural 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 evaluatibig(re2). The core technology of dathiven structural de-
sign is Artificial Intelligence (Al). It has been extensively applied in healthcare, retaimenerce,
and other industries and n@etting traction also in Structural Engineer[8¢ [9]. There is a tre-
mendous potential of Al in seismic engineering applicatjt@kand some of the branches of Al
such as Machine Learning (ML) and evolutionary algorithms can be particularlylsddathe
problems related to design optimisation of buildings equipped with MYDs 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 datalriven workflows for structural design



The goal otthisresearch is to improve sustainability of earthquake resistant structures using ad-
vanced digital technologigesuch as datdriven structural desigifo achieve this goathefollow-
ing steps are planned
1 Investigate the environmental and economic impacts of buildings equipped with innovative
MYDs and compare them with conventional structures.

1 Accurately predict the nonlinear structural behaviour of buildings equipped with these MYDs
and their conventionaounterparts using fast Mhased surrogate models instead of conven-
tional timeconsuming FEMbased NLTH analysis.

1 Create an optimisation procedure via efficient design space exploration. Fajldiéecost
and embodied carbon will be used as desigeraiifor optimisation.

Experimental and Life Cycle Analysis (LCA) data obtained within DISSIPABLE pr¢@db
support and validate the developmemse beemsed As a final deliverable of the thesis the web
basedstructuraloptimisation too(SUSTEZI Sustainable Structures in Earthquake Zohas)been
developed. The tool allows engineerstofméhi ch col umnsd span and | at
provides the most sustainable and affitient solution from all the possible options.



2 State ofthe art

This section presents a literature overview on hysteretic metallic yielding dampers (MYDs) ap-
plied in composite ste@oncrete buildings, life cycle and sustainability analysis for earthquake re-
sistant structures, running time reduction for NLaikhlysis applications of ML for datariven
structural seismic analysis and designd design space exploration for buildiogdted in seismic
areas.

2.1 An overview of hysteretic MYDs in composite steetoncrete 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) arel (6B5) 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 (FD#)jd viscous dampers (FVDs), tuned mass dampers,
and base isolation systeiid]. This research will be focused on MYDs which absorb energy in-
duced by the earthquake through the metal yielding. These dampers can be categorized as displace-
mentdependente., 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:

1 ADAS [12] and its variation TADA§13] consist of a series of steel fda. 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 braEiggre 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 yieKiggré3.b,c). Fur-
thermore, a variation of this damper made of coppeADAS [14] has been investi-
gated. Honeycomb dampfgk5], Slit damper[16] and Shear Pan¢l7] are used in a
similar configuration as ADAS, but utilizing shear yielding instead of flexural Brage (
ure3.d).

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

1 Buckling Restrained Braces (BRB4)8] consists of steel brace encased in hollow steel
shape filled with concretlike material Figure 3.e). The confinement provided by the
concretefilled 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 signifcant energy dissipation. This is the most widely used hystéviia in the
civil engineering industry by now.

Issuesexpensive replacement of the damaged damper after the seismic event.

1 PidampeflQ9]appl i es to the col umnos-flangedbdams x i s .
joined to a widdlange column by bolted splices at the top flange of the beam and steel
hysteretic dampers at the bottom flange of the béaguie3.f). The system is designed
in a way that the beambs rotation centre
all the damage from seismic events concentrates on the damper leaving thlali@od
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 aspedtave not been addressed.

1 Steel Self Centering Device (SSC[2P] consists of a hysteretdYD and a steel pre-
tension system for reentering Figure 3.g). This typobgy of dissipative devices is

9



characterized by the presence of aeatering force thamitigates anceliminates the
residual deformations of the building after the earthquake. The main dissipative elements
are steel fuses that experience yielding duttiegseismic 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 Devic§21] can be applied exclusively to steel frames with eccentric
bracing. In eccentrically braced frames links are conventionally designed to be a dissipa-
tive componentKigure3.h). This device represents a typical link that is connected to the
beamusingbolts 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.

Tubein-Tube Damper (TTD)22] consists of a tuba-tube assemblage of two com-
monly available hollow structural sectiorfsiqure 3.i). The outer hollow section of the
damper has 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 ¢hsyggh
flexural/shear yielding.

Issues:ithe 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 columri23] is anew type of hysteretic dampers consistoigwo or more
adjacent steel vertical elements connected to each other with continuous mild/low
strength steel shear links. Numerical tests showed that dbirggd dissipative column

(DC) elements with low eccentricity can fully yield along their lenghile columns are
subjected to axial strain and so, small bending moments can be neglected flexural defor-
mation.

Issuesnumerical tests have not been supported by experiments.

Yield-Link Moment Connectiof24] is special patented connection for momesisting
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 amafign with a cover plate

for steelconcrete composite structures. It is a widely used in a practice connection that
is alsoa qualified connection for the American design cf&id.

Issuesthe life-cycle sustainability aspect has not been addressed.

DuraFuse Frames connection sys{@@]. 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 gonsexdn!|

in practice.

Issuesthe life-cycle sustainability aspect has not been addressed.

1C
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Figure3. Hysteretic yielding dampers

j. Dissipative columrj24]. k. DuraFuse Frame connectifi27]

Even though a lot of hysteretic MYDs have been developed and recently implemented into the
engineering practice, theenvironmental cost required for the manufacturing, repair and possible
recycling has not been consider@&tierefore, there is a need fotife-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 posearthquake damage of structural aod-structural elements becomes a fun-
damental aspect for improving lotgrm sustainability and resource conservation. The resources
spent in the reconstruction after a disaster can be significantly reduced through innovative structural
systems for new blgings and retrofitting measures for existing buildings, dropping economic and
environmental costs from a life cycle perspective. The application of dissipative and repairable
MYDs enables longerm use of structural elements, which do not require repkateon demoli-
tion after string earthquake events, improving the sustainabilliyilding construction. Recent cir-
cular economy policies and the European Green 28atonfirm that energyntensive industries,
such as steel, are crucial to Europeds econom
decarbonization and modernization are vital.

Numerous LCA studies quantified environmental impact of seismideweerbuildings and
concluded that seismic damage can significantly increase structural carbon f¢283yif80], [31],

[32], [33]. A few researchers performed a comparative LCA to investigate the environmental im-

pact of design decisions for structsitecated in seismic areas. The European research project

AHIi gh Strength Steel ( HSS) [34] coSctuded timat the uBeens | st a
high strength steel leads to the reduction of the size of structural elements and consequefly to en
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 strated@5]. Moreover, environmental ipact of different reinforced concrete

retrofitting alternatives has been quantifj{8d] as well as the consequence of building new struc-

ture instead of strengthening the existing (8. The LCA impact of dissipative systems was cal-
culatedby Ribaka et al.[38] where norretrofitted building was compared with use of concrete
diaphragms for seismic strengthening, application of-digimping rubber bearings, and use of seis-

mic isolation columns. The study concluded that the use of base isolationecadnu c e bui | di n
vironmental impacts up to 50%. LCC methodologies related to buildings located in seismic areas
have also been proposed in the literaf@83, [40]. The approach relates to quantification of seis-

mic damage in monetary terms. Otheplagations consider LCC optimization of tuned mass damp-
ers[41], analysis of seltentering structures equipped with buckling restrained bfd2gsperfor-

mance of smart bridges with shape memory alloy (SMA&), and comparative LCC between steel
frames equipped with SMA dampers and their conventional analpttjetn the latter study it

was observed that passive dampers can decrease life cycle casoof gteel frame by 53%, and

12-story steel frame by 90%, respectively.

Literature revieweveals 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 imjpsgismic resistant
structure without comparing different solutions (e.g., dampers wlampers). 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 peseiconomic impact of particular energy dissipation
strategy is quantified while environmental aspect is not considered and vice versa. The study that
guantifies both economic and environmental benefits of buildings equipped with MYDs has not
been found irthe literature.

2.3 Running time reduction for NLTH analysis using physicsbased 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 spendimgddes tinis analysis.
Domingues Costa et §#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
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the Theory of Plasticity assuming rigdastic 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 structureelastic 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 comparg 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 salie adthtion,

only rigid-plastic behaviour has been considered and time savings compared to conventional NLTH
analysis have not been quantifiddother studyproposed a simplified NLTH analysis where lead-

ing and trailing weak signals in the acceleratiazord are trimmed, and remaining record is
downsampled47]. The proposed method preserves significant frequency characteristics of the
original record including its-hase. To identify the proportions of acceleration record to be

trimmed maximum roof dplacement has been us&ty(re4). 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 andi2étorey 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 meth®@@20. 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 efficientlcut the input accelerograms.

Leading weak signal Trim trailing signal
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max(ju (1)) r————————— | A . | . - [ r

Time

a. Trimming leading signal before peak roof displace- b. Trimming trailing signal after peak roof displace-
ment is reached ment is reached

Figure4. Trimming leading and trailing signgdl$7].

Faroughi and Hosseifd8] 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 computergonogleveloped by the authors, the
corresponding Inverse Fourier Transform is calculated using a relatively large time step, depending
on the structurebs periods. By use of this te
increased 8.0 times reducing the time required for NLTH analysis in the same proportion. Maxi-
mum displacement values have been overestimatedlBybusing altered acceleration input com-
paring to the original one. However, the proposed method has been applied only toyS2OIS s
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 RespmhBstory 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 therstture. The proposed method has been applied to 4 buildings with a height
variation of 2044 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 Imas bee
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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 neetigab 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 exation 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 discretiime impulse response. Finally, Fast Fourier Transformation (BDyithm

has been applied has been used to accelerate the computation of this convolution. To evaluate the
efficiency of the proposed methodology the lateral displacements2@@8torey buildings was
calculated and compared with outputs from FDA appino 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 structuresshaot been investigated by authors.

There are numerous attempts to reduce the time required for NLTH using gigsecs
methodsHowever, these studies either suffer from a lack of accuracy, require compfioafed-
cessingprocedures, or their analysis time reduction is relatively small. Therefore, alternative proce-
dures are needed to boost the quality and speed of plngsied simulations.

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

Another méhod to reduce the time required for NLTH analysis without a significant loss in
the accuracy is Machine Learnindpased surrogate models. To provide the reader with a better un-
derstanding of this technology, general introduction for Artificial Intellageand 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 proposgd]. These methods are based on heuristficagrhes of artificial intelli-
gence (Al) rather than on rigorous mathematics. They were initially received with suspicion be-
cause they do not take explicit physised formulations into account. However, according to nu-
merous numerical and experimentatastigations, they have turned out in many cases ¢x-be
tremelypowerful[52], [53], [54] Consequently, their use in various areas of engineering science is
continuously growingAs 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 makir{§5]. Nonethelesst is easy to cofuse the relationships between ML,
Al, and Deep Learning (DL), which are concepts that are frequently used in the corresponding liter-
ature related to MI(Figureb).
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Figureb. Relationship between Al, ML, and k5]

ML can be categorized into four types, namely supervised learningss@erivised learn-
ing, unsupervised leaing, and reinforcement learning. For the first three typigsire6 provides
an intuitive representation in terms of relationships between the training processes and the utiliza-
tion of dataln the reinforcement learning an agent makes decisions in an environment, learns from
its actions based on rewards and penaltiesingi to maximize cumulative reward over time.

Training Data

Supervised .
Learning All Labeled Data Supervised model

Some Labeled Data
Supervised

Learning S —

[ )

Supervised
Learning

Figure6. Typical representations of three types of ML metH&66%

In the past decades, various ML algorithms have been developed and utilized. In the work con-
ducted by Ray57], 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, Bayearest neigh-

bours, kmeans clusteringyradient descent algorithms, and backpropagation algorithms. Specifi-
cally, among thenthe decision tree is a supervised ML algorithm that is widely adopted to solve
regression and classification problems by splt i ng data and making deci
Al eaveso. Besides, the performance of the dec
ble modelling techniques. For instance, a ML algorithm named random forest can be built by ran-
domly ensemblingarious decision trees using the bagging method and obtaining the output(s)
through voting57]. 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 tinengece in
handling nodinear classification and regression probldbig, [58]. In addition, algorithms such
asgradient descent algorithms and backpropagation algorithms have been applied as the basis of
various ML methods, such astificial 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 convenititinsiiruc-
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 mo&edsire7 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 quantgysmat
for the ML model to yield accurate predictions. Subsequently, anaéyssformed on the col-
lected data to statistically investigate, clean, transform, and stritctihes step is essential in
providing better understanding and organization efdata. Traditionally used in the field of soft-
ware development, features refer to the coherent and identifiable representations that can portray
the system functionalitieslowever, under the context of ML development, features normally refer
to the inputvariables 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 m¢@]sEventually, the ML models
aretrained using the prepared dataset and tested on utlireanetrics[60] to judge the perfor-
mance before final deployment.

. . Feature

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

‘ deployment Error estimation | «— training

Figure7. Typical ML/DL model development workflow

2.4.2 ML -basedsurrogate 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 rapiddgipt the structural response
(internal forces, displacements, etc.) ¢given
sections, acting loads, etc.), thus creating the approximations of theearities. These approxi-
mations are called swgate 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 lowertfidelalysig61]. 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 uitation of datadriven techniques, such as ML, relatethe needed response
surface surrogates to the original simulation modilsce the availability of data in structural engi-
neering is poor, it is common to generate the data for ML training in FEMase[62], [63], [64].

ML models often struggle to extrapolate beyond their training[@&lameaning they may not per-
form well on unseen examples, making it crucial to find training data that adequately represents the

1€



diverse scenarios and situats in the application space to ensure better generalization and perfor-
mance Figure8 illustrates a comparison between the surrogate model and theb&dd simula-

tion methodOverall, ML-based surrogate model follows the ML training workflow depicted in
Figure7 where features are typical inputs required for structural analysis and the output is a struc-
tural response.

Inputs FEMased Simouledti on Outputs

ADisplacements
Alnternal forces
AStructural characterist

AGeometry
AMaterial properti| =
A Me mbé&msssesct i ons
AcConnectivity
AActing loads

—

O
O
O
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Surrogate model

Figure8. Surrogate model

2.4.3 Application of ML -based suriogate 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 helpfin the fast prediction of nonlinear seismic structural behaviour. This
chapter presents an overview of the availableaked surrogate models to predict the maximum
nonlinear seismic structuregsponse.

Artificial Neural Network (ANN) was the first Mitechnique used to predict nonlinear seis-
mic structural response. The first attempt to use ANN for nonlinear structural seismic response pre-
diction was conducted bylolas and Yamazakb6].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 surrogatmodel 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 structuré,agaros and Fragiadal{g7] predicted the iterstorey drift of 10 storey
steel Moment Resisting Frame (MRF) using ANN to build its fragility curves. Apart from ground
motion parameters, the variability of mater:i
strength) has been considered as thatinpthe algorithm. This research showed thatbised
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, crossections, or material.

De Lautour and Omenzetti@8] performedhe first study where trained ANN was applica-
ble not only for one building kidor 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
cl ass of ¢ oncr-sedtims, and lampmg ratiosubjected to sesmdingavith 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 issurslan[69] predicted tle results of pushover analysis using ANN for seismic
damage classification of the group of the RC buildifige author used different structural and ma-
teri al parameters to investigate their i mport
toand short column formation were the most sig
performanceDoran et al[70] trained ANN to predict the nonlinear seismic response of concentri-
cally braced frames with various geometrical, and structurahctaistics 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 structuragdarameters 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-

rametersod influence on t he Morbdis & Kasteakis[71scen- s mi ¢
cluded that ANN can achieve a remarkably high degree of accuracy in the prediction of RC build-
ings6 damage | evel (expressed in terms of max

put parameters are usdthese conclusions are apalble for 37 storey 3D buildings with fixed
geometries in plarStefaninin et al[72] trained ANN to predict multiple outputs for nonlinear seis-
mic behaviour of RC buildings in Bologna, Itakigure9). The size of the column turned out to be
the most predictive parameter of the algoriti@ther attempts to predict the nonlinear seismic be-
haviour of buildings using neural networks wereulsed on the particular unique inputs, such as the
hysteretic loop of the structufé3], and resonance arg&d]. In these cases, instead of explicitly
using structural properties (geometries, cresstions, materials, etc.) the authors used the edcod
nonlinear structural behaviour as an input.

a. One of the considered RC buildings
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Figure9. ML-based surrogate model applied for nonlinear seismic response prediction of RC ljatfling

Even though ANN showed a great performance as a main algorithm fdxals#d surrogate
model for nonlinear seismic structural response prediction, other §dlritdims have been applied
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for the same purpose. Comparison between ANN and other ML techniques has been performed in
several studieKia and Sensof75] 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 resulisSANN was used for the prediction of structural displacements, which were
used as an inpdor SVM classification modelGudipati and Ch§7z6] 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 rmide steel MRF structures. These two studlesved than ANN
outperformed SVM in nonlinear seismic structural response prediction. Therefore, comparison with
other ML algorithms had to be doriéguyen et al[77] used ANN and eXtreme Gradient Boosting
(XGBoost) algorithms for the prediction of thenlinear 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, aimng to find the most predictive features they discovered that peak ground velocity and
spectral acceleration at th& datural period of the structure are the most important inputs for the
surrogate models. It proved the outcomes of previous researcmmdésignificance of structural
natural period as an input feature. This research also showed tHadsssEmodels can be competi-
tive with ANN for this task and even outperform it.

Zaker Esteghamati and Flifi8] decided not to use ANN at all andnoentrated on other ML al-
gorithms (Multiple Linear Regression, Random Forests (RF), S\WdedtesheighbourgKNN),
and XGBoost) to predict a seismic loss in frigk RC buildings in South Carolina, USA. They
found SVM and XGBoost surrogates to be the tnagsurate 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-dateen surrogate model without trying to in-
clude the undering physics of the nonlinear seismic structural respohs¢ackle this issuézuan
et al.[79] comparedhe mechanical, purely dathiven, and hybrid approach for nonlinear seismic
structural response predictioh.hybrid (mechanicbased + datdriven) model requires the user to
perform some type of mechanibased analysis (e.g., a modal or linear stdtiectural 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 thelnid approach yielded the highest accuracy; however, it required
greater effort compared to the purely ddtaven approach since a preliminary structural analysis
needed to be performed for hybrid surrogate models. For hybrid and puretjrisatamoded,
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 ssewhiative difference does not exceed a
predefined percentage.

Tablel provides a summary @bovementionedoapers, including the range of application, ML
algorithmsused, their inputs and outputs. The application s u r r o gisalways limitetle | s 0
and rarely exceeded more than 10 storeys range. Moreover, the lateral load resisting system was
fixed in all studiesvhich is a big limitation for seismic engineeringpéications. Even though
ANNSs were used extensively as an ML model, recently tizaxe beemutperformed by trebased
models. Ground motion and structural (material, ceestions, geometry) parameters were com-
monly used as an input while peak intersyatéft is the most common output representing struc-
tural seismic behaviour.
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Study

Structure

Inputs

Outputs

Algorithm

[66]
[67]

[68]

[70]

[71]

[73]

[78]

[72]

1 DOF timber frame
10 storey steel MRF

3-7 storey RC frame

4-7 storey RGrame

4-8 storey RC frame

3, and Sstorey steel
braced frame

3-7 storey RC frame

SDOF gstem

3 storey RC frame

4, and 6 storey steel
MRF

3-20 storey steel MRF

1-19 storey steel MRF

3-6 storey RC frame

2-8 storey RC building

Ground motion parameters
Materialcharacteristics,
ground motion parameters
Material characteristics,
structural geometry, ele-

me nt s ésectionsp s
damping ratio, ground mo-
tion parameters
Material characteristics,
structural geometry, ele-

me nt s ésectonso s
Structural geometry, ele-
me nt s ésectonsp s
ground motion parameters
Structural geometry, ele-
me n t s ésectionspnaita-
ral period, ground motion
parameters
Structural geometry, groun
motion parameters
Structural hysteretic loop,
and ground excitation

Ground motion parameters
resonance area

Structural geometry, ele-
me nt s ésectionspstrie-
tural damping, material
characteristics, ground mo
tion parameters
Structural geometry, struc-
tural periods, ground motiol
parameters
Structural geometry, ele-
ment sdé cross
tural periods, ground maotiol
parameters

Structural geometry, ele-
ment sd cros
ground motion parameters

Structural geometry, gravity
|l oads, el eme
tions, material properties

Ductility factor

Peak interstorey drifi

Damage index

Peak interstorey drifi

Damage index

Peak interstorey drift

Peak interstorey drifi

Peak structural dis-
placement
Peak interstorey
drift, peak structural
displacement

Peak interstorey drifi

ANN
ANN

ANN

ANN

ANN, and SVM

ANN

ANN

CNN

ANN

ANN, and SVM

Peak interstorey drifit ANN, and XGBoost

Peak interstorey drifi

Seismic loss, global
warming potential

Base shears, struc-
tural displacements,
activated mass,
structural periods

Tablel. Summary of Mbased surrogate modédts NLTH analysis

Linear regression,
Random forests,
XGBoost, and ANN

Linear regression,

SVM, KNN, Ran-

dom forests, and
XGBoost

ANN

ML -based surrogate models showedeagperformance for the prediction of NLTH analysis
response of buildings. This technique can be clearly considered as faster and more accurate alterna-
tive of physicsbased 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 Mkbased surrogai® o d echpahilities rater than making them really useful
for the structural engineering practiddne only industrial application is The SP3 Structural Re-
sponse Prediction Engiji@0]. 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 performeditodraurrogate 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 thg@roblem 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 opiliomisdtbuildings located
in seismic areas are highlighted.

251 Opti misation of a buildingds structural sy

Optimisation is an essential part of the structural design of all buildings. An optimization
problem can be written mathematically in the following generic form:
a Q¢ "Qadad, xx 1,2,...0), oR"
[ 6 o’edn o hi(@ =0,(& 1,2,...0)
QM O0=0,2,(v)

Where'Q) is the objective function,jfa) and"QR(c) the constraints and x the vector of design
variablesWhen working with real problems usually there is not just one objective to optimize but
severdaof them that should be considered simultaneously. This is called ohjgittive optimiza-
tion (MOO) problem, and the best compromise solutions must be found among the whole solution
space. These problems are commonly approached witdoraimated sortingnd Pareto sets con-
cept s. Letdbs suppose a MOO problem with-m obj
dimensional space based on its objective values. If the vectors ul and u2 represent two different so-
lutions, we can say that the solutionistlominated by the solution uf2all the objective values of
u2 are better than the corresponding ones of ul. Mathematically it can be expressed as:

J"0{1,2,..0}3"Q0) @)
We can say a solution is nalominated if it is not dominated by any of the solutions. The set of
non-dominated solutions conform what is called the Pareto [B8&)f which is the set of most inter-
esting solutions in a MOO problefigure10illustrates the explaed concepts.

min F(x) = min([f;(x), f2(x)]

f1(x) :
[ ] Dominated solution

Sub-optimal plan

/Pareto ﬁronner : A
N il s e S /

)ptimal Solutions ol
bl (MC ()“ s Non-dominated solution
f Optimal plan

Figure10. Pareto fronf83]

There are 3 main types of structural optimizaf®3:

1 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,
structuraltypes andnaterials.

1 Shape optimisation:looks at the overall dimensions and form of a structure, including the
locations of its nodes. Shape optimisation is particularly important for teosigistruc-
tures butcan also improve the performance of tessand similaframes.

1 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 plagasiar.a

Size optimization is the most common form of all since iielated to the optimization of mem-
b e r 6 sseatian.dtssalready fully integrated into structural engineering practice where from the
early stages of their career young professionals are encducaggtimize the size of crosec-
tions given the aatig loadsUnfortunately, 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 diagranj84]. 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 firmthatdevelop the scripts in parametric engineering softy&sg 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, eftherefore, the literaterreview shows the studies related mainly to the
layout optimgation.

Layout optimisation have been appliadhe concept stage of building destgrdifferent

types of structures, such as trud$y, [86], [87], domed88], [89], residentia[90], [91], [92],
[93], and industriabuildings[94]. As an objective function usualsgructural stiffnes§o1], [93],
internalstresses or cost were seledi@?]. However, in some studies multiple objective functions
wereimplementedsuch as costree spacesnd embodied carbdB2]; embodied and operational
energy[95]; structural and energy cd&6]; plan irregularity, energy efficiency, and constructio
cost[97]; structural, heating, and cooling enef88]. Structural limit stateand compatibilitywere
mainly considered as constraints which leads to discarding of solutions where either serviceability
or safety criteria were not satisfigdeometical, 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 stdyy-step strategies to solve the optimisation problem stated
in the previousubchapterThey can be divided in 2 classes:

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

1 Stochastic algorithms(Monte Carlo, Stochastic Gradient Descent, Evolutionary Algo-
rithms, Pairitle Swarm).Theydo 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 informatiave have abouttte objective and constraint functio@®].
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 dicient option for the structural optimisati¢®2], [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 &maach
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global optimum (minimum or maximum) of an optimization problem, by mimicking evolutionary
biological processg82]. GA st art s
their fitness based on the predefined objectivetfan@nd, if stopping criteria (adequate number of
optimized solutions) is not met, it creates a subsequent generation of solutions bassdtam-

ally inspiredprocedures such as selection, crossover, and mutation. The cycle repeats until an opti-
mal number of optimized solutions is founBigure11 [10]).

Return the fittest
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Evaluate the fitness
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t h
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!
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chromosomes

Tmitialize a population of
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Figurell Flowchart of GA[10]
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On the contrary, an Exhaustive Enumeration (EE), also known as ddmegesearch, is a
straightforward algorithmic approach to solving a problem by considering all possible solutions
within a defined search spa@9]. It systematically explores evecpmbination 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 variableslowever, if the search space is relatively small it can be considered
as the most straightforward and easily explainable optimisation tecHabfjealsoin structural

engineering applicatior[204].

2.5.3 Optimisation of the structural system of a buildingin seismic areas

For structural design optimization, Genetic Algorithm (GA) combined with structural non-
linear seismic analysis in FEM software has been widely Wgedgprasert and Symafi05] in-
vestigated an optinhaiscous dampers distribution within the scope ofsfrey building. The opti-
mization has been performed by minimizing four different frequelteyain objective functions.
Structural analysis has been performed outside the GA with most appropriate destniertions
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 performdmased seismic design methodology and GA for
steel structures has been proposedibyet al.[106]. Requirements of a cogdmmpliant design are

assessed by multiple objective functions, which reflect either initial expenses in terms of the steel

materialweight 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 generatememeeded to reach the optimiza-
tion goal and each generation took 10 minukesimilar study has been performed Bragiadakis

et al.[107].Static pushover analysis has been used inside the design phase of the optimization algo-

rithm to determine thievel of damage for different earthquake intensities. The proposed

23

on



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 appirez for
design of a terstorey steel momenesisting frame. It took more than 3 hours for the algorithm to
optimize the structure.
Lagaros et a[108] used NLTH analysis within GA to optimize a seismic design-stoey space
frame made of steeF{gure12). Maximum interstorey drift ratio has been used as a main threshold
for the design population generation and the obtained optimal designs are comparexs, afi ter
both material weight (cost) and seismic performance. Arfota 23 hours was needed for algo-
rithm to propose aestset of different design outputs.
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Figurel2. Six-storey space frame configuratifir08]

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 irsforey RC frame. This study developed a rruibfiective 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 &weys. 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 @#d other evolutionary algorithnigr structural optimization
have been concentrated on structures equipped with MYDs, mainly BReBssingle and mulki
criteria optimization have been performed. Structural [dd€)] and BRB are§l11], [112]were
the most common single objectiv&ructural cost and damaffel 3], installation cost and seismic
repair cosf114], structural weight and dissipated eneffj¥/5], story drift and acceleratida16]
were multiple criteria used within the optimization problem. No studies that egtlkeiavironmental
criteria were foundMoreover, as with conventional buildings, NLHAalysedook a lot of time
within the search for the most optimal solution since a lot of options needed to be evalpated.
proximated calculations as well as parallehpoiting were used to decrease the optimization time,
but it still required hundreds of NLTHEnalyses to finish the optimization task.

Gholizadel{117] proposed a novel approach that consists of a combination ofheetistic

algorithm (evolutionanbasel 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 gs&d it a
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structural constraint for the population generation. A Performbased Design (PBD) procedure
has been used to evaluate structural performance at different levels of earthquake intensity. Finally,
three lowrise, midrise and higkrise planar steel amentresisting frame structures have been suc-
cessfully optimized for various performance levels. It was the only try to integrateastd surro-
gate models with the optimisation framework for buildings that require nonlinear seismic analysis.
However, pukover analysis was used instead of NLTH and considered structures were not
equipped with MYDs.

The abovementioned papers are summarisédlite2. 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 agdton problem is more prevalei.particular,
structur al -sedcetmeonntss 6a ncar odsasmper s6 par ameters WwWe
bles to be optimised. Other studies concentrated on the best location of the damper, but none of
them tried to opmise 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 usedragptimisation consgaint to assure the generated so-
lutions are feasible@ptimization criteria were restricted to structural performance and overall
structural cost without considering sustainability asp&Utsere optimisation time was reported, it
usually took hours or emedays for the process to finish. In 2 notable exceptions researchers used
distributed computing and Mbased surrogate models to get a tremendous reduction in optimisa-
tion procedure running tim&he application of EE in optimisation of seismic resistsinictures
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 Da mp docas ¢ 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 me n tres$® structural dam-
sections age
[107] 1Ostorey - Structural ele-  Code com- Initial and lifee  Pushover 3,2 hours
steel MRF ment s 6 ¢ pliance cycle monetary
sections costs
[108]  6-storey - Structural ele-  Code com-  Structural NLTH 15-23 hours
3D steel ment s 6 ¢ pliance weight
MRF with sections
a setback
[109]  5-storey Viscous Damp er 6 < Structural Structural dam- NLTH 83,3 hours
RC frame dampers ing coefficient  safety age (displace-
ments)
[110] 3-5storeys BRBs B R B bdation  Structural Monetary cost Pushover -
RC frames safety
[117] 10-storey  BRBs BRB area Storey duc- Total area of NLTH -
steel CBF tility limit all BRBs
[112] 3, 9storey BRBs Thickness of Structural Total area of Pushover -
steel MRF BRB&s st 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 9sto- BRBs BRB areaand Interstorey BRBinstalla- Pushover 0,17 5 hours
rey steel location drift limit tion cost, post (2D) (2D)
CBF,3D 3 earthquake NLTH 17 35 hours
storey RC damage cost  (3D) (3D)
building
[115] 3, 6storey BRBs BRB area, struc- Structural Structural NLTH -
steel CBF tural el safety weight, dissi-
cross sections pated energy
[116] 3,6, 9sto- Curved Damper s € 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 ment s & c safety weight with ML-
MRF sections based
surrogate

Table2. 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 MYDs, and the other tedtatan structural design.

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

1 In currently developed hysteretic dissipative systemgiy@mmental cost required for their
manufacturing, repair and recycle has not been considered.

1 Most of the considered studies quantify environmental or economic impact of seismic re-
sistant structure without comparing different solutions (e@mnpers vs nedampers). 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 MYIRss 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:

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

1 Comparative LCA and LCC analyses buildings equipped with new types of MYDs and
their corventional counterparts has been performed. The results showed that the introduction
of MYDs <could reduce both buildingdés | if et
cost.

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

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

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

1 Genetic algorithm (GA) is the most common optimisation technique for structural engineering
applications. It has been usedeveral studies for structural optimization purposes in seismic
areas even for buildings equipped with MYDs. However, optimization criteria were restricted
to structural performance and overall structural cost without considering sustainability as-
pects. Inaddition, 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 aith84l_surrogate
model to approximate the results of nonlinear seismic analysis.

1 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 statéthe art and resolve the found limitations, the following has
been done within this PhD project:

1 ML-based surrogate moddisve been successfully traintmd predict the results of NLTH
analysis for structures equipped with MYDs and their conventionattemqarts.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 buildingé seismic areas has been developed, incorporating sustain-
ability criteria in addition to monetary costs and structural saBayh buildings equipped

with MYDs, and their conventional counterparts are considereithéodesign space genera-

tion. The optimsation procedure takes less than a minute thanks to rapid NLTH analysis pow-
ered byML -based surrogate models. The layout optimisatesbeemmplemented to make

an optimisation procedure more impactful compared to the literature studies where local
cross-sectional optimisation has beesed.
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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
MYDs have been chosen as earthquake resistant structurel as esventional buildings with-
out any damper®\ is used as an advanced digital technology, in partiddlars implemented for
creating a surrogate mod&mbodied carbon is used as a sustainability crit€ha.detailed work-
flow of the research isrpsented irFigure13. This workflow is applied to the particular new MYDs
discussed in thithesis However,it can also be generalised to any type of MYDs given that all the
steps shown ifrigure13 are followed.The PhD project conssof 3 parts:

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

1 Creaton of ML-based surrogate models.

1 Development othe 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

Figure13. Research workflow

The experimental, LCA and LCC data is collected within DISSIPABLE research pi@jject
New MYDs have been created duringtthroject,while this PhD thesis will focus on two of them
T one for momentesisting framéMRF) configuration and another for tikencentridoracedirame
(CBF) one. Haltscale 3D buildings equipped with these dampers have been tested on shaking table
to calibrate the analytical models of the developed dissipative componesss. Vidlidated 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 oD Yias any benefits in terms of cost and
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embodied carbon. Twdi f f er ent | evel s have been consider e
For the assessment at Product level, the results have been evaluated individually, with reference to 1
MYD considerirg as system boundaries the phases from raw material extraction and processing to
product manufacturing (Acradle to gat 4149]. I n
such phases correspond to modulesA31(Figure14). Technical documents have been prepared
for each of the components (DRBrC, DRBeS) in accordance with the calculation rules in the Prod-
uct Category Rules fAConstruction Products and
ronmental Product Declarati (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 Ill envi-
ronmental declaration based on ISO 1423, provides a reliable and comprehensiblengeto
communicate the environmental performance of products. It enables effective comparisons with al-
ternative solutions, thereby facilitating market acceptance and addpégarding the building
level, two 6storey pilot buildings have been designedthe 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 A1A3 alsoinclude the building construction phase (A8), the use stage (BR7)
andtheendoflife(GC4) . This fAcradle to graveo assessme
also the repair phase (after a seismic event) and the decommissioning of the (eidplirefL4),
providing more details about the main differences between the DISSIPABLE and the Conventional
buildings. The results of these analysesthen 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 | _

Figure14. System boundarfpr the LCA assessment at building level

To quantify the environmental and economic impacts, all the informationd-étatee 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 environmentalaetp were calculated using the LCA software GaBi
[120] and the professional database ecoinvenfi26]. The calculation of environmental impacts
followed the indicators and methods specified in the amended standard ENIB80Z he result
of the life cycle inventory for both case studies are showAppendix 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 comparahbuildings 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 gainbkor 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 lithited

3C



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, considetinp e contr actor 6s point
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 prodesgeneral, a huge amot 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 éaaf the generated structural configurations, NLTH
analysis is performed to get the structural seismic response. SAR22)6EM software has been
chosen for this purpose due to its wide seismic analysis capabilities and convenient Application
Programnmng Interface (API). The data is generated for 4 building frame types which are then con-
sidered in the optimisation tool:

1T MRF.
1 MRF equipped with new MYDs.
1 CBF.
1 CBF equipped with new MYDs.

Due to the timeconsuming 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 literafu&3], [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 inFigure?7. The trained model is validated by checking its error and comparing it to
the predefined thresholth this study, the error metngs Mean Absolute Percentage Er(MAPE)
and the threshold 10% on averagbetween all types of structural responsehdf érror 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 explainedl@tail in chapteb.
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Figure15. The flowchart of the ML based surrogate modelling process and corresponding algorithr
These surrogate odels are then used within the optimisation tool to perform structural de-
sign of generated buildings and ensure that they can sustain the given seismidt actishbe
noted that surrogate models can accurately predict the response of the structures withing defined

geometric and earthquake loading ranges (indicatedapters). 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 wedised optimization to@USTEZ (Sustainable
Structures in Earthquak&nes) thasynthesize all preceding research phases and presents the the-
sis's resultén 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 parameterst, unit co
of materials, etc. Then, a huge seabfpossiblestructural configurations is generated, i.e., the de-
sign space is createdll the structuresn the design spadeaveoptimised crossectionsAs it was
stated in the previous paragraph, the geometry of generated buildings is restricted by the surrogate
mo d e | 6 sonslThemgenerated buildings are analysed and designed with the uselmddd
surrogate models, after which liéycle cost and embodied carbon are calculated to launch multi
objective optimisation search through the entire design space. The aims&atub is to create a
pareto front of the most optimised design solutions for the engineer to choosé&limnesulted
structures are ranked according to ftlmminated sorting procedure and solutions with the highest
ranks are shown to the user. It inved the partitioning of the population into subpopulations based
on their dominance ranks. The procedure begins by assigning a rank of 1 to-ttemmoated set
of solutions, followed by iteratively assigning subsequent ranks to the remaining solutedha
their nondominated status until all solutions are rankeidre 16)

F N

Rank 3

Objective 2

Rank 2

Rank 1 (non-dominated front)

'

Objective 1
Figure16. Nondominated front§125]

Eventually, the engineéfinal usej is able to compare the cost and embodied carbon of dif-
ferent lateral load resisting systems and quantify the impact of inserting new MYDs into them en-
suring a truly datalriven designTherefore, SUSTEZ performs both local (crssstiona)l and
global (layout)structural optimisations he details of the optimisatidool creation and capabilities
are given in chaptes.
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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 MYDs within Efunded DIS$PABLE project[8]. The following MYDs
have been analysed:
1 Dissipative Repairable Beam Splidédurel?. a, c).

1 Dissipative Repairable Bracing Componefig(rel?. b, d).

Dissipative Repairable Beam Splice (DRBeS) was introduced during the FUISBIro-
ject and resembl es dr epl -aesistirlfrdmes. Pepeading anche tygen g e
of connection tls 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 s&eotisshal weakening lo-
cated at the beam ends at a certain distance from thetbeantumn connectios (Figurel7. a, c)
avoiding in this way potential brittle failures at the welds. It acts as dissipative seismic fuse, forcing
the plastic hinge to develop at thedublrough 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 connectiomi®reed 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 toagra
system within a box connecting a bracing element with a column, as sh&wguiel7. b. The
concept of this connection is a pin that is subjected tegoint bending which behaves in a rela-
tively simple and predictable way (that can be related to a beam), dissipatingi&estegergy
through its yielding and failing due to low cycle fatigue, by an accumulation of permanent plastic
deformations.
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Figurel7. MYDs

4.1 Experimental campaign andcalibration

The numerical models for these MYDs 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 lateeathquake 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 (UNITNyvhile within this PhD thesis a couple of 3D shaking
table tests were desiga and calibrated. In particular:

1 3D shaking table tests ofs2orey haKscale building Figurel8. a);

1 3D shaking table tests of2orey haklscale building with 5%f mass eccentricity in both
principal structural directiong={gure18. b);
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a. Test specimen without mass eccentricity b. Test specimen with 5% masscentricity

Figure18. 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 resposseéa
performed on 1:2 scale, twaiorey 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 frameMRBrC 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 Colkg (NC) were carried out to examine the response of the building at
each limit state.

These structures were numerically modelled in FEM software SAH2@@Dwith the goal to
calibrate experimental results with the numerical model and achieve as aceuradrical formula-
tion of MYDs as possible. Furthermore, numerical and experimental structures were subjected to
the same accelerograms. The 3D view of the structure in SAPRRPPsoftware is presented in
Figurel9.

Figure19. SAP2000 model of shaking table test

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

1 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[2].

1 0.1 of full for Near Collapse (NC) limit staterfthe same reason.

The comparison between the test and Fehesults for the building without mass eccen-
tricity are presented in two principal directions of the structureNIRF equipped with DRBeS, Y
T braced frame equipped with DRBrC) in termstofistural periodsT{able3) and base sheardis-
placement relationshi &ble4 andTable5).

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

Table3. Structural periods comparison

Limit stat MAX displ. (mm) MIN displ. (mm) MAX base shear (kN) MIN base shear (kN)
imit state
EXxp. Num. Exp. Num. EXxp. 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
Table4. 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

Table5. 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 SAH2@@Dsoftware and the struc-
tural behaviour are close to the tested specimen in X idine¢iowever, 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 platesirfternal 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 authoand other DISSIPABLE project participants it was decided byaathers 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 thel geouetry of
braced frameTable6) to global structural displacements per storey for displacebes®d checks
(interstorey drift, pdelta effects). The values reportediiable6 were achieved within experimental
and numerical investigation during INNOSEIS project. This decision is based on the fact that ac-
cording to the experience of prolyhawprébemparti c
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 wittb3nass eccentricity behaves in a very similar way to the
building without any mass eccentricityigure20).
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Diagonal inclination [degres
30 35 40 45 50 55 60
df;;?:g&f‘ém Gaﬁ];o'S 0.82 0.86 092 | 100 | 110 | 123 | 141
per floor
[mm] Gap=1mm| 1.63 1.73 1.85 2.00 2.20 2.47 2.83
Table6. Additional displacement [mm]
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a. Global structural behaviour in X direction b. Global structural behaviour in Y direction

Figure20. 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 proj&¢tdefined the updated design rules and guide-
lines for them. Then, | performed a parametric study, whereulated 4 buildings with and with-
out dissipative systems and compare their structural performance during the seismic excitation. Ad-
ditionally, | performed the Life Cycle Assessment (LCA) and Life Cycle Costing (LCC) of one of
the numerically tested strucr e s and compared it with the conv
performance in collaboration with (RINA Consulting S.p.A.)

This chapter refers to the seismic design of nevs&iry composite steeloncrete office build-
ing. It aims to demonstrate thmplementation 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 dssipative and nedissipative 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 thestexii St at e of t
(Conventional) buildingo.

The steelconcrete composite-&orey 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 4Fig@re21). The gravity frames are com-
posed of composite steebncrete beams and steel columns, located at each stfwotis. 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 bracethés (CBF) only for Conventional building and by
CBF with DRBrC components for DISSIPABLE building. In this respect, beEaocolumn joints
and column bases are assumed as fully fixed in the Y direction and nominally pinned in the X direc-
tion. The concretelab with a thickness of 130mm made from C25/30 concrete with B500
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reinforcement is used. The structural geometr
table tests to obtain the consistency between experimental campaign and numerical simulations
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a. CBF in the X direction b. MRF in the Y direction

Figure21. 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) fwerform the NLTH analysis. The selection of seismic records considered
as far as possible the regional tectonic environment, earthquake magnitudefssiiecdistance,
and local conditions of the recording site, relevant for the return period ofish@sactions of in-
terest. The criteria for the search of accelerograms used in this study are prieséppshdixB.
Due to scarcity of appropriate recordssmil 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 spectruipgendixC) in the period range from 0.270 1.5T;, 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-W@st2 PEER databagk28] and the ESM
databas¢129] and scaled by National Technical University of Athens (NTUA). Moreover, the
gravity loads acting on both structures are the saimeused accelerograms can be found in
AppendixD.

Both buildings are modelled with frame and shell type elements, using the SAR2AD€oft-
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 EM [1998
to simulate the possible cracks in the slabs dutiegearthquake. The composite beams are mod-
elled by means of the section designer command offered by SAPZZR]Qvith the effective width
of the composite section corresponding to EN 1998 1] . Pl astic hinges ar
bracingsbumasd ends to check i f {diteeffectswaay el a
considered explicitly during the structural analysis by SAP20PP] software. DRBeS are simu-
lated by plastic links with pivot hysteresis. DRBrC are simulated by plasts with kinematic
hysteresis Both structures were designed in a way to respect capacity design rules of-EINL1998
and DISSIPABLE design guidelines for the dissipative composite @@elete buildings devel-
oped within my PhD. Overall, in the Dinlit state no damage was observed in both buildings while
in the SD limit state main beams and braces yielded in the Conventional buljoge@?2 a, c),
and only DEBrC and DRBeS components yielded in the DISSIPABLE buildifigure22b, d)
which makes this structure highly and easily repairable after the major seismic event. The intersto-
rey drifts diagrams can be foundAppendixE. The legend foFigure22is explained imAppendix
K.
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a. Maximum deformatior{envelope) and b. Maximum deformation (envelope) ar
yielded elements in X direction in the SD yielded elements in X direction in the S
limit state for the Conventional building limit state for the DISSIPABLE building

L |

c. Maximum deformatior{envelope) and d. Maximum deformation (envelope) ar
yielded elements in Y direction in the SD yielded elements in Y direction in the S
limit state for the Conventional building limit state for the DISSIPABLE building

Figure22. Deformed shape envelopes and yielded elements for the SD limit state for both buildings

4.3 LCA and LCC analyses results

The data regarding MYDsO®6 manufacturing,
structural analysisdve been sent to RINA Consulting S.p.A for LCA and LCC analysgsmrtic-
ular, the manufacturing dakes been colleet from SOFMAN and integratedtalife cycleinven-
tory (Appendix A). While the timerequiredfor repairability has been measured during experi-
mental campaig Therepairing andeassemblingrocedures were included ind@perimentatam-
paign(Figure23) and the outcomes of these experiments are incorporatedentgcle inventory

used forLCA and LCC analysedJoreover, the gulelines of how to repair these damplease
been develope[8].
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a.Replaement of DRBCs b. Replacement of DRBeS
Figure23. Replacement of MYDs

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

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

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

1 For the assessment at building level, the average lifespan (RSP) of the building has been as-
sumed at 50 years.
1 It has been assumed that 1 seismic event could occur during the 50 years. Consequently, the
Life cycle phases of building have beendalhing according to the following time scdkg-
ure24):
o Year 0: Both Buildings, Conventional and DISSIPABLE are manufactured; the
lifespan of buildings should be y@ars.
o Every 5 years: maintenance operations on steel structures.
0 Year 30: Seismic event occurs.
o Conventional building is demolished and recamstied. The lifetime of new building
is 50years.
o 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 (Preearthquake): the lifatie of building is extended at $@ars.
0 Year 80: Both structures should be demolished considered the end of the lifetime.
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Building
construction

DISSIPABLE

Figure24. Scenarios for the LCA and LCC analyses

In general, the data use to model the scenarioslieere collected in the following ways:
91 Directly measured:
o Consumption for the MYDs production (from steel manufacturer).
0o Consumption for the MYDs repair (from laboratory tests).
1 Calculated:
o Amount of material for the building construction.
1 Estimated, baseoh 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 fromthe contraat 6 s pr acti ce f or t he
The LCAand LCCanaly®s has been performed according to the current standard and
norms[118], [130], [131] Figure25 shows that the environmental impact (embodied)@@d cost
related to the construction of the DISSIPABLE buildings are higher due to the higher amount of
necessary steel (for the structurane). 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 reonstruct the Conventional building after a seismic event, thalblite cycle

impacts are lower for the DISSIPABLE buildings.
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Figure25. LCA and LCC analyses results

4.4 Discussionabout experimental campaign and comparative LCA and LCC analyses

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

1 The empirical formulations of MYDs have been approved by shaking table tests. Therefore,
it can be cacluded that the resulted FEM models areagreement with an experimental
campaign.

1 Including repairability in the analysis all@dfor a more accurate assessme@C andLCA
impactsof structuresMYDs 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 assessrttanetary and environmental impacts of repairability.

1 The case study showed thihainksto the MYD repairability DISSIPABLE buildings are
cheapethan conventionaldildings(by 45%) and emit less embodied carbon (by 25%). How-
ever, these results are applicable for the wholeclfde of the building considering one
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seismic event happening within its life. Due to the relatively low cost and environmental im-
pact of MYDsO6 repair DI SSIPABLE buil dings
tional counterparts where the reconstrucobthe whole building is needed.
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5 Training and deployment of ML-based surrogate models

In this chapter the process of creating{ldlhised 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 al so t he b ou nadedisciussedtcantinues witdkhedes d e |l 6 s
tails about ML model training and its accuracy. Finally, the informationabautd e | 6 s depl oy
is given.The keysuccesgriteria considered ideveloping these models include:

1 Accuracy: Ensuring the surrogate models aacurately predict the nonlinear
seismic response by training them on a comprehensive dataset generated from
detailed FEM analysg40% mean error percentage threshold was established).

1 Speed: The models are designed to deliver quick predictiongimgdhe time
needed for nonlinear seismic analysis from hoursitates.

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

5.1 Synthetic data generation

The datdor training of ML-based surrogate models have been generated synthetically via
API of SAP2000 softwarfl22]. Figure26 shows the general flowchart of this procapsglied to
one frame
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Choose a type of
structural frame

|

Generate a frame
with random
geometry

!

Assign random
materials and
cross-sections to
structural members

Are cross-sectional and
material constraints
satisfied?

Update materials
and cross-sections

Is it a frame equipped
with MYDs?

Assign MYDs from
the catalogue

Save analysis
inputs and outputs
to the table

Perform gravity and Perform NLTH
modal analyses analysis

Figure26. Data generation flowchart

First, the type of framis chosen from the following options:

1 Typical MRF

1 MRF equipped with DRBeS

1 Typical CBF

1 CBF equipped with DRBrC

Secondly, the frame with a random geometry is genergteth parameter and its boundaries
are shown imable7. These boundaries were chosen to be big enough to allarge 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 framthe 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

Table7. Geometric boundaries

Then, the randomaterials androsssections from all the possible optiodsble8) are as-
signed to each generated frame elemBm decision to generate random structures instead of us-
ing a sebf 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 tiredbest one. Therefore, ML
model must correctly also predict the initial guesses that can be far from the optimad. désign
ertheless,d ensure that generated structuresaateastealistic, the choice of crosectionss
guided by constraints. it of all, they were grouped by floors and assigned to elements according
to theheightdistribution indicated imable8. Additionally, lower and upper boundary constrains
are applied t@olumnsand beams crossections. Regarding lower boundary constrains en-
sured that columns and beams can withstand the acting gravity loads. The preliminary bending mo-
ment (for beamsand 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
crosssection. If the check is not passed, the es@sgion is increasadhtil its resistance is bigger
than acting force. For the upper boundary, the arbitrary value is chosen to avoid having too large
crosssections for small frameRegarding the material, the constraint is implemented to verify that
neither beamd Bor bracin@ steel grade exceeds the one of a column. It is implemented to satisfy
the dissipativdehaviourof a frame according to EurocodeTe typical S235, S275, and S355
materialgrades aravailable for theandomchoice.
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Structural The smallest cras  The biggest cross  Distribution along the

element section section height Upper boundary
Column HEA100 HEM1000 Each 3 floors 'decrgase th  Max. HEA550 if the frame
crosssection size has 3 floors or less
Beam IPESO HEA700 The same along the heigt Max. IPE6OO if the frame

has 3 floors or less

Max. CHS 168.3 4.0if the
Each 2 floors decrease th frame has 2 floors or less.
crosssection size Max. CHS 457/ 8.0 if the
frame has 4 floors or less

Bracing CHS 76.1/3.2 CHS 711/8.0

Table8. Crosssectional 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 andhe column Both dampers ammodelledas link elements with the nonlindaghaviour
obtained and validated via experimental campaign and reporpeehMious chapter briefly arttie
DISSIPABLEguidelinesin detail[132]. According totheseguidelinestheir 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-sexg®onthere is a predefinedYD. The ex-
ample of one randomly generatgtducturewi t h e | e nsectiansoibeach type sfdrame is

1PE220 pe220 PE220  PEao
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HEA700
HEA700
¢
&
HEA700
HEA700

PE220 PE220 PE220

a. MRF b. CBF

Figure27. Example ofandomly generated structures

Live, selfweight,superimposed deadnd facade loads are considered as gravity loads act-
ing on the frame. Thenge for the load quantity is shownTiable9. These loads are applied as
distributed loads acting on beams except for the case eisght dead load that is automatically
applied by the FEM software. The value of the gravity loads is randomly takefT &ole9 and for
superimposed dead and live loads multipbgdhe tributary width for the gravity loads from
Figure28. The span width out of plane for tributary width calculation is randomly taken from the

47



range indicated ifable7. Then, the modal analysis is performed considering maximum 12 struc-
tural modes.

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

Table9. Gravity loadsoundaries.

Lateral load resisting system

[ [
Gravity loads tributary area

Seismic loads tributary area

Lateral load resisting system

Figure28. Building plan. Tributary areas for gravity and seismic loads for 2D frames extracted fromil8iDg.

After the gravityand modabnaly®s arefinished, NLTH analysis starts. It uses deformed shape
and stiffness matrix from gravity analysis to realafticreplicate the initial building conditions
when the earthquake arrives. Nonlinbahaviourof structuralelements is simulated via plastic
hinges assigned to columns, beaars]braces. Thexact formulation of plastic behaviour is auto-
matically takerfrom American design cod¢3] by SAP2000 softwarfl22]. 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 ontiiustt@ral periods of the
frame calculated during the modal analyBisorder 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 are@rigure28). This mass is assigned to the 2D frame using nodal masses in the
structural joints in each floom.o calculate the floor mass, out of plane number of spans and their
width is randomly samptefrom Table7. The out of span width is taken the same as for the gravity
loads calculations for the consistermqpyrposesThe ground motions used for NLTH analyare
taken from Pe€ll28], and ESM [129] databaseand reported iTable10. 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 variegradind shkingintensity have been chosen to
have a better generalization of an ML model.

. . . Distance t hear wave velocit
Ground motion name  Magnitude Peak Ground Acceleration [g stance to - Shear wave velocity

fault [km] [m/s]
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
Northridge01 6.69 0.110 35.66 549.75
Spitak_ Armenia 6.77 0.200 23.99 343.53
Chr'sg‘;‘f;‘r’%—'\'ew 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 SMART1(5) 5.90 0.140 25.50 309.41
Landers 7.28 0.283 19.74 352.98

Table10. Ground motions

Overall, for each frame type 1819 randomly generatedtures were subjected to 11
ground motiongachwhich results to 20009 NLTH analyses per frame and 80036 ovEnall.
number of generated structures was obtained byamni@kerror 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 frdfigure8). The resulting number of structures repre-
sents just a tinpit of the entire space of possible options. Through the application of elementary
permutation methodologse encompassing exhaustive examination of geometric configurations,
material properties, crosectional profiles, and gravity loads, within the specified ranges indicated
in the aforementioned tables, the total combinatorial abundance of structuraéareatgyamounts
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 generatedictures, 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 configurationsOverall, it took around 800 hours to generate all the datapmrsonal
computer(36 seconds per one analysisih 2,8 GHz QuadCore Intel Core i7 processor and 16 GB
2133 MHz memoryThe overall inputs and outputs for each typ&afe is shown iTablel1l.
Since ML models work only with n-settensareend type
coded as their mechanical properiieaomentof inertia and area respectivelgpdicatedin Table
11 parameterarebe used as features (inputs) and labels (outputs) ebdéled surrogate model.
Therefore, the range of all the features is reported to get an understanitBrigpahdariesand ap-
plicahlity. The following outputs are obtained from NLTH analysis:

1 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.

1 Axial force in a column. The maximum axial force during the seismic excitation amorig all 1
storeycolumns.
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1 Bending momentin a column (MRF only). The maximum bending moment during the seismic
excitation on the most axially stressed colufims and the previous oututan be used to
perform columns seismic design.

1 Bending moment in a beam (MRF only). The maximum bending moment during the seismic
excitation among all beam$his output can besed to perform beams seismic design.

1 Axial force in a bottom bracin¢CBF only). The maximunexial forceduring the seismic
excitationamong all ¥ storey bracingsThis output can be used to perform bracings seismic
design.

Incorporating a wide range of input and output parameters in machine lebasiag surrogate

models is crucial for comprehensive modeling, generalizability, and practicality in structural
engneering 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 seishoi@ding, 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, engiregs 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 sdficiiems.

This set of input and output parameters is vital for making an optimization toolJig& 2

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 (miAmax)
DRBrC
DRBeS
Column Fy [Mpa] \% \% \% \% 235355
Beam Fy [Mpa] \% \% \% \% 235355
Bracing Fy [Mpa] U U \% \% 235355
Columns 13 |
[Mm#109] Vv Y Vv Y 3.496447
Columns 46 |
(Mm#109] Vv Vv vV Y 0-5538
Beam | [mnt*10€] Y, Y, Y, Y, 1.71-1752
Bracing 12 A u u v v 73315130
[mm?]
Bracing 34 A U U Vv Vv 0-2377.07
[mm?]
Bracing 56 A u U Vv Vv 0-1341.76
[mm?]
Number of spans \% \% \% \% 1-6
Spanwidth [m] \% \% \% \% 3-8
Number of floors \% \% \% \% 1-6
Floor height [m] \% \% \% \% 34
318.55135357.77
. [kNm/rad for DRBeS
MYDOGOs st ) \% ) \%
1.37E+051.36E+06
[kN/m] for DRBrC
6.24536.57 [kNm] for
MYDO®s Yi DRBeS
L U V U V
limit 4399111371 [kN] for
DRBrC
3.30:283.36[kNm] for
MY D.o.s Ul U Y U Y DRBeS
limit 134.77-341220 [kN] for
DRBrC
MYDos 1 ¢ u v u u 2104000
[mm?]
Number of braced U U Vv Vv 1.2
spans
Floor mass [kg] \% \% \% \% 568.99884936.45
Facade load
[kN/m] V \Y V V 0-4
Distributed super-
imposed dead loac \% \% \% \% 3-48
[KN/m]
Distributed live
load [kN/m] v v v v 340
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Peak Ground Ac-
celeration [g]

Magnitude

Distance to fault
[km]

Shear wave veloc-
ity [m/s]

Fundamental pe-
riod [s]

0.100.354

5.907.28

10.27#35.66

242.05649.67

0.0510.48 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 [rm]

Axial force in a
column [kN]

Bending moment
in a column [KNm]

Bending moment
in a beam [KNm]

Axial force in a
bottom bracing
[kN]
Bending moment
in DRBeS [KNm]

Axial force in a
bottom DRBrC
[kN]

0.12287.75for MRF
0.26:299.33 for MRF
with DRBeS
0.10122.18for CBF
0.10-232.67for CBF
with DRBrC
6.153278.18 for MRF
11.772818.89 for MRF
with DRBeS
8.96-9468.09 for CBF
13.03-632629 for CBF
with DRBrC
1.953291.5%or MRF
0.76:6484.13 for MRF
with DRBeS

1.821455.36for MRF

9.561672.16 for MRF
with DRBeS

2.59-3846.45for CBF

2.96-255972 for CBF
with DRBrC

1.06532.30

2.982502.57

5.2 ML modelstraining

Table11. ML model inputs and outputs

The training of ML models follows the general workflow showirigure7. The synthetic
data generated by SAP2000 softwfdr22] was used to train ML models to pretcthe 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:

Where:
1 nis atotal number of observations.
1 Aiis an actual value.
1 Fiis a pedicted 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 0
on av.eheausp@®f@percentages as a unit of measure also eliminates the need to know the mean
value of the predicted lab# interpret the scale of the ermwhich is present when other error met-

rics are used, such as Mean Absolute Error (MAE) or Root Mean&tiaror (RMSE). Since

there is no way to know which ML algorithwill be the best for the given data in advance, all algo-
rithmsproven powerfuln the literature have been used and comparalié12). Python program-

ming languag¢133] was used for the models training. The daabeensplit for training and test-

ing with 986 (19000 datapoints) related to training and 5% (1000 datapoints) to testing data. Strati-
fied by magnitude data splitting was used to verify thddoth training and testing data ground mo-

tions acting on frames are equally represerBeth training and testing errors are reported to verify

the reliability of the training process (testing eroexpected to be higher than training one) and

check algorithms for a potential overfittinfo increase the accuracy of ML modetstead of

training one model to predict all the outputs at the same time, separats meddelsed for each

output. It reslted to 4 ML-surrogates for MRF5 ML-surrogates for MRF with DBBeS, ML-sur-

rogates for CBFand4 ML-surrogates for CBF with DRBr&spectivelyTable12 shows MAPE

for all the algorithms with their default parameterisiear Regression (LR), #learest Neighbors

(KNN), Decision Trees (DT), Random Forests (RF), XG Boost (XGB) and Light Gragibesting
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 4.41 12.73 19.0
placement ~ Test  133.28 12475 1075 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 2288 14.85 14.80 13.16
Bending mo- _ Train _ 146.98  73.45 0.00 8.64 18.55 2321
me”m na ok rest 16498 11402 30.59 23.47 28.61 26.17
Bending mo- _ Train __ 81.71 437 0.00 7.32 13.57 16.23

ment in a beam 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 1993
placement Test 94.80 69.88 2358 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 3152 16.11 10.87 10.07 9.14
Bending mo- Train 13203 7355 0.00 11.35 22.04 30.76
me”ltjmna ok Test 12688 10712 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 abeam  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 4047 16.16 1181 11.16 13.11
CBF
Interstorey Dis- _ Train 107.41 6242 0.00 3.92 12.19 1748
placement Test 104.94 99.69 13.27 1003 15.60 17.99
Axial forceina Train 96.67 38.74 0.00 5.96 1139 1569
column Test 92.90 57.54 2291 1541 15.89 16.70
Axial forceina Train 82.12 44.34 0.00 5.79 1371 1846
bottom brace Test 80.70 65.62 22.03 15.% 17.90 2011
CBF with DRBrC
Interstorey Dis- _ Train 11247 55.50 0.00 4.92 1431 21.52
placement Test 110.78 90.84 16.35 11.07 19.2 21.41
Axial forceina Train 68.49 30.61 0.00 567 9.34 13.06
column Test 59.38 44.09 23.02 1541 12.93 13.91
Axial forceina Train 57.80 31.69 0.00 4.65 9.15 13.00
bottom brace Test 56.03 4756 18.85 13.00 13.04 14.21
Axial forceina Train 57.21 3114 0.00 450 8.71 13.02
bottom DRBrC  Test 5552 46.81 17.56 12.68 12.24 14.49

Table12. MAPE for training and testing data of various ML models

Following observations can be made from the obtained results:

1 RF, XGB, and LGBMalgorithms are the most accurate ones for a given problem.

1 DT overfitted (fit training data too well failing to generalise on a testing dataset) for all the
case studiedt was expected since overfitting is one of main drawbacks of this algorithm.

1 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.

1 KNN also turned out to be too gie for this problem.

1 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 algoritlaves been chosen

for hyperparameter tuning.consists of testing different parameters of the algorithm on a given
data to find the ones that give the best accuracy. Forgasbtna range of parameters is cho$en
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each algorithmFor hyperparameter tuning the original training data is usechwshfurther 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 omgedata and results of the testing error

are shown imable13. Additionally, the Voting Ensemble (VE) algorithm which combineshibst

2 ML models for each predicteditputis testedBased on these results the highlighaggbrithm is
chosen for each Mibased 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.@ 8.14
ment
Axial force in a col- 14.76 9.15 8.05 7.84
umn
Bending moment in & 2331 15.17 1157 1165
column
Bending moment in & 20.35 11.66 1027 9.95
beam
MRF with DRBeS
Interstorey Displace- 16.14 15.94 1477 1140
ment
Axial force in a col- 10.71 7.03 5.87 5.76
umn
Bending moment in & 3164 2353 1101 16.96
column
Bending moment in ¢ 16.04 9.92 8.80 8.53
beam
Bending moment in
DRBeS 1177 8.85 7.69 7.45
CBF
Interstorey Displace- 9.84 13.21 1089 940
ment
Axial force in a col- 1538 993 9.23 8.88
umn
Axial force in a bot- 1545 11.80 1155 1105
tom brace
CBF withDRBrC
Interstorey Displace- 1114 1556 12.21 10.65
ment
Axial force in a col- 1534 905 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 %61 oot -

Table13. 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 accuhdieis the nost accuratalgorithm in
mostcases which is expected since it combines the best 2 ML models and uses statistical techniques
to get the best out dothat the same timén frames equipped with MYDs, displacement predic-
tions yielded lower accuracy compared to their conventional counterparts. It can be attributed to
their higher range which was shownTiable11. However, for all other predicted parameters
frames with MYDs 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 yiekditygahd 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 @000 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 testiagpleso adequatly evaluate the performance
of algorithms applied on data with 5000 and 10000 datapdihesresultingestingMAPE for the
best ML model for each predicted output is showihable14.

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 1185
Bending moment in a beam 1536 12.46 11.13 1018
MRF with DRBeS
Interstorey Displacement 19.38 15.24 14.54 1194
Axial force in a column 8.08 7.11 6.19 5.73
Bending moment in a column 17.19 1446 12.32 1134
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
InterstoreyDisplacement 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

Table14. The dependence of MAPE on thmount 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 teegese 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[d84dl It is a
method of explaining the predictions of ML models by decomposing the prediction into the contri-
bution of each feature or input varialpl5]. The SHAP value for a feature repents 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 haweral advantages over other methods of interpret-
ing ML models. They are modagnostic, meaning they can be applied to any bteskmodel,
and they provide local explanations that are specific to individual instances rather than global expla-
nations thaapply 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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Figure29, Figure30, Figure31, Figure32 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. Hmey the imprtanceof each feature on
the chosen datapoint. In particular, they indicate how startingdxpacted value (mean value of
all predictiondor the entire datasé@tE[f(x)]) the model arrives to its final predictionf(x) and
how the value beach feature impacts this predictiéior instanceFigure29, b shows how starting
from expected value of interstorey displacement equal to 19.96 mm each imfeatarg contrib-
uted to the final prediction of 14.12 mm which is very close to the original value of 14.10hmam. T
original value is indicated on the topexch local analysislot to show the accuracy of the chosen
prediction.Regarding global analysiBjgure29, 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 f€&jure in
29, b).
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Feature value

High
Period s
Magnitude
PGA g
Number of floors
Columns 1-3 | mm4*10°6
Distance to fault km
Columns 4-6 | mm4*10°6
Beam | mm4*10°6
Floor mass kg
soil_class_ B
Floor height m
Spans

Low

20 -10 0 10 20
SHAP value (impact on model output)

a. Interstorey displacements global analysis

Impact of each feature on the prediction. Original value = 14.10 mm
fix) = 14.124

0.654 = Period s
6.77 = Magnitude
5 = Number of floors
5538 = Columns 1-3 | mm4*10°6
4221 = Columns 4-6 | mm4*10°6
38.92 = Beam | mm4*10°6

0.2=PGAg

23.99 = Distance to fault km

+0.99
3 = Floor height m —-0.58 .

10 other features —-0.09 ‘

14 15 16 17 18 20 21 22
E[f(X)] =19.961
b. Interstorey displacements local analysis

Figure29. SHAP analysis for ML model used for MRfterstorey displacemeptediction
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High

Number of floors

Final Dead Load

Columns 4-6 | mm4*10°6

Beam | mm4*10°6 et

Span width m

Floor mass kg -

Columns 1-3 | mm4*10°6

Feature value

PGA g

Facade Load kN/m

Spans L

Final Live Load

Period s

—2‘00 6 260 460
SHAP value (impact on model output)

a. Column axial force global analysis

Impact of each feature on the prediction. Original value = 391.82 kN
f(x) = 391.657

1 = Spans —109.91

30 = Final Dead Load +101.85

5 = Number of floors

5538 = Columns 4-6 | mm4*10°6
14010.678 = Floor mass kg
7 = Span width m
83.56 = Beam | mm4*10°6
014 - poAg
5.9 = Magnitude
10 other features

250 "~ 350 400 450 500
ELAX)] = 329773

b. Column axial force local analysis

Figure30. SHAP analysis for ML model used for MRBlumn axial forcerediction



Feature value

Final Dead Load

High
Columns 1-3 | mm4*10°6 o
Floor mass kg
PGA g
Magnitude
Period s
Spans
Columns 4-6 | mm4*10°6
Distance to fault km
Floor height m
Beam | mm4*10°6
Number of floors
T Low

-500 -250 O 250 500 750
SHAP value (impact on model output)

a. Column bending moment global analysis

Impact of each feature on the prediction. Original value = 95.7 kNm
f(x) = 95.603

2 = Spans +18.43
0.15=PGAg -18.09 -
1.812 = Period s - +17.54
104.5 = Columns 4-6 | mm4*10°6 -13.42 .
13.91 = Distance to fault km -10.3 .
55247.346 = Floor mass kg -9.01 .
4 = Floor height m —-7.01 .
10 other features ' +6.76
100 125 150 175 200 225

50
E[f(X)] =259.396

b. Column bending moment local analysis

Figure31. SHAP analysis for ML model used for MRBlumn bending momeiprediction
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High

Beam | mm4*10°6

Columns 1-3 | mm4*10°6

PGA g

Floor mass kg

Magnitude

Period s

Feature value

Final Dead Load

Span width m

Spans

Number of floors

Distance to fault km

Facade Load kN/m

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

a. Beam bending moment global analysis

Impact of each feature on the prediction. Original value = 79.49 kNm
flx) = 79.356

0.283 = PGA g
0.825 = Period s
7.28 = Magnitude
36709.2 = Floor mass kg -12.52 -
15 = Final Dead Load . +10.3
4 = Span width m —8.66 .
2 = Spans . +8.3

2153 = Columns 1-3 | mm4*10°6 . +5.73

10 other features

80 100 120

140 160 180 200
E[f(X)] =137.052

b. Beam bending moment global analysis

Figure32. SHAP analysis for ML model used for MRieam bending momeptediction

Following conclusions can be made:
1 Period andseismic parameters (PGA, magnitude® the most impactful features for
the interstorey displacement prediction. Moreover, higher periddP&?A correspond
to higher displacements which shows that the ML model correctly learned the funda-
mentals of underlying physics behihad NLT
a significant impact on the predictions.
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1 For columris axial force thenumber of floors and acting gravity loalave a big im-
pact on the predictions results, as wellhesr stiffnesswhich is also aligned with phys-
icsbhased analysis since columnsd stiffnes
axial force in a columduring the seismic excitation.

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

T For beamsdé bending moment, theircouslbel ff ne
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
Figure33, Figure34, Figure35, Figure36, andFigure37.

period s +

High

Magnitude —‘*-
PGA g -”
Number of floors *—
Beam | mm4*10°6 h
MYD Py kNm *
~
£
RS
\ 8
L §

Columns 1-3 | mm4*10°6

Feature value

Distance to fault km

Span width m

MYD stiffness kNm/rad

Columns 4-6 | mm4*10°6

Final Dead Load

+

Low
—40 =20 0 20 40

SHAP value (impact on model output)

a. Interstorey displacements global analysis

Impact of each feature on the prediction. Original value = 65.74 mm
fix)

Magnitude
Number of floors +5.8
Period s
Columns 4-6 | mm4*10°~6 - +2.62

Span width m . +2.45
Distance to fault km ' +2.2

Final Dead Load ' +1.65
Columns 1-3 | mm4*10°6 ' +1.45

14 other features . +1.76

30 35 40 45 50 55 60 65
ETf(X)]
b. Interstorey displacements local analysis

Figure33. SHAP analysis for ML models used for MRF equipped with DRBé&S storey displacemeptediction

62



High

Number of floors e

Final Dead Load

Columns 4-6 | mm4*10°6 ’
Span width m

MYD stiffness kNm/rad
Columns 1-3 | mm4*10°6

Facade Load kN/m

Feature value

Spans

MYD Py kNm

PGA g

Final Live Load

Floor mass kg

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

a. Column axial force global analysis

Impact of each feature on the prediction. Original value = 342.83 kN
flx) =343.015

2 = Number of floors -111.9

0 = Columns 4-6 | mm4*10°6 -73.16
8 = Span width m +60.95

15 = Final Dead Load +48.93

110715.448 = MYD stiffness kNm/rad
512.365 = MYD Py kNm
1 = Facade Load kN/m -17.68 -

506684.851 = Floor mass kg

77.63 = Columns 1-3 | mm4*10°6
14 other features

+16.45

350 3 400 425 450 475 500 525
E[f(X)] =340.679

b. Column axial force locanalysis

Figure34. SHAP analysis for ML models used for MRF equipped with DRB&8mn axial forceprediction
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High

Columns 1-3 | mm4*10°6 d

Floor mass kg

PGA g

Magnitude

Period s

Spans

Columns 4-6 | mm4*10°6

Feature value

Floor height m

Distance to fault km

Span width m

Final Dead Load

Number of floors

-500 0 500 1000
SHAP value (impact on model output)

a. Column bending moment global analysis

Impact of each feature on the prediction. Original value = 249.41 kNm
f(x) = 249.699

6.33 = Magnitude +68.32
160949.448 = Floor mass kg +62.34

18.96 = Distance to fault km +18.21

3 = Span width m -13.57

19 = Final Dead Load +9.93
77.63 = Columns 4-6 | mm4*10°6 -9.38
0.15=PGAg +8.52

4 = Spans -4.75

14 other features -2.97 {

250 275 300 325 350 375 400 425
E[f(X)] =307.451
b. Column bending moment local analysis

Figure35. SHAP analysis for ML models used for MRF equipped with DRB&8mn bending momeiprediction
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MYD stiffness kNm/rad

Columns 1-3 | mm4*10°6

PGA g

Magnitude

Floor mass kg

MYD Py kNm

Period s

Final Dead Load

Spans

Span width m

Number of floors

Distance to fault km

High

Feature value

Low

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

a. Beambending moment global analysis

Impact of each feature on the prediction. Original value = 125.00 kNm
fix) =125.077

6.33 = Magnitude

72.406 = MYD Py kNm
181751.328 = Floor mass kg
9 = Final Dead Load

8 = Span width m

5 = Spans

18.96 = Distance to fault km
1100 = MYD flange area mm2

14 other features

125

130 135 140 150

145
E[f(X)] = 143.644

b. Beambending moment local analysis
Figure36. SHAP analysis for ML models used for MRF equipped with DRBe&n bending momeptediction



High

MYD Py kNm

MYD stiffness kNm/rad

Columns 1-3 | mm4*10°6 -

PGA g

Period s

Magnitude

Feature value

Floor mass kg

Span width m

MYD flange area mm2

MYD Pu kNm

Final Dead Load

Spans

~150 -100 -50 0 50 100
SHAP value (impact on model output)

a. DRBeS bending moment global analysis

Impact of each feature on the prediction. Original value = 110.82 kNm
f(x) =110.807

10.33 = Columns 1-3 | mm4*10°6
16435.367 = MYD stiffness kNm/rad
8 = Span width m
195097.162 = Floor mass kg
1430 = MYD flange area mm2
6.77 = Magnitude
16.625 = Final Dead Load
110.828 = MYD Py kNm
0.2=PGAg
14 other features

110

120 130 140 150
E[f(X)] =118.249
b. DRBeS bending moment global analysis

Figure37. SHAP analysis for ML models used for MRF equipped with DRB&® bending momenprediction

Following conclusions can be made:

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

T For columnds axi al force, the number of
pact on the predictions results, as well as their stiffness, which iskalsaimple MRF
case

1 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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1T For beamsso b MNMDIStifmess isntbenmeost timpactful featy@mpared
to beamds stiffness in conventional MR F
beamés bending moment which is expected
highly affected by the introduction of this MYBs stiffer theDRBeSas higher forces
they attracto the beanduring the seismic excitation.

1 DRBeS yielding |Iimit and stiffness are t
moment. The correlation is similar as in case of beaassstiffer and stringer DRBeS
as more seismic forces it i#tts.

Analogously AppendixG shows a global and local SHAP values for each of thebisited
surrogate model for CBFFollowing conclusions can be made:

1 Period and PGAare 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.

1 For columns, their crossections have a big impact on the predictions results, as well as acting
gravity loads which is also aligned with physisa s ed anal ysi s since c
acting vertical loads affect the acting axial force in a columimduhe seismic excitation.

1 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 knalgie learned by ML modelhe 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 repofReld in

lowing conclusions can be made:

1 As for conventional CBF,qriod and PGA are the most impactful features for the interstorey
displacement prediction

1 Bracing areas are the most impactful featuresdwmn axial forces prediction.

1 For bottom bracing andRBrC axial forces, bracing areas, floor mass and PGA have the most
i mpact while MYDOs stiffness does not have

5.4 Error analysis for the trained ML models

MAPE metric gives a good indication for the average error among training and tkting
However, more sophisticated error analysis can be tobetter investigate how the predicted by
ML -surrogate models values relate to the redhtgure38, Figure39, Figure40, andFigure4l
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% anelven 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

% of errors bigger than 10%: 39.1
% of errors bigger than 15%: 22.8
250 % of errors bigger than 20%: 13.6

Number of datapoints

60
MAPE

a. Interstorey displacements error distribution

Impact of each feature on the prediction. Original value = 1.41 mm

flx) =2.863
1 = Number of floors
8908.099 = Floor mass kg -1.78 -
6 = Magnitude —-1.66 .
0.171 =PGA g . +1.33
0 = Columns 4-6 | mm4*10°~6 +0.68
104.5 = Columns 1-3 | mm4*10°6 . +0.57
482 = Beam | mm4*10°6 ~0.43 ‘
3 = Floor height m -0.34 ‘
10 other features ’ +0.51
25 5.0 75 100 125 150 175 200 225

E[f(X)] =19.961
b. Interstorey displacements biggest error analysis

Figure38. Error analysis for ML models used for MRierstorey displacemeptediction
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MAPE error distribution for a column axial force in MRF

% of errors bigger than 10%: 27.7
% of errors bigger than 15%: 15.3
% of errors bigger than 20%: 8.3

N
o
S

Number of datapoints
3

100

20
MAPE

a. Column axial force error distribution

Impact of each feature on the prediction. Original value = 30.00 kN
f(x) = 49.095

1 = Number of floors
3 = Final Dead Load
0 = Columns 4-6 | mm4*10°6
7592.686 = Floor mass kg
0.079 = Period s —34.31 -
B

0.283 = PGA g +21.66
337.4 = Beam | mm4*10°6 ' +20.22
4 = Facade Load kN/m ' +18.91
3 = Span width m -17.55 .
10 other features - +24.94
50 100 150 200 250 300 350 400

E[fX)] =329.773
b. Column axial force biggest error analysis

Figure39. Error analysis foML models used for MREolumn axial forceprediction
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Mean Average Percentage (MAPE) error distribution for a column moment in MRF

% of errors bigger than 10%: 46.1
250 % of errors bigger than 15%: 29.4
% of errors bigger than 20%: 16.8

Number of datapoints

MAPE

a. Column bending moment error distribution

Impact of each feature on the prediction. Original value = 23.4 kNm
f(x) = 46.354

10859.805 = Floor mass kg
1119 = Columns 1-3 | mm4*10°6
01 - raag
1 = Spans
6.1 = Magnitude —-20.35 -

0 = Columns 4-6 | mm4*10°6 -10.71
3 = Final Dead Load -9.57 .
1 = Number of floors —6.48 .
10 other features ’ +3.15
50 100 150 200

250
E[f(X)] =259.396
b. Column bending moment biggest error analysis

Figure40. Error analysis for ML models used for MRBlumn bending momermirediction
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MAPE error distribution for a beam moment in MRF

250 % of errors bigger than 10%: 40.0
% of errors bigger than 15%: 24.5
% of errors bigger than 20%: 14.3

Number of datapoints

MAPE

a. Beam bending moment error distribution

Impact of each feature on the prediction. Original value = 71.11 kNm
flx) =115.123

16 = Final Dead Load +15.14
13.91 = Distance to fault km
44948.376 = Floor mass kg
1 = soil_class__B
10 other features - +2.91
115 120 125 130 145 150

35 140
E[f(X)] =137.052
b. Beam bending moment biggest error analysis

Figure4l. Error analysis for ML models used for MRIEam bending momeptediction

Following conclusions can be made:

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

1 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.

1 Regarding bending moments in columns, the biggest error isvelds@ ae span, one
storey structur e wsectioh(HEHADSQ)hIt iscan bverdesignéd cr o
structure, which can be considered unrealistic but still permitted to be generated to give
ML models better understanding of structural engineeringiptes.
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1 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

Figure42, Figure43, Figure44, Figure45, Figure46.
MAPE error distribution for a interstorey displacement in MRF with DRBeS

% of errors bigger than 10%: 46.1
% of errors bigger than 15%: 30.8
% of errors bigger than 20%: 19.6

Number of datapoints

80 100
MAPE

a. Interstorey displacements error distribution

Impact of each feature on the prediction. Original value = 28.45 mm
flx) =47.976

2.769 = Period s +11.69

5.412 = Beam | mm4*10°6
6 = Number of floors

7.28 = Magnitude

0.283 =PGAg

6 = Final Dead Load

19.244 = MYD Py kNm
1119 = Columns 1-3 | mm4*10°6
1506.795 = MYD stiffness kNm/rad

14 other features-1.08 .

27.5 30.0 32.5 35.0 37.5 40.0 42.5 45.0 47.5
E[f(X)] =29.738

b. Interstorey displacements biggest error analysis

Figure42. Error analysis for ML models used for MRF equipped with DRB#& storey displacemeptediction
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MAPE error distribution for a column axial force in MRF with DRBeS

% of errors bigger than 10%: 16.5
% of errors bigger than 15%: 8.2
300 % of errors bigger than 20%: 4.6
250
n
£ 200
S
Q
8
©
el
g
o
» 150
[
Qo
£
=3
=

MAPE

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
0.123 = PGA g
6.19 = Magnitude
3034 = Columns 1-3 | mm4*10°6
0 = Facade Load kN/m
26100.241 = Floor mass kg —19.59 -

14 other features -1.9 <

125 150 175 200 225 250 275 300 5
E[f(X)] =340.679

b. Column axial force biggest error analysis

Figure43. Error analysis for ML models used for MRF equipped with DRBel8mn axial forcgrediction
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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
250 % of errors bigger than 20%: 14.7

Number of datapoints

MAPE

a. Column bending moment error distribution

Impact of each feature on the prediction. Original value = 60.55 kNm
flx) =120.838

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
0 = Columns 4-6 | mm4*10°~6 -7.99 .
7.125 = Final Dead Load —5.46 ‘
0.2 =PGAg ’ +5.23
14 other features ’ +4.69

125 150 175 200 225 250 275 300 325
E[f(X)] =307.451

b. Column bending moment biggest error analysis

Figure44. Error analysis for ML models used for MRF equipped with DRBel8Bmn bending momeipirediction
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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

60 80 100
MAPE

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

Figure4b. Error analysis for ML models used for MRF equipped with DRBe&m bending momeptediction



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

500

400

300

Number of datapoints

40 60 80 100
MAPE

a. DRBeS bending moment error distribution

Impact of each feature on the prediction. Original value = 30.46 kNm
f(x) = 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
50 60 70 80 90 100

E[f(X)] =118.249
b. DRBeS bending moment biggest error analysis

Figure46. Error analysis for ML models used for MRF equipped with DRBB® bending momenprediction

Following conclusions can be made:

1 The biggest MAPE for interstorey displacement is quite low in absolute vaRuesr(L
The relativelyhigh period contributes sigficantly to reducing the prediction value
comparing to the mean one.

i1 For axial forces in columns, the biggest error is observed &bructure with columns
on 46 storey having HEA700 crosection. It is an overdesigned structure, which can
be considexd unrealistic but still permitted to be generated to give ML models better
understanding of structural engineering principles.
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1 Regarding bending moments in columns, the biggestisrotaserved for small 1 storey
structure with 1 span which can be coesétl as an outlier. Similar situation is observed
for the biggest error of beam and DRBeS bending moment predictions.

Analogously Appendix| shows the error distriltion and local SHAP analysis for the biggest
error for all ML-based surrogate models for CB¥ellowing conclusions can be made:

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

9 For axial forces in columns the biggest MAPE is achieved for the 1 storey structure with
the | owest -sedidnsipossibléd cr os s

1 Regarding the bottom bracings, thiggest error is reached in a structure with very big
c o | u mn sséctionsr(leEA £00) 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 generatad give ML models better understanding of structural
engineering principles.

Similar analysis is performed f@BF equipped with DRBC. The results are reported Appendix
J. Following conclusions can be made:

1 The biggest MAPE for interstorey displacement is quite low in absolute valoes)

It is associated to untypically small cresections of both bottomnd upper columns of
5 storey building equal to HEA100. This datapoint can be considered as an dhdier.
same happens for the worst prediction of axial force in a bottom bracing.

1 For axial forces in columre worst prediction represents unrealistiadure that has
enor mous c oskctiomn(HEA 1G00) which is pushing the prediction further
from the ground truth.

1 Regarding thevorse prediction of the axial force of tb&®BrC, extremely high bracing
section pushing prediction far from a realuea Crosssection 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-sfifligéae models to
successfully interpolate within definedTiable11 inputs ranges. Moreover, the extrapolation capa-
bilities of trained algorithms are discovered testimgm on the data outside of training range of the
featuresSince prediction errors for the same response types among different frames are similar
(Table13) 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 disover interpolation capabilities of trained ML models, 2 case studies are performed:
1 Interpolation within geometry and cressction input ranges.
1 Interpolation within ground motion input ranges.

For the first check an MRF structure with properties indetatd able15is testeqFigure4?). The
truthfulness of the interpolation atlelies 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 cressctions were used in columns, while gralayds and span
width could have dy integer valueslin this case study HEB cresgctions are implemented for
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columns while span width and gravity loads have float valdegever, since it is an interpolation
check, all the inputs lie within the original gas of ML models training.

Input Value ML training range (mifmax)
Column Fy [Mpa] 355 235355
Beam Fy [Mpa] 235 235355
Columns 13 | [mm**108] 576.80 (HEB 400) 3.496447
Columns 46 | [mm**108] 431.90 (HEB 80) 0-5538
Beam | [mnt*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 34
Floor mass [kg] 228759.49 568.99884936.45
Facade load [kKN/m] 2.70 0-4
Distributed superimposec
dead load [kN/m] 6.88 348
Distributed live load
[KN/m] 6.40 3-40
Peak Grou[r;o]l Acceleratiot 0.30 0.10.0.354
Magnitude 6.60 5.907.28
Distance to fault [km] 10.27 10.27%35.66
Shear wave velocity [m/s] 361.40 242.05649.67
Fundamental period [s] 1.68 0.0510.48

Tablel5. Input values for geometry, gravity loads and cisastions interpolationase study

Figured47. MRF structure for geometry, gravity loads and cieastions interpolation case study

Percentage errdor all the predicted respons@<EM simulation in SAP 2000 vs ML model predic-
tion) is shown inTable16 along with original testind/APE errors for he 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 crosssections, geometrynd vertical loads ranges.
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Predicted output FEM results ML model prediction % error Original MAPE
Interstorey Displace-

311 32.2 3.23 8.14
ment [mm]
Axial force in a col- 200.72 294.83 1.41 7.84
umn [KN]
Bending moment in a 802.00 719.28 10.31 11.57
column [KNm]
Bending moment in a 113.69 128.48 3.90 9.95

beam [KNm]

Tablel6. Error analysis for geometry, gravity loads and cisesgions interpolation case study

In a second case study, CBF structure with properties indicai@blal7 is tested. In this case the
interpolation accuracy is evaluated in a context of groundom®fparameters. The accelerogram
which has nobeen used for model training is appl{&l Centro from PEER databasé} PGA

and magnitude lie within the original ranges of accelerograms used for ML models training, while
distance to fauland shear wave velocitjo not. However, since the impacttbésetwo featureson
the surrogat e waydow (asdi@cugsad ea previous ohapter),ghis ground mo-
tion was considered suitable for interpolation case study.

Input Value ML training range (mirmax)
Column Fy [Mpa] 355 235355

Beam Fy [Mpa] 355 235355

Bracing Fy [Mpa] 355 235355
Columns 13 | [mm*109] 450.70(HEA 400) 3.496447
Columns 46 | [mm*109] 330.90(HEA 360) 0-5538

Beam | [mnt*108] 19.43 (IPE 200) 1.72-1752
Bracing 12 A [mm] 989(CHS 101.6/3.2) 73315130
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 34

Number of braced spans 1 1-2

Floor mass [kg] 106019.11 568.99884936.45
Facade load [kKN/m] 3 0-4

Distributedsuperimposed 10

dead load [kN/m] 348
Distributed live load [kKN/m] 9 3-40

Peak Ground Acceleration [g° 0.28 0.100.354
Magnitude 6.95 5.907.28
Distance to fault [km] 6.09 10.27%35.66
Shear wave velocity [m/s] 213.44 242.05649.67
Fundamental period [s] 1.20 0.044.02

Tablel7. Input values for ground motion interpolation case study
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Figure48. CBF structure foground motion interpolation case study

Percentage error for all the predicted responses (FEM simulation in SAP 2000 vs ML model predic-
tion) is shown inTable18 along with original testing MAPE errors fdrd best ML algorithm from

the previous chapter for the comparison purposes. The errors for this case study are lower than aver-
age onesor axial forces in a column and bottom brace while higher for interstorey displacement.
The higher error in displacemantediction can be attributed $pectral characterissof the con-

sidered earthquakés it was already mentioned, the ground motions used for training were not
scaled to any response spectrum for the generalisation purposes and structural displacements
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 foluoan 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- 1350 15.50 14.81 9.40
ment [mm]
Axial force in a col- 1388.29 1331.51 4.09 8.88
umn [kN]
Axial force in a bot- 393.62 399.32 1.45 11.05

tom brace [KN]

Tablel18. 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:

1 Extrapolation outside of geometry input ranges.

1 Extrapolation outside of ground motion input ranges.
Unlike of interpolation, the ability dfIL 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 studyBFs with geometric ranges outside of the original ¢hable19) have been
generatedThe 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 flophanzes
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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 gertesaitectures is shown irigure49.

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

Span width [m] 3-10 3-8

Number of floors 7-8 1-6

Floor mass [kg] 100236.52883712 568.99884936.45
Fundamental period [s] 0.81-9.21 0.044.02

Tablel19. Input values for geometry extrapolation case study

Figure49. Exampleof CBFfor geometry extrapolation case study

MAPE for all the predicted responses (100 FEM simulations in SAP 2000 vs 100 ML model predic-
tions) is shown imMable20 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 predictionvetptie 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 thiscase study Original MAPE
Interstorey Displace-

86.23 9.40
ment [mm]
Axial force in a col-
umn [kN] 30.18 588
Axial force in a bot- 46.12 11.05

tom brace [kN]

Table20. Error analysis for geometry extrapolation case study

For thesecond extrapolation case stud@®0 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 investigatesitieity of ML models to ex-
trapolate seismic loading input, all other features (geometry,-sext®ns, gravity loads, etc.) are

kept within their training range.
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Input Case study range ML training range (mirmax)
Peak Ground\cceleration [g] 0.480.52 0.100.354

Magnitude 6.90-7.62 5.90-7.28

Distance to fault [km] 7.0813.46 10.2735.66

Table21. 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 iMable22 along with original testing MAPE errors fure 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 predighan is highly depend-

ent on PGA and magnitudelowever the errors do not exce®0% (2 times differencegnd are

much lower than in geometry extrapolation case. For column axial force the error is even below
20%. Itshows that ML models learned a physics behind NLTH analysis well enough to extrapolate
alsofor ground motionsutside of their training range without giving extremely wrong predictions.

Predicted output MAPE for this case study

Original MAPE

Interstorey Displace-

44.2
ment [mm]
Axial force in a col-
umn [kN] 17.59
Bending moment in a
column [KNm] 3519
Bending moment in a o5 57

beam [KNm]

8.14

7.84

11.57

9.95

Table22. Error analysis for ground motions extrapolation case study

5.5.3 Validation with an experimental test

The last check of Mibased surrogate modatrformance is the validation with an experimental

test. Since 3D shaking table tests performed within this thesis concernsddial@storey build-
ingswhich properties lie outside of ML models training rar@f@ hybridfull -scaletests explained

in detail in [137] and[138] are used for the comparison. The tests were performeestoredy 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 coesi¢feéigure50):

1 6-storey MRF equipped with DRBeS. Where 1.5 storeys are physical, and 4.5 storeys are

numerical.

9 6-storey CBF equipped with DRBrC. Where 1 storgyhigsical, and 5 storeys are numerical.
Structural details that are also inputs to ML model are shovialie23.
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a. MRF with DRBeS

b. CBF with DRBrC

Figure50. Physical and numerical subdomains of a hybrid {&8(8], [138]

Input

MRF with DRBeS

CBF with DRBrC

Column Fy [Mpa]
Beam Fy [Mpa]
Bracing Fy [Mpa]

Columns 13 | [mn*109]
Columns 46 | [mm**109]

Beam | [mnt*108]
Bracing 12 A [mm]
Bracing 34 A [mm]
Bracing 56 A [mm]
Number of spans
Span width [m]
Number of floors
Floor height [m]

MYD6s stiffne
MYD6s Yieldin
MYD6és Ul ti mat
MYD6s flange
Number ofbraced 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(HEA100)

2

4.275

6

3.50

73832 [KN/m]

123 [kN]

338 [kN]

1
35150
4

9.48
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