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ABSTRACT

This paper concentrates on a pilot study towards a model surrogation framework
whereby the performance of the safety assessment of selected civil structures and
systems can be improved. In particular, the framework aims at developing suitable
surrogate models to reduce the time spent on the numerical or laboratory simulation
component in the process of safety assessment. Through a pilot study where a two-
storey nonlinear frame structure subjected to strong wind loads was examined, it was
demonstrated that properly constructed surrogate models can faithfully mimic the
simulation results generated by some classical time marching algorithms in a much
more efficient manner. The proposed framework could be used on the development of
efficient surrogate models for both numerical and laboratory simulation in the contexts
of selected civil structures and systems, such as nonlinear multistorey buildings under
earthquake actions, storage silos and backfilled mine stopes.

1. INTRODUCTION

It is well known that safety is one of the key factors associated with any civil structures.
A suitable numerical or experimental simulation model is often needed to assess the
safety performance of a civil structure under normal or extreme circumstances. The
model should faithfully replicate the nature of the structure. Various simulation models
have been widely used in the field of civil engineering for reliability analysis of civil
structures. In typical simulation based reliability analysis, a certain numerical or
experimental simulation model is run thousands of times before a reasonably accurate
result can be obtained, which can result the computational complexity of the
management model. As an example, Dhar and Datta (2009) reported a 30-day run time
on a 2.4 GHZ Opetron AMD machine with a 4 GB RAM to find optimal solutions for a
linked simulation-optimization model applied to a small aquifer system. In a context as
such, reducing the time needed to run the simulation model not only relates to
efficiency but also affects the practical viability of the analysis on many occasions.
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This research has practical implications because it is based on real-life issues. The
outputs of the study will be useful to policymakers, decision-makers, government
agencies, and researchers. This study will be centred on enhancing safety assessment
procedures for civil engineering structures for the present, and the future. Findings and
recommendations of this research, by implementing the innovative surrogate model
technique, will be significant to structural engineers and civil builders as the safety
performance of relevant civil structures can be quantified with improved efficiency.
Currently, the production of knowledge in this regard and application to ongoing design
practice could be improved further in terms of the numerical or experimental simulation
efficiency. This gap presents a potential research opportunity with the capacity to gain
knowledge and its application to structural design. The research community will benefit
from this research in understanding the surrogate model techniques, and their impact
on improving the performance of the safety assessment of relevant civil structures.

The main contribution to the knowledge from the research reported herein will be to
derive a surrogate model for the assessment of the safety performance of selected civil
structures under normal or extreme circumstances. Structural reliability of a system is
evaluated using a multivariate function that describes fundamental failure mechanisms
of the structured system. Traditionally, the Monte Carlo simulation and simulation-
optimization model were used for reliability analysis purposes. Such models can be
time-consuming as the process often needs to be repeated thousands of times. There
has been difficulty in obtaining accurate reliability assessment with a minimum number
of calls. It is therefore important to construct and develop a surrogate model replacing
some conventional time marching procedures. The surrogate model should imitate
the true performance function to determine the effective output.

2. METHODOLOGY AND CONCEPTUAL FRAMEWORK
2.1 Construction of the surrogate model to improve simulation efficiency

This subsection describes the general process of creating a surrogate model to
improve computational efficiency. Conventional simulation can take an enormous
amount of time in real-world situations, which can make common procedures like
design optimization, design space exploration, and sensitivity analysis, become near to
impossible because thousands or even millions of simulation evaluations are required
for such methods.

Preparing the surrogate model is one of the various ways of diminishing this workload.
A surrogate model needs to imitate the true simulation model behaviour as nearly as
possible to evaluate the problem. Nonetheless, it should be computationally cheaper. A
data-driven, bottom-up approach method is used to construct surrogate models. While
preparing the surrogate model, the input-output behaviour pattern is a key factor rather
than basic detail fundamentals of the simulation code which are not even supposed to
be known. The response of the simulator to a specific amount of selected samples can
be modelled to construct a surrogate model. It is called behavioural modelling or black-



The 2024 World Congress on
Advances in Civil, Environmental, & Materials Research (ACEM24)
19-22, August, 2024, The K hotel, Seoul, Korea

box modelling. The process will be shown in the pilot study section. The curve fitting
process usually involves a single design variable. The use of surrogate models is more
preferable in experiments and numerical simulations in engineering design; however, it
Is also used in various sectors of science where there are expensive experiments
and/or function evaluations.

The challenge in preparing the surrogate model is the creation of a surrogate that is
just as precise, perfect, valid, and accurate as possible by making use of fewer
simulation evaluations as possible. The process consists of three major steps which
may be interwoven iteratively:

a) Selecting samples for the modelling

b) Constructing the surrogate model and optimizing the model parameters’

c) Assessing the validity of the surrogate

The validity of the surrogate model is subjected to the amount and location of samples
used. An improper surrogate model can be a cause of errors in the outcome.

Numerical or experimental simulation needs to be run multiple times for reliability
analysis (e.g. Sudret et al. 2005, Koduru and Haukaas 2010 and Szafran et al. 2019)
which can often be unrealistic on many occasions. Surrogate model needs to be run
many times. However, the time spent on surrogate model will be a fraction of the time
spent on time marching procedure. As an example for satisfaction of the reliability
analysis, the numerical or experimental simulation needs to be run multiple times up to
10,000 times. Large data sets would be achieved through the process. However, it
would consume larger amount of time. If a surrogate model is developed using these
data sets, surrogate modelling still needs to be run multiple times for the analysis
purpose to train the surrogate model and validate it by comparing with the previous
data sets generated from numerical or experimental simulation. In this case, numerical/
experimental simulation may be run 1000 times and surrogate modelling may be run
9000 times. However, the time spent on analysis through surrogate modelling will be a
fraction of time consumed by conventional numerical or experimental simulation
method. The objective is to develop surrogate model for improving computational
efficiency associated with the safety assessment of the structures. Numerical/
experimental results are to be used a tool to prepare the surrogate model by partially
replacing experimental studies. The research aims to partially replace the numerical or
experimental simulation via surrogate modelling.

In this research context, the term ‘safety’ refers to the both the serviceability limit state
and ultimate limit state. Therefore, surrogate model is used to reduce the time spent on
reliability analysis to improve the computational efficiency.

2.2 Pilot study
This subsection discusses the construction of a surrogate model to predict the

excitation force time history caused due to wind load. “Nonlinear multistorey steel
frames, under wind loads,” has been selected as a specific civil structure for the
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purpose of the pilot study. The study comprises a simulation model and a developed
surrogate model that mimics the true simulation model behaviour as closely as possible.

MATLAB has been used in establishing the surrogate model for fragility analysis
caused due to wind load. A two-storey building has been selected for the pilot study.
The maximum inter-storey displacement of the building is assumed as the milestone to
predict the fragility analysis of the building. It is known that wind load is a dynamic load,
where the force applied due to wind changes with time at each point of the building.

Input: stiffness;
mass; hysteretic
properties; wind
load time histories

!

Governing equations

(1) Mostaghel-Byrd equation (Mostaghel and
Byrd 2000) for a two storey hysteretic shear
frame derived for fragility analysis subjected
to wind loads

(2) Limit state description: maximum inter-storey
displacement has been selected as the
threshold for analysing the fragility analysis

l

Stochastic equation . . .
. q Stochastic equation solving module
solving
1* round 2" round N" round
Time Time Time
marching marching marching
Output procedure procedure procedure
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implementation implementation implementation

Alternative stochastic equation solving
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Figure 1: Flowchart demonstrating the process carried out during the pilot study

The process carried out during the pilot study, which deals with the prediction of the
fragility analysis of the building, is displayed using figure 1. It displays the input data,
governing equations; stochastic equation solving procedure implemented, and
expected output data for the pilot study. These details will be explained briefly in this
subsection.
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The MATLAB function is used to create a simulation model. A simulation model
consists of two parts of the MATLAB function. The first part of the MATLAB function
derives the excitation force-time histories. Different input variables were used in part 1
of the MATLAB simulation function to create excitation force-time histories. These
variables include air density, mean wind speed at 10 m, surface area normal to the
direction of the longitudinal wind, heights of the storeys, drag coefficient, storey mass,
and storey stiffness. Some of the variables are in scalar quantity whereas some
variables are presented in column vector form when using MATLAB function. The value
of air density is 1.225 kg/m3 and the mean wind speed at 10 m is assumed to be 60
m/s. The surface area normal to the direction of the longitudinal wind is also assumed
to be 10 m?. The heights of the storeys are assumed to be 7 m and 14 m for the first
storey and the second storey respectively. The drag coefficient is 1.5 with the storey
mass assumed as 1250000 kg and 1125000 kg for the two storeys respectively.
Additionally, storey stiffness is assumed to 1e7 and 0.9e7 for the storeys.

Since wind is a random variable load, the value of the excitation force-time histories
changes with time for two different storey levels. Excitation force is denoted by ‘F’ and
the time required for the simulation is denoted by‘t’. The excitation force-time histories
created from the first iterated evaluation of part 1 of MATLAB can be seen in Figures 2
and 3. Figures 2 and 3 demonstrate the random nature of the wind loads subjected to
the point of time at which it was recorded. It can also be observed that the wind load
is very strong with a strength of up to 50 kN.
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Figure 2: Force recorded against time for the 1st level of the building
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Figure 3: Force recorded against time for the 2nd level of the building

The second part of the MATLAB simulation function aims to generate the response
time histories of displacement and velocity. Displacement is denoted by ‘U’ whereas
velocity is denoted by ‘udot’. The response time histories created from the first iterated
evaluation of part 2 of MATLAB can be seen in Figures 4 to 7. Since figures 4, 5, 6, and
7 are the result of the data acquired from figures 1 and 2, the data suggest
displacement and velocity are also random variables. It is obvious from these figures
that large wind loads have resulted in larger displacements and velocities at the
recorded time.
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Figure 4: u vs tt for the 1st level of the building
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Figure 6: udot vs tt for the 1st level of the building
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The number of rounds can be changed by changing the value of N in the MATLAB
function to collect more sample data for increasing the accuracy of the data. The output
result for 10 rounds has been derived in the form of maximum inter-storey displacement
happening in the frame. The data has been presented in table 1. For the time marching
procedure, 10 sets of data have been recorded which will be used as the threshold for
the fragility analysis of the building. However, large sets of data would be required for
more accuracy. This can require more time and hence it would not be feasible to run
the same process over thousands of times. Therefore, a surrogate model, which is
another part of the pilot study, would be appropriate for this kind of situation, where a
simulation has to run over thousands of times.

Table 1: Output for rounds of simulation

Round | Maximum inter-storey | Maximum inter-storey | Maximum inter-storey
displacement between | displacement between displacement
2"d level and 15t level 1st level and ground happening in the
(m); max(abs(u(2,:)- level (m); frame (m)
u(l,:))) max(abs(u(1,:)-0))

1 0.0051 0.0158 0.0158

2 0.0043 0.0208 0.0208

3 0.0103 0.0232 0.0232

4 0.0040 0.0162 0.0162

5 0.0045 0.0236 0.0236

6 0.0047 0.0064 0.0064

7 0.0066 0.0163 0.0163

8 0.0067 0.0425 0.0425

9 0.0043 0.0276 0.0276

10 0.0066 0.0199 0.0199
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Now, a surrogate model is developed to replicate the behaviour of the simulation model
as closely as possible. It was noticed during the simulation model that the excitation
force F and the storey stiffness are the only changing variables in the process.
Therefore, the surrogate model needs to understand the behaviour pattern of the
output based on these two changing variables. Two MATLAB functions are required to
complete the process of the creation of the surrogate model. Part 1 of the MATLAB
function will generate the sample data that will be used for modelling purposes. The
sample data will consist of excitation force F, storey stiffness, and displacement u.
Sample data will be fetched and imported into part 2 of MATLAB functions to train the
function to understand the behaviour of the input-output pattern. It will develop into
what is called a trained neural network surrogate model. Figure 8 shows the neural
network performance of the trained surrogate model. Test data and validation data
seem to be coherent with each other to show the best validation performance.
Best Validation Performance is 4.3009e-05 at epoch 4
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Figure 8: Neural network performance of the trained surrogate model

Similarly, to validate the trained surrogate model figure 9 shows the regressions line
with R as 0.88766.
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Figure 9: Regression line to validate the trained surrogate model

There are several methods to demonstrate the validation of the trained surrogate
model. However, the regression line has been used in the pilot study to validate the
trained surrogate model. The regression line has given the relationship between output
and target values in Figure 9. The value of R is 0.88766. Output and target values
seem to be consistent with each other as indicated by the 45-degree linear line in
Figure 9.  Thus, a surrogate model is thus created to enhance the performance of the
simulation as it would be practically impossible to carry out thousands of rounds in the
real-life situation.

Figure 10 shows the relationship between the target boundaries against the output from
the surrogate model. It is assumed that the surrogate model is valid and acceptable if
the output data falls between the limits of 110% and 90% of the target. Figure 10
indicates the developed surrogate model is valid and acceptable since in most cases
the data falls between the limitations.
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3. CONCLUSIONS

As illustrated in the pilot study, surrogate models constructed as such can significantly
reduce the time spent on simulation. Indeed, in the scenario considered in the pilot
study, by using the surrogate model, the simulation time reduced from several hours to
only a few seconds at most. Examining the procedure used in the pilot study in detail
reveals that, although the surrogate model was constructed to replace a specific time
marching scheme, the construction of the surrogate model did not directly rely on the
entire process of that specific time marching scheme. Rather, it was only the input and
output data that played a role in constructing the surrogate model. The immediate
implications are that the model surrogation procedure used in the pilot study may be
extended to deal with other time-consuming numerical simulation schemes for
improved computational efficiency. A bolder conjecture is that not only can the model
surrogation procedure be applied to improve the efficiency in numerical simulation, but
it may also be useful for improved efficiency associated with experimental simulation.
Experimental simulation in this research refers to experiments conducted in a
laboratory environment that simulate the conditions in the real world.

The preliminary model surrogation procedure as in Section 2.2 can be fully developed
to form a surrogate model-based framework, and the efficacy of the framework can be
validated by both numerical simulation and/or laboratory testing data in the context of
nonlinear frames subjected to strong wind loads, reinforced concrete silos, and
backfilled mine stopes. Extension of the framework to other civil structures and systems
for improved safety assessment performance may warrant further study in the future.
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