Challenge /Jounrnal of

STRUCTURAL MECRANICS

Vol.10 No.3 (2024)

TULPAR

SISV Lo B 10 1Y R A C ADEMIC PUBLISHING



CHALLENGE JOURNAL OF STRUCTURAL MECHANICS 10 (3) (2024) ISSN 2149-8024

lesutuyeld

EDITOR-IN-CHIEF

Prof. Dr. Fatih Mehmet OZKAL
Atatiirk University, Tiirkiye

CO-EDITOR-IN-CHIEF

Prof. Dr. Serdar CARBAS
Karamanoglu Mehmetbey University, Tiirkiye

EDITORIAL BOARD

Prof. Dr. Farid ABED

Prof. Dr. Naida ADEMOVIC

Prof. Dr. Panagiotis G. ASTERIS
Prof. Dr. M. Asghar BHATTI

Prof. Dr. Alper BUYUKKARAGOZ
Prof. Dr. Marco CORRADI

Prof. Dr. Stefano DAL PONT

Prof. Dr. Adem DOGANGUN

Prof. Dr. Oguz Akin DUZGUN
Prof. Dr. Gilbert Rainer GILLICH
Prof. Dr. Taha IBRAHIM

Prof. Dr. Reza KIANOUSH

Prof. Dr. Long-Yuan LI

Prof. Dr. Paulo B. LOURENCO
Prof. Dr. Zeljana NIKOLIC

Prof. Dr. Togay OZBAKKALOGLU
Prof. Dr. Mehmet OZYAZICIOGLU
Prof. Dr. Filiz PIROGLU

Prof. Dr. Mohammad REZAIEE-PAJAND
Prof. Dr. Bing QU

Prof. Dr. A. Ghani RAZAQPUR
Prof. Dr. Anna SAETTA

Prof. Dr. Mattheos SANTAMOURIS
Prof. Dr. Hélio Luiz SIMONETTI

American University of Sharjah, United Arab Emirates
University of Sarajevo, Bosnia and Herzegovina
School of Pedagogical & Technological Education, Greece
University of lowa, United States

Gazi University, Tiirkiye

University of Huddersfield, United Kingdom
Université Grenoble Alpes, France

Uludag University, Tiirkiye

Atatiirk University, Tiirkiye

Eftimie Murgu University of Resita, Romania

Benha University, Egypt

Ryerson University, Canada

University of Plymouth, United Kingdom

University of Minho, Portugal

University of Split, Croatia

Texas State University, United States

Atatiirk University, Tiirkiye

Istanbul Technical University, Tiirkiye

Ferdowsi University of Mashhad, Iran

California Polytechnic State University, United States
McMaster University, Canada

IUAV University of Venice, Italy

University of New South Wales, Australia

Federal Institute of Minas Gerais, Brazil


https://cjsmec.challengejournal.com/

CHALLENGE JOURNAL OF STRUCTURAL MECHANICS 10 (3) (2024)

ISSN 2149-8024

Prof. Dr. Y. Cengiz TOKLU

Prof. Dr. Habib UYSAL

Prof. Dr. Wael ZATAR

Assoc. Prof. Dr. Alberto Maria AVOSSA
Assoc. Prof. Dr. Sandro CARBONARI
Assoc. Prof. Dr. Panatchai CHETCHOTISAK
Assoc. Prof. Dr. Burak Kaan CIRPICI
Assoc. Prof. Dr. Dobromir DINEV
Assoc. Prof. Dr. Javier DOMINGUEZ
Assoc. Prof. Dr. Amin GHANNADIASL
Assoc. Prof. Dr. Luca LANDI

Assoc. Prof. Dr. Fabio MAZZA

Dr. Siileyman Nazif ORHAN

Assoc. Prof. Dr. Hong SHEN

Assoc. Prof. Dr. Nunziante VALOROSO
Assoc. Prof. Dr. Teng WU

Dr. Pierfrancesco CACCIOLA

Dr. Chien-Kuo CHIU

Dr. Hamid GADOURI

Dr. Susanta GHOSH

Dr. Ehsan HARIRCHIAN

Dr. Anas ISSA

Dr. Parisa KAMRANIMOGHADDAM
Dr. Zithal 0ZDEMIR

Dr. Chitaranjan PANY

Dr. José SANTOS

Dr. Syahril TAUFIK

Dr. Casim YAZICI

Beykent University, Tiirkiye

Atatiirk University, Tiirkiye

Marshall University, United States

Second University of Naples, Italy

Marche Polytechnic University, Italy

Rajamangala University of Technology Isan, Thailand
Erzurum Technical University, Tiirkiye

University of Architecture, Civil Engineering and Geodesy, Bulgaria
National Center for Nuclear Research, Poland
University of Mohaghegh Ardabili, Iran

University of Bologna, Italy

University of Calabria, Italy

Erzurum Technical University, Tiirkiye

Shanghai Jiao Tong University, China

Parthenope University of Naples, Italy

University at Buffalo, United States

University of Brighton, United Kingdom

National Taiwan University of Science and Technology, Taiwan
Khemis Miliana University, Algeria

Michigan Technological University, United States
Bauhaus-Universitdt Weimar, Germany

United Arab Emirates University, United Arab Emirates
University of Applied Science and Technology, Iran

The University of Sheffield, United Kingdom

Vikram Sarabhai Space Centre, India

University of Madeira, Portugal

Lambung Mangkurat University, Indonesia

Agr1 Ibrahim Cecen University, Tiirkiye

E-mail: ¢jsmec@challengejournal.com

Web page: cjsmec.challengejournal.com

Tulpar Academic Publishing

www.tulparpublishing.com

AE

TULPAR

ACADEMIC PUBLISHING

il


mailto:cjsmec@challengejournal.com
https://cjsmec.challengejournal.com/
https://www.tulparpublishing.com/
https://www.tulparpublishing.com/

CHALLENGE JOURNAL OF STRUCTURAL MECHANICS 10 (3) (2024) ISSN 2149-8024

@4 M/ZV@'/@%

CONTENTS

Research Articles

Prediction of optimum design of welded beam design via machine learning 86-94

Yaren Aydin, Farnaz Ahadian, Gebrail Bekdasg, Sinan Melih Nigdeli

The effect of build direction on component strength in SLA-based additive manufacturing 95-100

Hojjat Ghahramanzadeh Asl, Derya Karaman

Influence of the distance between vertical cylinders positioned in a row on the wind load onthem  101-108

Lyubomir A. Zdravkov

Optimization of mechanical properties in lime-based composites using the Taguchi method 109-115

Bekir Giiney, Sadik Alper Yildizel

TULPAR

iii


https://cjsmec.challengejournal.com/
https://doi.org/10.20528/cjsmec.2024.03.001
https://doi.org/10.20528/cjsmec.2024.03.001
https://doi.org/10.20528/cjsmec.2024.03.002
https://doi.org/10.20528/cjsmec.2024.03.002
https://doi.org/10.20528/cjsmec.2024.03.003
https://doi.org/10.20528/cjsmec.2024.03.003
https://doi.org/10.20528/cjsmec.2024.03.004
https://doi.org/10.20528/cjsmec.2024.03.004
https://www.tulparpublishing.com/

CHALLENGE JOURNAL OF STRUCTURAL MECHANICS 10 (3) (2024) 86-94

Research Article

Prediction of optimum design of welded beam design

via machine learning

Yaren Aydin? 2, Farnaz Ahadian?

, Gebrail Bekdas?

, Sinan Melih Nigdeli *

2 Department of Civil Engineering, Istanbul University-Cerrahpasa, 34320 Istanbul, Tiirkiye

ABSTRACT

ARTICLE INFO

Design optimization is an important engineering design topic. One of the important
issues in structural design is to minimize the cost. This study based on an engineering
problem of Welded Beam Design aims to minimize the cost of the beam with machine
learning (ML) models depending on the constraints on applied load, shear stress,
bending stress and end deflection. The data set to be used in this context was created
using a metaheuristic optimization algorithm. This hybrid algorithm is based on the
classical Jaya algorithm by adding the student phase of Teaching Learning Based Op-
timization. The dataset obtained as a result of the optimization is a dataset with 1189
rows. Six different algorithms were used for prediction analyses. These are Linear
Regression, Decision Tree, Elastic Net, K-Nearest Neighbour, Random Forest, and
XGBoost algorithm. In the data set, load, length, and displacement are input; the de-
sign variables such as b, h, [, t and minimum cost are output. Since there is more than
one output in the dataset, Multioutput Regression is applied. The performance of re-
gression models was assessed using the Coefficient of Determination (R?), Mean Ab-
solute Error (MAE), and Root Mean Square Error (RMSE). According to the results
obtained, the Decision Tree Model showed the best performance among the other
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models (R2=1, MAE=6.13e-11, RMSE=9.47e-10).

1. Introduction

Optimization is the process of finding the optimum
solution to obtain the best value of the objective func-
tion. Structural optimization is a type of optimization in
which the best of the available options in structural de-
sign is sought. There are many studies in the literature
where structural optimization and machine learning
(ML) are performed using algorithms. In engineering op-
timization, the problem is generally nonlinear because
there are design variables and design constraints on the
analysis results that require the design of all variables. In
that case, a numerical optimization technique is used
that uses iterations with randomly defined candidate so-
lutions to try out the best result. Due to these factors,
when an optimization problem cannot be solved using
mathematical methods, a systematic methodology is re-
quired. This need can be achieved by employing me-

taheuristic techniques. In metaheuristic methods, the es-
sential problem is formulated in an optimization phase
that generates updated candidate design variables.
Bekdas and Nigdeli (2011) used Harmony search (HS) to
obtain the optimum parameters of tuned mass dampers
(TMD) used for structural control. Thus, more efficient
structural control can be achieved with optimum param-
eter values. Bekdas (2014) used the harmony search al-
gorithm for the economic design of post-tensioned ax-
isymmetric cylindrical reinforced concrete (RC) walls
according to ACI 318. The results showed that the opti-
mization performed with the HS algorithm was effective
in the optimum design of the post-tensioned reinforced
concrete walls considered in the study. Bekdas et al.
(2015) aimed to minimize the weight of truss structures
using the flower pollination algorithm (FPA). The weight
obtained with FPA was also optimized compared to
other methods. Bekdas and Nigdeli (2016) carried out
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the cost optimization of reinforced concrete elements
considering the ACI 318 code by using the bat algorithm.
The method used has shown effective success compared
to other methods. Kayabekir et al. (2018) performed the
optimum design of carbon fiber-reinforced polymer
strips used to increase the shear capacity of a reinforced
concrete beam using the Jaya algorithm. As a result, Jaya
algorithm, which is easy to apply in terms of phase, has
been successful in the optimization process. Ulusoy et al.
(2019) optimized the proportional gain, integral time
and derivative time, which are the optimum parameters
of Proportional-Derivative-Integral (PID) type control-
lers for active control of structures, using the Teaching
Learning-Based Optimization (TLBO) algorithm and
achieved effective results. Ulusoy et al. (2020) used
meta-heuristic algorithms such as Harmony Search, Bat
Algorithm and Teaching Learning-Based Optimization
for cost minimization of reinforced concrete beams and
achieved optimum results.

In recent years, machine learning (ML) has emerged
as a promising tool for tackling optimization problems.
ML techniques offer the ability to learn patterns and re-
lationships from data, enabling the estimation of com-
plex functions without explicitly modeling them. This ca-
pability has led to the development of innovative ap-
proaches for estimating and solving optimization prob-
lems. Huang et al. (2012) undertook research focusing
on hazard identification within smart buildings employ-
ing machine learning (ML) methods. They devised an ML
algorithm capable of analyzing data gathered from sen-
sors to autonomously issue timely warning alerts for
identified hazards. The experimental findings confirmed
the efficacy of the ML algorithm and demonstrated the
benefits of employing a wireless sensor network for
prompt hazard detection in buildings. Jeon et al. (2014)
presented statistical models for the shear strength of col-
umn-beam connections using BC techniques. The multi-
ple linear regression method was used in the study. It
has been observed that this method is applicable for
evaluating the joint zone capacity in existing frame-type
reinforced concrete buildings. Dogan (2018) tried to de-
termine the post-earthquake damage levels of rein-
forced concrete columns with a smart system-based
method. Data sets were created with the help of 390
damaged images taken from column surfaces. The char-
acteristics of the cracks were extracted from the damage
images and the damage level of the columns was classi-
fied using ML classifier algorithms according to these
data. The successes obtained from the predictions vary
between 64% and 80%. Okazaki et al. (2020) conducted
a study on the applicability of ML to crack modeling in
concrete bridges. The results showed excellent applica-
bility of ML even for very little data. Cao et al. (2020)
used ML methods to estimate moments for column-
beam connections. The accuracy of the predicted predic-
tion was compared with Artificial Neural Networks and
Genetic Programming (GP) and the results showed that
ML algorithms provided better performance. Yiicel et al.
(2021) obtained data by optimization process to be used
in machine learning for prediction in reinforced concrete
elements. As a result, they achieved successful applica-
tion. Cakiroglu et al. (2021) minimized the CO2 emission

and cost of steel tube columns filled with concrete. Thus,
they optimally dimensioned the cross-sections of the col-
umns. Yiicel et al. (2021) estimated the optimum dimen-
sions of reinforced concrete (RC) cantilever retaining
walls using metaheuristic algorithms and artificial intel-
ligence and machine learning methods. Successful re-
sults were obtained for estimation in the study. Bekdas
etal. (2022) estimated the wall thickness of a cylindrical
water tank using HS optimization algorithm using a data
set consisting of a large number of optimum design val-
ues. The ML models used in the study achieved high suc-
cess in prediction. Bekdas et al. (2022) generated data
for the optimal sizing of reinforced concrete circular col-
umns using the adaptive search algorithm and used it for
prediction in machine learning. Thus, they established a
highly efficient estimation procedure. Aydin et al.
(2023a) used machine learning models to estimate the
cooling load of buildings in hot locations. In the study,
Histogram Gradient Boosting and Stacking models were
used with high success. Aydin et al. (2023b) performed
soil classification using machine learning. As a result of
this study in which they processed the data with differ-
ent processes, boosting models had high performance.
Aydin et al. (2023c) applied meta-heuristic optimization
algorithms and neural network models to minimize en-
vironmental damage in cement production. In the study,
the hyperparameter optimization algorithm achieved
the highest success with the genetic algorithm (GA). Ay-
din et al. (2024a) investigated the optimum TMD param-
eters with a new optimization algorithm, the Archimedes
Optimization Algorithm (AOA). They compared AOA
with the Jaya Algorithm (JA) and the Modified Jaya Algo-
rithm (SJA), which were applied on the same problem
and the results were obtained and AOA outperformed
the other algorithms. Aydin et al. (2024b) modified the
parameters of the algorithm to optimize the volume of
the truss system with AOA. As a result, the effect of the
parameters for minimum volume sizing of the truss sys-
tem was investigated. Cosut et al. (2024) used T-shaped
elements for area optimization according to the maxi-
mum stress value using Particle Swarm Optimization
(PSO). Thus, they concluded with which stress value the
minimum area is reached. Aydin et al. (2023d) used the
Flower Pollination Algorithm (FPA) to minimize the cost
of a reinforced concrete beam. Their analysis of cases
with different algorithm parameter values showed that
the use of random sp provides the best performance. Ay-
din et al. (2023) used Archimedes Optimization Algo-
rithm (AOA), Teaching-Learning Based Optimization and
Flower Pollination Algorithm to optimize the weight of a
cantilever beam. The new algorithm AOA showed effec-
tive performance in this problem.

Design optimization stands as a pivotal topic in engi-
neering, particularly in the realm of structural design
where minimizing costs holds paramount importance.
This study delves into the engineering conundrum of
Welded Beam Design, aiming to curtail the beam's cost
through the application of machine learning (ML) mod-
els, all while adhering to constraints on loading load,
shear stress, bending stress, and end deflection. The da-
taset utilized in this endeavor was meticulously crafted
using a metaheuristic optimization algorithm. This hy-
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brid algorithm amalgamates the classical Jaya algorithm
with the student phase of Teaching Learning Based Op-
timization (TLBO), furnishing a robust foundation for
data generation. Six distinct algorithms were employed
for predictive analyses: Linear Regression, Decision
Tree, Elastic Net, K-Nearest Neighbour, Random Forest,
and the XGBoost algorithm. Due to the presence of mul-
tiple outputs in the dataset, Multioutput Regression
techniques were employed to ensure accurate model-
ing and prediction. In this study, both the optimum de-
sign of the welded beam has been realised and its opti-
mum design has been predicted by machine learning
models.

2. Methodology
2.1. Optimization

Optimization is the process of finding the best values
for system parameters among all possible values to opti-
mize the solution to a problem. Since optimization prob-
lems exist in every research field, it is necessary to de-
velop optimization techniques (Yang 2010). Optimiza-
tion aims to find the optimum value among the solutions.
Each iteration represents the starting point for the next
iteration. When optimization is applied structurally, it
aims to find the design that provides cost minimization
and the necessary structural requirements. The opti-
mum design includes the most efficient combination of
shape, size and topology values. Optimization methods
have a certain design framework. Optimization results
are required to remain within certain limits. The objec-
tive function in optimization is the definition of the value
to be kept at minimum level as a function. The aim of op-
timization is to find the most suitable combination for
these variables within the specified limits.

Due to the drawbacks of traditional optimization al-
gorithms, such as being stuck in local optima and the
need to specify the search space, interest in metaheuris-
tic optimization approaches has increased in recent dec-
ades. When, examining the behaviors of organisms in na-
ture, such as foraging, social behavior, and survival, we
find that there are several intelligent approaches. When
metaheuristic algorithms inspired by these approaches
are created, they yield very good results in solving real-
world problems (Fister et al. 2013). Metaheuristic algo-
rithms are used to solve optimization problems and find
optimal designs. Depending on the problem type, the ob-
jective function is minimized or maximized to produce
an optimal design under existing constraints. Metaheu-
ristics are heuristics that are inspired by nature. Me-
taheuristics aims to use the search space more efficiently
by further improving methods. These are often pre-
ferred because they can solve large, complex problems.
Especially in engineering, solving complex optimization
problems is very important. Metaheuristic algorithms
can converge to an optimal solution and produce effec-
tive solutions in a short time (Osman and Laporte 1996).
Metaheuristic optimization algorithms are a type of op-
timization algorithm designed to solve complex optimi-
zation problems that are difficult or impossible to solve

using traditional optimization techniques. They work by
simulating natural or social processes such as evolution,
swarm behaviour (Kennedy and Eberhart 1995) or a
process to explore the solution space, finding optimal or
near-optimal solutions. The data produced by optimiza-
tion using metaheuristic algorithms can be used in ma-
chine learning. In this study, 1189 data were generated
with the Jaya algorithm and used for training in machine
learning. In the study, optimization was performed with
a hybrid Jaya Algorithm (JA) by using MATLAB2018. The
data produced by the optimization were used in machine
learning.

2.2. Optimization framework

The Jaya algorithm (JA) outperforms other well-
known optimization algorithms in various benchmark
problems due to its simplicity and computational effi-
ciency. The Jaya algorithm is a powerful optimization al-
gorithm that shows great promise in solving a wide
range of engineering design problems and is a good al-
ternative to more complex and computationally time-
consuming optimization techniques. Although JA was
developed with a simple logic, it is a very successful al-
gorithm in terms of reaching the optimum solution in a
relatively short time.

JA is a single-phase metaheuristic algorithm that uses
the worst (g*) and best (g*) solutions in a single equa-
tion formulation developed by Rao. As Sankrit's name
means "victory", by using the best existing solution, the
new solution approaches the best solution in the world,
but by using the worst solution, we diverge from the
worst solution, you can win with optimization (Rao
2016). The Jaya algorithm starts the optimization pro-
cess with an initial population of randomly selected so-
lutions. The initial solution is randomly generated as Eq.

(D).

D;; = rand(D;, Dy, ..., D) (D

Next, potential solutions are produced to seek im-
proved alternatives compared to the current solutions,
as outlined in Eq. (2). During the candidate solution iden-
tification process, the value of each design variable in the
relevant solution is adjusted, bringing it nearer to the op-
timal design within the population and farther from the
least favorable design, based on their respective dis-

tances (Rao 2016).

Xnew = Xoia + rand()(g* — Xo1q) — rand((g” — Xoia)  (2)

In this formulation, Xnew and Xoid are the updated new
and existing solutions, respectively. A new solution is
generated using a random number between 0 and 1
(rand(0,1)).

Although JA is a single-phase, parameterless algo-
rithm, it is easy to apply, but local optimization can be
problematic for JA. Therefore, the second stage is pro-
vided by the student stage of TLBO. In this stage of TLBO,
two randomly selected existing solutions (X; and X;) are
used, as shown in Eq. (2). The equation changes depend-
ing on the value of the objective function (f{x)).



Aydin et al. / Challenge Journal of Structural Mechanics 10 (3) (2024) 86-94

89

_ {Xold +rand)(X; — X;) if F(X,) > F(X;) )

X
Xoia + randQ(X; — X;) if F(X)) < F(X))

2.3. Machine learning

Artificial intelligence (Al) is a sub-branch of computer
science and has gained a place in academia and industry
by enabling computers to behave intelligently. With the
development of computer technologies, the desire to
give computers the ability to establish relationships be-
tween data has led to the emergence of machine learn-
ing (ML). Machine learning can train itself with many
data and develop new behaviours by using this training
for other different conditions. While artificial intelli-
gence is the ability of programs to learn and behave like
humans, machine learning is an algorithm written for the
same purpose. There are some concepts used for optimi-
zation that aim to improve the performance of model
prediction. In recent years, researches have been studied
in the field of structural design optimization and ma-
chine learning applications for predictive modeling
(Cakiroglu et al. 2022, 2023a, 2023b; Bekdas et al. 2023;
Cakiroglu and Bekdas 2023; Liu et al. 2024; Aydin et al.
2024a).

There are many machine learning algorithms based
on the learning technique. After the data set is prepared,
machine learning algorithms are run to analyse the data.
Multiouput regression is performed with these algo-
rithms. The machine learning algorithms are trained us-
ing the training data set and then the success of the algo-
rithms is tested on the test data set. The machine learn-
ing algorithms used in the study are as follows: Within
the scope of the study, 6 different machine learning re-

gression methods including Linear Regression, Decision
Tree, Elastic Net, K-Nearest Neighbour, Random Forest
and XGBoost algorithms were used for prediction.

2.3.1. Multioutput Regression

Multiple output regression is a machine learning
problem in which multiple outputs are predicted based
on given inputs. Multiple output regression has a wide
range of applications. For example Nguyen et al. (2023)
used the multioutput regression to predict the strain and
energy absorption capacity of ultra-high performance fi-
bre reinforced concrete (UHPFRC) at the highest tensile
stress. Aydin et al. (2023e) applied optimization and
multioutput regression together for environmentally
friendly reinforced concrete column design.

Increasing the number of outputs to be predicted in
machine learning can cause complexity. Because the
increase of ML models corresponding to the output may
increase the processing lines in the computer. Therefore,
in such cases, the Multioutput Regression model
(Pedregosa et al. 2011) with accurate predictors
selected in the trial and error phase is preferred. In this
study, Multioutput Regression will be applied to
different ML models and the best model will be
determined. Thus, it will be possible to select the right
models that can show the best performance in predicting
targets using MORM. The dataset in this study has 5
outputs with 3 inputs. Six different predictors including
Linear Regression, Decision Tree, Elastic Net, K-Nearest
Neighbour, Random Forest and XGBoost algorithms are
used. A brief introduction to these models is given in the
rest of the paper. Fig. 1 shows the ML process of the
study.

1189 rows with 3 inputs and 5 outputs

P, L, Displacement
1000, 5, 0.1,
2000, 5, 0.1,
3000, 5, 0.1,
4000, 5, 0.1,

X

9000, 15, 0.3,
10000, 15 ,0.3,

0.1254, 0.9996, 2.8237, 0.1254, 0.2729
0.1332, 1.6206, 3.8745, 0.1332, 0.4196

0.1679, 1.8540, 4.226 ,0.1679, 0.5990
0.1475, 2.6657, 5.2064, 0.1475, 0.6801

0.3398, 3.2447,8.9127, 0.3398, 2.9274

X 3 Xy fx

0.3005 ,?i.SGSIJ, 9.9907, 0.3005, 2.9672

Machine Learning Models

|

OO

l

J Prediction

@ Multioutputs

Fig. 1. Machine learning process.

2.3.2. Linear Regression (LR)

Linear regression is a statistical method that as-
sumes a linear relationship between an input variable
(x) and a single output variable (y). It seeks to model
the relationship between the input and output by fit-

ting a straight line to the observed data points. The lin-
ear regression model is characterized by its simplicity
and interpretability, making it a popular choice for
predicting continuous outcomes when the relationship
between variables can be approximated by a straight
line.
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2.3.3. Decision Tree Regression (DTR)

A decision tree constructs a model for regression or
classification represented in a tree-like structure. It iter-
atively divides the dataset into smaller subsets and
builds associated decision trees incrementally. The re-
sulting tree comprises decision nodes and leaf nodes. For
soft classification, individual regression trees are con-
structed for each class. In this approach, the intensity
values of pixels across various bands serve as predictor
variables or feature vectors, while the known class pro-
portions of the pixels, termed as soft reference data, are
the target variables or target vectors for each regression
tree. During prediction, intensity values are input into
each regression tree, and the model provides estimated
class proportions as the output. This process enables the
assignment of soft classification probabilities to each
class, offering more nuanced insights than traditional bi-
nary classification methods (Cene 2022).

2.3.4. ElasticNet Regression (ENT)

Elastic net regression is a variant of linear regression
that incorporates a penalty term to adjust predictor co-
efficients. This penalty term combines both the L1 norm
(absolute value) and L2 norm (squared) of the coeffi-
cients, weighted by a parameter known as alpha. By lev-
eraging this combination, elastic net regression har-
nesses the advantages of both Lasso regression and
Ridge regression. In essence, elastic net regression is
adept at grouping and reducing parameters linked to
normalized variables. It provides the flexibility to retain
these parameters in the equation or remove them alto-
gether, offering a versatile approach to model selection
and feature reduction (Aytekin 2021).

2.3.5. K-Neighbors Regression (KNN)

In the context of regression, KNN is often referred to
as "K-nearest neighbor regression” or "KNN regression."
It is a simple and intuitive algorithm that makes predic-
tions by finding the K data points closest to a given input
and either averaging their target values (in the case of
numerical regression) or choosing the majority class. In
KNN regression, the distance between the selected ob-
servation and other observations is calculated first.

2.3.6. Random Forest Regression (RFR)

The Random Forest (RF) regression algorithm oper-
ates as an ensemble learning method, amalgamating a
multitude of regression trees. Each regression tree en-
capsulates a series of conditions or constraints orga-
nized hierarchically and applied sequentially from the
root to the leaves of the tree. The RF algorithm initiates
by generating several bootstrap samples with replace-
ments from the original training dataset. Subsequently, a
regression tree is constructed for each bootstrap sample.
At each node within every tree, a subset of input varia-
bles, randomly selected from the total set, is considered
for binary splitting. This randomness injects diversity
into the trees, enhancing the robustness and generaliza-
tion capabilities of the overall ensemble model.

2.3.7. eXtreme Gradient Boosting (XGBoost)

XGBoost stands as a gradient-boosting-based decision
tree ensemble meticulously engineered for high scalabil-
ity. In line with gradient boosting, XGBoost iteratively
builds an additive extension of the objective function by
minimizing a specified loss function. Notably, XGBoost
concentrates solely on decision trees as the fundamental
classifier. To regulate the complexity of these trees, a tai-
lored variation of the loss function is employed, ensuring
optimal model performance while controlling for over-
fitting. This meticulous approach allows XGBoost to de-
liver superior scalability and efficiency in handling di-
verse datasets and modeling tasks.

2.4. Dataset

To be used in machine learning, a dataset of 1189
rows was obtained using the optimization process.
Firstly, by using P, L and displacement values in the op-
timization performed on MATLAB, a dataset of 1189
rows with optimum size and optimum cost values was
obtained. This dataset was used in machine learning.
There are 3 inputs and 5 outputs in the data set. Inputs
are P, L, and displacement. In the training data, the ap-
plied load (P) was taken between 500-10000 lb, length
(L) was taken between 5-15 in and the displacement limit
was taken as between 0.1-0.3 in. The outputs are h (x1), ]
(x2), t (x3) and b (x4) and the objective function, cost. Ta-
ble 1 shows the statistical properties of the data set.

Table 1. Statistical properties of the data set.

Inputs and outputs Mean std deviation min max
P (Ib) 5478.5534 2878.9704 1000 10000
L (in) 9.9798 3.1677 5.0 15.0
Displacement (in) 0.1997 0.0631 0.1 0.3
x1 (in) 0.1940 0.0548 0.1250 0.4278
X2 (in) 2.9981 1.0403 0.9805 5.8534
x3 (in) 7.0081 1.8172 2.7888 10.0
x4 (in) 0.1940 0.0548 0.1250 0.4278
fx 1.3215 0.6628 0.2725 3.0546
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From Table 1, the mean value, standard deviation, tive scatter between inputs and outputs is shown in each
min and max value of inputs and outputs can be seen. Fig. cell. In the diagonal, there are also histograms in which
2 shows the scatter plot of the dataset. Thus, a compara-  there will be no self-scattering.
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Fig. 2. Scatter plot of dataset.
From Fig. 3, the overall process of the study canbe un-  results. Then this dataset was used different predictive

derstood. As indicated by Fig. 3, firstly dataset was gen- models and train test split used (30-70%). At the end, the
erated by Jaya Algorithm and achieved best (optimum) best predictive model is determined.
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Fig. 3. General framework of the study.

3. The Welded Beam Problem are applied. Welded beams are available in a wide range
of sizes, do not require preheating for welding, are pre-

Welded beams are designed for structural support to fabricated. It has applications in commercial and resi-
withstand buckling under heavy loads. Welded Beams dential construction, mining and energy facilities, engi-
provide a superior durability performance where they neering, transport and many other fields. Fig. 4 shows a
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rigid member welded to a beam in a welded beam de-
sign. As can be seen in the figure, load is applied at the
end of the member. The beam will be optimized for min-

imum cost by varying the weld and member dimensions.
The design variables of the problem are shown in Fig. 4
(h (x1), I (x2), t (x3) and b (x4)).

Fig. 4. Welded beam.

The aim of the study, which is to minimize the cost of
the cantilever beam design problem, is formulated by Eq.

(4).
min(f(x)) = 1.10471x,2x, + 0.04811x3x,(14.0 + x;) (4)

The design constraints consist of shear stress limits
(1), bending stress (o), buckling load (P.) and end deflec-
tion (). The design constraints in the problem are given
in Egs. (5-11) (Savsani 2014).

gl(x) = T(X) — Tmax = 0 (5)
92 (X) = G(X) — Omax < 0 (6)
g3(x) =x; —x, <0 (7)

ga(x) = 0.10471x,2 + 0.048111x3x,((14.0 + x,) 5.0 < 0 (8)

gs(x) =0.125—x, <0 9)
g6(x) = 8(x) — Oppax < 0 (10)
g;x)=P—-P. <0 (1D

The parameters required for the calculation of these
constraints are given in Egs. (12-20).

T(x) = \/(f)z + 207" 22 4 (1) (12)
r P

L (13)
n MR

T = T (14—)

M=pP(L+2) (15)

"L
N
N
N
NG
N
N
N
N
N
N
b
X2 X1+x3
R=J7+ ( 2 ) (16)
2
J=2 [\/Exlxz {% + (B2 }] (17)
o) =7 (18)
5(x) = 25 (19)
4413
2.6
4.013E /x3x4
P.(x) = —(1 -3 %) (20)

Here E=30-106 psi, G = 12-10° psi, Tmax= 13600 psi,
omax=30000 psi. With the first constraint (g1), it is en-
sured that the maximum shear stress developed is less
than the safe shear stress of the weld material. With the
second constraint (g2), it is checked whether the maxi-
mum normal stress developed is less than the safe nor-
mal stress in the beam. The third to fifth constraints (g3
- gs) ensure that the geometric dimensions are suitable
for design. The sixth constraint (gs) ensures the displace-
ment limit of the beam. The seventh constraint (g7) en-
sures that the load on the beam is not greater than the
safe buckling load. In the equations, M is the moment, P
is the force on the beam and P is the buckling load on the
bar (Akyol and Feneaker 2022).

4., Results and Discussion

The performance of regression models was assessed
using key metrics such as the Coefficient of Determina-
tion (R?), Mean Absolute Error (MAE), and Root Mean
Square Error (RMSE). R? quantifies the proportion of
variability in the dependent variable explained by the
model. MAE represents the average magnitude of predic-
tion errors, while RMSE provides a measure of the typi-
cal magnitude of these errors. While individual results
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may not offer substantial insights, they serve as numeri-
cal benchmarks for comparing different model perfor-
mances, aiding in the selection of the most suitable re-
gression model. RMSE is derived from the square root of
MSE, where MSE quantifies the average squared differ-

ence between predicted and actual values. MAE, on the
other hand, calculates the average of all absolute predic-
tion errors. Performance metrics for the machine learn-
ing models employed in this study are presented in Ta-
ble 2.

Table 2. Performance metrics of ML models.

Model R? MAE RMSE
Linear Regression 0.7550 0.2318 0.2886
Decision Tree Regressor 1.0 6.1344e-11 9.4637e-10
Elastic Net Regressor 0.6951 0.2432 0.3089
K Neighbors Regressor 0.8359 0.1343 0.1999
Random Forest Regressor 0.9647 0.0604 0.0935
XGBoost 0.9660 0.0611 0.0860
According to the results in the Table 2, the R2 value of
the Decision Tree is 1. This value was obtained as 0.7550,  acknowledgements

0.6951, 0.8359, 0.9647 and 0.9660 with Linear Regres-
sion, ElasticNet, KNN, RFR and XGBoost algorithms re-
spectively. As a result of the analysis, DTR showed both
the fastest and the most successful performance for min-
imum cost prediction. Decision Tree was the most suc-
cessful ML model in predicting the values to minimize
the cost. It has the highest Rz and the lowest error values.
It is followed by XGBoost, which is very close to Random
Forest. Linear Regression performed the worst with the
lowest R? and the highest error values.

5. Conclusions

In structural design, economy is an indispensable ele-
ment as long as it does not harm reliability. Nowadays,
very large amounts of data can be accessed using optimi-
zation. With the ability to generate data using optimiza-
tion and the development of machine learning methods
that can process the data, it is possible to reduce costs in
structural engineering design. The main objective of this
study is to apply machine learning algorithms to engi-
neering design and to realize less costly design. For this
purpose, load, length and displacement were deter-
mined as input and b, h, I, t, minimum cost were deter-
mined as output. By using these input and output data,
Linear Regression, Decision Tree, Elastic Net, K-Nearest
Neighbour, Random Forest, and XGBoost algorithms, the
result that will give the minimum cost of the welded
beam is reached.

In this research, optimization and machine learning
are performed together. The performance of ML models
were compared using Python. Based on the comparison
of these results, Decision Tree Regression was superior
(R2=1, MAE=6.13e-11, RMSE=9.47e-10) to other ML
models for the prediction of minimum cost design. In
summary, this study demonstrates that optimization and
ML models could be used effectively to design with min-
imum cost.
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ABSTRACT ARTICLE INFO

Nowadays additive manufacturing is frequently used, especially in industrial appli-
cations such as aerospace and biomedical. In the additive manufacturing method,
thanks to the layered manufacturing technique, it enables the production of compo-
nents with all kinds of complex geometries and accelerates the production process.
As it is known, the orientation of the layers in the additive manufacturing technique
affects the mechanical properties of the components. Among the parameters affect-
ing strength, layer thickness, production direction and layer geometry are of great
importance. In this study, the effect of layer orientation on component strength in
SLA-based additive manufacturing was experimentally investigated. Consequently,
standard tensile samples were produced at four different production orientation us-
ing the UV Stereolithography method. Tests of the tensile samples were carried out
at constant tensile speed and tensile curves were obtained. According to the results,
it was determined that the layer joints parallel to the shear plane exhibited the lowest
strength. Therefore, samples produced at the parallel to the shear plane fractures at
lower loads and showed low strength. Considering the experimental results ob-
tained, it has been determined that the structure orientation affects the mechanical
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properties of the component by ~20%.

1. Introduction

Additive manufacturing is a production process in
which the material is added layer by layer using sliced
three-dimensional data. It is utilized in various fields
such as the automotive industry, defense sector, biomed-
ical field, and consumer sector, helping to overcome lim-
itations often encountered in traditional production
techniques (Chong et al. 2018; Mohanavel et al. 2021;
Wang et al. 2021). Additive manufacturing technology is
highly popular, particularly in the production of parts
with complex geometries.

There are many 3D printing technologies available to
better respond to industry applications. Among these,
fused deposition modelling (FDM), stereolithography
(SLA), selective laser sintering (SLS) technologies have
been developed by commercial companies and are
widely used today (Siirmen et al. 2019). In addition to

obtaining the desired geometric properties of the parts
with the additive manufacturing technology, the me-
chanical performance in the field of use is also very im-
portant (Tymrak et al. 2014; Chacdn et al. 2017). Many
parameters such as continuity in layer geometries, layer
thickness, layer adhesion performance, position of lay-
ers according to part load balance, production surface
quality affect the mechanical effect of these parts
(Sheoran et al. 2020). Wang et al. performed experi-
mental and numerical analyzes to determine the effects
of layer thickness and printing angle for the elastoplastic
structure. Based on the data acquired from the study, it
was observed that the elastic modulus and tensile
strength decrease as the layer thickness increases
(Wang et al. 2020). Matos et al. proposed multi-objective
approximation functions to assist in determining the op-
timal build orientation for part production. These objec-
tive functions were developed based on parameters such
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as the requirement for support structures, production
time, surface roughness, and overall surface quality (Ma-
tos et al. 2021). Shim et al. (2020) examined the effect of
printing orientation in additive manufacturing on sur-
face characteristics and microbial adhesion, as well as
mechanical properties. They have experimentally
proven that they get the best results from the researched
findings with 0 degree production orientation according
to positioning. Hada et al. (2020) produced the maxillary
prosthesis models with different angles (0°, 45°, and
90°) to assess the impact of production direction on the
accuracy of model. They found that the printing direction
set at 45° yielded the highest production accuracy. Al -
Dulaijan et al. (2023) experimentally confirmed that for
production orientations grouped as 0.45 and 90 degrees,
the highest bending strength values were obtained from
production parts with 0 degrees. In addition, they stated
that high energy was required for crack propagation and
that these properties increased significantly as the cur-
ing time increased. Li and Teng (2024), emphasized that
tensile strength is affected by printing orientation, ex-
plained that the strength decreases with increasing ori-
entation angle with a linear correlation.

Additive manufacturing is very often preferred for the
production of complex geometries with its development
in the design configuration in the field. Complex geome-
tries have internal structures with angle values that dif-
fer according to the direction of manufacturing. The aim
of this study is to experimentally investigate the changes
in the mechanical differences that the build orientation
will create in the structure. Standard tensile samples are
produced with SLA method at different build orienta-
tions (0°, 30°, 45°, and 90°) and subjected to mechanical
tests. A stress-strain curve is generated for each individ-
ual sample.
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2. Materials and Method

Standard tensile samples were taken as reference in
the study. Tensile samples were modeled in accordance
with ASTM D638 (Fig. 1).
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Fig. 1. The tensile test samples dimensions.

Tensile samples were positioned on the build plat-
form at 0°, 30°,45° and 90° angle values according to the
build direction (Fig. 2). Fig. 2 was showed the visualiza-
tion that the layers will have the same layer spacing and
different layer numbers according to the placements at
different angles.

.
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Fig. 2. The build orientation of tensile samples production.

Stereolithography (SLA) technology, one of the addi-
tive manufacturing methods, was preferred for produc-
tion (Fig. 3). With this technology, the build platform is im-
mersed in the liquid resin tank for each production layer,
and solidification is carried out with the ultraviolet rays. It
provides solidification of parts in desired geometries in a
short time with ultraviolet rays.

The production device used was the Anycubic Photon
M3 3D printer model (Fig. 4a). A gray liquid resin from the

SLA printer's brand was utilized. Five samples were gener-
ated for each build orientation. The layer thickness was set
to 0.05 mm and the normal exposure time was set to 2 s.
After the production period of approximately 1 hour and 45
minutes, the samples were washed with ethanol alcohol to-
gether with the build platform (Fig. 4b). Afterwards, the
samples were separated from the build platform and
placed in the curing device of the same brand for curing.
The curing process was carried out in 10 minutes (Fig. 4c).
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Fig. 3. UV Stereolithography method, one of the
additive manufacturing technologies.

The mechanical performances of the samples were
evaluated by tensile tests. Tensile tests were performed
using the INSTRON 3382 brand (Fig. 5). Three samples
at each angle value were tested. Strain at a rate of 0.5

ANYCUBIC PHOTON M3

(@)

(b)

mm/min was applied until fracture was observed in the
samples. Metal plates were attached to both grip section
of the samples. This prevented the compression of the
polyethylene materials in the tensile samples between
the grips of the tensile machine.

3. Results and Discussion

Tensile samples produced using SLA were visualized
using light microscopy (Fig. 6). The layer orientation of
samples with different build orientations was described.
The enlarged layer lines depicted in Fig. 1 were obtained
in consistent directions during production. The green
lines indicated the layer direction, serving as indicators
of the desired build orientations.

Three tensile tests were performed for each orienta-
tion. Data for each angle was created by taking the aver-
age of repeated tests. As a result of the tensile tests, the
stress-strain curves of the samples in different build ori-
entations were added as Fig. 7. Tensile samples had a
typical curve like ductile materials.

(c)

Fig. 4. (a) Anycubic Photon M3 model printer used for production;
(b) Post-production sample images; (c) The curing process applied to the samples.

Fig. 5. The tensile testing machine and the specimens being tested.
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(d)

Fig. 6. Post-production images: (a) 0° (b) 30°; (c) 45°; and (d) 90° samples.

40
30|
<
S 20}
o
=
[}
90° Sample
10 f —— 30° Sample
—— 45° Sample
—— 0° Sample

0 2 4 6 8 10 12
Strain (%)
Fig. 7. Stress-strain curve: (a) 0° (b) 30° (c) 45°; and (d) 90° samples.

The samples with the same cross-sectional area frac- strength, 45° samples had the lowest. However, the 45°
tured at different strain and stress values relativetoeach ~ samples had the highest strain rate. The experimental re-
other. While 90° samples had the highest ultimate sults of the samples were added to Table 1.

Table 1. Average tensile test data and standard deviation for each manufacturing orientation.

Sample Yield strength (MPa) Strain (%) Ultimate strength (MPa)
0° 13.1805 + 0.46 9.0103 +1.17 33.9613+2.13
30° 11.1325+0.98 6.9934 + 0.49 33.3697 + 1.5
45° 12.0127 + 0.99 9.9815 + 0.41 33.44993 +1.31

90° 13.0798 £ 1.6 7.5654 £ 0.27 35.9398 + 4.36
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According to the yield strength in Table 1, the 30°
samples had the lowest strength. 0° showed the highest
yield strength. When the yield strength is listed quanti-
tatively, the yield strength increases respectively: 30°,
45°,90°, and 0°. There is approximately a 1% difference
between the yield strength of 0° and 90° samples.

The strain rate value increases between 30°, 90°, 0°

and 45° samples, respectively. Ultimate strength was
also a precursor to the mechanical difference in build
orientation. Also, the 45° sample with the highest strain
value had the lowest ultimate strength. The 90° sample
had the highest ultimate strength. Fracture images of
tensile samples with different build orientations were in
Fig. 8.

(C)

Fig. 8. The fractures samples surface after tensile test: (a) 0°; (b) 30°; (c) 45°; (d) 90°.

The fracture mechanism in the 0° samples was shear
failure type (Fig. 7a) (Pelleg et al. 2021). This fracture,
which is considered to be very ductile, originates from
the layer merge planes. The plastic behavior in the inter-
layer adhesion regions produced parallel to the x-plane
is higher than the layer structure (Aliheidari et al. 2018).
The difference in ductile behavior caused the fractures
to occur in the fracture plane close to 45°. In 30° samples,
the fracture plane was perpendicular to the loading di-
rection (Fig. 7b). This fracture mechanism type shows
that the structure exhibits less ductile behavior. The fact
that it had the lowest strain rate (Table 1) was proof of
that. The fracture plane of the 45° samples was also par-
allel to the x plane, but the strain rate of the structure
was the highest compared to the other structures (Fig.
7¢c). As it is known, the maximum shear stress in struc-
tures occurs at 45° (Goh et al. 2021). Maximum shear
stresses occurring in tensile specimens with 45° build
orientation are in the same plane with the layer merges.
Farkas et al. (2023) noted in their experimental study
that the fracture plane was "V" shaped. They stated the
reason for this is the eccentric tensile load according to
the layer combinations. It is also encountered in these
samples that the plastic behavior between the layers is
more than the layer. This is proof that it has the highest
ductility despite the lowest ultimate strength. A fully
ductile fracture type was observed as the fracture mech-
anism in the 90° specimens (Fig. 6d). However, the data
in Table 1 indicate that the ductile behavior of the struc-
ture is lower compared to the 0° and 45° samples. The
main reason for the occurrence of this type of fracture is
the ductile behavior difference between the layer inte-
rior structure and the interlayer points (Aliheidari et al.

2018). Layers that are less ductile have higher tensile
strength but lower deformation. The tensile strength of
the layer junction planes after a layer has broken is low,
but the ductility is partially higher.

It was evident from the experimental results that the
build orientation affected the mechanical properties of
the tensile specimens. The same situation is observed in
samples produced with different additive manufacturing
technologies (Wang et al. 2021; Patadiya et al. 2018). In
various studies, it has been experimentally stated that
production accuracy, surface roughness and especially
mechanical properties vary depending on the angle of
the layers with the production platform (Naik and Kiran
2018; Coppola et al. 2022). This will assist in evaluating
the mechanical properties of porous structures popular
with additive manufacturing technology (Giinther et al.
2022), considering especially its lightness superiority
(Ghahramanzadeh Asl and Karaman 2024). Complex ge-
ometry surfaces of porous structures have different an-
gles with respect to the production plane. Different ef-
fects can be observed on the surfaces as a result of me-
chanical loading in the porous structures produced. This
situation may be related to build orientation and this ef-
fect is proven once again by this study.

4., Conclusions

In this study, the effects of build orientation on the
mechanical performance of structures in additive manu-
facturing technologies were investigated. Tensile speci-
mens with 0°, 30°, 45°, and 90° build orientations were
produced with SLA. Stress-strain curves of the samples
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were obtained by tensile tests performed with a constant
strain rate. In terms of ultimate strength, 90° samples
had the highest ultimate strength, while 45° samples had
the lowest ultimate strength. 30° samples had higher ul-
timate strength than 0° and 45° samples. However, rup-
ture occurred at the lowest strain rate of the four sam-
ples. It has been proved by the experimental results that
the build orientation is directly effective in structural
mechanics.
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ARTICLE INFO

The silos and vertical cylindrical tanks of small volumes are often built in batteries,
at short distances between them. As a result of their close location, the wind load on
them increases. In the European standard EN 1991-1-4:2005+A1:2010 exists a meth-
odology for determining this increase, which is dependent on the ratio a/d, where a
is the distance between the facilities and d is their diameters. Unfortunately, this
methodology is applicable for ratios a/d > 2.5. In cases where the values are smaller,
the standard transfers to the national annexes. In the available to the author annexes,
including the Bulgarian one, there is nothing on the subject. Moreover, the necessary
information could not be found in the public scientific literature. Only in the Austral-
ian/New Zealand standard AS/NZS 1170.2:2011 are written some simple rules for
closely spaced vessels. To fill this gap, multiple models of closely spaced cylindrical
bodies has been created by the author. A computer fluid simulation (CFD) program
is used for this purpose. In the present study, the bodies are arranged in one row and
the wind blows them perpendicularly. Through these computer models is deter-
mined how the wind load changes due to their proximity. In contrast to what is stated
in EN 1991-1-4:2005+A1:2010, the dependence is not linear, and the influence of the
close arrangement of the bodies decays much faster. On the other hand, this influence
should be considered at much greater distances between bodies than stated in
AS/NZS 1170.2:2011.
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1. Introduction

Silos and vertical cylindrical tanks of small volumes
are often built in batteries, at short distances between
them. As a result of their close location, the wind load on
them increases. Some standards specify how this should
be accounted for. For example, standard AS/NZS
1170.2:2011 states that grouped circular bins, silos and
tanks with spacing between walls greater than two di-
ameters shall be treated as isolated silos. Closely spaced
groups with spacing less than 0.1 diameters shall be
treated as a single structure for wind actions. For inter-
mediate spacings, linear interpolation shall be used.

The European standard about wind load from 2005,
EN 1991-1-4:2005, states that for vertical cylinders ar-
ranged in a row, the force factor k depends on the wind

direction relative to the axis of the row and on the ratio of
between distance g and diameter d, as shown in Table 1.
In the latter edition of the standard, EN 1991-1-
4:2005+A1:2010, there is a change in how to determine
the factor k, as is shown in Table 2.
In the available to the author National Annexes is
written:
a) In the Bulgarian National Annex, BDS EN 1991-1-
4:2005/NA:2011 - there are no defined values for the
factor k when a/d < 2.5;
b) In the Danish National Annex, DS/EN 1991-1-4 DK
NA:2015, is written only “Table 7.14 may underestimate
the wind force for a/b < 2.5”. Le. the problem is here and
it is clear, but there is no solution for it;
c) In the Singapore National Annex, NA to SS EN 1991-1-
4:2009 - there are no additional information.
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Table 1. Factor k for change of the wind load on vertical cylinders in a row arrangement
according to EN 1991-1-4:2005, Table 7.14.

a/d

a/d<3.5

3.5<a/d<30

a/d>30

k d . d d
1.15

210—%

180

1.00 a a

Table 2. Factor k for change of the wind load on vertical cylinders in a row arrangement
according to EN 1991-1-4:2005+A1:2010, Table 7.14.

a/d

25<a/d<35

35<a/d<30

a/d>30

Kk . d o d 4
115

210—%

180

1.00 a a

Note: for a/d < 2.5 the values of k may be given in the National Annex.

Macdonald et al. (1990) have studied in detail how the
wind pressure changes over individual points in the cen-
tral body of five closely spaced cylindrical bodies. Both
the distance between the bodies and the angle of attack
of the wind flow relative to the axis of the array of bodies
were varied in their experimental models. Unfortu-
nately, they did not look at how the summarized (total)
wind load changes for the entire cylindrical body.

Except for the research above, no other useful infor-
mation on the topic public scientific literature has been
discovered by the author. To fill this gap, numerous mod-
els of closely spaced cylindrical bodies, where a/d < 2.5,
see Tables 1 and 2, has been created. They are arranged
in one row. A computer fluid simulation (CFD) program
is used for this purpose. Through these numerical mod-
els is determined how the close position of the bodies
changes the wind load on them.

2. Description of the Numerical Model

In the present study, the behaviour of the wind flow
and the load generated by it was chosen to be analysed
through computer simulation. Using the Workbench
graphical interface of ANSYS (2024) and its Fluid Flow
(CFX) module, multiple spatial models of site-built verti-
cal cylinders were created. They are arranged in one
row, perpendicularly to the wind flow. For bigger real-
ism, their roofs are conical, with a height f= 50 mm, see
Fig. 1.

The diameter of all cylindrical bodies is only one, d =
1,000 mm. In the models, the heights of the cylindrical
bodies, their number, and the distance between them are

changed. There are three heights of the cylindrical parts
of the bodies - h = 2,500 mm, 5,000 mm and 7,500 mm.
The other changes in the stacked cylindrical bodies are
as follows:

a) Number of the cylinders - n = 1; 2; 3; 4 and 5, see Fig.
2;

b) The distance between their centres, see Tables 1 and
2,a=1.1;1.2;1.5;2;3;4;5;6;7;8 9and 10 m.

! \

NN qk NN

d

Fig. 1. Shape and dimensions of the examined bodies.

Spatial analysis was used in the present study. First, a
cylindrical body is created, with the shape and dimen-
sions shown in Fig. 1. Then it is multiplied. Parallelepi-
ped-shaped wind tunnels have been created around the
rows of cylinders, see Figs. 3 and 4. The boundaries of
the wind tunnels are located at the following distances:
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a) About the facilities with height h = 2,500 mm and
5,000 mm:

- Inlet of the fluid - at 30 m;

- Outlet of the fluid — at 60 m, i.e. the cylindrical bodies
are located closer to the inlet of the wind tunnel than to
the outlet, see Fig. 3;

- Vertical boundaries - at 30 m;

- “Roof"” of the tunnel - at 30 m;

- “Bottom" of the tunnel - because the cylindrical bod-
ies in the current simulations are placed on the ground,

the distances between them and the “bottom” are equal
to zero.
b) About the facilities with height h = 7,500 mm:

- Inlet of the fluid - at 45 m, see Fig. 4;

- Outlet of the fluid - at 90 m;

- Vertical boundaries - at 45 m;

- “Roof” of the tunnel - at 45 m;

- “Bottom“ of the tunnel - the distances between the
cylindrical bodies and the “bottom” are equal to zero.

et

LEELT

Fig. 2. Number and position of the examined bodies.

Fig. 3. Shape and dimensions of the wind tunnels
when heights of the cylindrical bodies are 2 = 2,500 mm and 5,000 mm.
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45m

Fig. 4. Shape and dimensions of the wind tunnels
when heights of the cylindrical bodies are h = 7,500 mm.

The determining of the above-written distances be-
tween the boundaries of the virtual wind tunnel and the
facilities is based on the principle that airflow adjacent
to the bodies should not be affected, see Rusev et al.
(2012a) and Pantusheva et al. (2022). Accepted dis-
tances are bigger than the requirements of Tominaga et
al. (2008), as follows:

- The top/side boundary should be set 5H or more
away from the obstacle, where H is the whole height of
the bodies in the current research (H = h+f, see Fig. 1);

- The outlet boundary should be set at least 10H be-
hind the obstacle.

For facilities where h = 5,000 mm and 7,500 mm their
total height is H = 5,050 mm and 7,550 mm respectively.
In other words, the accepted distances are almost 6H and
12H, like the simulations of Hillawaere et al. (2013,
2015).

At the same time, to avoid heavy computer solutions
and save computational time, the maximum number of

finite elements is maintained within reasonable limits.
To optimize their mesh, it is significantly refined in the
area around the facilities, see Fig. 5, and is coarse to the
periphery, as is done in Rusev et al. (2012b). The maxi-
mum size of the finite elements of the air is limited to:

a) Elements in direct contact with the cylindrical bodies
-100 mm;

b) Elements in direct contact with the “bottom” of the
wind tunnel - 500 mm;

c) All other elements - 1,000 mm.

The "Linear” option was used when creating the mesh
finite elements, as a result of which nodes in the middle
of their edges are not preserved. This approach reduces
the required computational time. The finite elements are
"Tetrahedrons", with four nodes each. The algorithm for
creating the mesh is "patch conforming”, i.e. it starts
from the edges and surfaces of bodies. This approach
guarantees a "clean" mesh and high accuracy of the solu-
tion.

Fig. 5. Refinement of the mesh around the circular bodies.
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Steady-state analysis type is used in a Fluid Flow
(CFX) module. k-¢ model, part of the Reynolds-averaged
Navier Stokes (RANS) family, is used to simulate the tur-
bulent flow of the fluid around the bridges. According to
Agyropulos and Markatos (2015), they look like as:

a_u—l._l_a(u—iu—j):_i@ vﬁ_a(ul{u;) )
at Ox;j p 9x; 0%x; Ox;j
where u; is the mean speed of the fluid; ulf is the change
of the speed; p is the density of the fluid; v is the kine-
matic viscosity; t is the time; p is the pressure of the
fluid; and u; u]f = 1;; is the tensor of the stresses of Reyn-
olds.

In analogy to molecular viscous stresses, Reynolds
stresses can be represented by Markatos (1986) as:

om0

— 7 2
Tiyj = U uj = Sk — v (ax]- + Bxi> (2)

where k is the kinetic turbulence energy; and v: = ut/p is
the turbulence or eddy (kinematic) viscosity.

In the models with one equation, according to Laun-
der and Sharma (1974), v is accounted by the expres-
sion:

Ve = 1/1\/H (3)

in which Cv1 is a dimensionless parameter.

A two-equation model, such as the used here standard
k-& model, uses differential equations to calculate the
characteristic velocity, on the length scale L, and then
evaluates the value of v: by the following equation, see
Markatos (1986):

2

k
Ve = C,u? (4)

where C, = 0.09; and ¢ is the turbulence dissipation rate.

These RANS equations are an adequate representa-
tion of the wind tunnel's reality, Baklanov et al. (2007).
Accepted turbulence has a medium (5%) intensity. No
combustion and thermal radiation. The used fluid is an
air-ideal gas with a temperature of 25 °C. Its speed at the
inlet domain of the tunnel is constant in height and has a
value of v =25 m/s. Flow regimes in the outlet and open-
ing domains are subsonic, with a relative pressure of 0
Pa. Flow direction is normal to boundary conditions for
the domain opening. The domain of cylindrical bodies is
a no-slip smooth wall. The surface of the terrain under
the bridge is perfectly smooth, too (Zdravkov 2022).

Unlike the research of Yu etal. (2011), main wind flow
is horizontal there, i.e. the angle of attack is 0°. The direc-
tion of the approaching wind is perpendicular to the axes
of the row of cylinders.

During its movement, the wind flows around the facil-
ities, see Fig. 6a, which leads to the occurrence of pres-
sure on their surfaces, see Fig. 6b. As a result, horizontal
forces are generated at the base of the cylindrical bodies
and they can be accounted. Considering the force at the
base of an isolated (independent) cylinder and compar-
ing it with the forces at the bases of multiple bodies

united in a group, can determine the influence of the dis-
tance between the bodies, using Eq. (5):

o= bl (5)

where Fp;i is the horizontal force at the base of the i-th
cylindrical body of the group, accounted in the direction
of the wind flow; and F1 is the accounted in the direction
of the wind flow horizontal force at the base of the iso-
lated (independent) cylinder.

(a) wind flow around the facilities

e
\ o

(b) pressure on surfaces of the bodies

Fig. 6. Wind flow around the cylindrical bodies and the
resulting pressure on their surfaces.

3. Results and Discussion

The shearing force Fs; in the base of every one cylin-
drical body in the group is obtained during the research.
Analogical data Fr1is accounted for the isolated (inde-
pendent) cylinders. The values of factor k are calculated,
using Eq. (5). They are shown graphically in Figs. 7-9,
where: a is the axial distance between the cylindrical
bodies, see Table 1 and 2; and d = 1,000 mm is the diam-
eter of the bodies in the research.

The numerically obtained values for the factor k are
compared with those, determined analytically, accord-
ing to the methodology of EN 1991-1-4:2005+A1:2010,
see yellow line in Figs. 7-9.
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Fig. 7. Influence of the distance between cylindrical bodies with a high h = 2.5 m on the total wind load on them.
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Fig. 8. Influence of the distance between cylindrical bodies with a high h = 5 m on the total wind load on them.
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Fig. 9. Influence of the distance between cylindrical bodies with a high h = 7.5 m on the total wind load on them.

Analyzing the graphs above within the framework of
the present study, where the maximum number of cylin-
drical bodies in a row is five and the axial distance be-
tween them is in the interval a = (1.1 + 10)-d, the follow-
ing impression is made:

a) When wind blows perpendicularly to the axis of the
row, there is a difference in the wind load on the outer
and internal bodies. The shearing forces in the bases are
smaller at the outer bodies and bigger at the internal
ones;
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b) The amplification of the wind load is more significant
for bodies with larger values of the height-to-diameter
ratio (h/d);
¢) The wind load on the cylindrical bodies decreases as
the distance between them increases. The dependence
here is non-linear, in contrast to the linear expression,
specified in standard EN 1991-1-4:2005+A1:2010;
d) For outer cylindrical bodies, the coefficient k< 1.2, re-
gardless of how close they are to each other. Le., for them
can be assumed factor k = 1.2 within the limits 1.1 < a/d
< 2.5;
e) For internal bodies, the factor k can be taken as fol-
lows:

- k = 1.8 within the limits 1.1 < a/d < 1.5;

- k = 1.55 within the limits 1.5 < a/d < 2.0;

- k=1.35in the limits 2.0 < a/d < 2.5;
f) The maximum value of the factor k = 1.027 at a ratio
a/d=8,i.e.the overload is only 2.7% compared to an iso-
lated cylinder. The coefficient k is even smaller for values
of a/d > 8. It is therefore very likely the specified in the
standard EN 1991-1-4:2005+A1:2010 requirement to
consider the influence of closely spaced cylindrical bod-
ies ata/d < 30, is too strict. On the other hand, it is quite
possible that the statement in the Australian and New
Zealand standard AS/NZS 1170.2:2011, that at distances
greater than twice their diameter they should be consid-
ered as isolated (separate) facilities, is overly optimistic.
g) At the current stage of the research it appears that
when the ratio a/d > 8, the increase in the wind load is
negligibly small and does not necessary to be consid-
ered.

4. Conclusions

The European standard EN 1991-1-4:2005+A1:2010
does not specify a methodology for determining the in-
crease in wind load at ratio a/d < 2.5, see Tables 1 and 2.
In the available to the author national annexes, including
the Bulgarian one, BDS EN 1991-1-4:2005/NA:2011,
recommendations on the subject do not exist, too. In an
attempt to find the information he needed, the author
first surveyed the available scientific literature on the
topic. After failing to find the necessary data, a paramet-
ric computer study was conducted. Many numerical
models of closely spaced cylindrical bodies, has been
created, using the ANSYS Workbench graphical interface
and its Fluid Flow (CFX) computer simulation module.
The following conclusions can be drawn from the re-
search:

e The reduction of the effect of the mutual influence of
closely located bodies is non-linear, in contrast to the
linear dependence specified in the standard EN 1991-
1-4:2005+A1:2010. This requires the written in the
standard methodology to be refined;

e The mutual influence of the bodies due to wind load
on them decreases much faster, compared to what is
indicated in EN 1991-1-4:2005+A1:2010. On the
other hand, this influence should be considered at
much greater distances between bodies than stated in
AS/NZS 1170.2:2011. Le. here both standards should
be refined;

e The following values could be assumed for the factor
k, until more research is done on the subject:
- For outer bodies - k = 1.2 within the limits 1.1 < a/d
< 2.5;
- For internal bodies:
k = 1.8 within the limits 1.1 < a/d < 1.5;
k = 1.55 within the limits 1.5 < a/d < 2.0;
k=1.35in the limits 2.0 <a/d < 2.5;
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Global warming is widely recognized as one of the most pressing issues of our time.
One of the primary contributors to this phenomenon is the emission of CO2, which
significantly exacerbates global warming. Today, the production and industry of ce-
ment stand out as leading sources of carbon emissions. Consequently, the scientific
community is actively researching solutions to reduce cement usage. Some of these
efforts focus on alternative binders such as silica fumes and lime. In this study, the
goal is to enhance silica fume and lime binder composites, optimizing them for both
refractory and insulating properties using the Taguchi optimization method. The re-
sults indicate significant improvements in compressive and flexural strengths, which
were further validated through testing. The highest compressive strength achieved
was 11.97 MPa, while the maximum flexural strength reached 0.34 MPa. This re-
search underscores the potential of alternative binders in mitigating the environ-
mental impact of cement production while enhancing material performance in vari-
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1. Introduction

Today, climate change occurring as a result of both
anthropogenic and natural effects significantly worsens
human and environmental security (Karanafti et al.
2022). People spend most of their time in buildings, both
in their daily and working lives. These buildings are ex-
pected to have comfort features that will not threaten
human health and safety. Especially as a result of anthro-
pogenic effects, a large amount of various waste prod-
ucts is released into the environment in industrial sec-
tors. These products cause global warming, which is a
major environmental problem, by releasing greenhouse
gases such as carbon dioxide, especially disposal prob-
lems. The construction industry is one of them (Kosse et
al. 2016).

It is estimated that buildings consume more than 45%
of global energy consumption (Rashad et al. 2022a) and
this figure is expected to rise in the coming years

(Rashad et al. 2022b). Effectively managing scarce en-
ergy resources has become a top priority worldwide,
particularly as energy demand continues to grow rap-
idly. Currently, achieving comfort in energy-efficient
buildings involves using insulation materials that are not
only environmentally friendly but also energy-saving,
thanks to their thermal and mechanical properties.
These modern materials are replacing traditional op-
tions, enabling buildings to maintain comfort while re-
ducing energy consumption and environmental impact
(Van Nguyen 2023).

Thermal insulation materials are crucial for maintain-
ing comfortable indoor temperatures for both heating
and cooling while preserving the natural state of living
organisms and objects. These materials are broadly cat-
egorized into two main types: inorganic and organic. In-
organic insulation materials, such as silica fume (SF)
based geopolymers, are extensively used in the construc-
tion industry. The use of mineral additives such as mi-
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crosilica, also known as silica fume, in cementitious sys-
tems has positive effects both environmentally and eco-
nomically. It helps fill voids and exhibits a partial binding
effect, enhancing the overall performance of the material
(Yorulmaz et al. 2021; Oltulu and Sahin 2013). They are
preferred due to their low flammability and non-toxic
properties. Despite having higher thermal conductivity
compared to organic insulation materials, inorganic op-
tions like geopolymers offer superior mechanical
strength and environmental durability (Rashad et al.
2024). It has been stated that geopolymers offer numer-
ous advantages, including superior mechanical proper-
ties (Mahmoodi et al. 2022), high resistance to elevated
temperatures (Celikten et al. 2020), and resistance to
acid (Thokchom et al. 2009) and sulfate effects (Bhutta
etal. 2013), along with environmentally friendly charac-
teristics (Alakara et al. 2022). These characteristics
make them highly suitable for applications where fire
safety and longevity are critical considerations.

Alkaline liquid and pozzolanic materials are used to
bond geopolymer material components. Inorganic min-
eral additive materials such as SF, metakaolin, slag and
fly ash, rich in silica (Si) and aluminum (Al), are pre-
ferred as pozzolanic materials (Duxson et al. 2007; Tho-
In et al. 2012). Aluminum silicates in pozzolanic materi-
als enable the production of high-performance geopoly-
mer materials in terms of their physical and mechanical
properties through polymerization reaction (Zakka et al.
2021). Additionally, calcium hydroxide (lime), a weak al-
kali with a high calcium content, can be incorporated
into components to improve the setting time and early
strength of such geopolymers (Das et al. 2020). Addition-
ally, by adding waste materials such as SF, additional sil-
icate is included in the geopolymer system (Bajpai et al.
2020). The increase in the silicate/aluminate ratio in ge-
opolymers increases the strength of the produced com-
posite materials (Jena et al. 2019; Okoye et al. 2016).

SF is a refractory material that is a by-product with a
high level of pozzolanic properties, consisting of glassy
silica (SiO2) particles with an amorphous crystalline
structure, micrometric dimensions, during the manufac-
turing of silicon or iron ferrosilicon alloys (Al-Amoudi et
al. 2007; Koca 1996; Liu et al. 2009). In the production
process, it is obtained by reducing high purity quartzite
with coal in electric arc furnaces at a temperature of ap-
proximately 2000 °C (Golafshani and Behnood 2019).
When SF, lime and water are mixed in certain propor-
tions, a hydration reaction occurs. The reason why SF
shows high pozzolanic activity is attributed to its very
large surface area and amorphous character (Abo-El-
Enein et al. 1996). The molecular calcium silicate hydra-
tion (C-S-H) reaction caused by SF and water depending
on the Ca0/SiO2 ratio may differ (Cohen and Bentur
1988).

Basic hydration occurs in the process of dissolution of
alite (CsS) and belite (C2S) in the formation of C-S-H and
calcium hydroxide (CH) precipitation. While CH is a
known crystalline phase (Petch 1961), C-S-H gel is a nat-
ural nanostructured material (Wang et al. 2024). C-S-H
precipitates as a filling material and shows a pozzolanic
effect. Thanks to this feature, the voids of the geopoly-
mer material decrease and its stability improves (Muller

etal. 2015). The highly pozzolanic nature of SF increases
its capacity to react with free lime during hydration. SF
forms C-S-H gels that provide density, strength, imper-
meability and durability in the geopolymer produced as
a result of the CH reaction (Guleria and Salhotra 2016;
Rodrigues et al. 2013). It also provides early strength
and durability by being activated through a highly alka-
line solution and thermal curing (Koca 1996). Thermal
and mechanical properties can be further improved by
selecting the most optimum ratios of SF, free lime and
water (Al Zaidi et al. 2019).

Thermal insulation materials have different ad-
vantages. These include thermal conductivity, perfora-
tion gap, site adaptability, workability, mechanical
strength, fire protection, smoke emission during fire, du-
rability, resistance to climate variations, resistance to
freeze/thaw cycles, water resistance, costs, biocompati-
bility, toxicity and environmental impacts (Giiney 2019).
In addition, high thermal protection, comfortable insula-
tion and low operating costs are expected from these
materials. Although there are many studies in the litera-
ture on improving concrete and its properties, there is
limited information on the combined use of silica fume,
free lime and water and its optimization with the
Taguchi method.

Considering the diminishing material resources and
the environmental damage caused by waste, the conver-
sion of valuable materials such as silica fume into eco-
nomic value is of great importance on a global scale. In
this study, it was aimed to recycle silica fume, which is
abundant in Tiirkiye as ferrosilicon and silicon ferro-
chrome production flue dust waste, into the economy in
an environmentally friendly way. In the present study,
the mechanical, physical and microstructural properties
of the samples produced from different amounts of high
temperature resistant silica fume, water and free lime
mixture were investigated. The effects on sound perme-
ability, thermal conductivity and water absorption of all
samples produced were investigated. These materials
were experimentally characterized using standard meth-
ods according to the relevant standards. It is clear that the
insulation material produced using waste silica fume and
lime shows promising results in terms of microstructure,
physical and chemical properties. However, considering
the constraints of limited resources and the imperative
of sustainability, the importance of studying inorganic
waste materials such as SF and lime greatly increases. In
the present study, the effect of design variables on the
physical and mechanical properties of SF with lime was
optimized by Taguchi method and the relationships be-
tween the design variables were determined. Since this
study is a first in this respect, it is believed that it will
shed light on future optimization studies.

2. Materials and Method
2.1. Experimental studies
Within the scope of this study, detailed results of the

experimental studies to be designed and optimized with
Taguchi can be obtained from the previous study (Giiney
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2019). Compressive tests were performed on 28-day
specimens according to TS EN 12390-3 (2019) and flex-
ural tests were performed according to TS EN 12390-5
(2009). Three specimens were produced for each test and
the arithmetic averages of the test results were considered.

2.2. Experimental design and optimization studies

Experimental design and optimization studies were
carried out with the Taguchi method. Comprehensive re-
sults can be obtained with a small number of experi-
ments using this technique (Calis et al. 2021; Gao et al.

Problem
determination and
material selection

Design of
experiments with
Taguchi Method

2021). Silica fume content (SD), lime content (LM), and
water binder ratio (WB) were taken as input parameters
and compressive and flexural strengths were designed
and optimized. Signal-to-noise (S/N) ratios were applied
as 'bigger is better' for flexural and compressive strength
evaluations. In addition, the contribution of each factor
to the strengths was determined by ANOVA. During the
experimental design, the number of experiments was re-
duced to 27 by Taguchi optimization. The flow diagram
of the applied method is presented in Fig. 1. The experi-
mental design proposed by Taguchi method is as shown
in Table 1.

Optimum mixing

2 . 6
Reducing the ~
e or Comparison of p

values

experiments to 27

ratios

3
Experimental Validation and
Studies evaluation of results

Fig. 1. Flow diagram of design and optimization studies.

Table 1. Mixing proportions of composites.

Mixture code SD (%) KM (%) WB BD (MPa) ED (MPa)
K1 59.14 40.86 0.80 9.21 0.25
Kz 59.14 40.86 0.80 9.18 0.25
K3 59.14 40.86 0.80 9.23 0.25
Ka 59.14 48.22 0.82 9.32 0.25
Ks 59.14 48.22 0.82 9.28 0.25
Ke 59.14 48.22 0.82 9.34 0.25
K7 59.14 55.76 0.90 8.47 0.23
Ks 59.14 55.76 0.90 8.42 0.23
Ko 59.14 55.76 0.90 8.45 0.23
Ki1o 51.68 40.86 0.82 11.54 0.31
K11 51.68 40.86 0.82 11.47 0.31
K12 51.68 40.86 0.82 11.51 0.31
Kiz 51.68 48.22 0.90 11.79 0.32
Kia 51.68 48.22 0.90 11.81 0.32
Kis 51.68 48.22 0.90 11.74 0.31
Kie 51.68 55.76 0.80 8.81 0.24
Kiz 51.68 55.76 0.80 8.79 0.24
Kis 51.68 55.76 0.80 8.85 0.24
K19 44.24 40.86 0.90 8.54 0.23
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Table 1. (continued)

Mixture code SD (%) KM (%) WB BD (MPa) ED (MPa)
K20 44.24 40.86 0.90 8.47 0.23
Ka1 44.24 40.86 0.90 8.43 0.23
K22 44.24 48.22 0.80 8.91 0.24
Kz3 44.24 48.22 0.80 8.83 0.24
K24 44.24 48.22 0.80 8.87 0.24
Kzs 44.24 55.76 0.82 9.21 0.25
Kz6 44.24 55.76 0.82 9.11 0.24
K27 44.24 55.76 0.82 9.17 0.25

3. Results and Discussion

The Taguchi design and optimization results that will
maximize the compressive strength are as given in Fig. 2.
According to the optimization results, the recommended
values for SD, KM and S/B are 51.68, 48.22 and 0.82, re-
spectively. These results are in line with similar studies

(Al-Waked etal. 2023; Ayasgil etal. 2022; Kang et al. 2019).

The optimum flexural strength achieved by the Taguchi
design is shown in Fig. 3. Hence, the suggested values for
SD, KM, and S/B are 51, 68, 48, 22, and 0.82, respectively.
The achieved limitations fall within the range of values
consistently reported in previous similar research. (Kaya
etal. 2023; Malathy et al. 2022).
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Fig. 2. Taguchi design results for compressive strength.
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Fig. 3. Taguchi design results for flexural strength.
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The ANOVA results within the compressive strength
optimization studies are as shown in Table 2. According
to the relevant table, since the "p" values of all compo-
nents are less than 0.005, it is concluded that they have
an effect on compressive strength (Yildizel and Calis
2019; Yildizel et al. 2022).

The ANOVA results of flexural strength are presented
in Table 3. Accordingly, the p values for SD, KM and WB
are 0.000, 0.001 and 0.004, respectively, and since all of

them are less than 0.005, it is concluded that there is an
effect on flexural strength.

The material quantities recommended by Taguchi de-
sign for SD, KM and S/B (51.68, 48.22 and 0.82) were
used in the verification casting and the results obtained
are as presented in Table 4. According to these results,
higher compressive and flexural strengths were ob-
tained as expected.

Table 2. ANOVA results for compressive strength design.

Source DF Adj SS Adj MS F p
SD 2 19.2797 9.63983 30.02 0.000
KM 2 6.9185 3.45923 10.77 0.001
S/B 2 4.8221 241103 7.51 0.004

Error 20 6.4226 0.32113
Lack of fit 2 6.3968 3.19841 2231.45 0.000
Pure error 18 0.0258 0.00143

Total 26 37.4428

Table 3. Flexural strength design ANOVA results.

Source DF Adj SS Adj MS F p
SD 2 0.01379 0.006895 30.02 0.000
KM 2 0.0049 0.002474 10.77 0.001
S/B 2 0.0035 0.001724 7.51 0.004

Error 20 0.0046 0.000230
Lack of fit 2 0.0046 0.002288 2231.45 0.000
Pure error 18 0.000018 0.000001

Total 26 0.026781

Table 4. Validation test results.

Type of experiment

Average test result (MPa)

Compressive strength (28 days)

Flexural strength (28 days)

11.97
0.34

4. Conclusions

In this study, optimization of construction materials
produced using silica fume and lime using Taguchi
method and validation of the obtained results were car-
ried out. SD, KM and S/B quantities were considered as
input values, while compressive and flexural strengths
were taken as output values. The evaluations made in the
light of the results obtained can be summarized as fol-
lows:

e According to the ANOVA results, each of the parame-
ter’s SD, KM and S/B are of great importance in com-
pressive and flexural strength optimization studies.

e The values that maximize the compressive and flex-
ural strengths were suggested by Taguchi optimiza-

tion as 51.68%, 48.22% and 0.82% for SD, KM and

S/B, respectively.

e According to the validation test results, the maximum
BD was increased to 11.97 MPa and the maximum ED
was increased to 0.34.

In future studies, further enhancement of Bulk Den-
sity (BD) and Elasticity (ED) values could be pursued us-
ing alternative optimization techniques. Exploring these
different approaches may yield more refined control
over these properties, leading to improved material per-
formance and broader applications. By employing ad-
vanced optimization methods, it is possible to achieve
even greater precision in tuning the physical and me-
chanical characteristics of the composites, potentially
unlocking new opportunities for innovation in this field.
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