Development of Sustainable Lightweight Green
Building Panels

Final Year Project

Submitted by
Fazal Hussain 311114
Shayan Ali khan 305069
Ameer Hamza 294681
Fazal Rehman 304573

BACHELOR’S IN CIVIL ENGINEERING
Session 2019-2023

Project Advisor:
Associate Prof. Dr. Rao Arsalan Khushnood
Co-Advisor:
Assistant Prof. Dr. Fawad Ahmed Najam

NUST Institute of Civil Engineering (NICE)
School of Civil and Environmental Engineering (SCEE)
National University of Sciences and Technology (NUST),
Islamabad, Pakistan



This to certify that the
Thesis Titled

“Development of Sustainable Lightweight Green

Building Panels”
Submitted by
Fazal Hussain 311114
Shayan Ali khan 305069
Ameer Hamza 294681
Fazal Rehman 304573

has been accepted towards the requirements
for the undergraduate degree in

CIVIL ENGINEERING

(Dr. Rao Arsalan Khushnood)

Associate Professor of Structural Engineering
Head of Department of Research

Department NUST Institute of Civil Engineering

School Civil and Environmental Engineering



Acknowledgements

In the name of Allah, the most Beneficent, the most Merciful, and peace and blessings upon
Prophet Muhammad, His servant, and final messenger. We begin our acknowledgments by
expressing our deepest gratitude to Allah Almighty for enabling us to complete our research
project. Without His guidance and blessings, we could not have imagined accomplishing such an
enormous task.

We would like to extend our sincere thanks and appreciation to our thesis supervisor, Dr. Rao
Arsalan Khushnood, for his invaluable support, guidance, and encouragement throughout the
research process. Your insightful comments, constructive criticism, and constant motivation have
been a source of inspiration for us.

Our heartfelt thanks also go to our families and friends for their unwavering love, support, and
encouragement throughout our academic journey. Their prayers and encouragement have been a
constant source of motivation for us.

We also express our gratitude to the faculty members and staff of NUST Institute of Civil
Engineering (NICE) at National University of Science and Technology (NUST) for providing us
with the necessary resources and facilities for carrying out our research. The support and
encouragement we received from our colleagues has been instrumental in shaping our ideas and
improving the quality of our work.

We would also like to express our gratitude to the Military College of Engineering (MCE),
Risalpur, for providing us with essential resources, including the electric furnace and other
necessary equipment, for carrying out our research work. Without their support, it would have been
challenging to complete this project successfully. The facilities and resources provided by MCE
have been crucial in achieving our research objectives. We are grateful to MCE for their support
and cooperation.

We would like to further extend our sincere appreciation to the staff of School of Chemical and
Materials Engineering (SCME) and U.S.-Pakistan Center for Advanced Studies in Energy
(USPCAS-E) at the National University of Sciences and Technology (NUST), for providing us
with their advanced testing facilities such as XRD, SEM, TGA, XRF, Compression testing
machine, Furnace, etc. These testing facilities were crucial in conducting various tests and analyses
during our research work. The expertise and guidance provided by the staff at these facilities have
been invaluable, and we could not have achieved the level of accuracy and precision without their
support. We are extremely grateful to SCME and USPCAS-E at NUST for their assistance, which
has been fundamental in the successful completion of our research project.

Lastly, we would like to acknowledge the valuable contributions of all the participants who
participated in our research study. Without their cooperation and willingness to share their
experiences and insights, this research would not have been possible.



Funding Acknowledgements

We would like to extend our sincere gratitude to the Pakistan Engineering Council (PEC) for their generous
funding of our final year project, titled "Development of Sustainable Lightweight Green Building Panels."
This project was conducted under the expert guidance of Dr. Rao Arsalan Khushnood in the Structural
Engineering Lab at NUST and the Structural Dynamics Lab at the Military College of Engineering,
Risalpur, NUST. The support provided by Dr. Rao Arsalan Khushnood and the financial assistance from
PEC's Annual Award of Final Year Design Projects (FYDPs) were instrumental in the successful completion
of our research endeavor.



Development of Sustainable lightweight Green
Building Panels

Abstract

Nowadays, lightweight aggregate concrete is becoming more popular due to its versatile
properties. It mainly helps to reduce the dead loads of the structure, which ultimately reduces
design load requirements. The widespread use of lightweight aggregate concrete in Pakistan poses
a significant challenge in identifying an optimized mix that meets the necessary requirements while
keeping costs manageable. As the concrete matrix typically comprises 50 to 60% aggregate, we
opted to replace the traditional natural aggregate with artificial lightweight expanded clay
aggregate to improve the performance of the concrete. To achieve this, we selected five prominent
and largely untapped clay fields in Pakistan. The selected clay fields include Nandipur, Multan,
Mirpur, Sibbi, and DIK. After essential geotechnical characterization, the collected soil samples
of chosen fields were chemically analyzed using X-ray diffraction and X-ray fluorescence tests,
whereas thermal stability was assessed using thermogravimetric analysis. The characterized soil
was used in the synthesis of ALECA through 120 different mixes recipes designed by varying
pellet sizes, and the dose of admixed fly ash and kerosene oil. Nandipur clay turned out to be ideal
for bloating, with a bloating index of 33.33% and a loose bulk density of 0.39 g/cm®. To solve the
problem of mix design for lightweight concrete, a Machine learning-based application was
developed and tested on a dataset of 420 data points. The application reduced the need for time-
consuming experimental trials and allowed for the selection of the three lightest mixes. The
suitability of these mixes for non-structural panels was tested according to ASTM guidelines and
they met all requirements specified by ASTM. Finally, a cost comparison study was conducted on
a selected building using ALECA infill panels versus brick infill. The results showed that using
ALECA infill panels reduced overall construction costs by 16% compared to a building
constructed with brick infill. Furthermore, BIM-based modeling was performed to evaluate the

heating and cooling load demands and environmental performance of the building. The results



revealed that the use of ALECA infill panels not only provided a cost-eftective solution but also

resulted in sustainable environmental performance.
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Chapter 1

1.1 General
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Over the years, concrete technology has progressed significantly, with new advancements being
made in materials science, structural engineering, and construction techniques. Today, modern
concrete is made by mixing cement, water, and aggregates like sand and gravel. Reinforced
concrete, which incorporates steel bars or fibers for added strength, is widely used in construction
for its high strength, durability, and fire resistance. Despite its many benefits, conventional
concrete also has some drawbacks, including its weight. The high density of traditional concrete
makes it a poor choice for structures where weight is a concern, such as high-rise buildings or
bridges. To address this issue, lightweight concrete was developed, which has a lower density and

weight than traditional concrete.

The need for lightweight concrete arose from the limitations of conventional concrete. In many
construction projects, the weight of the structure is a critical factor, especially in high-rise buildings
or bridges, where the weight of the structure can affect the foundation and overall stability. By
reducing the weight of the structure, builders can reduce the load on the foundation, resulting in
cost savings and improved structural performance. The history of lightweight concrete can be
traced back to the early 20th century when it was first used for insulation purposes. In the 1920s,
the first lightweight concrete blocks were introduced, which were made from sawdust and cement.
These blocks were used mainly for insulation, but they soon found use in load-bearing applications

due to their lightweight and fire-resistant properties.

In the 1950s, a new type of lightweight concrete, known as cellular or aerated concrete, was
developed. This type of concrete is made by adding air bubbles to the concrete mixture, resulting
in a lower density material. Cellular concrete is widely used today in construction for its insulation
properties, fire resistance, and lightweight. In the 1960s, lightweight aggregate concrete was
introduced, which is made by replacing traditional aggregates like sand and gravel with lightweight
materials like expanded clay or shale. This type of concrete has a lower density and weight than

traditional concrete, making it ideal for use in high-rise buildings and bridges.

In recent years, advances in lightweight concrete technology have continued, with new materials
and construction techniques being developed to further improve its properties. Today, lightweight
concrete is widely used in construction for its many benefits, including improved structural
performance, reduced weight, and cost savings. In the context of Pakistan, traditional brick

construction is prevalent due to the abundance of locally available raw materials such as clay and
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sand. However, the limitations of traditional brick construction such as poor thermal insulation,
high material consumption, and inadequate seismic resistance have paved the way for alternative

construction materials such as lightweight concrete.

In recent years, rapid urbanization and industrialization have led to a surge in construction
activities in Pakistan. The construction industry has been growing at an unprecedented rate of 9%
per annum, contributing significantly to the country's GDP. However, this rapid expansion has put
a strain on the country's natural resources, resulting in a shortage of materials such as cement, steel,
and aggregates. Lightweight concrete has significant applications in the context of Pakistan as
infill panels for construction. The use of lightweight concrete infill panels can lead to reduced
structural loads, increased thermal insulation, and improved seismic resistance. The
implementation of lightweight concrete in construction projects can lead to cost savings, improved

efficiency, and reduced environmental impact.
1.2 Problem Statement

The problem at hand is that Pakistan lacks a reserve of lightweight aggregate, which poses a
challenge in the production of lightweight concrete. As a result, there is a need to develop locally
sourced lightweight aggregates that are abundant and cost-effective. Additionally, there is a need
to automate the mix design process for such concrete to improve its quality and efficiency. To
ensure the concrete's structural integrity, a strut width formula needs to be developed to study its
interaction with the structure. Furthermore, there is a need to investigate the environmental impact
of concrete and its insulation properties to promote sustainability and energy efficiency.
Addressing these challenges will pave the way for the production of lightweight concrete that is

affordable, structurally sound, environmentally friendly, and has excellent insulation properties.

1.3 Research Objectives

The project aims to develop lightweight concrete panels using expanded clay aggregates made
clay available in various regions of Pakistan. The lack of reserves of other lightweight aggregates

and their high cost makes the use of locally available clay an ideal solution. The mix design of
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lightweight concrete is currently manual, leading to inconsistencies and inefficiencies. Therefore,
the project also aims to automate the mix design process using machine learning-based graphic
user interface. Furthermore, to study the interaction of lightweight concrete panels with the
structure, a strut width formula will be developed. The formula will enable the determination of
the width of the concrete strut to be used for structural analysis, ensuring the safety of the structure.
Finally, the environmental aspects of lightweight concrete, such as its insulation properties and life

cycle analysis, will also be studied to ensure that the solution is environmentally sustainable.
1.4 Organization Report

This thesis consists of 9 well-structured chapters that aim to explore and analyze Lightweight
Aggregate Concrete (LWA) comprehensively. Chapter 1 serves as an introduction to the topic,
highlighting the significance of LWA, and outlining the research objectives. The Chapter 2
provides an overview of the basic concepts related to LWA and a review of the relevant literature.
This chapter sets the foundation for the research methodology, which is discussed in detail in the
third chapter. The methodology adopted for the research is thoroughly explained in Chapter 3,
which helps readers understand the research process in-depth. Chapter 4 delves into the first
research objective, while the Chapters 5, 6, 7 & 8 discuss the subsequent research objectives. The
conclusions derived from the research findings are presented in Chapter 9, along with
recommendations for future studies. This chapter summarizes the key points of the thesis and

provides valuable insights into the field of LWA.

Chapter 2
LITERATURE REVIEW

2.1 Lightweight Concrete for Infill Panels: The Conceptual Basis

19



Lightweight concrete is widely regarded as the best material for making lightweight infill walls
due to its availability and durability as compared to other products. The evolution of lightweight
concrete dates back to the early 1900s when the need for materials that could provide enhanced
performance and lower weight than traditional concrete became apparent. The emergence of
lightweight concrete can be traced back to the use of lightweight aggregates, such as expanded
clay, shale, and slate, that are processed to reduce their weight while maintaining their strength

and durability.

The motivation behind the use of lightweight concrete was driven by the need to reduce the dead
load of concrete structures while maintaining their mechanical properties. Two types of
lightweight concrete emerged: lightweight aggregate concrete and lightweight matrix concrete.
Lightweight aggregate concrete is composed of lightweight aggregates that mixed with Portland
cement and water to form a hardened material. On the other hand, lightweight matrix concrete is
a material that consists of a low-density matrix that is reinforced with fibers or aggregates to

provide enhanced strength.

Various types of lightweight aggregates have been developed over the years, including expanded
clay, shale, slate, perlite, and vermiculite. These aggregates have different properties, such as
particle size, shape, density, and strength, that make them suitable for specific applications. Among
these aggregates, expanded clay aggregate (ECA) has gained popularity due to its excellent
thermal insulation, low density, and good mechanical properties, which utilizes ECA as the
primary aggregate material, has proven to be superior to other lightweight aggregates due to its
high porosity, low thermal conductivity, and excellent mechanical properties. It has found
extensive use in building construction, road construction, and bridge construction due to its
outstanding properties. Therefore, the combination of lightweight concrete with expanded clay
aggregate has become a popular choice for the construction of lightweight infill walls due to its

durability, availability, and versatility.
2.2 Morphology and texture of Expanded clay aggregate

Expanded clay aggregate (ECA) is an ideal material for making lightweight concrete due to its
unique properties. ECA is a lightweight, porous ceramic material that is produced by expanding

clay in a rotary kiln. The porous nature of ECA makes it an ideal material for lightweight concrete,
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as it allows the mixture to achieve a lower density while maintaining the required strength and
durability. ECA's high porosity results in lower thermal conductivity, providing excellent thermal
insulation properties. Additionally, the porous structure allows the material to absorb and retain
moisture, providing an excellent humidity control solution. Furthermore, ECA's spherical shape
and smooth surface texture result in better workability of the concrete mixture and lower water

absorption, which leads to better bonding with cement paste.
2.3 Bloating mechanism

The bloating mechanism of expanded clay aggregate (ECA) is based on the release of gases during
the firing process in a rotary kiln. Clay particles contain adsorbed water and chemically bound
water, which, upon heating, start to evaporate, generating a large number of gas bubbles inside the
particle. As the temperature increases, the gases are released and expand, causing the clay particle
to bloat and resulting in a significant increase in volume. The high temperature also causes the
clay particles to fuse together, creating a strong, lightweight, and porous structure. This bloating
mechanism results in ECA's unique properties, such as high porosity, low thermal conductivity,

and excellent mechanical strength.
2.4 Strength and density requirement

Concrete made with lightweight expanded clay aggregate (ECA) is an excellent choice for
applications that require both lightweight construction and adequate compressive strength. The
porosity of the ECA provides the concrete with a lower density while still maintaining the required
mechanical properties. ECA concrete has a density range of 800 to 1,200 kg/ms3, which is much
lower than traditional concrete, making it a preferred choice for lightweight construction.
Moreover, the spherical shape and smooth surface texture of ECA provide better workability of
the concrete mixture, resulting in an improved bond with cement paste. The ECA structure
provides sufficient compressive strength of up to 14 MPa, to the concrete, making it suitable for a
wide range of applications in the construction industry, including in the production of prefabricated

elements, lightweight slabs, and lightweight infill panels.

2.5 Literature review
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(1]

(2]

(6]
[7]

(8]

Ayati et al. [1] asserted that naturally available clays are promising raw materials for
manufacturing artificial lightweight aggregates due to their abundant availability in urban areas.
The utilization of clays and clayey-rich wastes for producing lightweight aggregates and their
bloating mechanism have been extensively examined by Loutou and Hajjaji, Anan and Abd El-
Wahed, and Kanari et al. [2-3]. Furthermore, studies suggest that the plasticity of clay plays a
crucial role in facilitating palletizing, whereas the particle size of clay governs the extent of
bloating and expansion of aggregates [4-5]. Riley made a significant contribution to the field by
proposing that the decomposition of some organic and mineral species, such as dolomite,
phyllosilicate, chlorides, or ferrous minerals, results in a porous internal structure of the aggregate
[6]. In addition, Lee et al. [7] investigated the bloating mechanism of artificial lightweight
aggregates by modifying their surface with coal ash, while Bernhardt et al. [8] studied the impact
of different additives, including Na.COgs, SiO2, Fe2Ogz, and Fe, on the production of artificial
lightweight aggregates.
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The methodology used in this research involved several steps to develop a lightweight concrete
panel using locally available materials, with the aim of optimizing its cost while ensuring good
performance. To achieve the research objectives, the work was divided into five distinct modules,
each with its own focus and goals.

1)

2)

3)

4)

5)

Module I focused on developing artificial lightweight expanded clay aggregates (ALECA)
using Pakistani clays. Five zones were selected for clay sourcing, and after testing 400 mixes
with varying fly ash, kerosene oil percentages and temperature ranges, the 120 best mixes for
both structural and non-structural concrete were proposed.

Module II involved the development of a machine learning-based application for optimized
mix design of lightweight aggregate concrete. This application helped to determine the most
appropriate mix design for the concrete panel based on the properties of the locally available
materials.

Module III focused on the development of lightweight concrete panels using artificial
expanded clay aggregates. The mechanical, physical, and thermal properties of the panels were
measured and compared with existing lightweight concrete panels. The results showed that the
developed panels met the desired performance criteria and were cost-effective.

Module IV involved a case study of a 23-story building to evaluate the cost comparison and
performance of the ALECA (Artificial Lightweight Expanded Clay Aggregate) infill
lightweight concrete panels compared to traditional bricks. The study found that constructing
the building using ALECA-based lightweight concrete panels resulted in a 16% reduction in
overall building costs compared to a building constructed with brick infill. The cost savings
were mainly due to the reduced weight of the ALECA-based panels resulted in lower design
demands which ultimately reduces 13 — 15% reinforcement demands, and handling costs
compared to traditional bricks.

Module V, finally in this module thermal performance and CO> emissions were calculated
using Building Information Modeling (BIM). The results were compared with other commonly
used building materials, including EPS panels and AAC blocks, as well as traditional bricks.
The findings indicated that the developed lightweight concrete panel had lower CO2 emissions
and better thermal performance than other materials.

Through these five modules, the research team successfully developed a cost-effective and high-
performing lightweight concrete panel that could be produced using locally available materials.
The systematic approach provided by the methodology allowed for effective collaboration and
efficient progress towards the research objectives.

Chapter 4
MODULE-1
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Study of physical and mechanical behavior of artificial lightweight aggregate
made of Pakistani clays

Abstract:

This study aims to unravel the potential of Pakistan in the domain of artificial lightweight expanded
clay aggregates (ALECA) and investigate the influence of pellets size, firing temperature, and
admixture doses on the mechanical properties of ALECA. The five prominent and unfathomed
clay fields in Pakistan were chosen. The selected clay fields include Nandipur, Multan, Mirpur,
Sibbi, and DIK. After essential geotechnical characterization, the collected soil samples of chosen
fields were chemically analyzed using X-ray diffraction and X-ray fluorescence tests, whereas
thermal stability was assessed using thermogravimetric analysis. The characterized soil was used
in the synthesis of ALECA through 120 different mixes recipes designed by varying pellet sizes,
and the dose of admixed fly ash and kerosene oil. The addition of fly ash and kerosene allowed the
development of a well-distributed-porous core surrounded by a very thin shell. Nandipur clay
turned out to be ideal for bloating, with a bloating index of 33.33% and a loose bulk density of
0.39 g/cm’. These lightweight aggregates will not only help preserve natural mountain reserves

but also significantly impact the lifecycle costing of structures.
4.1 Introduction

The aggregate industry is the largest provider of raw materials for building construction and
infrastructures, being also fundamental in other industrial sectors. The annual requirements for
aggregates in the global building market have reached 55 billion tons in 2020. The amount would
double in the next decade if the consumption rates remained [1]. The situation results in a shortage
of natural aggregates which will be an inevitable problem for building construction in the near
future. Also, the growing global interest in the sustainable economy of raw materials and the
savings in transport costs, associated with the reduction of the weight of materials, has stimulated
attention to the use of lightweight concrete, which should be produced preferably closer to the
consumption centers [2]. Aggregate has been an urgent issue in the background of large-scale
concrete forest construction. The selection of construction materials with a low carbon footprint is
one of the most valuable strategies for achieving sustainable construction. The utilization of

suitable construction materials may reduce CO: emissions by up to 30% [3].
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The 17 SDGs (sustainable development goals) proposed by G-20 countries and the 2030 agenda
envisioned by the UN emphasize innovation in infrastructure and a shift towards greener
construction. Since the whole world is shifting to sustainable and readily available raw materials,
a new horizon has opened for lightweight aggregates (LWA). The porous structure of LWA not
only enhances their acoustic and thermal insulation but also results in load reduction of the
building. Reduction in dead load minimizes the transport and handling costs of precast units along
with construction costs and sizes of cross sections, i.e., foundations [4], [5]. These financial and
operational advantages validate diverse and countless applications of LWA’s in the construction
sector. LWAs have been used to construct precast bridge girders, roofing, flooring, filter material
in the water treatment process, insulating material under salt tank foundations in solar thermal

energy plants, skyscrapers, offshore structures, concrete reinforced vessel buildings, etc. [4]-[6].

Romans were the first to use lightweight aggregates such as pumice, scoria, volcanic cinder, and
vesiculated lava with gray lime as cementing material, commonly known as Roman cement, to
form the first lightweight concrete. Apart from these natural lightweight aggregates, various
industrial outlets such as blast furnace slag, coal ashes, and numerous other residues were also
used to synthesize artificial lightweight aggregates [7]. Waste tire rubber, bottom ash, crushed
glass, and other recycled lightweight aggregates are alternatives [8], [9] [10].

The biggest concern related to the feasibility of lightweight aggregates as a replacement of
conventional aggregates is the availability of the raw material for manufacturing LWA. The
transport cost associated with transferring these raw materials to consumption centers was also an
issue. The advent of lightweight expanded clay aggregates has addressed this issue as well. The
attention drawn by artificial lightweight expanded clay aggregate (ALECA) is all due to the
abundance of clay worldwide and the possibility of easily setting up a manufacturing plant [11].
The synthesis of ALECA for the first-time dates back to 1917, Kansas, Missouri, under the patent
name of Heydites since Heyde made them [5]. The ALECA based products, such as concrete
blocks and slabs, are extremely light, highly fire resistant, good acoustic and thermal insulators,
and non-decomposable when exposed to acidic or alkaline substances. ALECA has an edge over
conventional aggregates since they can save up to 10 to 15% on steel and 50% on heating and
cooling expenses [4]. The inert character, high porosity, satisfactory mechanical strength, and low

density of ALECA make it the future aggregate.
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Ayati et al. [12] believed that naturally available clays have the highest potential to be used as raw
materials for artificial lightweight aggregates since they are abundantly available near citified
areas. A detailed study about the use of clays and clayey-rich wastes in making lightweight
aggregates and their bloating mechanism has been performed by Loutou and Hajjaji, Anan and
Abd El-Wahed and Kanari et al. [13]-[15]. Furthermore, studies also propose that the plasticity
of clay is the key feature that governs the ease in palletizing, and particle size of clay, on the other
hand, governs the extent of bloating and expansion of aggregates [16], [17]. A colossal contribution
has been made by Riley and the processes he indicated sixty years earlier still govern the theory
that explains bloating [18]. He proposed that the decomposition of some organic and mineral
species such as dolomite, phyllosilicate, chlorides or ferrous minerals, and others, results in a
porous internal structure of aggregate. Furthermore, Lee et al. [19] studied the bloating mechanism
for artificial lightweight aggregate of surface modification with coal ash. Bernhardt et al. [20]
experimented the effect of the different additives including Na,COs, SiO», Fe;O3, and Fe with

various percentages on artificial lightweight aggregate.

Commercially, ALECA is manufactured by sintering clay in a rotary kiln at a temperature range of
900 - 1300°C [21]. The kiln is further divided into three distinct temperature zones. The preheating
zone is characterized by losing 80% of gases within 3 minutes, whereas the temperature remains
below 1175°C. The next one is the transition zone which starts at 1175°C, and finally, the bloating
zone, where significant volumetric expansion causes the aggregates to swell 5, 6 folds. The
temperature in this phase hikes up to 1300°C. Other than bloating temperature, the key
determinants which impact bloating are the mineral composition of clays, amount of water added
to clay, type of kiln, and additives utilized. Still, a significant amount of research is going on to

add various additives to make ALECA as light as possible with sufficient strength [6], [17], [22].

Pakistan’s construction industry accounts for 2.5% percent of its GDP and provides employment
to nearly 7% of Pakistanis, which is expected to increase [23]. As mentioned above, most of the
used aggregate comes from the country's mountain reserves. The aggregate plants nibble away
mountains chunk by chunk, and this seems to be an alarming situation for an already at-risk country
like Pakistan. More importantly, the special health risk of dusk exposure for laborers is also
associated with aggregate plants [24]. The aggregate crushing plants also contribute significantly

to worsening air, and noise pollution's already deteriorating condition [24]. Due to all these reasons
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crushed plants across Pakistan are facing backlash, and the operational plants are unable to meet
the country's needs. Therefore, it is pertinent that the diverse variety of clay deposits found in
Pakistan must be commercialized in terms of ALECA so that the mountain reserves of the country

are saved, and the transport cost associated are reduced.

This study aims to unravel the potential of Pakistan to launch ALECA as an alternative to
conventional aggregates. After the 2005 earthquake in Pakistan, people's interest in reinforced
concrete construction surged tremendously. Increased RC structures manifest increased demand
for natural aggregates, which depletes natural mountain reserves [25]. Therefore, this study
suggests an integrated green technology framework to revolutionize the construction industry by
introducing locally made and highly sustainable aggregates. Since Pakistan’s geography is a blend
of mountains, plateaus, deserts, and beaches, a variety of clays are spread throughout Pakistan
[26]. Firstly, the noteworthy clay deposits of Pakistan are identified and classified according to
standards. Secondly, their elemental composition and crystalline structures are also studied with
the help of XRF and XRD, respectively. The thermogravimetric analysis (TGA) helped us identify
the fraction of volatile components and the thermal stability of clays. Finally, 120 recipes with
varying proportions of kerosene and fly ash with clay were bloated at 1100 — 1300 °C and analyzed.
After bloating, the crushing strength, water absorption, loss on ignition, bloating index, and density
were analyzed. The ultimate goal of this study is to determine the most bloatable clay and its recipe
in order to create readily available, lightweight aggregates for structural and non-structural uses.
Additionally, the clays' individual properties as well as the stated post-bloating findings can be

valuable in a variety of construction and research projects.
4.2. Materials and Methodology
4.2.1 Clay sample

A detailed study was carried out to find the clay deposits in Pakistan. Five areas were investigated
in this study where expanded clay aggregates can be manufactured. To analyze the bloating
mechanism of expanded clay aggregates, different samples were collected from five distinct clay
fields in Pakistan Fig. 1. The clay samples used in this study were collected from Nandipur,
Multan, DIK, Mirpur (Azad Jammu and Kashmir), and Sibbi. To extract the pure clay without

organic matter or other impurities, the samples were collected from 3 to 4ft in depth [27].
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Fig. 1. Map of Pakistan showing the study locations.

4.2.2 Geotechnical investigation

It is important to know the basic geotechnical properties before making the expanded clay
aggregates to have an idea of how much water content should be added and the shrinkage potential
of that soil [16], [28]. The amount of water at which soil behaves as a liquid material is known as
the liquid limit. The plastic limit is the amount of water content in which soil shifts its behavior
from solid to semi-solid. Ellipsoidal-sized soil mass rolling test was performed to find the plastic
limit. The liquid limit (LL), plastic limit (PL), and plastic index (PI) of the clays were found, which
were used in this study according to ASTM D-4318 [16]. The clays' shrinkage limit (SL) was found
according to ASTM D-427 [17]. The moisture content at which no further volume changes occur

with further reduction in moisture content is known as the shrinkage limit.

The theoretical optimal moisture content (Wop, %) was evaluated using the relationship PL x 1.234
to achieve the best workability of clay for molding clay pellets. Manuel Moreno-Maroto and
Jacinto Alonso-Azcarate have developed an equation to find the maximum toughness Tmax (KJ/m?)
that clay offers with PI and LL [22]. Casagrande (1932) studied the relationship of the plasticity
index to the liquid limit of a wide range of natural soils and proposed a relationship. Using the
relationship of LL and PI proposed by Casagrande, we have determined the texture of clays. The
properties of clays in this study are presented in Table 1.
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T, = [(PI/LL)-0.3397]/0.0077 (1)

PI=LL - PL 2)

SL = [MJ (100)- {M} (100) 3)

m2 2

Table. 1
LL = Liquid limit, PL = Plastic limit, PI = Plastic index, Tmax = Maximum toughness, SL = Shrinkage limit

Wop = Optimum water content.

Clay LL  PL PI PIILL  SL Toax  Wop Texture
name (%) (%) (%) (%) (kd/m?) (%)
Nandipur 486  23.90 2470 051  8.19 219 295 Highly
plastic clay
Medium
Multan 34 1979 1421 042  17.94 102 244 olastic clay
DIK 36 18.08  17.92 049 2437 205 223 Medium
plastic clay
Mirpur 27 1428 1271 047  16.22 170 176 Lfl’f‘;\;/ plastic
Sibbi 40 1543 2457 061 895 36 190 (';-I‘;‘)’/" Plastic

4.2.3 Lightweight aggregate manufacturing

There are two main stages in the formation of artificial lightweight expanded clay aggregate
(ALECA) i.e., granular formation and sintering. In the granular formation stage, clay is first
converted into fine particles, then optimum water content is added so that clay comes in a plastic
state. When clay is in plastic form, it is molded by hand into small granules with desired aggregate
sizes. Once the moist aggregate has been air-dried for 24 hours, it is placed at a temperature ranging
between 1100 to 1300 °C after drying. Fig. 2. illustrates the typical steps involved in the production
of expanded clay aggregate.
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Fig. 2. The manufacturing process of artificial lightweight expanded clay aggregate.

4.2.3.1 Clay grinding

The clay grain size directly affects the bloating of expanded clay aggregate. A. Ozguven et al. [5]
reported that decreasing the size of clay grain size positively affects aggregate expansion. The
more clay fines result in more gases escaping from pores and increasing aggregate expansion.
Before grinding the clay samples, the first oven dries the clay samples for 24 hrs at 110°C. To make
the clay fine grinding is done and sieved through 200 sieves so that the particle distribution of

clays remains uniform Fig. 3.

30



\/_

Mirpur clay Nandipur clay Multani clay DIK clay Sibbi clay

Fig. 3. Types of clay studied in this research.

4.2.3.2 Mix proportion with varying percentages of fly ash

In Pakistan 21.65 million tons fly ash per year is produced which is a huge amount. Fly ash cannot
be disposed-off in the open field because it pollutes the air, soil, and ground water [29].
Considering the massive production and associated disposal challenges of fly ash in Pakistan, we
have decided to utilize it in production of lightweight aggregate which can further benefits by
decreasing the density due to its low specific gravity. For this research, fly ash was collected from
power coal-fired electric generating plant of Kohinoor Textile Mill, Rawalpindi. To prepare
economical lightweight aggregate, fly ash was used by a power coal-fired electric generating plant.
To achieve lightweight expanded clay aggregate, we have prepared 120 mix recipes having
representations of eight from each selected clay by varying the percentage of fly ash by 0%, 5%,
10%, and 15% by the weight of clay.

4.2.3.3 Molding of pellets

The expansion of aggregate increases with an increase in aggregate size [30]. If the aggregate
density requirement is low, select a suitable pellet size closer to the optimum point [31]. Because
appropriate heat cannot be delivered to the core of the aggregate if the aggregate is too large, there
will be insufficient expansion, and the weight of the pellet will drop [5]. Samples from five distinct
fields with the same size distribution were prepared for this study in three different pellet sizes. To
prepare pellets, we firstly prepared clay in the plastic state by adding the water content between
the plastic and liquid limit. The pellets were made by hand in three sizes, 10mm, 15mm, and 20mm.
After several trials, we selected the optimum pellet size of 10mm, 15mm, and 20mm. The pellets

were shaped by hand and kept these pellets in the oven at 110°C for 48hrs until the weight became
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constant. When aggregate weight becomes constant, the diameter and weight of aggregates were

measured.
4.2.3.4 Bloating Agent

Typical lightweight aggregate is formed by the black coring phenomenon caused by the reduction
of Fe2O3 [32]. Kerosene oil was used as a bloating agent to achieve the lightweight aggregate.
During the burning process, kerosene oil acts as fuel, which helps the internal gases escape easily
by reducing the partial pressure of oxygen inside the aggregate and expanding internal pores,
which helps the gases escape outside the aggregate core. During the burning process of aggregates

following reactions take place [21]:

3Fe20s3 2Fe304 + 0.502

v

v

Fez04 3FeO +0.50:

Increasing the percentage of kerosene density, the strength of aggregates decreases due to increases
in porosity. On exceeding the threshold of 6% kerosene oil by weight of clay, the bursting of
aggregate occurs [33]. The selected percentage of kerosene oil tested in this work is 2%, 3%, 4%,
and 6% by weight of clay. To see the microstructure of aggregates, we have used Scanning Electron
Microscope (SEM) model JISM-6490A, having a magnification from 5x to 300000x. Fig. 6 pertains
to Nandipur clay pellet with 0% (a), 3% (b) and 6% (c) addition of kerosene oil. Five different
magnifications scales have been selected to visualize the internal porous structure of aggregate on
increasing dose of kerosene oil. Their scanning electron microscopic images are shown in Fig. 5,
which shows that as the percentage of kerosene increases, the porosity increases due to the

expansion of pellets.
4.2.3.5 Bloating Mechanism

Bloating mechanism of expanded clay aggregate consists of three stages a) Preheating zone, b)
Intermediate zone, and c) Bloating zone [34]. During the burning process of aggregates, an
increase in the temperature cause softening of clay pellets known as sintering. A rise in temperature
during the aggregate burning process causes clay pellets to soften and consequently the clay
particles come closer, this process is also known as sintering.[35]. The gas pressure inside the pores

increases as the temperature increases; due to this, gases rapidly escape, increasing the pores' size
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and distribution [36]. The increase in temperature leads to a reduction in aggregate density and an
increase in bloating potential. The pellets were placed in the Muftle Furnace and were bloated at
different temperature rates, and after conducting several trials, an optimum temperature rate of 20
°C/min was found. After modeling pellets, the clay pellets were air dried and then fired at a
temperature of 1100 to 1300 °C, and finally allowed to cool as shown in Fig.4. The temperature at
which the material must be heated to create lightweight aggregates is an additional factor to
consider because greater temperatures result in higher energy, financial, and environmental
expenses. Generally, the firing temperatures range between 1100 °C and 1300 °C. The factor which
controls the bloating temperature of clay aggregate is ratio of SiO2/); Flux. The clay which has
higher ratio of SiO»/}; Flux needs more temperature for bloating as compared to clay which has

lower ratio.

Air drying Calcination Cooling of pellets

Fig. 4. Formation of artificial lightweight expended clay aggregate.
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4.2.4 Structure of expanded clay aggregate

The schematic structure of the artificial expanded clay aggregate is shown in Fig. 6. An external
non-porous dark brown surface surrounds the expanded clay aggregate, and the internal structure
is porous. A suitable heating rate is required to achieve the uniform porous structure of aggregate.
As the temperature increases, the aggregate phase changes from solid to liquid phase due to the
excessive gas generated inside the aggregate, increasing total porosity and producing a continuous
porous structure [37]. The heating rate also affects the microstructure of expanded clay aggregates.
If the heating rate is slow, no sufficient aggregate bloating will occur. In addition, if cooling is fast,
micro-cracks may form between the shell and core of lightweight aggregate, which ultimately

reduces aggregate strength [12].

Porous and light structure Outer Shell

Hard outer shell

Porous structure

Fig. 6. a) Ideal porous structure of ALECA b) Typical porous structure of ALECA.

4.2.5 Sintered aggregate characterization

It is important to know the crushing strength of individual lightweight expanded clay aggregates
for commercial use. According to Gonzalez-Corrochano et al. [38] structural lightweight aggregate
material can be used if a single aggregate strength is greater than 3MPa because a commercially
available aggregate's single aggregate crushing strength is 3 MPa. The single aggregate crushing
strength (S, MPa) was determined in a series of 25 samples from each variety using a Nannetti FM
96 press [39]. To find the strength of a single aggregate, the following formula has been used where
F (N) is failure load, and D (mm) is the diameter of a single aggregate [40], [41].

S=(2.8xF)/(nxD?) 4)
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The weight is measured before and after burning, and the difference between the weight loss
measured before and after firing is shown in the percentage of loss on ignition (LOI). The
procedure followed before heating the aggregate in the furnace until the end of the burning process
determines the value of bloating index (BI). The molded aggregates were dried at 110°C in the
oven until the weight and diameter became constant [21]. To know the percentage of loss on
ignition (LOI) and bloating index (BI) of expanded clay aggregates, twenty-five granules were
used from each type of mix [42].

LOI =(w, —w,)/w, (5)
Bl =[(d,-d,)/d,] x 100 (6)
4.3. Results and discussion
4.3.1 Characterization of raw materials
4.3.1.1 Chemical composition

The mineralogy of collected clay samples was studied by X-ray diffraction (XRD). The XRD
patterns of the collected samples from the field are shown in Fig. 7, and the results obtained from
x-ray diffraction are seen in Table 2. The XRD analysis aims to find which types of minerals exist
in the clay and check which mineral is dominant. A non-destructive analytical technique used to
identify the elemental composition of materials is called X-ray fluorescence (XRF). The XRF of
clay samples was found to check which oxides dominate in clay and significantly influence the

bloating mechanism. The XRF results of collected samples are seen in Table 3.
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Fig. 7. X-ray diffraction results of clays and fly ash used in this study.
Table 2

Clays under Minerals

study

Quartz (101) or Rose Quartz, Montmorillonite (Al;H2012Sis), Microcline or feldspar,
Multan Albite (-1-12) or pigeon stone, Quartz (110), Albite (060), Quartz (023), Quartz(012)

Quartz (101) or Rose Quartz, Montmorillonite, Microcline or feldspar, Albite (-1-12),
Nandipur Quartz (110) or pigeon stone, Albite (060), Quartz (023), Quartz (012)

Quartz (101) or Rose Quartz, Montmorillonite, Microcline or feldspar, Albite (-1-12),
Sibbi Quartz (110) or pigeon stone, Albite (060), Quartz (023), Quartz (012)

Quartz (101) or Rose Quartz, Montmorillonite, Microcline or feldspar, Albite (-1-12),
DIK Quartz (110) or pigeon stone, Albite (060), Quartz (023), Quartz (012)
Mirour Quartz (101) or Rose Quartz, Montmorillonite, Microcline or feldspar, Albite (-1-12),

P Quartz (110) or pigeon stone, Albite (060), Quartz (023), Quartz (012)
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Table. 3

Investigation of chemical composition of samples using XRF, (oxides, %)

#Fluxing oxides

Chemical composition

Sample

name Si0,  AlLOs  FeOs+FeO® Na0® K,0° MgO® CaO* TiO; SOs  SiOJY Flux
Nandipur 58.57 17.69 6.90 0.56 3.04 288 132 081 0.00 398
Multan 53.57 16.58 6.95 1.14 3.49 3.62 481 076 013 2.68
Mirpur 55.32 18.70 591 0.48 2.79 2.61 4.88 068 0.15 3.32

DIK 53.44 16.89 6.16 1.40 2.51 3.31 6.08 074 0.05 275
Sibbi 58.67 18.69 7.29 0.11 2.75 2.09 0.95 098 0.00 4.45

Fly ash 5153 2243 8.84 0.23 0.39 3.18 4.84 162 275 295

Legend

4.3.1.2 Thermogravimetric Analysis (TGA)

@ Nandipur
# tuitan
. Mirpur

Fig. 8. Representation of the clays studied in the Riley Diagram [18].

Thermogravimetric analysis is a method used to measure the loss of mass as the temperature

changes over time. The weight of the material is plotted against temperature to determine where

the maximum weight loss occurs on the curve. This test aimed to find the temperature range at
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which major mass loss occurs and decide the initial bloating temperature. The test conditions were
around 20mg of sample in a platinum crucible, air atmosphere, and a 20°C/min heating rate up to 900°C
[10]. The major mass loss occurs between 400 and 800°C after 800°C the mass loss is almost the

same as represented in Fig. 9.
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Fig. 9. Thermogravimetric analysis graphs of the clays
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4.3.2 Firing temperature

Generally, the firing temperatures range between 1100°C (DIK-1150 °C) and 1300°C (Nandipur-
1200°C, Multan-1200°C, and Mirpur-1200°C). However, a significantly higher temperature was
required for Sibbi clay at 1250°C. The XRF results in Table. 2 show that the value of SiO/}; Flux
of Sibbi clay is 4.45, which is significantly higher than other clays. The factor behind that why
Sibbi clay required higher temperature as compared to other clays was the higher ratio of
Si0»/Y, Flux as compared to other clays [39]. The value of SiO2/}; Flux of DIK clay is 2.75 which
is lower than Sibbi clay hence therefore it needs a lower temperature for bloating. According to A.
Ozguven, the clay grain size affects the bloating mechanism of expanded clay aggregates [39]. The
grain size of DIK clay is finer as compared to the other four clays and the grain size of Sibbi clay
is comparatively large as presented in Fig.10. The other three clays have almost the same grain
size and their SiO»/Y, Flux ratio is between 2.5 to 4 therefore these clays bloated at 1200°C. There
are no discernible variations between the clays under study in terms of weight loss when the
thermogravimetric analysis graphs in Fig. 9 are observed up to 200°C, which is the approximate
average temperature achieved in the preheating zone of the kiln. The following processes, listed in
ascending order of temperature Fig. 9, cause mass losses up to this temperature of approximately
4-7 % in all cases: loss of hygroscopic water (up to 150 °C) and interlayer water in illite and
smectite (100-200°C), loss of bound water in palygorskite (between 200-600 °C) [43],
decomposition of organic matter (between 200-550 °C), and dehydroxylation of illite (400-550 °C)
[44]. All the clays Nandipur, Multan, Mirpur, Sibbi, and DIK also lie in the expansion zone as can
be observed when plotted in the triangle of Riley Fig. 8 [18].
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Fig. 10. Particle size distribution of the clays.
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4.3.3 Characteristics of ALECA

index

ing

& Bloati
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4.3.3.1 Loss on

The Fig. 11 shows that as the percentage of fly ash increases, the percentage of loss on ignition

increases. The LOI is maximum when the percentage of fly ash is 15%, and on further increasing

the percentage of fly ash, aggregates' strength decreases, and aggregates bursting occurs. The LOI

percentage of Sibbi clay pellets was low as compared to Nandipur clay because of the higher sand

content. It was observed that as the percentage of kerosene oil increases, the pellets' bloating

increases. The bloating of pellets was maximum when kerosene oil was 6%. Beyond 6%, the

pellets were busted, as previously reported [33].

e %b=) mm— h=) e %)
I b —
e 0T=V4 e 60T=Vd e %0T=Vd
m— %7=)] — %N %)
e %5=Vd m— %S=VA e % S=Vd
e %0=)] m— %9=) > e %9
I —_ _ p ——————
E E—— %0=V/4 - e 0=V qlrnw e %0=V/4
®© — =] @© %€= N e E=)]
(@) II %0=V4 m e 0=V w. e %0-=Vi
S e al - B A S S
=l e %ST=Vi = o %ST=V c s %ST=Vi
=) - /()= © 3 0/ ()=
e 0=) M £ m— %0=) £ mm %0=)
= e %0T=V4 £ E— %01=V4 3 0 — %01=V4
5 : = %0=) " m— %0=)1
= mm— 0= m— m—
c —— e : (— A g — %SV
S - S = %0=) - mm %0
S mm— %0=) 3 — "] —_—
= — 0 0=V4 L m— %0=Vi m— %0=Vd
2 Q 9 ©° S & ° S Q °
(%) Uomus) uo ssoq (%) uonus| uo ssoq (%) xapuj Suneolg
m— =) — %)) — 7N
— —_— -
s %0T=Vd e % 0T=Y4 e %0T=Vd
D %75 —— %7=)] %)
— %SV — %SV — %=V
e /0=)| % 9=)] I %9=)
> || %0=Y4 s %0=Vd e %0=V1
© E—— %E=) o))
o p—— GRS > — o
E — %0-v4 .,|pw — 0=V E m— %0V
> e %0 (© e 90=)]
- o— —— — 60=
S Rl s B[] o g e
os—— %ST=Vd
|m 0 .l - %0 W e —T
mm— 0= o %0T=
m £ | — QM“WN_.E 5 #0t=vd £ = %01V
— = o _
£ ° = m— %0=)] ) %4051
= = %0=) e %S=V X m—
e %S=VA £ — 0= £ %s=vi
£ S et e&ollv_ E = 0=
5 == %0 " M— %0=v = = %0-v4
] mm %0-=Vd
o o o
N A o o o o
m o i

o o o o
“1%) UdUS]| uo ssoq

(%) uoniusj uo ssoq

(%) uonusj uo sso1

41



“ Multan Clay 0 Sibbi Clay
) m10mm ®m15mm o ®m10mm ®m15mm
X X
9 —
a3
x
> 20 3
-]
< £10
" .
w10 &
£ =
o I o
o O W Mt II‘ II @ g Hee HE. | I ™
O (d J O J O O Jd
S F8 Ex R S8 88 858 S R X 9 : M : Be B ¥ 9
VRO SURRTI ST P SN SUSEE SUSITIN TSRS IR AL T §8 98 I
- A i S T gxx o+ = Ix Ix o

DIK clay

H10mm ®M15mm

o

Mirpur clay

M10mm ®15mm

w
o

ey
Ié)loatlrég Indgx (%)‘6’
o o o
-4
p———4
e
—
j———--v
-9
I —
I —
—
=y
—
Py

Bloatm§ Index (%)
o o 8
—
p—
—
—
pr————

J J J O J J J J
B ¥ B N B2 8x 82 8¢ S N8 S s 8858 8x
) S & © N
19 1§ 98 46 19 1% uwuq as T LT 99 99 &0 2% 28 9%
I I 2L gL &= &= &= 228 wE ¥ g gx w¥ o¥ 0¥ gx
. . 5

Fig. 11. Loss on ignition (LOI, %) and Bloating index (Bl, %)
4.3.3.2 Effect of pellets size

The bloating process in lightweight aggregate is caused by the release of gases, which makes the
internal structure of aggregate porous. The smaller the pellet size, the greater the bloating will
occur due to uniform temperature distribution [30]. By increasing the size of aggregate, bloating
decreases, which was observed in Fig. 11 that as the size of the pellet increases from 10 mm to 20
mm, the bloating of aggregate decreases. The reason is that as the size of the pellet increases, the

temperature does not reach the core, causing it to remain unfired.
4.3.3.3 Mechanical strength

According to Table 4, the crushing strength of a single aggregate range from 0.33 to 30 MPa. The
lightweight expanded clay aggregates with a strength lesser than 3MPa can be used for non-
structural purposes like manufacturing lightweight blocks and panels [45]. The strength of Sibbi
clay aggregates is comparatively higher than the other clays aggregate due to the higher density of
pellets. As the density of pellets increases, the porosity of aggregates decreases, which ultimately

increases the aggregates' strength.
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4.3.3.4 Density

Since the ultimate purpose of synthesizing expanded clay aggregates is to produce lightweight and
sustainable aggregates, the foremost property we needed to find was the density. Regarding how
the fly ash acts, in Table 4, it is observed that the particle density (p,) tends to decrease with an
increased percentage of fly ash. The drop in p, is directly connected with a rise in total porosity
(PT), which is more noticeable when the FA percentage is 15%. Most aggregate particle density
ranges between 0.43 and 1.9 g/cm? and according to European standard EN-13055-1 [46] enforces
that those aggregates of particles density less than 2 g/cm?® are considered lightweight aggregate,
so nearly all the aggregates under consideration fall in this range except few samples. Nandipur
aggregate seems to comply completely with this code. The increase in both fly ash and kerosene
doses resulted in a decrease in density. As far as fly ash is concerned, its density is already lesser
than the clays we used, resulting in aggregates of lesser density. On the other hand, Kerosene
increased the gasification inside the pallets, which caused enhanced swelling of aggregates. On the
contrary, an increase in pallet size reduced the aggregates' bloating ability. The reason behind this
mechanism is with the increase in particle size, the distribution of heat throughout the aggregate

becomes non-uniform, and neither the core burns nor the gasification occurs.
4.3.3.5 Water absorption

The water absorption of lightweight expanded clay aggregates was measured according to EN
1097-6:2000 [47]. According to Table 4, water absorption value increases as aggregates' density
decreases. By decreasing the density of aggregates, the porosity of aggregates increases; due to
this reason, water absorption increases [36]. Increasing the percentage of fly ash decreases the
density of pellets, and the porosity increases, adding to the water absorption value. During the
burning process, kerosene oil acts as fuel, and the combustion of which helps the internal gases
escape easily. Increasing the percentage of kerosene oil increases the porosity of pellets, which
ultimately increases the water absorption of pellets. Hence, the density and porosity of lightweight
expanded clay aggregates are key factors controlling water absorption. The water absorption of
lightweight expanded clay aggregates of Nandipur clay is high compared to Sibbi clay because, in
Sibbi clay pellets, there was no significant porous structure found; due to this density of Sibbi clay

pellets was high as compared to Nandipur.

Table 4
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FA= Fly ash (%), K= kerosene oil (%), PS = Pellet size (mm), WA»+ = Water absorption (%), S =

Compression strength of single pellet (MPa), p, = Particle density (g/cm?),

Clay rFa  k Nandipur clay-1200°C

quantity

@ PS  pa WAz S Slpa PS  pa WAz S Slpa  PS  pa WAz S S/pa
150 0 0 10 083 951 536 646 15 0.88 6.91 1.73 197 20 0.88 1461 251 285
150 5 0 10 095 5093 3.02 318 15 0.83 8.62 168 202 20 082 1212 157 191
150 10 0 10 091 430 250 275 15 066 6.13 185 280 20 052 700 048 0.92
150 15 0 10 085 530 196 231 15 0.60 1050 0.82 137 20 044 1081 033 0.75
150 0 3 10 091 1431 429 471 15 061 1250 1.27 208 20 055 1412 314 571
150 0 6 10 064 1431 369 577 15 053 1250 248 468 20 043 2083 262 6.09
150 5 2 10 088 972 571 649 15 060 9.12 6.84 1140 20 059 954 333 564
150 10 4 10 080 156 853 1066 15 059 9.34 1082 1834 20 046 6.77 491 10.67
Clay FA k Multan clay-1200°C

quantity

@ PS  pa WA; S S/pa PS  pa WA, S Spa  PS  pa WAy S S/pa
150 0 0 10 162 0.60 1090 514 15 177 526 800 452 20 161 125 559 347
150 5 0 10 130 251 5.00 385 15 128 426 485 379 20 125 521 356 2.85
150 10 0 10 094 316 371 395 15 125 344 371 297 20 135 189 332 246
150 15 0 10 094 1000 4.77 507 15 110 533 274 249 20 114 433 257 225
150 0 3 10 089 385 4.79 538 15 1.08 434 542 502 20 100 217 482 482
150 0 6 10 076 1032 435 572 15 074 641 775 1047 20 076 571 652 8.58
150 5 2 10 083 7.22 5.90 711 15 090 862 471 523 20 11 1227 838 7.62
150 100 4 10 072 882 4.16 578 15 081 500 577 712 20 083 327 641 7.72
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Clay

FA Kk Mirpur clay-1200°C
quantity
© PS  pa WAz S Sipa  PS  pa WAz S Slpa PS  pa WAy S S/pa
150 0 0 10 143 0.7 9.00 629 15 165 131 1054 639 20 202 099 529 262
150 5 0 10 131 0.99 6.95 531 15 142 332 824 580 20 155 112 894 577
150 10 0 10 129 035 6.71 520 15 138 232 7.28 528 20 144 132 677 470
150 15 0 10 121 222 5.11 422 15 127 284 6.78 534 20 099 253 832 840
150 0 3 10 100 043 7.89 789 15 122 093 7.9 6.48 20 128 114 624 488
150 0 6 10 0.89 562 8.29 931 15 100 386 7.33 733 20 082 115 990 1207
150 5 2 10 104 024 9.12 877 15 132 532 982 744 20 117 160 76 6.50
150 100 4 10 092 0.89 6.21 6.75 15 101 022 914 9.05 20 112 056 17.36 1550
Clay FA k Sibbi clay-1250°C
quantity
© PS pa WAz S Slpa  PS  pa WAz S Slpa  PS pa WAy S S/pa
150 0 0 10 213 054 26.42 1240 15 196 161 3022 1542 20 210 1.24 2050 10.68
150 5 0 10 212 034 2131 1005 15 174 043 1312 754 20 179 088 1418 7.92
150 10 0 10 205 0.77 2992 1460 15 172 150 1400 814 20 164 170 1576 9.1
150 15 0 10 182 6.42 2524 1387 15 168 221 1645 979 20 149 230 1815 1218
150 0 3 10 169 044 1435 849 15 151 156 138 918 20 128 098 1046 8.17
150 0 6 10 100 556 1568 1568 15 140 181 1898 2403 20 189 179 1144 6.05
150 5 2 10 171 065 1830 1070 15 131 272 1026 783 20 135 098 622 461
150 10 4 10 166 054 1740 1048 15 145 276 1347 1705 20 119 225 1220 10.25
Clay Fa k DIK clay-1150°C
quantity
@ PS  pa WA, S S/pa PS  pa WA, S Sipa PS  pa WAy S S/pa
150 0 0 10 151 851 2.12 140 15 212 492 2.00 094 20 111 1261 0.89 0.80
150 5 0 10 131 411 3.04 232 15 199 3.63 2.34 118 20 092 811 121 132
150 10 0 10 121 523 2.57 212 15 151 501 1.89 125 20 052 939 051 0.98
150 15 0 10 111 6.23 1.50 135 15 131 1001 0.99 076 20 056 1028 0.42 0.75
150 0 3 10 091 12,09 3.72 409 15 112 1105 1.27 113 20 055 841 212 3.85
150 0 6 10 0.64 13.03 6.67 1042 15 074 1151 321 434 20 042 1118 162 3.86
150 5 2 10 121 947 9.92 820 15 0.99 912 7.89 797 20 059 950 333 564
150 10 4 10 132 1245 1398 1059 15 0.99 9.87 11.76 1188 20 046 999 592 12.87
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4.3.3.6 Color and surface morphology of ALECA

Fig. 12. illustrates the comparison of bloated aggregates from the selected clay samples under
investigation. It is apparent from the figures that Nandipur clay showed the best bloating. If we
look at the appearance of the bloated aggregates individually, the Nandipur clay aggregate are deep
brown (rusty) in color and the texture is rough. Multan clay aggregates on the other hand manifest
a pitch-dark and glassy appearance. Due to lesser gasification and glassification, only small pores
are visible on the surface of the aggregates. Mirpur clay aggregates resemble with Multan
aggregates to a greater extent. Mirpur aggregates also undergo comparatively less glassification
and the color is brownish. The Sibbi clay aggregates are reddish brown, and the texture is
unwrinkled due to least bloating. Finally, the DIK aggregates showed the second-best bloating,
and the texture is also rough and uneven. The color of the DIK clay is rosy, darkish red. The
physical appearance also governs the porosity of the aggregates. Nandipur and DIK aggregates

turned out to be the lightest and most porous aggregates.

Multan clay

Bloating Temperature 1200 °C

Original pellet size
(unfired) -
FA=0% & k=0% | FA=5% & k=0% | FA=10% & k=0% | FA=15% & k=0% | FA=0% & k=3% | FA=0% & k=6% | FA=3% & k=2% | FA=10% & k=4%

S

10mm

15mm

20mm
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Nandipur clay

Bloating Temperature 1200 °C
Original pellet size
(unfired)
FA=0% & k=0% | FA=5% & k=0% | FA=10% & k=0% | FA=15% & k=0% | FA=0% & k=3% | FA=0% & k=% | FA=5% & k=2% | FA=10% & k=4%
10mm
15mm

20mm

Mirpur clay
Bloating Temperature 1200 °C
Original pellet size
(unfired)
FA=0% & k=0% | FA=5% & k=0% | FA=10% & k=0% | FA=15% & k=0% | FA=0% & k=3% | FA=0% & k=6% | FA=5% & k=2% | FA=10% & k=4%
10mm
13mm
20mm
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Sibbi clay

Bloating Temperature 1200 °C

Original pellet size
(unfired)
FA=0% & k=0% FA=3% & k=0% FA=10% & k=0% FA=15% & k=0% FA=0% & k=3% FA=0% & k=6% FA=5% & k=2% FA=10% & k=4%
10mm ' ' '
4 /
{ /
N
15mm ' ’ 7 )
— —
= =
X Q | '

Y

DIK clay
Bloating Temperature 1500 °C
Original pellet size
(unfired)
FA=0% & k=0% | FA=5% & k=0% | FA=10% & k=0% | FA=15% & k=0% | FA=0% & k=3% | FA=0% & k=6% | FA=5% & k=2% | FA=10% & k=4%
e
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Fig. 12. Pictures of the sintered aggregates regarding the different doses and different size of pellets
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4.3.4 Suitability for concrete

The main advantage of LWA is lightness, however as low density is usually accompanied by low
compressive strength, the ratio S/pa (Table 4) is a useful parameter that represents the balance
between both properties, working as a good indicator of the suitability of LWAs for concrete. The
commercial LWA “Leca Strutturale” used in structural concrete manufacture has a ratio S/pa=3.46,
being its average individual grain S value of 4.5 MPa [48]. In Table 4, the highlighted LWAs are
suitable for producing lightweight structural concrete. Despite having lower mechanical strengths,
the application in structural concrete of the expanded LWAs should not be discarded until
performing additional investigations with concrete specimens. In any case, they could be used for
other purposes, such as non-structural members, precast lightweight structures, insulation

lightweight concretes, or geotechnical applications [49].
4.4. Conclusion

In this research, different zones of Pakistan were selected to manufacture the artificial lightweight
expanded clay aggregate. These clays were investigated according to their ability to form granules,
their potential to burst during heating, energy cost, and their mechanical properties, with particular
attention to the density and the compressive strength. A variety of lightweight aggregates were

produced, and the following conclusion has been drawn:

e As the pellet size increases from the maximum point bloating index and loss on ignition
decreases due to the non-uniform distribution of temperature inside the core of the pellet.

e By increasing the percentage of kerosene oil, bloating of aggregates increases after exceeding
the optimum dose; there was no significant increment in pellets' bloating and bursting problems
of pellets occurred. The optimum dose of fly ash was 15%, and after exceeding this percentage
bursting problems were faced, and the strength of expanded clay aggregates was also
decreased.

e The clays which have higher ratios of SiO»/Y. Flux require higher working temperatures. The
Si0,/}; Flux ratio of Sibbi clay is 4.45 with the required bloating temperature of 1250°C.

e Although the Sibbi clay aggregate strength is good but due to the higher density of pellets and
not developing the typical structure (highly porous core) of lightweight aggregates not suitable

for producing expanded clay aggregate according to protocols followed in this research.
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(1]

(2]

[3]

[4]

[3]

(6]

(7]

e The effective time period and temperature in the furnace changed according to clay type. Thus,
tests were conducted to find each clay's effective time period and temperature. The temperature
rate is kept at 20°C/min for all clays, and bloating temperatures of clays are DIK-1150 °C,
Nandipur-1200 °C, Multan-1200 °C, Mirpur-1200 °C, and Sibbi-1250 °C.

e The four clays—Nandipur, Multan, DIK, and Mirpur—have demonstrated the best aptitudes.
It is remarkable that the Nandipur clay, which has the lowest energetic cost of the clay under
investigation, produced the lightest aggregate (bulk density of 0.39 g/cm3 and BI of
26.3%) sintered at 1200°C. Another advantage is that these LWAs' mechanical strength has

been shown to be more than that of a commercial LWA used in structural concrete.

The results of this study reveal that certain clays with greater aptitudes especially the Nandipur
clay produce a new market line within the LWA sector, whose contribution is of enormous

significance in industries like building, agriculture, or civil and environmental engineering.
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Chapter 5
MODULE-2

Machine learning based predictive modeling of sustainable lightweight
aggregate concrete

Abstract:

Nowadays, lightweight aggregate concrete is becoming more popular due to its versatile
properties. It mainly helps to reduce the dead loads of the structure, which ultimately reduces
design load requirements. The main challenge associated with lightweight aggregate concrete is
finding an optimized mix per requirements. However, the conventional material design of this
composite is quite costly, time-consuming, and iterative. This research proposes a simplified
methodology for mix designing of structural and non-structural lightweight aggregate concrete by
incorporating machine learning. For this purpose, five distinct machine learning algorithms;
Support vector machine (SVM), Artificial neural network (ANN), Decision tree (DT), Gaussian
process of regression (GPR), and Extreme gradient boosting tree (XGBoost) algorithms were
investigated. For the training, testing, and validation process, a total of 420 data points were
collected from 43 published journal articles. The performance of models was evaluated based on
statistical performance indicators. Overall, 11 input parameters, including ingredients of the
concrete mix and aggregate properties were entertained; the only output parameter was the
compressive strength of lightweight concrete. The results revealed that the GPR model
outperformed the remaining four machine learning models by attaining R? 0.99, RMSE 1.34, MSE
1.79, and MAE 0.69. In a nutshell, these simplified modern techniques can be employed to make

the design of lightweight aggregate concrete easy without extensive experimentation.

5.1. Introduction:

Concrete is considered to be the second most consumed material after water globally. Its
remarkable binding property helps to support large structures which increases its demand daily.
Due to its numerous benefits, the consumption of concrete tolls up to a giant figure of 30 billion
tons per annum. [1]. In concrete structures, the majority of the stresses resulting from the action of
heavy dead loads. These heavy dead loads can be reduced by using lightweight aggregate concrete.

The weight of aggregate generally used in concrete is almost 70% of the composite, indicating that
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most of the weight in concrete is occupied by the aggregate [2]. Using natural or artificial
lightweight aggregate instead of normal aggregate could reduce the weight of the concrete
significantly. Lightweight aggregate is broadly divided into two categories a) natural lightweight
aggregate includes vermiculite, perlite, pumice, diatomite, scoria etc. b) Artificial lightweight
aggregate includes expanded clay aggregate, expanded perlite, plastic aggregate, and expanded
polystyrene beads, etc. [3]. The use of LWAC is increasing especially in high-rise buildings and
long-span bridges due to its numerous benefits. These benefits include lower gravity load, better
heat insulation and sound insulation, reduced risk of earthquake damage, improved fire resistance,
lower shrinkage, and creep resistance as compared to conventional concrete [4]-[10]. LWAC is
also a sustainable alternative for making energy-efficient buildings through heat insulation
properties and cost-effective structures. The lower dead loads eventually lowers the structural
members' design actions that help reduce the cross-section and reinforcement requirements [11].
Due to the lower self-weight, the cross-section of the structural members also decreases leading to
lesser use of the cement which is primary contributor of the greenhouse gases as well as aggregate
[12]. Furthermore, waste of the different sectors is also utilized as lightweight aggregate such as,
crumb rubber, electric arch furnace slag, fly ash, etc, [12]-[15]. Artificial lightweight aggregate is
also manufactured using local clays and fly ash, which is replacing the natural aggregate in order
to reduce the usage of natural reserves [12], [16], [17].

Shaiksha et al. [18] reported that using artificial lightweight aggregate instead of natural aggregate
could significantly reduce the cost by 18% due to a 22% reduction in the unit weight of the
concrete. Lydon et al. [19] confirmed that the compressive strength of the LWAC is directly
dependent on the density of the LWA used [4]. Furthermore, Huang et al. [20] confirmed that the
mechanical properties of the LWAC are also a function of the rheological properties and
water/binder ratio, as LWA has a high absorption capacity due to their porous microstructure. The
main challenge of LWAC is to select the appropriate water/binder ratio owing to the high
absorption capacity of the LWA [15]. This ultimately leads to rapid slump loss and decreases the
setting time of concrete.

The mix design process for lightweight aggregate concrete is a bit complicated due to the inclusion
of different properties of the lightweight aggregate. The main problem associated with the proper
mix design of lightweight aggregate concrete is the variation in water absorbing capacity, and the

density of the lightweight aggregate. To avoid the extensive mix design process, researchers have
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developed different types of machine learning (ML) models to predict the strength parameters of
the concrete [21]-[24]. The use of Artificial Intelligence (Al) in concrete technology is not new;
firstly, it was started simply to predict the compressive strength of the concrete and later also used
to predict other properties of concrete due to its promising results [25]. Over the years, different
approaches to machine learning have been made to predict the different parameters of a material
or concrete. These include Support vector machine (SVM), Random forest (RF), Decision tree
(DT), Gene expression programming (GEP), and Artificial neural network (ANN), [26]-[30].
Aslam et al. [44] predict the compressive strength of high-strength concrete using the GEP
algorithm [31]. Using the ANN algorithm, Siddique et al. [13] predicted the compressive strength
of self-compacting concrete containing bottom ash [32]. Chithra et al. adopted an ANN model
technique to predict the compressive strength of concrete containing nano-silica and copper slag
[33]. Similarly, ML-based predictive models have also been developed for special concrete, such
as fiber-reinforced concrete [72].

Young et al. [23] adopted the ANN modeling technique to predict the compressive strength of the
lightweight aggregate concrete; however, this model lacked several important input parameters
associated with the properties of aggregate, including water absorption, the density of the LWA as
well as the accuracy of the model was also compromised with R? of 0.71. Tenza-Abril et al. [24]
also developed an ANN model using ultrasonic pulse velocity as input to predict the compressive
strength of the segregated lightweight aggregate concrete. The model developed by Tenza-Abril
was good in terms of accuracy with an R? of 0.82. These aforementioned purposed models for
LWAC were limited in terms of input parameters, along with compromised accuracies [24].
Therefore, there is a serious need for a comprehensive model involving all the important input
parameters with high accuracy to predict the compressive strength of the lightweight aggregate
concrete incorporating the properties of aggregate. This paper proposes a comprehensive approach
to predict the compressive strength of structural and non-structural lightweight aggregate concrete.
It is the first time that lightweight aggregate characteristics such as water absorption capacity, and
density of the lightweight aggregate have been included in the dataset to predict the compressive
strength of lightweight aggregate concrete based on input data that has not yet been utilized by the
network. Also, the purposed machine learning model has a good accuracy as compared to already
existing lightweight aggregate concrete compressive strength predictive models. Initially, a

comprehensive dataset comprising 420 data points was extracted from the published journal
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articles [1], [34]-[74]. To make the dataset coherent, a detailed statistical analysis was performed
for data cleaning to remove the outliers from the dataset. For the training of the models, a total of
five ML-based algorithms were considered for comparative analysis. To avoid overfitting and
underfitting the trained model, the dataset was divided into three separate parts, out of which one
was used for training, the second for testing, and the third for validation. Finally, the accuracies of
the models were evaluated based on statistical error indicators, and then the best model was used

to predict the compressive strength.

5.2. Data collection and analysis:
5.2.1. Data collection

This study utilizes 420 data points for the prediction modeling of lightweight aggregate concrete,
which were collected from published literature and are shown in Table. 5. A dataset with 12
instances was used, from which 11 are input parameters and one is output. In the dataset, the input
parameters are cement, sand, water-to-cement ratio (w/c), lightweight aggregate (LWA), normal
aggregate (Normal Agg.), the density of lightweight aggregate, water absorption of lightweight
aggregate, superplasticizer, curing time, fly ash (FA) and lightweight aggregate type. The output
variable is compressive strength. The box plot of input and output variables is shown in Fig. 14.
The name, unit, minimum and maximum values, mean, mode, and standard derivation (SD) are
listed in Table 5. The statistical distribution of the parameters used in the dataset is shown in Fig.
13.

5.2.2. Pre-processing of dataset

The preprocessing data sample points initiate the development of the ML model. A correlation
matrix was developed to determine the relationship between the dependent and independent
variables which is shown in Fig. 15. The Pearson correlation matrix is a comprehensive graph that
shows the relationship between the variables in terms of Pearson correlation coefficients [75]. In
the correlation matrix, the correlation coefficient range lies between +1 and -1. The correlation
coefficient values range between -1 and +1 for the non-diagonal entries and exactly 1 for the
diagonal entries since the relation of one variable with itself will always be perfect [76]. It is
evident from signs that the positive values show direct relation and negative show inverse relation

between the variables[76]. The equation expressing the Pearson correlation coefficient is:
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5.2.3. Dataset normalization

The major challenge faced after data collection is processing the raw data to make it compatible
with the ML models used. For instance, in our dataset, there was a considerable difference between
the numerical values of cement, w/c, and normal aggregate used. This difference affected the
accuracy of our model adversely. This issue was tackled using the data normalization technique.
Data normalization means transforming data into the unit sphere or scaling down the actual values
to numerical indexes between 0 and 1. It leads to data cleansing and convergence and significantly
enhances the model's efficiency. It also improves data execution by reducing the data set's
redundancy. The governing equation taken into consideration for data normalization is mentioned
below, where the normalized value of a certain input variable is a function of the actual, minimum,

and maximum values of that variable in the data set.
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Table 5

Summary of dataset for ML models training.

Parameters Unit Minimum  Maximum  Median Mode SD Type
Cement Kg/m® 156 1500 467 480 378.42 Input
Sand Kg/m® 0 1193 664 0 33015 nput
Water-to-cement ratio 1 0.15 0.80 0.45 0.5 0.08 Input
LWA Quantity Kg/m* 23.80 1191 308 37 297.28 Input
Density of LWA Kg/m® 415 1489 783 575 357.65 Input
Water absorption of LWA % 0.92 58.30 25.20 40 13.83 Input
Normal aggregate Kg/m® 0 1326 0 0 353.98 Input
Super-plasticizer % 0 3 0 0 0.70 Input
Curing Time Days 1 120 28 28 14.27 Input
Fly ash Kg/m® 0 540 0 0 117.61 Input
Lightweight aggregate Types - - - - - - Input
Compressive Strength MPa 2.03 79 24.58 25 16.68 Output
Table 6

Summary of dataset for ML models testing.

Parameters Unit Minimum  Maximum  Median Mode SD Type
Cement Kg/m3 139 1350 384 450 197.70 Input
Sand Kg/m® 0 1178 630 0 294.92 nput
Water-to-cement ratio 1 0.23 0.8 0.42 0.35 0.07 Input
LWA Quantity Kg/m3> 0 950 155 0 270.29 Input
Density of LWA Kg/m* 406 1480 750 610 320.11 Input
Water absorption of LWA % 0.92 56 20.5 20.5 13.54 Input
Normal aggregate Kg/m3> 0 941.2 0 0 282.15 Input
Super-plasticizer % 0 2.5 0.5 0 0.687 Input
Curing Time Days 1 120 28 28 234 Input
Fly ash Kg/m* 0 540 0 0 111.38 Input
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Lightweight aggregate Types - - - - - - Input

Compressive Strength MPa 4.28 65.14 27 25 15.54 Output
Cement 1.000
Sand -0.527 1.000
Water/binder 0.296  -0.360 1.000
LWA Type -0.295 0.190 -0.072 1.000
LWA Quantity -0.129 0.032 -0.104 0.156 1.000
Density of LWA 0.491 -0.315 0.086 -0.022 0.482 1.000

Water Absorption 0.153 -0.045 0.153  0.087 -0.156 -0.002;  1.000

Normal Aggregate -0.175 0.220 0.125 0.371 -0.364 -0.118 0.254 1.000

Superplasticizer -0.127 -0.067 -0.286 0.058 0.311 0.302 -0.058 -0.066 1.000
Curing Time -0.006 0.014 -0.039 -0.045 0.146 0.086 -0.146 -0.112 0.065 1.000
Fly ash 0.497 -0.443 0.307 -0.366 -0.137 0.219 0.067 -0.196  -0.120 0.017_ 1.000
Compression
Strength(Mpa) 0.071 0.047 -0.291 0.273 0.512 0.645 -0.211 0.109 0.355 0.244 -0.092 1.000
5 > N M <
< @ s s H -8 2 £ 8 o
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Fig. 15. Pearson correlation matrix.

5.3. Methodology

5.3.1. Overview of machine learning

Implementing machine learning (ML) in civil engineering is considered a renaissance in this field.
ML models enhanced numerical computational power and higher accuracy. The ML is a branch
of artificial intelligence (Al) and can be used for several objectives like classification, clustering,
regression, etc. The basic working flowchart of machine learning is shown in Fig. 16. Predicting
the compressive strength of lightweight concrete is just one application of the ML models. An ML
follows certain algorithms that can learn from the input data themselves, and after hyperparameter
tuning, it gives highly accurate results. An ML model that has been accurately trained and
precisely calibrated has shown significant similarity with practical experimental data. The
juggernaut behind this Al arena is that we allow the computer algorithms to learn from a given

dataset rather than programing them conventionally. Hence, the algorithm comes up with a model
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that can interpret all the data fed to it. Table 7 summarizes some of the latest work conducted in

the domain concrete with the integration of ML tools.

Training Preprocess Data Training Find Best model Find Best

Data Data
+
Validation o
Data i ) Select Features Training Data
Data Normalization Validation +

BEIE] Tune Parameters Validation Data

Final
Choose a Model model Model

Data Cleaning

Original
Dataset
Preprocess Data Final Model

Data Cleaning

Data Normalization

Fig. 16. Machine learning implementation process.

Table 7

Recent used of advanced machine learning modeling in research.

Output

Parameters Ref.

Sr. No.Machine Learning Algorithms  Data sets Input parameters

Water content, aggregate content, RCA content, NA content
1. GB PSO & SVR 721 sand content, cement content, RCA water absorption, NA
water absorption.

> Compressive
Strength [77]

Gaussian process regression,
2. Kernel transformations and 1681 Cement, fly ash and water content
regression, SVR

Compressive
Strength [78]

Compressive
3. GPR, ANN SVR 406 Water, cement , slag, fine steel slag, coarse steel slag Strength [79]
Compressive
. strength and
4. ELM, SVM and GMDH 2028 Curing ages of 1, 3, 7, 28 and 90 days. ultrasonic pulse [80]
velocities
Compressive
strength, Split
> RF (Random Forest) - FA, RM, and GP tensile strength - [81]
and flexural
strength
Fly ash, water glass solution, sodium hydroxide solution,
coarse aggregate, fine aggregate, water, concentration of ~ Compressive
6. ANN & DNN 333 sodium hydroxide solution, curing time, and curing strength [32]

temperature.
C-G: cement strength class, W/B: water-binder ratio; S-R:
sand ratio, P/A: paste-aggregate ratio, RA/A: recycled

7. SVM, ANN, adaboost, CNN 380 coarse aggregate replacement proportion, F/B: fly ash
replacement proportion, SF/B: silica fume replacement
proportion, S/B: slag replacement

Compressive
strength [83]

Compressive
strength and [84]
flexural strength

W/C ratio and silica fume, Silica fume content and fiber

8. RF, adaboost, GB, SVR & XGB 220 .
volume fraction
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

ANN, GB, XGB, SVR, KNN LR 630

Least square support vector
machine Coupled simulated -
annealing CSA LSSVM-CSA, GP

Multiple linear regression, Genetic
algorithm-BPNN, Backpropagation
neural network, Gaussian process
regression, Radial basis function
neural network.

2045

Linear regression, K-nearest
neighbors, Support vector
regression, XGboost, Decision tree
Gaussian process regression,
Gradient boosting, Artificial neural
network, Random forest.

>429

Data envelopment analysis 114
Support vector machine 15
Gene-expression programming 277
Adaptive neuro fuzzy inference 7
system

Conventional-ANN 220
Multivariate 21

Intelligent rule based enhanced
multiclass support vector machine 114
and fuzzy rules

Multivariate adaptive regression 114
spline

Gene-expression programming 160

Gene expression programming
(GEP), Random forest regression
(RFR) and Support vector machine ~
(SVM)

Extreme learning machine (ELM) 324

Gaussian process regression (GPR) 414

Support vector regressor (SVR),
Random forest regressor (RFR),
Extra trees regressor (ETR), and
Gradient boosting regressor (GBR)
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Cement, fines, coarse aggregate, superplasticizer and curing
age

W/c ratio, coarse—fine aggregate (CA/FA) ratio, proportion
of CAto FA

Water-cement ratio, water-binder ratio, aggregate-cement
ratio, cement content (kg/m3), silica fume content (%

cement mass), fly ash content (% cement mass), slag content

(% cement mass), calcined clay content (% cement mass)
(denoted as metakaolin), filler content (kg/m3), amount of
superplasticizer (% cement mass), SAP content (% cement
mass), SAP size (um), SAP water uptake (g/g of SAP in
cement slurry) and time since the beginning of shrinkage
measurements (days)

Wall features

Super plasticizer, coarse aggregates, fine aggregates, water—
binder ratio, fly ash replacement percentage, and the total
binder content

AE parameters

Binder content, fly ash, water—powder ratio, fine aggregate,
coarse aggregate and superplasticizer

Depth, thickness, yield strength of steel, the Compressive
strength of concrete and the length of the CFST

Mixtures incorporating 0%, 10 wt%, 20 wt%, 30 wt%, 50
wt%, 60 wt%, and wt 70% T-POFA as a replacement of
ordinary Portland cement (OPC) at a constant water/binder
(W/B) ratio of 0.35

W/c ratio, sand/cement ratio , curing days and dry density

Crumb rubber derived from end-of-life tires (grain size 0.5—

3.5 mm) was replaced fine aggregate by 0%, 5%, 10%, 15%,

20%, 25%, and 30% of total aggregate volume. Silica fume
was replaced cement by 0%, 5%, and 10% of the total
cement mass

Cement (kg), fly ash (kg), water powder ratio (W/P) and
super plasticizer (I/m3)

Fly ash as cement replacement
Temperature (T), recycled concrete aggregate (RCA)

replacement level, and super plasticizer (SP) addition
percentage

SCBA dosage (SCBA%), the quantity of fine aggregate (FA)

and coarse aggregate (CA), water-cement ratio (W/C) and
cement content (CC).

Water, cement, fine aggregate, coarse aggregate, and

superplasticizer

Curing time and pre-treatment condition
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Compressive
strength [85]
Compressive
strength [86]
Axial loading
capacity [87]
The capacity of [88]

RC shear walls

Compressive
strength, V funnel

test, Slump test, L [89]
box test
Compressive

strength [90]

[75]
[91]

Axial capacity

Compressive
strength

Compressive
strength [92]
Compressive

strength [93]

Compressive

strength [94]

Compressive
strength Slump
test L-box test V
funnel test
Post-fire behavior [96]
Compressive

strength (f°c) of
sugarcane bagasse [97]
ash (SCBA)
concrete)
Compressive
strength of high-
strength concrete
(HSO).
Compressive
strength of
Miscanthus

[95]

[93]

[98]

Compressive

strength [99]



Compressive
strength of

26. Gaussian process regression (GPR) 414 Mixture proportions and the chemical compositions Miscanthus
lightweight
concrete (MLWC)

Multiple linear regression (MLR),
Generalized linear modeling
(GLM), Quadratic polynomial
regression (QPR), and Support
vector machine with linear kernel
(SVML); non-linear models include Compressive
27.  Artificial neural network (ANN), 12,107 Curing time and pre-treatment condition strength of field
Support vector machine with concrete at 7 days
polynomial kernel (SVMP),
Support vector machine with radial
kernel (SVMR), Random forest
(RF), and Extreme gradient
boosting (xgboost)
28 Support vector machine (SVM) 1000 Water, cerr_le_nt_, coarse aggregate, fine aggregz_ite, fly gsh, Compressive
superplasticizing admixture, and water reducing admixture. strength
. . .. Compressive
29. Support vector regression 115 Curing conditions strength

[100]

[99]

[96]
[101]

5.3.1.1. Artificial neural networks

An Artificial neural network (ANN) is a data-driven ML-based approach inspired by the
functioning of neural networks in the human brain. [102]. ANN has versatile applications from
speech recognition to medical diagnosis and data sorting to clustering. The working principle of
ANN is based on its ability to learn from the data provided and find a certain connection between
the input and output parameters through hidden functions. Neurons are the building blocks of ANN
and there is a weight and bias associated with every neuron. The data proceeds from the input layer
towards the output layer through different intermediate hidden layers. All the corresponding layers
are attached by discrete channels with distinct weights. In order to pass on the data through
different layers, the input value of the preceding layer is multiplied by the weight of the channel
attaching this neuron with the neuron of the succeeding layer. Then finally, the product of these
two is added to bias, which is a numerical value assigned to the succeeding layer neurons. Our
model comprises 11 input layers, 10 hidden layers, and one output layer. The number of input and
output layers is upon users’ discretion; however, the number of hidden layers is a variable that
changes from data to data. The model is trained iteratively for the different number of hidden
layers, and then the number of layers of the model with optimum accuracy are adopted.[103]. The

basic architecture of the ANN model is shown in Fig. 17.
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Fig. 17. Artificial neural network model.

5.3.1.2. Regression analysis

The regression analysis is a family of machine learning models which serves two primary
purposes. Firstly, regression analysis is mainly used for the prediction in which their application
has significant overlaps with the machine learning area. Secondly, regression analysis can identify
the relationship between the dependent and independent variables [104]. According to the
regression models, the independent variable ‘x’ predicts the dependent variable “Y’. Regression
is further classified into two main domains, linear and non-linear regression analysis. When the
relationship between the dependent and independent variables is non-linear, non-linear regression
analysis is performed, which is frequently the case in most of the real-world applications.
Similarly, when the relationship between the dependent and independent variables is linear, linear
regression analysis is performed.

Y=a+bx+cx?+dx3+ext+...... 3)

5.3.1.2.1 Support vector machine

Support vector machines (SVMs) are supervised learning models for classification and regression
analysis that examine data and identify patterns. SVM differentiates cases with different class
labels by developing hyperplanes in a multidimensional space. Multiple continuous and
categorical variables can be handled by SVM, which allows both regression and classification

tasks [105], [106].

5.3.1.2.2 Gaussian process regression
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Gaussian process regression (GPR) is a Bayesian non-parametric technique that has been used
widely in data-based modelling of a variety of systems, including those relevant to chemometrics.
However, because it is challenging to formulate a covariance function for correlated multiple
response variables that captures both the correlation between responses and the correlation
between data points, most GPR implementations only simulate a single response variable [107],

[108].

5.3.1.2.3 Extreme gradient boosting tree

A gradient boosting framework is used by the ensemble machine learning method XGBoost, which
is decision-tree based. Artificial neural networks frequently outperform all other algorithms or
frameworks in prediction issues involving unstructured data (pictures, text, etc.). However,
decision tree-based algorithms are currently thought to be best-in-class for small- to medium-sized

structured/tabular data [30], [106], [109].

5.3.1.2.4 Decision Tree

Decision Tree Analysis is a common, predictive modelling technique with applications bridging
various areas. In general, decision trees are developed using an algorithmic method that defines
how to divide a data set based on several criteria. It is among the most widespread and useful
techniques for supervised learning. Decision Trees are a non-parametric supervised learning
technique used for both classification and regression tasks. The aim is to learn straightforward
decision rules derived from the data features to develop a model that predicts the value of a target

variable [108], [110], [111].

START DATA PRE- INITIAL GENERATING
COLLECTION PROCESSING PARAMETER INITIAL VALUES

FINDING
FITTING
ERRORS

FITTING INPUT
AND OUTPUT
PARAMETERS

CHECKING PARAMETER
ERRORS ADJUSTEMENT

OUTPUT

Support vector machine (SVM)
67



Generating
population
parameter

START

—m— Fitness of Selecting

xGBoost
parameter

function
PREPARE
DATASET VALIDATION

Training
XxGBoost

XGBoost

Grouping

ll$

END

Extreme gradient boosting tree (XGBoost)

No

Sequential \ELEL
sampling addition

Building GPR Assembling
model and model
analysis performance

Model
accuracy

Checking
for best set

Subset

construction

Data
collection

Anomaly in complete

performance

Gaussian process of regression (GPR)

68



{.Intemal node . Leaf Node ‘

Decision Tree (DT)

Fig. 18. Working flowcharts of Regression models.

5.4. Model development and construction
5.4.1. Anomalous data

The data were collected from the previously published literature, including hypothetical trials of
the different samples. In the collected data, some points were affecting the accuracy of the trained
models. These data points are outliers called anomalous data. Twenty-two such types of data points
were removed, e.g., a sample that included the water/cement ratio of 1 was removed as the
anomalous data considering its unrealistic nature. In the same way, 130MPa compressive strength
of the lightweight aggregate concrete was reported without any additive and normal aggregate and
was also included in outliers. Some data points did not even contain any lightweight aggregate, so

those data points were also removed.

5.4.2. Hyperparameter tuning

Hyperparameter tuning is the setting of a learning algorithm before training any ML model.
Hyperparameter tuning is an iterative process where selecting appropriate model parameters
determine the model's accuracy. Model parameters vary from model to model as well as with
dataset. The input variables and model parameters, such as number of hidden layers, learning rate,

number of learners, leaf size, and percentage of the dataset for training, validation, testing, etc.,
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were varied until the optimum model performance was achieved. Due to a large number of model
parameters, only a few hyperparameters were tuned; the others were set to default. The
hyperparameters of ML models that were optimized are shown in Table 8.

Table 8

Optimized hyperparameter for ML models.

Methods Hyperparameters Range Optimum value
DT Minimum Leaf size 1-50 4
Kernel Function ?léblc
SVM Epsilon 0.1-2 1'
Kernel scale 0.1-1.7
Minimum Leaf size 1-20 8
XGBoost Number of learners 1-50 30
Learning Rate 0.01-0.50 0.1
Kernel scale 1-80 52
GPR Sigma 1-15 12
ANN Training algorithm Bayesian Regularization 10

Hidden Layer Size 1-40

5.4.3. Model performance indicators

To assess the performance of the ML models, four types of statistical performance indicators were
used. The performance indicators used are root mean square error (RMSE), mean absolute error
(MAE), mean square error (MSE), variance account factor (VAF), performance index (PI) and
coefficient of determination R-squared (R?). The coefficient of determination R? shows the
variance in predicted values as compared to the actual values. The closer the value of R?is to 1,
the higher is the accuracy of the model. On the other hand, RMSE and MSE indicate how much
of the data points are converged on the regression line. MAE is also a similar measure of errors
in paired observations. The formulation of the statistical performance indicators is given in Table
8. Where Kpre and Kact are the predicted and actual values, respectively; m refers to the total number

of sample points, and k . refers to the mean of the predicted values.

Table 8.

Statistical performance indicators
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5.4.4. Training process

Rigorous and repeated model training is performed to achieve higher accuracy. The selection of
appropriate parameters during the training process determines the model's accuracy. Therefore,
the models were trained multiple times by changing input variables and parameters until the best
model with the highest possible accuracy was obtained. Fig. 19. gives a basic overview of the
training process for the machine learning models adopted in this research.

Import Machine Hyperparameter Train ML
Datasct |mmmdd learning Models |E— Tuning — Model

ANN, GPR, SVM,
XGBoost, DT

Fig. 19. The training process of ML Models.

5.5. Results and discussion
5.5.1. Predicted results and discussion

The five machine learning algorithms Support vector machine (SVM), Artificial neural network
(ANN), Decision tree (DT), Gaussian process of regression (GPR), and Extreme gradient boosting
tree (XGBoost) were trained and tested. The model's accuracy is measured in terms of R?; the
larger the value, the more accurate the model will be. While in the case of the RMSE, the lower
the value, the greater accuracy of the model [17]. Fig. 20. compares the actual and predicted results

of the output parameter. The trained model of GPR which outperforms all other models gives
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RMSE of compressive strength for training data set 1.34, while the RMSE for testing data set is
7.79. While the model’s accuracy for testing and training data set in terms of R? for compressive

strength is 0.99 and 0.92 respectively.
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Table 9

Summary of trained models.

ML Models Set RMSE R? MSE MAE VAF
Training 4.45 0.94 19.78 2.68 93.81
DT -
Testing 6.58 0.87 43.37 4.32 86.34
SVM Training 2.38 0.98 5.64 1.58 98.29
Testing 7.43 0.84 55.26 3.61 85.56
Training 5.02 0.92 25.22 3.39 92.91
XGBoost ;
Testing 7.79 0.82 60.82 481 83.09
GPR Training 1.34 0.99 1.79 0.69 99.40
Testing 5.06 0.92 25.62 3.01 95.65
ANN Trai?ing 2.62 0.98 6.89 1.71 98.59
Testing 84 0.9 70.58 5.13 94.19

5.5.2. Rank analysis

To evaluate the overall performance of machine learning models, rank analysis is performed.
Based on the results of the training and testing phases of the model, each model is rated based on
the results of all statistical indices computed. The worst-performing model is ranked as having a
model value of 1, while the best model is ranked as having a model value of 5. (as five models are

used in this study). The total rank is then calculated in this method by adding all the individual
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ratings. The model with the lowest rank is considered to be the best performing one, while the
model with the highest rank is considered to be the worst performing one. The performance of the
models is calculated by adding the models total rank of the training and testing set to find overall
rank. As it can be seen in the Table 10. that the performance of the GPR model stand out of all the
five models with overall rank=25. Following GPR, SVM stand as 2nd overall rank=27, DT as 3rd
overall rank=29, XGBoost 4th overall rank=30, ANN 5th overall rank=39.

Table 10

Rank analysis of ML models.

ML Models Set RMSE R? MSE MAE VAF Total rank Overall rank
Training 4 2 4 4 2 16

DT - 29
Testing 2 3 2 3 3 13
Training 2 5 2 2 3 14

SVM - 27
Testing 3 2 4 2 2 13
Training 5 1 5 5 1 17

XGBoost - 30
Testing 4 1 3 4 1 13
Training 1 4 1 1 5 12

GPR - 25
Testing 1 5 1 1 5 13
Training 3 3 3 3 4 16

ANN - 39
Testing 5 4 5 5 4 23

5.5.3 Model performance analysis

Since it is evident from Table. 9 that the GPR model was found to be the best fit for forecasting
the compressive strength of lightweight aggregate concrete and a separate dataset was used to
validate the predictive model. This data was not included during the model's training and testing
process. The output (compressive strength) was monitored by varying the type of LWA, the
density of LWA, and the water absorption of LWA, which is the prime input of the model. The
results were highly encouraging, and the predicted compressive strength was almost the same as
that was published in the literature. The summary of validation and the comparison of the predicted

and actual data are shown in Fig. 21.
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5.6. Conclusions

This study used different machine learning tools to develop an optimized compressive strength
predictive model of sustainable lightweight aggregate concrete including lightweight aggregate
characteristics with 420 data points. Five ML models were trained with 11 input parameters and
one compressive strength output.

e For the development of machine learning model’s dataset was divided into three parts training,
testing and validation.

e A detail statistical analysis was performed on the dataset to make it coherent before training
the machine learning models.

e The statistical indicators were used to evaluate the performance of ML models, including root
mean square error (RMSE), mean absolute error (MAE), mean square error (MSE) and
coefficient of determination R-squared (R?).

e To enhance the accuracy of the predictive models optimal hyperparameter tunning was done
during the training process. After hyperparameter tuning, an optimized machine learning
Gaussian process of regression model for compressive strength prediction of sustainable

lightweight aggregate concrete was developed.
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e The R? and RMSE of the GPR model were above 0.99 and 1.34, respectively, indicating that
the GPR model exhibited better performance in predicting the compressive strength of
lightweight aggregate concrete.

e It is therefore concluded that extensive, uneconomical, and time-consuming work of finding
an optimum mix design can be replaced by using these ML algorithms with maximum accuracy

to predict the compressive strength of LWAC.
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Chapter 6
MODULE-3

Development of Non-Structural Sustainable Lightweight Concrete Panels
Incorporating Artificial lightweight Expanded Clay Aggregate

6.1 Introduction:

Concrete is a composite material made up of cement, water, and various aggregates such as sand,
gravel, or crushed stone. It is one of the most commonly used construction materials due to its
durability, strength, and versatility. The cement acts as a binder, holding the aggregates together,
while the water allows the mixture to be poured and shaped. Once it sets and hardens, concrete
forms a solid and long-lasting structure that can withstand a variety of environmental conditions.
It is used in a wide range of construction projects, from roads and bridges to buildings and homes.
The properties of concrete can be modified by adjusting the ratio of the ingredients, as well as

incorporating additives such as fly ash, slag, or chemical admixtures.

Lightweight concrete is a type of concrete that has a lower density and a higher strength-to-weight
ratio compared to traditional concrete. It is made by replacing some or all of the traditional
aggregates, such as sand and gravel, with lightweight aggregates. There are two main types of
lightweight concrete: precast and in-situ. Precast lightweight concrete is made in a factory and then

transported to the construction site, while in-situ lightweight concrete is mixed on-site.

There are two types of lightweight aggregates used in lightweight concrete: artificial and natural
as shown in Fig. 22. Artificial aggregates are made by processing materials such as expanded clay,
shale, or slag, while natural aggregates are obtained from materials such as pumice, volcanic ash,
or perlite. These lightweight aggregates are used to reduce the weight of the concrete while
maintaining its structural integrity. Additionally, lightweight concrete can be modified to achieve
specific properties by using different types of lightweight aggregates, adjusting the mix design,
and incorporating chemical admixtures. Overall, lightweight concrete offers many benefits,

including reduced dead loads, improved insulation, and easier transportation and placement.
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Fig. 22. Types of natural and artificial lightweight aggregates.

The percentage of mix ingredients in concrete can vary depending on the specific application and
desired properties. However, a typical mix might contain 10-15% cement, 20-25% water, 60-75%
aggregates (such as sand and gravel), and small amounts of admixtures (such as accelerators,

retarders, or plasticizers).

£ I

Fig. 23. Generally concrete matrix consists of 50 to 60 %of aggregate.

After careful consideration of the aggregate percentage in the concrete matrix, we have decided to
replace the natural aggregate with lightweight expanded clay aggregate. This decision was made
in order to achieve a more optimal distribution of the matrix, while also reducing the weight of the
final product. By incorporating lightweight expanded clay aggregate, we can improve the thermal
and sound insulation properties of the concrete, while also reducing its overall density. This
substitution will also result in a more sustainable and eco-friendly construction project, as
expanded clay aggregate is made from natural materials and requires less energy to produce than

traditional natural aggregates.
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6.2 Methodology
6.2.1 Mix ingredients of lightweight concrete

The mix ingredients of lightweight concrete typically include ALECA, cement, fly ash, and water
as shown in Fig. 24. ALECA, or "Artificial Lightweight Expanded Clay Aggregate," is a
lightweight and highly porous material that serves as the primary aggregate in lightweight
concrete. It is made from clay that has been fired at high temperatures to create a lightweight,
porous structure. Cement serves as the binding agent that holds the aggregate together, while fly
ash is often added as a supplementary material to improve the strength and workability of the
mixture. Water is added to achieve the desired consistency and to help the mixture bond together
during the curing process. The resulting lightweight concrete has a lower density than traditional
concrete, making it ideal for applications where weight is a concern, such as in building
construction, bridge decks, and precast concrete products. The use of ALECA in the mixture also
enhances thermal and acoustic insulation properties of the concrete, making it a highly desirable

material for sustainable construction projects.

see

Artificial Lightweight Expanded _: ALECA Infill R A .-
Clay Aggregate (ALECA)

Lightweight
Concrete

Fig. 24 Mix ingredients of lightweight concrete panels.

6.2.2 Artificial lightweight expanded clay aggregate (ALECA)

After preparing 120 mixes of artificial expanded clay aggregate, a thorough analysis was
conducted to select the lightest mix that would be suitable for the preparation of non-structural
lightweight concrete panels as shown in Table 11. The selection process involved carefully
examining the properties of each mix, such as its density, compressive strength, and workability.

The chosen mix was carefully formulated to achieve the desired properties of lightweight concrete,
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including low density and high insulation properties. The mix was then used to prepare a series of
test panels, which were subjected to a battery of rigorous tests to ensure they met all necessary
quality and safety standards.

Table 11

Final properties of ALECA for development of lightweight concrete panels.

Physical property of Artificial Lightweight Expanded Clay Aggregate (ALECA)

loose bulk density (g/m?) 0.39
Practical density (g/m?) 0.43
Compressive strength of Single Aggregate (MPa) 2.5
Water absorption (%) 10.50
Loss on ignition (%) 24.32
Bloating index (%) 33.33

6.2.3 Concrete mix design

To achieve the desired properties of lightweight concrete, three mixes were designed, each with
varying proportions of cement, fly ash, and pre-placed ALECA (artificial lightweight expanded
clay aggregate) as shown in Fig. 25. The first mix comprised of 70% cement, 30% fly ash, and
pre-placed ALECA in the mold, with a water-cement ratio (w/c) of 0.45-0.55. The second mix
consisted of 50% cement, 50% fly ash, and pre-placed ALECA in the mold, with the same w/c
ratio as the first mix. The third mix comprised of 30% cement, 70% fly ash, and pre-placed ALECA
in the mold, with the same w/c ratio as the previous two mixes. Each mix was designed to produce
lightweight concrete with low density and high insulation properties, making them ideal for non-
structural applications such as panels. The variations in the proportions of cement, fly ash, and pre-
placed ALECA in each mix allowed for the desired properties to be achieved while also ensuring
that the mix was easy to work with and could be easily molded into the desired shape. Overall, the
careful design and selection of these mixes were essential to achieving the desired properties of
lightweight concrete and ensuring that the finished product met all necessary quality and safety

standards.
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Fig. 25 Mix design for lightweight concrete panels.

6.2.4 Two stage casting process

The two-stage casting process for lightweight concrete is a highly effective technique for achieving
superior performance and sustainability while reducing the overall weight of a structure. This
approach involves carefully placing the lightweight aggregate in the mold, followed by the pouring
of the first layer of mortar mix as shown in Fig. 26. The first layer is typically denser and helps to
create a strong foundation for the structure. After the first layer partially cures, the second layer of
mortar mix is poured on top, which usually contains a higher proportion of lightweight aggregates
such as perlite or vermiculite. The lightweight aggregates reduce the overall weight of the finished
product while the second layer of mortar provides additional strength and stability. This two-stage
casting process enables greater control over the final appearance and properties of the finished
product, making it ideal for use in decorative panels, cladding, and other non-structural
applications. Overall, this method is a popular choice for architects and builders looking to achieve

lightweight, high-performance concrete solutions that meet their needs for both form and function.
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6.2.5 Testing phase

In the testing phase of non-structural lightweight concrete, various tests were conducted to assess
the performance and quality of the product. The compression test, which was carried out in
accordance with ASTM C39/C39M, evaluated the concrete's ability to withstand compressive
loads. Split tensile testing, conducted in accordance with ASTM C496/C496M, measured the
tensile strength of the concrete. Thermal conductivity was tested using ASTM C177, which
involved measuring the rate at which heat transferred through the concrete. Density measurements
were taken using ASTM C642, which involved weighing the concrete and calculating its volume
to determine its density. Ultrasonic pulse velocity tests, conducted in accordance with ASTM
C597, were used to assess the concrete's resistance to damage and cracking. Fire performance
measurements were taken using ASTM E119, which evaluated the concrete's ability to withstand
high temperatures and flames. Water absorption measurements were carried out using ASTM
C642, to assess the concrete's ability to resist water penetration. These tests were critical in
ensuring that the lightweight concrete was suitable for non-structural purposes such as blocks,
panels, and other similar applications. Fig. 27. shows some pictures of tests which we have

conducted to access the performance of lightweight concrete for non-structural purposes.
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Fig. 27. Experimental program for performance assessment of ALECA infill lightweight concrete.

6.3 Results and discussion
6.3.1 Experimental results and comparison

The testing phase for the ALECA infill lightweight concrete panels produced encouraging results.
The compressive strength of the panels was found to be higher than the other existing lightweight
concrete like EPS panels, Foam concrete etc. used in Pakistan, according to the results in Table
12. In addition, the split tensile strength of the panels was also found to be superior to other
lightweight concrete options in the region. Moreover, the thermal conductivity of the ALECA infill
concrete panels was low, indicating its excellent insulation properties. The density measurement
results were consistent with the desired lightweight concrete range. The ultrasonic pulse velocity
test indicated a high resistance to cracking and other forms of damage, making the ALECA infill
concrete ideal for non-structural purposes like blocks, panels, etc. The fire performance test results
also demonstrated that the concrete could withstand high temperatures and flames for a sufficient
duration. Finally, the water absorption measurement showed that the ALECA infill concrete had a

low level of water penetration, which is desirable in most construction projects. Furthermore, the
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low price of the ALECA infill concrete, as compared to other lightweight concrete options, makes

it a cost-effective solution for the construction industry in Pakistan.

Table 12

Comparison of ALECA infill concrete properties with other lightweight concrete.

Properties ALE;:E'IZ“” EPSPanels | AAC Blocks

Concrete Density Kg/m3 870-1150 850 - 1000 400 - 700 1800 - 2000
Compression Strength MPa 8-14 2.5-3.83 1.5-3.2 6-14
Flexural Strength MPa 0.35-0.84 0.67 0.3-0.42 -
Water Absorption % 8-10.5 10-13 12-14 12-15
Combustion Performance Grade A A A A
Fire Rated Partition Hours >4 4 3-4 >4
Thermal Conductivity W/m.k 0.19 0.25 0.20 0.6-1.2
Acoustic Performance dB 39-42 37-41 38 -45 33-37
Conclusion

In conclusion, the work presented here has successfully developed a sustainable and cost-effective
lightweight concrete using artificial lightweight expanded clay aggregate. This new approach for
casting lightweight concrete, where the aggregate is first placed and then mortar is poured, has
also proven to be time-saving. Additionally, the replacement of a significant amount of cement
with fly ash (70% fly ash and 30% cement) in the concrete mix is a significant step towards green
construction. These findings suggest that this lightweight concrete can be a viable alternative to
conventional bricks in non-structural applications, such as panels, hollow blocks , etc. The results
of the tests conducted also indicate that this ALECA infill concrete performs better than other
existing lightweight concrete used in Pakistan, which makes it a promising material for use in the
country's construction industry. Overall, this work demonstrates the potential of lightweight

concrete as a sustainable and cost-effective construction material.
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Chapter 7
MODULE - 4

Development Cost Comparison and Performance Assessment of High-rise
Buildings with different Types of Infill Panels

7.1 Cost Comparison

This section discusses the cost comparison of a case study building, Sky Garden, originally
designed for Lahore, Pakistan, in five major cities across the country. The 23-story building was
redesigned with two different infill panels in each of the five cities: Lahore, Peshawar, Quetta,
Karachi, and Islamabad. The redesign process followed the structural design codes ACI-318 and
ASCE 7-16, as well as the detailing guidelines outlined in the ACI detailing manual. The cost
estimation for the construction of the four buildings, each with a different infill panel, was based
on the latest market rate systems for each respective city. The results of the cost comparison show
that economic building design can be achieved by using ALECA infill panels compared to other
brick infill option. Fig. 28 shows that by using ALECA infill panels we can save money up to
16.2% as compared to a building with bricks as infill.

_Aa
i ]
Karachi Lahore Islamabad Peshawar Quetta
- ) : . ] "
~ iRl e e S S 0 T T s
- 1
: MAT Foundation «—— Structural Design ——> Super Structure
= l
-
-
— Table. Summary of cost as per market rate-2023
L
: Material Price
: Concrete 276-290
- Steel 985-1059
Bricks as infill 6-6.3
Total Price (avg) PKR 1311.2 million
Concrete 251-257
Steel 758-916
ALECA Infill Panels 7-7.2
Description of Selected Building Total Price (avg) PKR 1098.1 million
» Building: Sky Garden (Lahore) l 2(y
« 23 story residential building . 0)
* 37m by 67.5m covered area . . .
y Reduction in overall material cost of structure
*  Dual Structural System

MAT foundation

Fig. 28. Etabs building model for cost comparison.
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7.2 Non-Linear Performance Assessment

In this section, we will compare the performance of two designed buildings (sky garden) in
Islamabad using non-linear static pushover analysis in Perform 3D. The first building has masonry
infills, while the second has ALECA infills. We will use non-linear fiber modeling for columns
and shear walls, and plastic hinge modeling for beams. The CP (collapse prevention) limit state
will be used to check failure criteria for infill panels, shear walls, beams, and columns. Given the
highly irregular and non-linear behavior of infill panels, it is crucial to model them accurately to
capture their true performance contribution during dynamic loadings. However, there is currently
a gap in research and industry as practical approaches to model infill panels are limited and often
lack the ability to incorporate variations present in the field. To address this, we have developed a
novel macro modeling approach for modeling infill panels that incorporates all possible
variabilities, including frame geometry and material properties, infill frame and material
properties, and interface stiffness. We have validated and compared this approach with available

experimental data in the literature, along with other practical approaches.

The current practices of structural analysis and design of buildings involve taking into
consideration the effect of structural members only (beams, columns, slabs, shear walls, etc.)
without considering the effect of non-structural components. However, several studies have shown
that the non-structural infill walls have a considerable influence on the overall response of the
structure. This issue has been successfully addressed by many researchers by modeling the infill
walls as diagonal struts. However, most of the proposed relationships are empirical and are very
limited to specific types of infill panels. Therefore, this research proposes a novel approach to
accurately model the effect of infill panels. In this study, the effect of the flexible and rigid joints
was also accounted in developing the generalized relationship for equivalent diagonal strut width.
For this purpose, the classical initial stiffness formula was used to evaluate the width of the
diagonal strut. Furthermore, the finite element model of the wall is developed using a thin shell
element bounded by structural frame elements, while the interface of the shell being modeled as a
gap element of adjustable (variable) stiffness. On the other hand, the strut model constitutes of
equivalent compression only strut in replacement of shell element. Furthermore, a stiffness
reduction factor was also introduced to account for the openings in the infill panels. A detailed
parametric study and global validation has been performed and the effect of variation in joint
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stiffness, infill stiffness, frame stiffness, geometric properties of frames and infill and multiple
stories to evaluate the performance of the proposed strut modelling approach under lateral
monotonic and cyclic loads. Finally, the performance of the proposed model and several other
frequently used diagonal strut approaches are compared with experimental results. The results
indicate that despite being comprehensive in terms of its functionality the proposed equation can
accurately model the behavior of any infill panel.

1. Introduction:

The Infilled Frame structural system has a long and rich history, dating back to ancient times where
masonry infill walls were utilized for construction applications. Despite their vast applications and
importance, they are not included in analytical models for structural analyses, as they are
considered non-structural elements. However, the several studies have proven that the infilled
panels show a reasonable contribution toward the lateral stiffness, strength, and overall behavior
of the structure [1]. Furthermore, as it offers most of its rigidity in the lateral direction, hence its
contribution becomes significant in case of extreme lateral loadings arising due to seismic and
wind excitations. The infills manifest an ambiguous behavior when exposed to seismic loadings.
In the case of seismic excitation initially, the infills interact with frames and increase the overall
strength, stiffness, and lateral resistance of the structure. Later, when the stresses exceed a
particular value (when structure enters the nonlinear range), irregular distribution of stresses and
weak out-of-plane behavior instigates failure in the structure due to which infill panels fail first
due to their high in-plane rigidity [1]. Due to its uncertain and complex nonlinear behavior there
was a need to model the nonlinear response of infill panels to evaluate the accurate response of the
building structures. For this several numerical and experimental attempts have been made to
simulate their contribution to accurately model the response of the entire structure [1-5]. Briefly,
the contemporary techniques for the analysis of Infilled Frame structures can be summed up under
two main approaches.

The first approach, which is highly reliable but is computationally pervasive, is the micro modeling
approach. The micro modeling technique is a detailed process in which the localized behavior,
stress concentrations of the infill, along with its complete three-dimensional response can be
investigated using the finite element method (FEM) [2]. This method discretizes the continuum
into small, connected elements and perform analysis on specific points called nodes. The elements

used for modeling infill panels are shells and membranes [3]. Moreover, the inelastic properties of
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both masonry units and mortar along with basic mechanical parameters such as elastic modulus,
and Poisson’s ratio are required for the detailed analyses. In short, the micro-modeling approach
deals with all the components of masonry individually and considers the effect of all the
prospective failure modes.

The second method, the macro modeling method is more practical from a modeling perspective
and is based on the physical behavior of infill panels. The collective mechanical and physical
properties of mortar joints and units are recognized to obtain more simplified solutions [4]. In this
approach, one-dimensional struts along with springs in different orientations are used to portray
the behavior of infills in frames [3]. The idea behind using struts lies in the failure mechanism of
most of the infills which is based on diagonal compression, that can be represented by pin
connected compression only struts. In the case of low lateral loading, the walls behave as shear
walls initially and contribute positively towards the overall stiffness of the structure. But after a
certain limit, when the out-of-plane stresses and displacements increase, the stresses in infill panels
concentrate along one of the diagonals, known as participating diagonal. This usually causes
excessive cracks along the participating diagonal, and gaps are formed between infill and frames
on the non-participating diagonal [4]. Therefore, this behavior of the participating diagonal along
which stresses concentrate is represented with an equivalent compression-only strut. Now, most
of the commercially available FEM softwares do not have the computational capacity to analyze
the non-linear behavior of the infill shells easily. Whereas the non-linear model of these can be
easily represented using the strut approach which requires relatively lower computational power.
Strut approach of infill panels is also recommended in American and Canadian design standards
[5],[6]. This strut approach was initially proposed by Polyakov [7] to model the infill walls as a
strut for the effective transfer of stress. Later Holmes [8] made a further contribution to this by
suggesting a rule of thumb for the calculation of the effective width of the compression strut which
was 1/3 of the diagonal length. Furthermore, Smith and Carter [9], [10] contributed with their two
pin-end connected struts in which the strut is a function of the type of material and thickness of
the wall. Later, Mainstone and Weeks [11] recommended an empirical method to evaluate the strut
width for infill walls subjected to monotonic lateral loads. This equation was later adopted by
FEMA 274, FEMA 306, FEMA 356, and is widely used nowadays. The equation takes the initial
stiffness, ultimate strength, stiffening, and strengthening effect of the infill into consideration.

Further, in terms of the interaction of the infill with the bounding frame, several studies [12], [13]
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suggested that a single diagonal strut is not enough to capture the shear force and bending moment
transferred from frame members to infill. Cavalieri and Di Trapani [14] suggested an equation that
considered the effect of the interaction of the frame with the infill wall using the strut approach.
Later several studies were also conducted to accurately capture the effect of infill panels by
modeling them as multiple struts [15]. Crisafulli [16] further investigated the effects of multiple
compression strut models on the entire structural response of the infill walls in RC frames.
Currently, various single and multiple strut models are being developed [17] but still, the designers
are reluctant to accept these techniques. A model that contains several diagonal struts and springs
at various locations may very well be extraordinarily precise, yet it is unlikely to attract
professional engineers owing to the amount of effort involved in its modeling. Even some of the
user-friendly strut models are not welcomed by the industry since they are empirical in nature and
most of them lack a well-established classical background and conceptual underpinning [18].
Therefore, there is a dire need for a generalized and comprehensive model which incorporates all
the prospective variations in the material as well as the stiffness of the infill wall, bounding frames,
and joints.

This research proposes a novel macro modelling approach for simulating the in-plane behavior of
Reinforced Concrete frames infilled with wall panels having several types of joint flexibility. An
approach was developed that considers the effect of strut compression failure, frame-wall
interaction failure and openings in the wall simultaneously. This approach utilizes two
compression-only struts along the diagonal with the gap elements at each corner. The performance
of this model to predict the stiffness, strength, local, and global response of infilled frames has
been validated against a wide range of material and geometric parameters of infill, joints as well
as frame elements (beams and columns), and under lateral monotonic as well as cyclic loadings.
The overall structural response of the model after modeling the infills as shells and struts is also
compared for the validation of the proposed approach. All the possible parameters such as time
period, frequency, base shear, overturning moment, story drifts, and displacements are compared
to calculate the performance of the model. Lastly, experimental validation of the proposed strut
model was also performed by comparing its results with experimentation performed by Mehrabi
[19]. Finally, to acquire a better insight into the model’s performance, other frequently used models

were also evaluated against the same set of experimental data. The results showed that the proposed
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model was able to successfully predict the response of the frame as per the experimental results
and results were comparatively better as compared to other models.

2. Development of strut formula:

2.1.Theory:

The initial aim is to calculate the width of the diagonal strut (as the other two dimensions are
already known from the geometry of frame). The width of diagonal strut is evaluated based on the
classical initial stiffness formula. An approach for the identification of the equivalent strut
providing similar lateral stiffness as of the frames structure infilled with different types of wall
panel. The width of the equivalent strut can be found by extending the study of a single-story single
bay frame. The idea is to impose the condition that initial stiffness of actual structure is equal to

initial stiffness of same frame with pin connected equivalent strut system as shown in Fig. 29.
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Fig. 29. The representation of the infill panels (a) micro-modeling (b) macro-

modeling (using strut).

2.2.Derivation:
The first step is to find the stiffness using the classical initial stiffness formula as represented in

equation 1. The idea is to equate the stiffness of braced and shelled frames as shown in Fig. 29.
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Where kg, k., k;, are elastic axial stiffnesses of equivalent strut, column and of the beam
respectively while Dy, D; and Dy are lateral stiffnesses provided by pin-connected strut, infill

frame and of bare frame.
I, I. are moment of inertia of beam and column.

E,4, E¢: are material stiffnesses of infill and frame.

h, h" and [, I" are the dimensions of frame as shown in Fig. 30.
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Fig. 30. The schematic diagram showing the representation of different variables.

Initially, the stiffness of the entire bay (D;) is calculated utilizing the classical approach through
the use of Finite Element Method (FEM). This serves to evaluate the stiffness of the frame by
utilizing the classical formula shown in equation (3) by subtracting the stiffness of the infilled
frame from that of the bare frame, resulting in the lateral stiffness of the strut. Subsequently,
equation (4) is employed to determine the required axial stiffness of the strut. Finally, the width of
the strut is determined through utilization of the general axial stiffness formula for a strut as

outlined in equation (2a).
3. Methodology:

This study presents a Novel and practical approach for modeling infill panels. The methodology
involves the integration of micro, macro modeling and classical initial stiffness formulae for
developing a useful modeling approach for infill panels. As it can be seen in Fig. 31, the finite

element model used to develop the diagonal strut formula is composed of three sections:

e Fixed base to illustrate the infill frame's base fixity.
e Beam and column frame to portray the frame element that is filled with shell elements of a

wall panel.
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e The interface between the frame and the wall panel is modeled as GAP elements. As gap
element has better ability to transmit forces directly from the external frame components to the

infill wall. [20]-[23]
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Fig. 31. The FEM of frame employing gap elements.

This study also aims to investigate the effect of variable stiffness of gap elements, frame elements,
infill material and geometry on the overall stiffness of an infill frame. A single story, single bay
micro model of an infill frame as shown in Fig. 31. was developed using finite element software.
The lateral stiffness of the infill frame (Di) was determined through the application of static lateral
loading conditions. Subsequently, the numerically calculated initial stiffness of the bare frame (Dr)

was subtracted from Djto determine the lateral stiffness provided by the equivalent strut.

The determined lateral stiffness was then utilized in equation (4) to calculate the required axial
stiffness of the strut. This axial stiffness was then incorporated in equation (2a) to determine the
width (w) of the strut. By varying the stiffness of the gap element, frame elements, infill material,

and geometry, the effect on the overall stiffness of the infill frame can be determined.

3.1.8tiffness reduction factors for opening ratios:
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The infill panels are not always fully enclosed and often include openings for architectural
accessories such as doors and windows. These openings can significantly reduce the stiffness
provided by the infill panels and must be considered during the structural analysis. In this study,
stiffness reduction factors were introduced as a function of opening ratios in the infill panels to
account for the effect of these openings on the overall stiffness of the infill panels. The proposed
methodology aims to provide a more accurate representation of the infill panel's behavior and

contribute to the understanding of the effect of openings on the overall stiffness of the structure.

The width of the strut for infill walls with openings was found using a trial-and-error approach.
The width for which the forces versus displacements curves, in plane stress, and global responses
are similar to those of infill panel (micro model) with openings, was considered the width of the
strut. Data for strut width is extracted with openings percentages of 0 %, 8 %, 13 %, 24 %, 30 %,
43 %, and 48%. This data set is used to find the stiffness/strength reduction factor, a coefficient
multiplied by initial width of the strut at variable opening percentages so that the strut width for
the walls with openings are found. The best-fit equation for the above data set was found using

nonlinear regression analysis is shown in Fig. 32.
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Fig. 32. The results of nonlinear regression for stiffness reduction coefficient.
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The best fit line has been selected based on coefficient of determination (R?). According to the
dataset, the best fit line is 4th degree polynomial which has R? = 0.993 and finally an equation is
extracted which fit this plot. This equation is used for stiffness reduction factor for any percentage

of opening in the wall panel.
Stif fness Reduction Factor (SRF) = —6.58e8x* + 1.25e5x3 — 0.00069x2 — 0.00471x + 1
Where x in above equation is defined as opening percentage in infill panel in %.

4. Results and Discussions:

4.1. Parametric investigation:

This section utilizes the concept of parametric analysis on single story single bay infilled frame
structure. For this purpose, a parametric analysis was carried out by altering the geometric and
material characteristics of the proposed model's all components. The cross-sectional dimensions
and material properties (elastic modulus) of the frame elements were tweaked for this reason.
Similar to this, the effects of changing the joint stiffness (GAP) and its interaction with the panel
under static and dynamic loading were also investigated. It turned out (as shown in Table 13, 14
and 15) that the model adequately captured all kinds of variations in the characteristics of the strut
model's constituent pieces.50 KN static lateral load is applied at the top of both shell and strut
model and their roof displacements are compared as shown in Table 13 below for different variable
parameters such as; in plane joint stiffness, material and geometric properties of infill and frame
elements. For dynamic loading unscaled time history of YERMO ground motion (time history
shown below) is selected to be applied on both shell and strut models and difference in their
maximum roof displacements is show below in the Table 13for varying parameters same as for

static loading.
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Fig. 33. Unscaled YERMO ground.

Table 13

The lateral displacements comparison by varying joint stiffness.

In plane joint stiffness

(KN/m) Static response(mm) Dynamic response(mm)
50000 FEM 048 strut 0431 FEM 0.37 strut  0.34
124000 FEM 0.333 strut 0329 FEM 0.25 strut  0.24
200000 FEM 0.28 strut 0.3 FEM 0.21 strut 0.2

MAXIMUM DEVIATION=10%

Table 14

The lateral displacements comparison by varying cross-sectional dimensions.

Colum and beam

dimensions(b*h) Static response(mm) Dynamic response(mm)
9 by 9 (in?) FEM 0.315 strut 0284 FEM 0.22 strut  0.22
12 by 12(in?) FEM 0249 strut 022 FEM 0.19 strut  0.18
20 by 20(in?) FEM 0.161 strut 0.153 FEM 0.27 strut  0.24
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MAXIMUM DEVIATION=9%

Table 15

The lateral displacements comparison by varying elastic modulus.

Elastic modulus of frame

(Mpa) Static response(mm) Dynamic response(mm)

15000 FEM 029 strut 025 FEM 022 strut  0.19
30000 FEM 023 strut 021 FEM 0.18 strut  0.17
50000 FEM 02 strut 0.18 FEM 0.16 strut (.14

MAXIMUM DEVIATION=13%

This parametric study shows how if we increase stiffness of the system by any mean, either by
increasing material stiffness or by increasing cross sectional dimensions, displacements for same
static and dynamic loads decreases both in dynamic and static load conditions. Results of this

parametric studies also capture any type of change employing the proposed methodology.
4.2.Validation of the proposed model:

On the global level, validation of the proposed strut modeling approach was performed on 3 story
-3bay ,5 story-3bay,10 story-3 bay, and 5 story-1 bay 2D frames. All the considered 2D frames
were modeled with percentage openings not used in finding stiffness reduction factor using shell
and struts model. The different testing values of openings (aside from the training data points)
were modeled using shell and strut on the 2D frames of different stories and their global responses
were compared. This was done to evaluate how accurately the stiffness factor reduces the strut
width and how closely this modified strut width portrays the behavior of walls with openings.
Geometric and material properties of all the frames considered for validation study is shown in
Table 16. All these models were analyzed under dynamic loading conditions, shown above. and
their peak global and local responses i.e., time period, story displacements, story drifts, overturning
moments, and story shear were compared. The overall deviations were less than 10% which was

satisfactory, results are shown in Fig. 34, 35, 36 & 37.

Table 16.

103



Geometric and material properties for all frames (3,5 and 10 stories)

3 story 5 story 10 story
Bay width (m) 3.6576 Bay width (m) 3.6576 Bay width (m) 3.6576
Stories height(m) 3.6576 Stories height(m) 3.6576 Stories height(m) 3.6576
Beam cross Beam cross Beam cross
section section section
Height (m) 0.3048 Height (m) 0.3048 Height (m) 0.3048
Width (m) 0.3048 Width (m) 0.3048 Width (m) 0.3048
Column cross Column cross Column cross
section section section
Height (m) 0.3048 Height (m) 0.3048 Height (m) 0.3048
Width (m) 0.3048 Width (m) 0.3048 Width (m) 0.3048
Frame stiffness Frame stiffness Frame stiffness
(Mpa) 20000 (Mpa) 20000 (Mpa) 20000
Infill stiffness 21666. Infill stiffness 21666. Infill stiffness 21666.
(Mpa) 7 (Mpa) 7 (Mpa) 7
Strut width (mm) 236 Strut width (mm) 236 Strut width (mm) 236
Infill geometry Infill geometry Infill geometry
Thickness (mm) 152.4 Thickness (mm) 152.4 Thickness (mm) 152.4
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opening (d) 20% opening.
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Fig. 36. The story displacements of 10 story bay with (a) 24% openings (b) 33% openings (C)
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4.3.Validating in plane force transfer mechanism:
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One of the major reasons for the failure of masonry structures is the rigidity of the frame infill
connection. Due to the dynamic loadings induced by seismic excitations, stresses are concentrated
on the contact zones, and this weakens the infill in the in-plane as well out-of-plane directions
[23]. To overcome this issue, flexible joints are introduced in the frame infill contact area. The
reduced stiffness of this joint reduces the amount of stress transferred. Therefore, a strut model
which does not incorporate the variation in the stiffness of the interface between frame elements
and infill panels cannot captures the close to true behavior. The proposed strut model has the

capability to capture this effect as well.

An analytical demonstration has been shown in the Fig. 37. where the shell model used in the
derivation of the strut formula is assigned with various joint stiffness values. The stress contours
in Fig. 38 shows increase in force transfer to the infill on increasing the in-plane stiffness of the

interface.

(@) (b)
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o e RS
(d)
Fig. 38. The stress (MPa) transfer phenomena between frame and infill panels for lateral loads
at for joint stiffness (a) 121000 N/mm (b) 20000 N/mm (c) 100000 N/mm (d) 200000 N/mm.

4.4.Experimental Validation:

In this section, Mehrabi's [19] experimental investigations were utilized to compare the proposed
method’s results and results of eleven well-reputed approaches taken from the literature [24]-[34].
Mehrabi's experimental research is based on single bay single story prototype of a frame obtained
from a structure with a scale of 1/2 and height to width ratio of 1/1.5.Input parameters are taken
from Mehrabi's research and the equivalent width of the strut is calculated using the proposed

model and the eleven other frequently used approaches.

Input parameters for frame and infill are shown in Table 17 and for in-plane stiffness for the joint
interface is calculated using expression stated in the literature, because in Mehrabi’s research
interface between frame and infill is made of plain concrete whose approximate stiffness is derived
in [20], 0.0378Ei(t) +347. In this study [20] stiffness of gap element was developed by utilizing
single story single bay frame in which interface is modelled as link element. By trial and error
procedure the stiffness of gap element was determined so that the results compared well with
previous research results and thus validated the computer model. Finally, through regression

analysis for various models, formula for interface is developed as a function of stiffness of infill.
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The eleven other methods whose results are also compared against the same set of experimental

data are as follows:

¢ Holmes method (24)
e Saneinejad-Hobbs (25)
e Stafford-Smith (26)
e Mainstones (27)

e Bazan-Meli (28)

e Liauw Kwan (29)

e FEMA 356(30)

e Durani Luo (31)

e Al-Chaar (32)

e Papia (33)

e Chen-Iranata (34)

Table 17

The details of experimental setup.

FRAME Numerical value Infill parameters  numerical value
PARAMTERS

H 1537 mm H 1422 mm

L’ 2312 mm L 2134 mm

Ec 21910 MPa D 2564 mm

Bc 178 mm 196328 mm?
Hc 178 mm Theta 34°

Ic 83656321 mm* Ein 9515 MPa
Ac 21684 mm? tin 92 mm

Bs 153 mm Vin 0.15

Hs 229 mm

Is 153114610 mm*

As 35037 mm?
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Where

* H’, L’ and Ec are height length and elastic modulus of RC frame

* Bc, Hc, Ic and Ac are cross sectional dimensions, moment of inertia and cross-sectional area

of columns

* Bg, Hs, Iz and Ag are cross sectional dimensions, moment of inertia and cross-sectional area

of columns

*H, L, D, and A are height, length, diagonal length area of infill panels

* Theta is angle of diagonal length of infill panel with horizontal

* En, tinand vin are elastic modulus, thickness poisons ratio of infill panel
Fig. 40 shows force vs displacement curves for all the models considered along with the proposed
model, compared with the experimental force-displacement curve. Results show that the approach
that gives the closest result to infill frame experimental results is the proposed model(w=923mm),
followed by the Bazan-Meli approach(900mm) and the Holmes approach(854mm). On the other
hand, the results of Al-Chaar, Mainstones-Weeks, Stafford-Smith, and Mainstones are stiffer than
the experimental result. And results of, Sainedjad-Hoobs, Liauw-Kwan, Paulay-Priestley, Hendry,
Papia, Chen-Iranata, Durani-Luo, and FEMA are conservative. The summary of strut width using

all above mentioned approaches is shown in Fig. 39.

Bazan-Meli and Holmes approaches show results close to experimental but in Holmes method,
strut width is only dependent on the diagonal length of the infill, and it is independent of frame
and infill stiffnesses. As a result, it may not predict all types of infill frame structures behavior.
Bazan-meli method is also based on empirical formula calculated from parametric FE studies of
single-story single bay frame and it is independent of properties of interaction between infill and

frame.

Resultantly we can conclude that proposed approach is best to apply in infill frames structures as

it is dependent on most of the possible variables present in the field.
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4.5 Conclusions and Recommendations:

Infill panels have a significant influence in the building's response to dynamic excitation, revealing
non-linear behavior since infill panels are the first to shatter during seismic excitation. As a result,
designers require a practical, accurate, and explicit technique to simulate the nonlinear behavior
of infill panels. Several techniques for modeling non-linear infill panels using pin-connected
diagonal struts are now available in the literature. However, they are all either impracticable or do
not adequately account for all the variables that may be present in various infill design scenarios.
These variables include the design of the flexible connection between the infill panels and the
frame elements, the reduction in stiffness caused by the percentage openings in the infill panels,
and the geometry and material characteristics of the infill panels and the frame elements.

An adequate method for simulating the nonlinear behavior of infill panels was established in this
study considering most of the factors variable in the field. The following are the key findings
gathered from this study:

e The width of the strut is calculated using the classical initial stiffness formula with the
following input parameters: Elastic modulus of the infill and frame components, the cross-
sectional and member geometry of the infill and frame elements, and the flexibility of the
connection between the frames. When these considered parameters vary, the structural
responses such as the inter-story drift ratio, the displacement of the roof, and the stress in
the infill walls also change significantly.

e Therefore, it's crucial to pick the finest infill panel material and the best technique for
capturing the effects of these factors. The proposed model shows good comparison between
shell and strut models for all types of variables considered.

e Along with the strut width formula, a stiffness reduction factor for the strut width was
developed, allowing the strut width to be modified depending on if any openings were
Present inside the wall. The infill opening has a substantial impact on the stiffness of the
frame, fundamental period, inter-story drift ratios, infill stresses, and structural member
pressures. They often rise as the opening size increases, demonstrating that the proposed
technique correctly reproduced the reduction in stiffness.

e Presently, there are several techniques used in the industry to create flexible infill joints,

reducing the forces that should pass to the infill panels under dynamic loading. Therefore,
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a macro model should be able to capture this phenomenon as well. As demonstrated in
figure 9, the suggested has the tendency to capture this phenomenon as well.

e To demonstrate the strut model's applicability, experimental data must be consistent with
it. When validated over a set of experimental data the proposed model along with two other
strut modeling approaches from the literature showed similar and accurate results. But the
other two methods don’t have any classical background and the number of input parameters
to find the strut width is very less. The one proposed by Bazan and Meli [28] is independent
of joint stiffness and based on empirical formulas. Holmes [24] has assumed strut with
equal to diagonal length/3 which is only dependent variable for strut width. Therefore, the
proposed model outperforms the approaches proposed by Holmes and Bazan as well.

Finally, it is concluded that the suggested strut modelling technique is the best for capturing
many types of variations and is extremely practical to utilize during the structural design process

and structural performance assessment on an existing structure.
4.6 Nonlinear modeling and performance assessment:

A nonlinear model for the case study building has been developed using Perform 3D. Fiber
modeling has been used for columns and shear walls, while fiber hinge modeling has been
employed for beams. The diagonal strut approach available in Perform 3D has been used for
infill panels, and the strut width for these panels has been calculated using a previously
developed approach. To analyze and compare the performance of both buildings, capacity curves

have been generated and analyzed and following results comes as:

e ALECA buildings are less vulnerable to dynamic loadings as compare to building with
masonry infill.

e ALECA panels fail at more drift than masonry panels.
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Fig. 41. Capacity curves of building model with masonry and ALECA infill panels.

5. Conclusions and Recommendations:

Infill panels have a significant influence in the building's response to dynamic excitation, revealing
non-linear behavior since infill panels are the first to shatter during seismic excitation. As a result,
designers require a practical, accurate, and explicit technique to simulate the nonlinear behavior
of infill panels. Several techniques for modeling non-linear infill panels using pin-connected
diagonal struts are now available in the literature. However, they are all either impracticable or do
not adequately account for all the variables that may be present in various infill design scenarios.
These variables include the design of the flexible connection between the infill panels and the
frame elements, the reduction in stiffness caused by the percentage openings in the infill panels,

and the geometry and material characteristics of the infill panels and the frame elements.
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An adequate method for simulating the nonlinear behavior of infill panels was established in this

study considering most of the factors variable in the field. The following are the key findings

gathered from this study:

The width of the strut is calculated using the classical initial stiffness formula with the
following input parameters: Elastic modulus of the infill and frame components, the cross-
sectional and member geometry of the infill and frame elements, and the flexibility of the
connection between the frames. When these considered parameters vary, the structural
responses such as the inter-story drift ratio, the displacement of the roof, and the stress in
the infill walls also change significantly.

Therefore, it's crucial to pick the finest infill panel material and the best technique for
capturing the effects of these factors. The proposed model shows good comparison between
shell and strut models for all types of variables considered.

Along with the strut width formula, a stiffness reduction factor for the strut width was
developed, allowing the strut width to be modified depending on if any openings were
Present inside the wall. The infill opening has a substantial impact on the stiffness of the
frame, fundamental period, inter-story drift ratios, infill stresses, and structural member
pressures. They often rise as the opening size increases, demonstrating that the proposed
technique correctly reproduced the reduction in stiffness.

Presently, there are several techniques used in the industry to create flexible infill joints,
reducing the forces that should pass to the infill panels under dynamic loading. Therefore,
a macro model should be able to capture this phenomenon as well. As demonstrated in
figure 9, the suggested has the tendency to capture this phenomenon as well.

To demonstrate the strut model's applicability, experimental data must be consistent with
it. When validated over a set of experimental data the proposed model along with two other
strut modeling approaches from the literature showed similar and accurate results. But the
other two methods don’t have any classical background and the number of input parameters
to find the strut width is very less. The one proposed by Bazan and Meli [28] is independent
of joint stiffness and based on empirical formulas. Holmes [24] has assumed strut with
equal to diagonal length/3 which is only dependent variable for strut width. Therefore, the

proposed model outperforms the approaches proposed by Holmes and Bazan as well.
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Chapter 8
MODULE -5

BIM based conceptual framework to conduct LCC and LCA for infill materials
in order to optimize the construction of Sustainable Buildings

Abstract:

This research paper presents a conceptual framework for the overall lifecycle assessments of
different infill materials using Building Information Modeling (BIM). The proposed framework
provides a standard operating procedure to conduct economic analyses through lifecycle cost
assessment (LCCA) and environmental lifecycle assessments (LCA) swiftly to evaluate the best
infill materials from the perspective of sustainability. The LCCA of materials was used to
determine the most cost-effective infill material, whereas LCA gave us the most suitable material
in terms of environmental performance. The LCA was conducted using a BIM model developed
through Revit ®, which was then used to acquire the costs associated with the acquisition,
construction, and operations associated with the material to conduct LCCA. Further, for LCA, the
material's carbon emissions, eutrophication potential, and acidification potential were captured
using a cloud-based software, “One click LCA ®”. The developed frameworkhelps select
theoptimal infill material that carters both the environmental and economic needs of constructing
sustainable buildings. selected scenario. This paper provides a comprehensive overview of the
potential of using BIM for conducting LCA and LCC during feasibility studies to evaluate the
performance of different infill materials over the lifecycle of projects.of different design options.
This study will be beneficial for optimizing the construction of sustainable buildings as it evaluates
infill materials to suggest the most economical and environment friendly option according to a

project’s specific conditions.
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8.1. Introduction

The world has seen a rapid transformation in the construction field due to extensive digitalization
over the last two decades. The construction industry is not an exception in this regard. The AEC
industry (architecture, engineering, and construction) has made good progress owing to
digitization and Building Information Modelling (BIM) is one of the most promising developments
in this field [1].The BIM models are intuitive, rich in information, and digital representatives of
their real-world counterparts. The intuitive nature of BIM models has made it the natural
progression from Computer Aided Technology (CAD) which did not provide such deep insights

into the projects undertaken.

Construction has always been a complex industry with a lot of variables and factors associated
with it. Traditional methods of construction planning and management lack accurately projecting
the effect of design options on the overall performance of project. Clashes among architectural,
structural, and HVAC plans often result in change orders and variations that add to the challenges
associated with construction. However, BIM has resolved these issues by presenting coordinated
models and clash detections to rectify such problems timely [2]. Thus, BIM has enabled planners
and designers to make better decisions during the conceptual stages to optimize the performance
of the entire building construction process. Besides developing tools for construction
documentation and clash detection, BIM has a dedicated dimension to “Sustainability” which deals
with energy studies and environmental impact assessments of construction projects in the form of
Life Cycle Assessment (LCA). The LCA is a group of assessment techniques that quantify
construction projects' economic and environmental sustainability [3]-[5].These assessments
include Life Cycle Cost Assessment (LCCA) and LCA and deal with the environmental impacts

of a project.

LCCA is a way of assessing the overall cost of a construction project at the end of its lifecycle. It
is a powerful and effective way of analyzing the performance of a construction project from an
economic perspective. It involves costs associated with different construction phases, such as
manufacturing, execution, operation, and demolition [6]. However, LCCA is a complicated and

lengthy process; hence it has not been standardized in the construction industry on a commercial

scale. BIM solves this problem by incorporating intuitive and fast costing features such as Revit’s
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material take off schedules and by intuitively calculating quantities for each building element such

as walls and floors etc.

Previous studies have attempted to illustrate and quantify the ability of BIM in quantity take offs
and estimation of building construction cost [7]. Noor Akmal et al. argues that BIM has great
potential in accurately calculating the construction cost of projects [8]. BIM has extended its cost
estimating capabilities from construction to operational cost, which primarily involves energy
costs, i.e., fuel and electricity. Sumedha Kumar et al. assessed the energy simulation capabilities
of BIM-based software applications such as Green Building Studio ® (GBS) and Insight ® which
the United States Department of Energy (DOE) and American Society of Heating, Refrigerating
and Air-Conditioning Engineers (ASHRAE) backs [9]. The demolition cost of a project is also an
integral component of LCCA as it provides potential salvage value and end-of-life savings

captured through pertinent BIM tools [10]. Dermot and Jason underscored the necessity of BIM-
based frameworks to integrate LCCA and BIM effectively to standardize the design process [11].

In addition to cost-saving benefits, BIM has expanded its services in the domain of environmental
assessment by developing tools, such as Tally® and EC3® (Embodied Carbon in Construction
Calculator), which estimate the environmental impacts of building projects. Efforts have been
made to integrate the process of LCA with BIM to utilize their potential benefits[12]. One of the
earlier frameworks used to evaluate BIMmodels' environmental performance was inventory
analysis [13]. Further researchers conducted LCA with BIM using the globally renowned
International Organization for Standardization /SO 14040 standard [14]. Lately, smart, and
effective plugins have been developed to make this process easy so that environmental assessment
using BIM may be adopted widely on a commercial scale. One such plugin is the Tally ® which
has a fine material library and analyzes the environmental performance of buildings over their
lifecycle [15]. Tally®, however, had a limited material library, so LCA could not have been
performed for dynamic materials. This issue has been addressed by One Click LCA ®, which is a
cloud-based application and plugin. The integration of LCA with BIM through One Click LCA®
was found to be immensely beneficial due to its diverse material library that supports more than

90,000 material databases and seamless interoperability with the BIM platform (Revit) [16].

LCCA is a method of measuring and managing the cost of a project over its lifecycle. Performing

LCCA at the initial stages of the project gives a better understanding of the parameters that affect
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the project’s cost over its lifetime [16]. LCCA helps in getting a better outlook on design options
by indicating their economic performance. It suggests the best option based on lowest cost over
the project's lifecycle. However, manual LCCA is challenging and hectic due to many variables
involved in it. Using BIM, designers could perform LCCA without spending much time and effort
[17].Thus, BIM provides an opportunity to benefit from the prospects of LCCA without the worries
and implications of spending much time and energy on the process. LCA assesses a product's
environmental impact over its lifecycle, including building materials. Performing LCA during the
conceptual stage provides insight into the materials' environmental impacts, which is crucial in the
context of climate change. Traditional methods result in time overruns, but BIM's "One Click LCA

®" tool is a swift and reliable way to conduct detailed environmental impact studies.

Efforts have been made to conduct LCCA and LCA with BIM independently [18], [19]. However,
no substantial contributions have been made to provide any means to evaluate different infill
materials in order to come up with the most sustainable alternative. Previous studies lack
contributions in providing any framework to project the lifetime performance of infill materials
that would help planners chose better materials during the feasibility studies. This study aimed to
develop a conceptual framework that would employ the tools and platforms of BIM to
comprehensively conduct LCCA and LCA during the conceptual phase of a project in order to find
out the most economical and environment friendly infill material over the lifecycle of project.
Accordingly, the objectives of the study are (1) To provide a conceptual framework for evaluating
infill materials for their economic and environmental performance. (2) To optimize the use of
economic and environmental resources by choosing better infill materials based on their

performance over the entire lifecycle of building.

The proposed framework aims to standardize and simplify assessments on a commercial level. The
study applies the framework to evaluate established and emerging infill materials such as Bricks,
Concrete Masonry, Auto Aerated Blocks (AAC), and Lightweight Expanded Clay aggregate
(LECA) blocks, providing recommendations for the best design option based on economic and
environmental considerations during project’s conceptualization. This framework should allow the
planners and designers to select best infill materials that provides value to the owners of buildings
by decreasing their lifecycle cost. Also, it would suggest the infill material having least

environmental impact in the form of Global Warming, Acidification and Eutrophication. These
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factors were chosen due to their prominence as environmental threats. The chosen factors for LCA
include carbon emissions, which are greenhouse gases emitted into the atmosphere mainly due to
human activities like burning fossil fuels. These emissions pose a major threat to sustainable
construction and have significant global warming potential, resulting in climate change impacts
such as floods and melting glaciers. Similarly, Acidification is the release of protons into the
atmosphere. As a result, the pH of soil and specifically water decreases, causing ecosystem
acidification [20]. It gives rise to one of the most frequent environmental problems: acid rain. It is
also called “Climate Change’s Equally Evil Twin”. It is of great significance in the regions
adjoining oceans and seas. It is a highly hazardous phenomenon that must be considered for the
well-being of our environment [21]. Whereas Eutrophication is when the environment becomes
enriched with nutrients or growth factors necessary to the plants and algae, resulting in excessive
growth [22]. Most prominent of these nutrients include compounds of Phosphorous and Nitrogen
[23]. Excess nutrients in water cause unwanted plant and algae growth, so it's important to consider
this when choosing construction materials near water bodies. It's essential to evaluate and

understand the environmental impact of the materials based on this factor.

The methodology section describes the proposed framework and its components. BIM models
were created for each infill material studied, and a case study of a hospital in Lahore was conducted
to apply the framework. The results for LCA (Carbon Emission, Acidification, and Eutrophication)
and LCCA (Material, Construction, Operation, and Demolition Cost) are presented, and an optimal
infill material is chosen based on performance. The study concludes with recommendations for

future research.

8.2. Methodology and Proposed Framework:

The current study adopted a multi-stepped approach in which the framework was devised at first
for conducting LCC and LCA using BIM. This was followed by developing BIM models and
adding materials to the material library of Revit. Then LCCA was performed for each phase of
construction project followed by LCA studies taking into account major environmental concerns

such as Carbon Emissions etc. (infographic)

8.2.1 Proposed Framework:
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This approach is based on evaluating the key components of LCCA and LCA early on the project’s

lifecycle. A visual representation of the process is provided in Fig. 42.
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Fig. 42. BIM based conceptual framework for LCC-LCA.

Preliminary design documents are acquired by the BIM team along with a possible set of infill
materials that might be used later on in the project. The BIM team adds the materials of interest to
the Revit ® Material library followed by preparing identical BIM models for each design option.
Then a part of the team works on LCCA while the other works on LCA. The team working on
LCCA calculates the cost of material based on the Market Rate System specific the locality of the
project, construction cost based upon the amount of material and labor cost, operation cost based
upon the energy efficiency of building owing to the thermal properties of infill materials and finally
the demolition cost for the project. This is mainly performed by using Revit ® for quantity
surveying of materials along with Green Building Studio ® and Insight 360 ® for energy studies.
The material having the least lifetime cost is regarded as the “Best option as per LCCA”.
Simultaneously, the team performing LCA calculates the Carbon emission, Acidification potential

and Eutrophication for each infill material. These environmental impacts are selected as they are
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some of the most prominent issues induced by the construction industry onto the environment. A
cloud-based platform called “One Click LCA ®” would be used to perform LCA. The material
having the least environmental implications is selected as “Best option as per LCA”. Based upon
the results of LCCA and LCA, an optimal material is chosen which serves both economic and
environmental concerns as the most suitable design option. In case there is a conflict between the
materials suggested by both teams, then the choice of infill material will be taken according to the
specific needs of the project based upon its location as different parts of the world face different
challenges. For example, the most economical option will be chosen by developing countries over
environmentally friendly options as finance is a bigger issue in such countries. However, in
developed countries, where economic resources are not strained, as well those regions facing harsh
effects of climate depletion will prioritize LCA over LCC. Therefore, the decision in such cases
will be best left upon the discretion of Project Managers and on the individual needs of the locality
of the project. The information about the best infill materials will be then used in the Design phase
of the project when preparing specifications and schedules during the detailed design process. As
a result, the planners and designers will get an idea of the performance of different materials during
the conceptual/design stage and will choose the most appropriate design options based on their

performance.

8.2.2 BIM Model Creation:

BIM model was prepared according to the CAD drawings acquired for a project of our interest.
Multiple copies of the model were produced for each infill material under study to assess their
effects on cost and environment. The BIM models created for this study were developed up to
LOD 300 to comprehensively carry out assessments such as Energy Simulations for operational
costs and to acquire quantities of material required in infill panels. This involved creating
coordinated models for each infill material having Architectural plan, Structural plan, Energy
model and HVAC plan along with the properties of infill materials used in its walls. The models
were used to carry out LCCA and LCA assessments for infill materials based upon the quantity of
materials obtained from Revit’s Material Takeoff schedules and Energy simulations to quantify

heating and cooling costs.
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2
Gross Floor Area = 34950 ft

Number of Floor = 8

2
Total Wall Area = 224179 ft

3
Total Wall Volume = 153930.46 ft

(c)

Fig. 43. Components of the BIM model,0 (a) Coordinated Revit Model, (b)Energy Model,
(c)CAD Drawings Imported in Revit, (d) General Properties of the Building.

8.2.3 Material library:
Once the models were developed, the next process was to add materials in the Revit’s Materials

Library. In this study, four materials have been considered:

1. Brick

2. Concrete block masonry

3. Aerated autoclaved concrete.
4.

Lightweight expanded clay aggregate concrete panels.

These materials were chosen to have a good blend of both traditional and non-traditional materials

used for construction. Having Bricks and Concrete Blocks as key materials were necessary as they
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make up the bulk of the construction material’s market shares and are widely used on a commercial
scale in the case study region [24]. Further, lightweight aggregate concrete block (LECA) and
autoclaved cellular concrete (AAC) blocks were incorporated into the study as these are novel
materials that have shown great potential for their widespread use is projected to grow rapidly in
the near future [25], [26]. AAC and LECA were added to in Revit’s material library, whereas brick
and concrete block were already present. After adding their respective properties, they were
separately applied to the model's walls we had created previously. Afterward, these models were
utilized to perform LCC and LCA for each material to determine their performance from the
perspective of Sustainable Building. The properties of infill materials that were added to the
material library of Revit ® included Thermal conductivity, Specific Heat and Density as shown in
Table 18. Thermal conductivity is defined as “the rate at which heat is transferred by conduction
through a unit cross-section area of a material, when a temperature gradient exits perpendicular to
the area” [27]. This property shows how readily a material transfers heat through a unit area when
a temperature difference occurs between its ends. This property is important in determining the
transfer of heat through infill materials to evaluate their insulating capacity. Good insulating
materials yield low thermal conductivities. Whereas Specific heat is defined as “the amount of heat
that is required to increase the temperature of unit mass of that particular substance through one
degree” [27]. This is a measure of the amount of heat stored in a material to create a temperature
change. The higher the Specific Heat, the better is the insulation. Lastly, density is the mass per
unit volume of materials. Usually, materials with higher density have better thermal properties.
However, different materials have been discovered that have lower densities yet good insulation

properties such as EPS [28].
Table 18

Materials chosen for analysis and their properties.
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Materials Thermal Specific Heat Density(kg/m3)

Conductivity (J/kg.K)

(W/mK)
AAC 0.7 1050 510
Brick 0.34 840 1800
Concrete Block 1.30 860 1500
LECA 0.208 1100 650

AAC = [29] Brick = [30] Concrete Masonry Block = [30], [31], LECA= [32]

Next step was applying the workflow that was devised to perform LCCA and LCA. There are
numerous steps devised in the framework and each of them were performed for all infill materials
under study. After applying the framework for each infill material, their economic and
environmental performance was evaluated and compared to assess the best design option available

in the study sample. A Case Study Building: Well Care Hospital Lahore, Pakistan

For the case study, Well Care Hospital situated in Lahore (Pakistan) was considered. It is an actual
hospital that is currently operational. The construction drawings wrere obtained from the INN
Consulting which rendered the design for the hospitial during its construction. Based on the CAD
drawings provided, BIM models were created for each infill material under study. Details about

the BIM models developed are given in Table 19.
Table 19

Details about Revit models.

Gross Internal Floor Area 34950 ft?

Number of Floors 8

Operational Hours of Model 2417

Energy Model According to Volumes and Spaces

8.3.1 Life Cycle Cost Assessment:

LCCA was conducted using Revit for quantity survey and cost estimation of building components

for each material. Also, the energy use and its respective cost were estimated using Insight 360 ®
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to calculate the operational cost of the BIM model. Detailed explanation and illustration of the

LCCA process is as follows:

8.3.1.1 Definition of Scope

Our study encompasses the Material cost, Construction cost, Operation cost, and Demolition cost

Fig. 44. Scope of Life Cycle Cost assessment.

for the BIM models having the infill materials of our interests.

Construction

A

Material
anufacturing

8.3.1.2 Material Cost

Material cost is a term used to define the unit cost of any material. Material cost is quantified after
considering different stages of making the product. The first step in LCCA is determining the infill
materials' cost. The cost of Concrete masonry block, LECA, AAC and Bricks was acquired from
Punjab Pakistan's 2023 market rates system (MRS) and was illustrated in Table 20. The MRS is a
document that serves as a reference for cost estimates of construction projects, maintenance, and
repair work. Next, the composite material cost was extracted, including the cost for the unit

quantity of material and unit labor cost.
Table 20

Material cost of the infill materials under study.
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Materials Price USD

LECA 1.89
AAC 2.34
Brick 1.80
Concrete Masonry Block 1.50

LECA [32]; Brick, Concrete Blocks [33]; AAC [34]

8.3.1.3 Construction Cost

Construction cost is the cost incurred during the construction of a project. Construction cost
consists of the costs of materials needed to build the project according to the desired specifications.
It also includes the labor cost needed to perform different tasks to realize the project's intended
outcome, i.e., the construction of a building or infrastructure, etc. Calculating the construction cost
of a project is important as it gives insights into the amount of resources (human and material) that
will be used to construct the project. An entire dimension of BIM is dedicated to calculating the
construction cost of buildings, i.e., the 5™ Dimension of BIM or 5D BIM. 5D BIM deals with cost

estimation, analysis, and budgetary tracking.

For this research, the 5D characteristics of BIM were employed to estimate the construction cost
of case study building. First, the total quantity of material required in the walls of the entire project
was calculated using Revit. Revit is an intuitive software that keeps track of the quantity of each
material used in the building elements of the entire project. This saves a lot of time and effort
which would be consumed if this process was to be done manually. In the next step, the material
prices were added to the Revit library using the values from Table 19. Then the “Add Calculated
Parameter” function of the Revit schedules was used to create a custom formula. The pertinent

formula, given in equationl, was used to calculate the cost of the material for the case study project.
Cost of the material = (unit price of material and labor cost) x (Quantity of material in infill panels)

This process was done for each infill material under study. Construction cost for each material was
calculated from their pertinent model and compared with each other. The analysis indicated that
Concrete Blocks had the lowest price in terms of construction cost which gives us an indication of

the cost that will be incurred during the initial phase of the project.
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Fig. 45. Construction cost comparison of infill materials.

8.3.1.4 Operation Cost

Operation cost of a building consists of all the expenses incurred during the functioning or
operation of the building for its intended purpose or use. It is mainly composed of costs of building
utilities and the cost spent on the heating and cooling of the building’s spaces. Operation cost is
mainly an indicator of the building’s energy efficiency (heating and cooling loads) [35]. It gives
the performance of a building regarding the amount of energy it requires to maintain a certain
range of temperature within its rooms and envelope throughout the year. And infill materials
greatly influence the energy consumption of buildings as they can provide good insulation thus
reducing the amount of energy needed to maintain room temperature. However, the choice of a
poor infill material having bad insulation properties can lead to increased energy consumption for
heating and cooling, which increases the operational cost. Building operation cost makes up most
of the cost of the building’s lifecycle. Therefore, it is an important factor to be computed to

visualize the overall performance of different materials.

BIM provides two powerful tools to calculate energy efficiency. They are Insight 360® and GBS.
Both are cloud-based applications that import the energy model created in Revit in gb XML format.

The energy model is created in a specific location for which the weather data is obtained from the
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nearest World Meteorological Organizations (WMO) weather stations integrated into Autodesk
Revit. A design temperature is provided for Revit’s energy model to be maintained inside the
building’s spaces. Then, analysis is performed through Insight 360® and GBS to calculate the

energy required to maintain the design temperature within the building’s spaces.

In this study the locations chosen to test the performance of materials were Lahore, Islamabad,
Karachi, Peshawar, and Quetta. The reason for performing energy simulations for multiple
locations was that different materials perform variably under different climate conditions. So, to
comprehensively evaluate the performance of the design options under study, analysis was
performed for different locations having diverse weather conditions. Moreover, these five locations
were chosen specifically because these major cities of Pakistan are located in different climate
regions. Therefore, all these locations have different characteristic weather conditions. Performing
energy analysis for these locations helped us evaluate the performance of our design options in
almost all climate zones of Pakistan, thus giving us a more comprehensive outlook of the design
options. The building type selected was a hospital and the operation type was set as 24/7 because
it is a health care facility. The heating and cooling set point where the facility was set at room
temperature of 20-22 Degree Celsius [36]. After creating the energy models of the building for
each material according to the specifications, the energy models were uploaded to Insight 360®
for analysis. The energy use intensity of our models were computed accordingly; the results are

given in Fig. 46.
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Fig. 46. Chart for comparison of energy use intensity for infill materials.

The data in Fig. 46. is representative of how much energy is required to heat and cool a unit square
foot of building throughout the year. These values are affected by the thermal properties of the
materials used in the model. The materials having high specific heat tend to maintain a specific
temperature without dissipating or absorbing excess heat to or from the atmosphere. Thus, the

energy efficiency of the models is a function of their intrinsic thermal properties.

Similarly, Insight 360 ® provides the operational cost to maintain the temperature within the
spaces of the case study building based on the energy used for maintaining the temperature within
our model throughout the year. First, the unit cost for cooling (electricity) and heating (gas),

provided in Table 21, were given to Insight 360® as utility rates following [37], [38].
Table 21

Utility Rates for Cost of Energy.
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Type Unit Cost
Electricity 0.125% per KWh
Gas 0.2257 per Therm

Then, Insight 360® was used to calculate the average annual cost spent on energy, as given in Fig.
47. The following chart shows the average annual cost that would be incurred on yearly basis for
the BIM models set in 5 different cities of Pakistan. These cities are falling in different climate
conditions. The cost incurred is a function of the infill materials and their thermal properties. The

costs incurred indicate the energy efficiency and corresponding economic performance of the infill

materials.
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Fig. 47. Average annual cost comparison.
To validate the results, average annual electric use for hospitals as given by DSO Electric
Cooperative (2009) was used that is around 27.4 kWh/ft>. For the case study building, having
34950 sq ft area, the value equals 961125 kWh/sq ft of energy use per year. Multiplying it with the
unit cost for kWh of energy (USD 0.1258), it becomes 120140.6$ per year. However, this figure
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is for the entire expenses of the hospital. In reality, HVAC takes up 33 percent of hospital’s energy,
equivalent to 39646.4%/year [39]. After incorporating an average inflation rate of 2.69% per year,
this amount rounds up to around USD 60000$ per year [40]. Hence, it can be concluded that the
calculation is a good estimate of the real operational cost of the hospital. Similarly, the results
generated in GBS were used to validate the analysis results extracted from Insight 360®. The
results for energy use intensity obtained from GBS are visualized in Fig. 48. These results show
how much energy is needed to heat or cool a unit area of the building. This is affected by the infill
materials used and their thermal properties such as insulation which naturally regulate the

temperature of the building.
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Fig. 48. Green building studio energy use intensity comparison chart for validation of results.

The results for Energy Use intensity and its corresponding Average Annual Cost obtained from
Insight and GBS comply with each other with minor variations which comprehensively illustrates
the accuracy of energy analysis performed in this study. The precision of results acquired from

both platforms is illustrated by Table 22. For simplicity, this table shows only the results for LECA.

Table 22
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Comparison of Results for Energy Use Intensity given by GBS and Insight 360.

Infill Materials Insight 360 Green Building Studio
Karachi 47 50.7

Lahore 46 49.2

Quetta 454 48

Peshawar 46.6 49

Islamabad 43.8 46.6

From the above analyses, it is evident that LECA is the best-performing material in case of

operational cost as it has the lowest energy expense of all materials under study.

8.3.1.5 Demolition Cost

The final parameter in LCCA is the demolition cost, also known as the end-of-lifecycle cost. It is
the amount of money employed to demolish the project after it has run the course of its lifecycle
[41]. It mainly consists of the labor cost that will be used to dismantle the building’s elements.
Therefore, it is important to calculate the demolition cost for a project at its planning stage as it
can greatly influence the overall lifecycle cost of the project. Estimating the demolition cost
provides the amount of money used to dismantle a project at the end of its lifecycle for a specific
material used during its construction. Different infill materials have to be dismantled in different
manners which results in different demolition costs. Therefore, it is necessary to calculate the
demolition cost for infill materials available during conceptual stage to get an idea about how

different materials will effect the overall cost of project at the end of their lifecycle.

The demolition cost for our models was calculated using Revit’s Schedules. First, the quantity of
material to be demolished was determined using schedules of Revit. Only those materials were
considered which were used in walls were used since our design options are limited to infill
materials for this study. After that, the “Add Calculated Parameter” function of Revit was used to
create a custom formula, in which we multiplied the Quantity of material to be demolished by the

Unit Cost of Demolition for that material. The formula is presented in equation 2 below.

Demolition Cost= (Unit price of Labor cost for dismantling works) x (Quantity of infill

material/panels to be Demolished)
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The unit demolition cost for respective materials was picked from MRS Punjab 2022 (July).

Therefore, the unit price for each material under study is provided in Table 23.
Table 23.

Unit Cost for Demolition of Materials.

DEMOLITION COST ($) AND ITEM

MATERIAL
NUMBER IN MRS

LECA 0.10 (item 17)

AAC 0.14 (item 14)

BRICKS 0.16 (item13)

CONCRETE BLOCK 0.14 (item 14)

Reference for MRS = [33]

After performing the calculations using equation 2 via Revit’s schedule, the results for the
demolition costs of various materials were obtained, as shown in Fig. 49. The following chart
consists of infill materials under study plotted on x-axis and their demolition cost calculated is
plotted on the y-axis. This shows the cost incurred to dismantle the walls based upon the type of

infill material used.
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Fig. 49. Comparison chart for demolition cost of in fill materials.
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It is important to mention that not only is the demolition cost the lowest for LECA, but it is also
made up of natural aggregates with a huge potential for reusability, thus helping with sustainability
and circularity endeavors. Furthermore, this elevates the salvage value of LECA among its

counterparts.

8.3.1.6 Total Cost of Project and Best Option as per LCCA

As per LCCA using BIM (Revit), it was found that LECA was the best design option to be used
on the walls of the building under study for our conditions. Using LECA would save USD 221242
at the end of its life cycle (60 years) [42] compared to the second-best performer, AAC. Thus, even
though the construction cost for LECA was high, using it would provide a great return on
investment due to its lowest lifetime cost as a result of energy efficiency and salvage value.
Therefore, using BIM to assess the cost-effectiveness of design options will enable the designers
to go for a better option in terms of building materials. Fig. 50. shows the lifetime cost of all infill

materials incurred during various stages of the project.

Life Cycle Cost $
6000000

5000000
4000000

3000000

Cost ($)

2000000

1000000

Infill Materials
H LECA M Brick mAAC Concrete Block

Fig. 50. Life cycle cost comparison of selected infill materials.
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ItsThe importance of performing LCCA studies is undeniable in case of developing countries
where projects have limited financial resources. Moreover, performing LCCA during the
conceptual stage of a project can be the decisive factor in choosing economic or uneconomic
design options for the project. Thus, LCCA is a great prospect that has to be employed while

planning a project to make it as economically sound as possible, especially in developing countries.

8.3.2 Life Cycle Assessment

This study used the BIM-based tool called “One Click LCA®” to conduct LCA which includes
the calculation of Carbon emission, Acidification potential and Eutrophication potential. The infill
materials used in our models were traced to the library of One Click LCA ® as shown by Table
24, and detailed analysis was performed for each of them according to the Leadership in Energy

and Environmental Design (LEED) standards embedded into the One Click LCA’s inventory.
Table 24.

Materials Traced in the Material library of One Click LCA. (EPD Numbers).

Materials One Click LCA library References

LECA Lightweight concrete block, with expanded
clay aggregate, 650 kg/m3

AAC Aerated concrete block, 600 kg/m®

Brick Clay bricks, red, 1800 kg/m?®

Concrete Blocks Concrete masonry brick, 2000 kg/m?

LECA= EPD HUB-146 [43], AAC= [44], Brick= [45], Concrete Masonry Block= [46]

While transferring materials from Revit’s material library to One Click LCA’s material library,
minor variations such as difference in the density of materials between the material libraries of the
two platforms must be incorporated into the material properties as there are still gaps to fill in
terms of creating identical shared material libraries between the two platforms. Therefore, minor

changes have to be incorporated in terms of material properties to project the behavior of infill
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materials as precisely as possible. However, One Click LCA ® still remains a useful tool for swift

LCA analysis and is highly advantageous over manual procedures as shown by Fig. 51.

LIFE CYCLE ASSESSMENT FROM
REVIT WITH ONE CLICK LCA
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[ My data is not ] We have your Local and
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Fig. 51. Advantages of using one click LCA for environmental impact study.

8.3.2.1 Carbon Emissions

In this study, One Click LCA® was used to quantify the carbon emission for the lifecycle of the
building. One Click LCA® was used to perform analysis for the building’s entire lifecycle, i.e., 60
years. It calculated the carbon emissions based on the type and quantity of material used in
construction. The results obtained for each material after analysis are visualized in Fig. 52. which

shows the CO; emission for each infill material that occurs over the entire lifecycle of the material.
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Fig. 52. Comparison of CO> emission of materials.
It is evident from Fig. 52 that the material with the least Carbon emission and, thus, the least global
warming potential is LECA. This is mainly due to the manufacturing products of LECA which
constitute of expanded clay and fly ash. These materials have low carbon footprint unlike concrete
based materials which have high carbon emission due to excessive hydration reactions. The
production of bricks is highly carbon intensive due to burning of a lot of fossil fuels in their

production.

8.3.2.2 Acidification

One Click LCA® was also used to quantify the acidification potential for the materials under study.
It accurately indicates how much a material contributes to increasing the pH of the soil, water and
atmosphere etc. One Click LCA® measures acidification potential as a function of CO, emission
and its equivalent contributing compounds. The procedure is the same as that for CO, emission
calculation. One Click LCA® was provided with the quantity of respective materials to be used in
the project. Then the materials were transferred from Revit’s material library to the material library
of One Click LCA®. After providing these inputs to One Click LCA®, the analysis was conducted.
The results for acidification for each infill material are presented in Fig. 53. This figure shows the

acidification induced by each infill material by virtue of lowering the pH of the environment.
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Fig. 53. Comparison of acidification potential of materials.

In terms of acidification potential, AAC blocks are the best performer as they have lowest
contribution to acidification. The low acidification potential of AAC blocks is a result of their high

pH value and the chemical composition of the material, which makes them resistant to acid attacks.

8.3.2.3 Eutrophication

Eutrophication is also one of the outputs of One Click LCA®. The same procedure was performed
to calculate eutrophication as acidification. The quantity of material was fed from Revit into One
Click LCA® and analysis was performed for the materials under study. The analysis result given
by One Click LCA® is a function of Phosphate (PO4) emission and other contributing compounds.

The results of the eutrophication analysis for the current study are presented in Fig. 54.
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Fig. 54. Comparison of eutrophication potential of infill materials.

In terms of eutrophication potential, LECA is the best performer among all materials. LECA 1is
made from clay that is heated to a high temperature, causing it to expand and form lightweight,
porous pellets. The production process does not involve the addition of any nutrients, and the final
product is chemically stable and does not release significant amounts of nutrients into the

environment.

8.3.2.4 Best Option as Per LCA

Many different variables must be considered to decide which material is the best option in terms
of LCA. It depends on the situation at hand for each project, and a generic solution cannot be
devised for every project. For example, a project located on a coastal region or near a water body
like a lake. The factor of acidification becomes very significant, and it must be treated as design
criteria for the situation. This is because acidification actively affects water bodies, a major

environmental concern besides global warming.
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This research paper considers Carbon Emission as the benchmark for judging the best design
option. LCA has different indicators that are important. However, of all these indicators, Global
Warming potential is the most alarming and is not localized like acidification. Rather it is a global
issue arising from and affecting every part of the world. Its implications are also more drastic and
dynamic as it contributes to atmospheric warming, melting of ice sheets and Precipitation changes,
etc. International treaties aim to reduce carbon emissions to zero by 2030 to prevent the horrifying
implications of climate change [47]. Therefore, we chose it as the decisive factor for LCA in this
study due to the global nature of the challenge presented by Carbon Emissions. The analysis
illustrated that LECA has the lowest carbon emission of all materials, making it the best design
option for enabling sustainable and greener buildings. LECA also was the top performer regarding
eutrophication. However, in the case of acidification, AAC blocks outperformed all other infill
materials, and they would be the preferred design option when constructing a project in a coastal

region.

Using the proposed BIM-based conceptual framework in the planning stage could be vital in
foreseeing the environmental impact of the materials used in construction so that the decision
makers can make better choices to reduce the environmental effects of construction and buildings
leading to more sustainable buildings in line with the United Nations’ Sustainable Development

Goals (UN-SDGs).

8.4. Conclusion
This research paper proposed a conceptual framework to conduct LCAs of different infill materials
using BIM. Furthermore, it presents a way of choosing cost- and environment-friendly design

options (infill materials).

= The proposed LCCA framework analyses examined the cost-effectiveness of various infill
materials over their life cycle. LCCA involved the manufacturing cost, construction cost,
operation cost, and demolition cost of the project in this study. As a result, the LCCA of LECA
over 60 years is USD 4066108% which is 5.4% less than Bricks, 6.4% less than AAC blocks
and 27% better than Concrete Masonry Blocks. These results illustrate that LECA was the best
performer among other contenders mainly due to its energy efficiency and optimum operation

costs.
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= LCA (environmental) performed for the materials under study aimed to illustrate the
performance of materials using carbon emissions, acidification, and eutrophication. The study
suggested that LECA was the most environmentally friendly infill material among other
options. We choose carbon emissions as the prime indicator of environmental performance
because it is a major global concern compared to acidification and eutrophication, which are
relatively localized issues. The carbon and emission of equivalent global warming gases for
the entire lifecycle of case study projects were 30770 Tones. This is 2.8% less than AAC

blocks, 32% less than concrete masonry blocks and 53% less than bricks.

The proposed conceptual framework can help develop a decision-making platform to choose the
best design options in terms of infill materials from the perspective of cost and environment.
Furthermore, it is a reliable and swift way of assessing the life cycle performance of materials
through BIM. The next step in this regard would be to automate these assessments to become faster

and more efficient.

8.5 Recommendations, limitations, and future directions:

= To improve the efficacy of this process, an automated version of LCC and LCA integration
with BIM must be developed. This will save time consumed during studies and apply LCC and
LCA with ease during the conceptual phases of project. As a result, big steps could be taken
toward commercializing sustainable buildings worldwide.

= Fragility curves must be developed for novel materials like LECA and AAC so that
maintenance costs can be estimated for them due to damages incurred over their lifecycle due

to various hazards such as earthquakes etc.

Further studies should be conducted to quantify the results of LCC and LCA for other design
options such as building orientation, structural design, HVAC systems, slabs, and floor

composition, etc.

As far as the limitations of this study go, A point to be considered regarding the maintenance cost
of project is that no research has been conducted on the damage incurred by LECA and AAC
blocks because of earthquake, fire and other hazards. These factors are important to cosnsider in
LCCA studies as damages to the building acquired due to these factors require repairing which

impact the lifetime cost of the buildings. Due to lack of studies, there aren’t any probabilistic
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damage curves derived for these novel materials till now. Without these curves, we cannot calculate
how much damages will be incurred as a result of different hazards. Consequently, it becomes
impossible to accurately determine the repairing and maintenance cost because of having no data
about probabilistic damages that might occur. Therefore, due to the lack of research on these non-
traditional infill materials (LECA and AAC), their maintenance cost has not been included in our
research project scope. However, future researchers should work on developing the probabilistic
damage curves for novel materials such as LECA and AAC so that their maintenance cost could

be added to further studies regarding their LCCA.
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Chapter 9
CONCLUSION & RECOMMENDATIONS

9.1 Conclusion:

The primary focus of this thesis was to develop a cost-effective lightweight concrete using

domestic raw materials. The aim was to provide a sustainable solution that can be implemented in

the construction industry in Pakistan. The research involved exploring the use of locally available

materials for the production of lightweight concrete, while also ensuring that the resulting product

met the necessary standards for strength and durability. The intention was to develop a practical

solution that can be easily implemented in the construction industry, with the potential to reduce

costs and improve sustainability.

A total of 120 ALECA mixes were designed for producing both structural and non-structural
lightweight concrete. The particle density of the ALECA ranged from 0.42 to 1.79 g/cm3, with
a single aggregate crushing strength of 1.5 to 25.5 MPa. The water absorption of the ALECA
was found to be in the range of 1.3% to 13.4%. The bloating index of the ALECA ranged from
0.82% to 28%, while the loss on ignition was in the range of 4.81% to 25%. These findings are
important for identifying the optimal ALECA mix for producing lightweight concrete with
desired properties, such as strength, water absorption, and bloating index.

A novel application based on machine learning was designed to address the challenge of
complex lightweight concrete design. The application leverages the power of machine learning
algorithms to analyze data and make predictions, allowing for faster and more accurate design
decisions. By automating the design process, the application helps to reduce the time and effort
required to produce optimal lightweight concrete mixes. This technology has the potential to
transform the way lightweight concrete is designed, making it easier and more efficient for
engineers and designers to create high-performance lightweight concrete with specific
properties.

The study proposed three highly effective lightweight concrete mixes, each with unique
properties. The compressive strength of the mixes ranged from 7 to 14 MPa, while the density
ranged from 870 to 1150 kg/m3. The flexural strength of the mixes was found to be between
0.35 and 0.84 MPa, with a water absorption rate of 8% to 10.5%. The combustion performance

of all mixes was rated Grade-A, while the thermal conductivity was measured at 0.19 W/m.K.
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Additionally, the acoustic performance of the mixes was found to range from 39 to 42 dB.
These findings highlight the potential of these lightweight concrete mixes for various
construction applications, including lightweight panels, blocks, for non-structural concrete
members with low density, and excellent acoustic and thermal insulation properties.

A cost comparison study was conducted on a selected building using ALECA infill panels
versus brick infill. The results showed that using ALECA infill panels reduced overall
construction costs by 16% compared to a building constructed with brick infill. Furthermore,
BIM-based modeling was performed to evaluate the heating and cooling load demands and
environmental performance of the building. The results revealed that the use of ALECA infill
panels not only provided a cost-effective solution but also resulted in sustainable
environmental performance. The study findings suggest that incorporating ALECA infill
panels in building construction can result in significant cost savings and improved

sustainability performance.

9.2 Recommendations:

Investigate the influence of artificial lightweight expanded clay aggregate (ALECA) shape on
the mechanical properties of lightweight concrete: Conduct experiments to evaluate the effect
of ALECA shape, such as spherical, cylindrical, or irregular, on the mechanical properties of
lightweight concrete. This research can help identify the optimal shape of ALECA for
producing high-strength lightweight concrete.

Utilize ALECA for structural lightweight concrete: Explore the potential of ALECA as a
structural material for producing lightweight concrete. Investigate the compressive, tensile,
and flexural strength of concrete made with ALECA, and compare it with traditional concrete.
Find alternative bloating agents to increase ALECA bloating: Investigate alternative materials
to expand ALECA, such as kerosene, petrol, waste engine oil or other waste materials, to
improve the bloating properties of ALECA. This research can help reduce the cost of ALECA
production and increase its availability.

Experimental investigation of in-plan and out-of-plan behavior of ALECA infill panels:
Conduct experimental tests to investigate the behavior of ALECA infill panels under in-plan
and out-of-plan loading conditions. This research can provide insight into the structural

behavior of ALECA infill panels and help optimize their design for different applications.
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e Investigate the durability of ALECA infill concrete in different environments: Evaluate the
durability of ALECA infill concrete in different environments, such as wet, dry, or freeze-thaw
cycles. This research can help identify the optimal mix design for ALECA infill concrete to

ensure its long-term performance in different environments.
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