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Abstract

The mechanical properties of concrete are the most important parameters in a
design code and the strength of concrete is one of them. It mainly depends on
factors such as cement consumption, water-cement ratio and nature of
aggregates. Compressive strength ( ' ¢) is the most important mechanical
property of concrete. These days to investigate the compressive strength of
concrete using experimental and numerical analysis seems to get surpassed by
machine learning (ML) approaches. Many Artificial intelligence technologies,
particularly Machine learning algorithms, have been used and becoming vital in
the construction industry. This study included collecting data from literatures and
applying ML techniques to predict the cof concrete containing ash as a partial
replacement of cement. The collected datasets include seven input parameters,
namely sources of ash, ash (kg/m3), cement amount, coarse aggregate, fine
aggregate, water and curing age in order to predict the model output (i.e., o).
The main aim of this research is on the use of ML algorithms to predict ' of
concrete. Therefore, Artificial neural network (ANN), Decision tree (DT), Random
forest (RF), Extreme gradient boosting (XGBoost) and Support vector regression
(SVR) algorithms has been modeled and evaluated for their ability to predict .
The performance of the models was evaluated using coefficient of determination
(R?), mean absolute error (MAE), and Root mean squared error (RMSE). Finally,
best model has been identified for prediction of .. Based on the evaluation
metrics, XGBoost model has shown an incredible prediction ability (R?> = 0.970)
followed by Support vector regression model (R? = 0.968). Moreover, XGBoost
model also predicts that the optimum amount of ash to replace cement is 7.5~
12.4%.

Key word: Cement, Ash, Concrete, Compressive strength, Machine learning
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1. Introduction

1.1 Background

The adoption of Al in civil engineering is increasing, revolutionizing the industry
by addressing challenges like safety concerns, labor shortages, and cost
overruns. It simplifies and automates design and construction processes,
enhancing accuracy in structural design and analysis. This leads to cost and time
savings, risk mitigation, and resource optimization(Burton et al., 2017). In
structural engineering, Al advances design, analysis, and enhance non-
destructive tests with machine learning algorithms analyzing data for real-time
monitoring and predictive capabilities(Kumar & Madhukar, 2023). Their predictive
ability often surpasses experimental and other numerical analysis results. ML
algorithms have proven themselves as one of predictive tool for different
mechanical properties of concrete including the compressive strength(Chaabene
et al., 2020).

Concrete is the most widely used material in the world next to water because of
its excellent performance (Alexander & Mindess, 2005; Kosmatka et al., 2008;
Mustapha & Aroussi, 2017). Concrete’s durability, strength and relatively low cost
make it the backbone of buildings and civil engineering infrastructures globally
(Alexander & Mindess, 2005).The mechanical properties of concrete are the
important parameters in a design code (Shah et al., 2022; H. Song et al., 2021).
Among the mechanical properties, strength of concrete is mainly depends on
factors such as cement consumption, water-cement factor, curing time and
nature of aggregates (Alexander & Mindess, 2005; Sims & Brown, 2003).The
typical concrete mix is made up about 10-15% cement, 60-75% aggregates and
15-20% water (Kosmatka et al., 2008), while the entrained air may also take up
to 8% (Sims & Brown, 2003). Cement is a soft powder used as a binder because
it hardens after mixed with water (Zhang, 2011). Cement is produced by heating

a ground-mixture of clay and limestone at 1450 °C. Portland cement clinker is the



base of the majority of cementitious binders that are being used in

concrete(Jackson, 2003).

It is possible but not an easy and simple task to determine or estimate the
compressive strength of concrete accurately in such a complicated mixture
(Cotsovos & Pavlovi¢, 2008; H. Song et al., 2021).The laboratory tests by
crushing the cylinders or cubes are ought to be inefficient, costly, time-
consuming and laborious(H. Song et al., 2021). But it seems these problems are
not a challenge anymore due to the evolution of Artificial intelligence, using the
ML approach. These ML models are reliable and effective in estimating the
mechanical properties of concrete including compressive strength due to the
data-driven decisions they make(Ahmad et al., 2021; Feng et al., 2020; Javed et
al., 2020; Khan et al., 2021).

Moreover, Rapid urbanization and population growth worldwide have increased
the demand for more buildings, transportation, and other infrastructure, which
has increased the demand for construction materials, particularly cement (IFC,
2017).The global cement demand is predicted to increase from 4.6 Gt/yr in 2015
to about 13.5 Gt/yr by 2050 (Barcelo et al., 2014; Carstensen & Rapf, 2008).
Although Ethiopia's cement industry is thriving, the growing population and
booming construction activities are increasing the demand for cement products
(IFC, 2017). However, the recent increment in cement prices and scarcity pose
urgent challenges for urban infrastructure planners and the entire construction
sector (Harder, 2021; IFC, 2017).

Finding locally available raw materials and waste products that can partially
replace cement is required to meet the rising demand, successfully complete any
project, and mitigate the shortage of construction materials (IFC, 2017; Lahri &
Dixit, 2015).Global solid waste production currently stands at 2.2 billion tons per
year, with serious environmental and climate consequences(IFC, 2017).
Therefore, there is a need to modify cement production systems so that industrial

and agricultural wastes can be used as a partial replacement for cement (Lahri &
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Dixit, 2015). So far, studies have revealed that cement can be partially (5—-15%)
replaced by industrial wastes and agricultural byproducts (e.g., Gedefaw et al.,
2022; Lahri & Dixit, 2015; Sharma et al., 2022; Sulaiman et al., 2022; Zareei et
al., 2017).

1.2 Problem Statement

This study basically addresses two important issues, i.e., (i) develop a novel
models based on machine learning (ML) algorithms for predicting the
compressive strength of concrete, and (ii) identify and determine the optimum
percentage of ash that can partially replace cement in concrete production using

ML approach.

Estimating the compressive strength of concrete is vital, but also challenging
process for concrete structures due to its complex physico-chemical interactions
between concrete constituents and environmental conditions (DeRousseau et al.,
2019). The laboratory tests by crushing cylinder or cube samples are ought to be
nowadays inefficient and uneconomical as it is costly and time-consuming (Song
et al., 2021). The widely used empirical models, such as linear regression, for
predicting concrete mechanical strength are also inaccurate, require laborious
experimental work to develop and cannot accommodate new input parameters
(Chaabene et al., 2020). However, the evolution of machine learning (ML)
algorithms has demonstrated their ability to solve real-world problems, especially
nonlinear engineering tasks (Ahmad et al., 2021; Feng et al., 2020; Javed et al.,
2020; Khan et al., 2021). These ML-based models are playing vital roles due to
implementation of new computational techniques capable of predicting many
mechanical properties of concrete including the compressive strength of concrete
(Ahmad et al., 2021; Cui et al., 2021; DeRousseau et al., 2018; Feng et al., 2020).

The second core issue is that the sharp rising of cement prices and scarcity has

become major issues in Ethiopia's construction industry. For instance in



December 2015, one quintal of cement cost no more than 300 ETB'. However,
its prices rose to 700 ETB in the beginning of 2022, and the narrative has shifted
to over 2000 ETB? after December 2022. Moreover, the recent conflict in
northern Ethiopia, insecurity, lack of forex to purchase spare-parts and coal are
major impediments to cement factories producing at full capacity®, resulting in
30-50% reduction from what was produced in 2020. In addition to this, the
Ethiopian cement industry is highly dependent on imported energy sources,
which increases the production costs significantly and exacerbates its scarcity in
the market (Moya et al., 2010; Mulatu et al., 2018). To address the current
scarcity of cement, partial replacement with low-cost industrial wastes and
agricultural byproducts (e.g., fly ash, rice husk ash, and coffee husk ash) is an
effective alternative solution in meeting the primary requirements of
environmentally friendly, sustainable, and durable concrete structures(Gedefaw
et al.,, 2022; Lahri & Dixit, 2015; Sulaiman et al., 2022; Zareei et al., 2017).
Therefore, replacing cement with alternatives, like that of ash, and determining
the optimum amount of ash that can partially replace cement is vital to reduce
overall construction and production costs keeping the environment friendly(Jiang
et al., 2022).

Furthermore, Cement production accounts for a significant 5-10% of global CO2
emissions (3rd largest source), with emissions skyrocketing 186% from 1990 to
2019 (Andrew, 2018; Carstensen & Rapf, 2008; Chen et al., 2022; Metz et al.,
2005). Cumulative CO2 emissions from 1928 to 2017 were also 37 Gt of COy,
70% of which have occurred since 1990 (Andrew, 2018; Worrell et al., 2003). As
one of fastest growing industries in Ethiopia, the cement industry is an important

sector for carbon emission reduction strategies.

2https://www.capitalethiopia.com/2022/1 2/25/trade-ministry-steps-in-to-regulate-stiff-cement-market/

3https://addisstandard.com/analvsis—incessant—cement—supplv—crisis—boqs—ethiopia—Ieavinq—countless—workers—reel—in—
despair-govt-hopes-to-fine-tune-chaos/
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1.3 Significance of the Study

Nonlinear mathematical models are advantageous for accurately capturing all
properties of concrete and its mechanical characteristics, including compressive
and tensile strength, slump, filling capacity, and segregation (DeRousseau et al.,
2019; Naderpour & Mirrashid, 2018; Saridemir, 2010; Sobhani et al., 2010). The
machine learning (ML) models are more efficient, accurate and flexible due to its
ability to learn from input and output relationships in complex problems (Sobhani
et al., 2010). The ML algorithms are used to create a model that can learn from
the given dataset and understand concrete design mix’s non-linear behavior and
estimate the compressive strength of the concrete (Dash et al., 2021; Feng et al.,
2020). This study is an indication that ML models are indeed more flexible, time
saving and easy approach to estimate the concrete compressive strength

keeping the cost low.

Determining the optimum amount of ash that can partially replace cement is also
vital to make concrete environmentally friendly, and also making waste usable as
additives for concrete(Jiang et al., 2022). Therefore, this study may help to
change cement production practices in order to reduce natural resources
degradation, and overall construction costs through utilization of wastes as partial

replacement of cement.

To minimize CO2 emission from cement factories, utilization of wastes in
concrete production is recommended (Barcelo et al., 2014; Kajaste & Hurme,
2016; Lahri & Dixit, 2015). It will be not only suitable for the concrete requirement,
but it will also reduce degradation of the natural environment (Batayneh et al.,
2007). Moreover, it will contributes to achieve targets of reducing CO> emissions
from cement and concrete production — as called for in the Paris Agreement — by
25% by 2030 and reaching net zero by 2050 in order to keep global warming
below 1.5 °C (UN, 2015). It will also help to achieve the Ethiopia’s national goal
of reducing CO2 emissions by 64% by 2030 (FDRE, 2011), making the cement

industry an important sector for CO2 emission mitigation strategies.
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Finally, this study aims to address the aforementioned knowledge gaps, and is
particularly focused on approaches for accurate prediction of the compressive
strength of concrete with partially replaced cement and determination of the

optimum amount of ash that can partially replace cement.

1.4 Objective of the Study
1.4.1 General Objective

The main objective of this study is to assess the effects of partially replacing
cement with ash on compressive strength of concrete using machine learning

approaches.
1.4.2 Specific Objectives
The specific objectives of this study are:

To assess various ash sources as a partial replacement of cement in
concrete mixture

To develop a novel prediction tool based on machine learning (ML)
algorithms to estimate the compressive strength of concrete

To select the best ML model for predicting compressive strength

To determine the optimum percentage of ash for partially replace cement
in concrete production

1.5 Research question

To address the specific objectives, the following research questions are derived:

Are machine learning models more efficient, accurate and flexible than the
conventional linear regression model?

Which ML models are suitable for predicting compressive strength?

Which ML models can best predict compressive strength of a concrete?
Which materials are recommended for partial replacing of cement?

Up to what percentage can cement be replaced by ash without affecting

the compressive strength of the concrete?
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2. Literature Review

2.1 Concrete

Concrete is the most widely used construction material due to its excellent
properties such as durability, work-ability, strength, and ease of obtaining raw
materials to produce it (Alexander & Mindess, 2005; Kosmatka et al., 2008;
Mustapha & Aroussi, 2017). Concrete is divided into three phases: cement paste,
aggregate, and the interfacial transition zone between them. The typical concrete
mix contains 10-15% cement, 60-75% aggregates, 15-20% water, and about
8%entrained air (Kosmatka et al., 2008). Sand and gravel or crushed stone are
used as aggregates, while water and Portland cement are used as paste(Sims &
Brown, 2003).

Concrete is also a composite material composed of aggregate and cements
paste on a macroscopic scale (Jebli et al., 2018). The cement paste coats the
aggregate particles and fills the spaces between them. While still fresh, the
cement paste acts as a lubricant, reducing friction between aggregate particles
and imparting workability to the fresh mix. The recent construction industry trends
also show that concrete is also composed of some chemical additives, such as
plasticizers (or water reducers) and mineral additives such as fly ash, silica fume,
and metakaolin (ACI, 2013).Concrete is simple to build and has long-lasting

strength, toughness, and impermeability (Zhuang & Chen, 2019).
2.2 Standard Property Concrete

Concrete is a composite of a heterogeneous material that becomes a stone-like
mass when hardened (Alexander & Mindess, 2005)(Kovler & Roussel, 2011).
Understanding the properties of concrete in different forms and its numerous
applications is vital. Concrete has two forms and are illustrated in the following

section.



2.2.1 Fresh Concrete

Fluidity or consistency is the primary properties of fresh concrete during mixing,
transporting, placing, and compacting (Kovler & Roussel, 2011). These
characteristics indicate the ability to be handled and flow into framework and
around any reinforcement with the aid of compacting equipment. Fresh concrete
should be compacted by vibrators in order to avoid air entrapment during mixing.
Fresh concrete should be homogeneous in appearance, and there is no
separation of cement paste from aggregates. The term workability represents
fluidity, compact-ability and stability (Assaad & Khayat, 2006).

2.2.2 Hardened Concrete

There are several properties of hardened concrete. One of the most important
properties of concrete is its compressive strength and typical concrete strength
ranges from 25-40 MPa (Carolina, 2015). High performance concrete refers to
concrete with a compressive strength greater than 50 MPa (Kovler & Roussel,
2011). This concrete is extremely resistant to external physicochemical attacks
such as frost, rain, atmospheric pollution, and so on. Fire resistance, thermal and
acoustic insulation, and impact resistance are also properties of concrete at the
hardened state (Ayub et al., 2014).It is mainly suited to buildings subjected to
difficult and demanding environmental conditions. When concrete is more dense,

it performs in a better way, durable and lasts longer (Gjarv, 2011).
2.3 Components of Concrete Mix

Concrete is a compound composed of primarily of hydraulic cement, air, water,
sand, and gravel (Kosmatka et al., 2008; Sims & Brown, 2003). Supplementary
cementitious materials (SCM) and chemical admixtures may also be present in
concrete(ACI, 2013). Each ingredient and its proportion have an effect on the

final quality and type of ready mix (Alexander & Mindess, 2005).



2.3.1 Cement

A hydraulic cement is an inorganic material or a mixture of inorganic materials
that sets and develops mechanical strength through chemical reaction with water
due to the formation of hydrates and is capable of hardening even under water
(Alsop, 2019). Portland cement is hydraulic cement that is mostly made up of
hydraulic calcium silicates (Van Oss & Padovani, 2002). Despite accounting for
the smallest percentage of the mixture, cement acts as glue that holds everything
together and allows the ready mix to harden after it has been placed (Tsivilis et
al., 2000).

2.3.2 Fine and Course Aggregates

Around 80% of the mixture is made up of gravel and sand aggregates (Kosmatka
et al., 2008). Based on their size, aggregates are classified as fine (0.025-
6.5 mm) or coarse (0.25-1.5 mm) or larger (Cosié et al., 2015).The high
percentage makes the mixture more cost-effective because gravel and sand are
both stronger and less expensive than cement. A good ready mix includes equal
parts gravel and sand so that the gravel makes up the majority of the ready-mix,
and the sand particles fill in gaps that would otherwise be filled by unwanted air
pockets (Aitcin & Flatt, 2016).

2.3.3 Air and Water

A certain amount of air entrainment (tiny air bubbles) is required in the concrete
for it to be effective (Aitcin & Flatt, 2016). Air-entrained cement allows excess
water to expand as it moves through the freeze-thaw cycle. However, these air
bubbles must be microscopically small or else air will become entrapped,
resulting in shrinkage and cracking. Water has the most influence among all of
the other essential ingredients involved in the creation of a mixture. Generally,
the more water you add to the mixture, the weaker the hardened mixture will
be(Aitcin & Flatt, 2016). When there is too much water present, shrinkage and

cracking are also possible. Excess water will eventually evaporate from the
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hardened concrete, causing it to shrink and crack. A water to cement ratio of 0.4—
0.6 can be used to determine an ideal amount of water. The greater the ratio, the
more brittle is the concrete. A slump test is essential to determine the solubility of

concrete, and its water content.
2.3.4 Supplementary Cementitious Materials

To reduce the carbon footprint of concrete structures, the construction industry
uses blended cement containing various cementitious materials such as slag, fly
ash, silica fume, calcined clay, and fillers more systematically (Lothenbach et al.,
2011). All of these additives have been used for many years and have a good
track record. Therefore, learning how to use them in conjunction with admixtures
is critical components of modern concrete (Aitcin & Flatt, 2016). It is possible to
get cementitious particles very close to each other when using a super plasticizer,
resulting in a stronger and more durable concrete. It is no longer the substitution
rate and short-term compressive strength that limit the amount of cementitious
material or filler that can be introduced in a concrete, but rather the lowest w/c
that provides good rheological properties to allow concrete to be placed easily,

efficiently, and economically (Nagrockiene et al., 2013).
2.5 Types of Concrete Strength

When aggregates (sand and stone) and water are mixed together, they interact
with cement in a process called hydration (Alexander & Mindess, 2005). This
material matrix begins to harden quickly and will continue to strengthen for nearly

a month.
2.5.1 Compressive Strength

Compressive strength (" ¢) is a widely accepted measure to access the
performance of a given concrete mixture. It is the primary measure determining
how well concrete can withstand loads that affect its size (Saridemir, 2010). The

ability of a concrete material to resist failure in the form of cracks and fissures
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defines its compressive strength. Therefore, it precisely tells whether a particular

mix is suitable to meet specific project requirements.

Concrete’s compressive strength is ascertained with either cube or cylinder
specimens made of fresh concrete. It is then tested in compression at various
ages. The size and shape may also affect the indicated strength. Compressive
strength provides an indication of overall strength and the aforementioned
factors(Li et al., 2018). Additional tests are further conducted to obtain detailed
information on the competence of strength development. Compressive strength
of concrete usually varies from 17-28 MPa and higher in residential and

commercial structures.
2.5.2 Tensile Strength and Flexural Strength

The tensile strength of concrete is its capacity to resist cracking or breaking
under tension (Shamsuri & Darus, 2020). Determining the tensile strength is
necessary to understand the extent of the possible damage. Ordinary concrete
has a tensile strength that is 7-10% (2-5 MPa) of its compressive strength.
Breaking and cracking arise when tensile forces surpass the tensile strength
(Ahmed et al.,, 2016). Therefore, knowledge about the tensile strength of
concrete is increasingly getting vast due to its significance in managing potential

cracking.

Flexural strength is an indirect measure of tensile strength that determines the
ability of concrete to resist bending (Ahmed et al., 2016).It measures the
maximum stress on the tension face of an unreinforced concrete beam or slab at
the point of failure in bending (Shamsuri & Darus, 2020). It is measured by
loading 150 x 150 mm (or 100 x 100 mm) concrete beams with a span length at
least three times the depth. Since concrete is strong in compression but weak in
tension, flexural strength accounts for 10-20% of the compressive strength
(Chhorn et al., 2018).
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2.5.3 Shear Strength

Shear strength is defined as its ability to withstand forces that cause the
material's internal structure to slide against it (Wong et al., 2007). It can be
measured horizontally or vertically by observing whether a force causes the
object's layers to slide horizontally or vertically. If the force is greater than the
concrete's shear strength, it will separate into sliding parts (Rahal & Hassan,
2021). Concrete shear strength is critical in structural engineering because it
ensures that components like beams, columns, and bolts are all designed safely.
These components can also be reinforced to increase shear strength by using
stirrups in reinforced concrete (Pendyala & Mendis, 2000). The average direct
shear strength of concrete ranges from about half of the compressive strength for
rich mixtures to approximately 0.8 of the compressive strength for lean mixtures
(Tureyen & Frosch, 2003).

2.6 Testing Compressive Strength of Concrete

The most common experiment performed on concrete samples is the
compressive strength test (Zabihi & Eren, 2014).The shape and size of the
specimens are two of the most important factors that can influence the results of
a compressive strength test (Li et al., 2018). Compressive strength test results
are used to ensure that the concrete mixture as delivered meets the

requirements of the specified strength in the job specification.

Test for compressive strength can be carried out either on a cube or cylinder.
Cylindrical specimens (150 by 300 mm) are most commonly used in Australia,
Canada, France, New Zealand, and the United States, while cubic specimens
(150 and 100 mm) are more commonly used in Europe (Bazant & Planas, 2019).
The compressive strength of concrete cube test provides an idea about all the

characteristics of concrete.

This concrete is poured in the cube or cylinder mold and appropriately tempered

to remove any voids. After 24 hours, molds are removed, and test specimens are
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put in water for curing. The top surface of these specimens should be made even
and smooth. This is done by placing cement paste and spreading smoothly on
the whole area of the specimen. These specimens are tested by compression
testing machine after seven days curing or 28 days curing. At 28 days, concrete
reaches its maximum strength (James et al., 2012). Load should be applied
gradually at the rate of 140 kg/cm? per minute till the Specimens fails. Load at the

failure divided by area of specimen gives the compressive strength of concrete.

Due to a large amount of capital is at stake in the construction industry, instead
of checking strength at 28 days, we can check strength at 7 and 14 days to
predict the target strength of construction work. Concrete gains 16% of its
strength within 24 hours, and 65% of its target strength within 7 days of casting
(Table 1). Concrete shows 90% of the target strength after 14 days, then the
strength gain slows and it takes 28 days to achieve 99% strength (Fantu et al.,
2021).

Table 2.1: Compressive strength of concrete at different Age
Curing time (day) Percentage of strength

1 14
3 40
7 65
14 90
21 94
28 99

2.7 Factors Affecting Compressive Strength of Concrete

Compressive strength of concrete depends on many factors such as cement
strength, water-cement ratio, quality of concrete material, quality control during
the production of concrete, etc. (Aitcin & Flatt, 2016; Alexander & Mindess, 2005).

2.7.1 Physical,Chemical Properties and Amount of Cement

The cement's physical and chemical properties influence the durability and

strength of the concrete (Aitcin & Flatt, 2016). OPC cement is appropriate for dry
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weather conditions with no salinity or sulphate attack as it is resistant to chemical
attacks, while PPC cement is ideal for underwater and water-retaining
constructions. Another type of cement-like sulphate resisting Portland cement
(SRPC) is resistant to sulphate attacks and is appropriate for construction near
seashores (Alexander & Mindess, 2005). Concrete's chemical and physical
composition undoubtedly also influences its durability. Another factor influencing
concrete strength is the amount of cement used. Adding admixtures with water
and cement, the cement ratio is a basic determinant of the concrete structure's
strength. The strength of the concrete will be reduced if the cement ratio is less
than the recommended ratio Similarly, the cement ratio should not be increased
to the suggested level because the excess amount of the cement will create a
large distance from the coarse aggregate, reducing bonding among the coarse
aggregate (Aitcin & Flatt, 2016).

2.7.2 Coarse Aggregate Quantity and Type

Concrete is made homogeneous with proper mixing of aggregates, cement, sand,
water, and other admixtures. However, micro-cracks may form due to differences
in the thermal and mechanical properties of coarse aggregates (CA) and cement
matrix, and resulting in concrete failure (Malik et al., 2021). Concrete
technologists developed theoretical concepts concerning CA size, as aggregate
size is a significant contributor to compressive strength. Therefore, increasing CA
aggregate size leads to increased compressive strength. This theory was later
abandoned after experiments revealed that larger aggregate sizes increased
strength in the initial phases but decreased exponentially (Abdullahi, 2012).
Though angular aggregates have a better interlocking effect in concrete, they
contain a greater number of voids. For high-strength and -performance concrete,
where a very low w/c ratio is used, CA shape becomes more important (Aitcin &
Flatt, 2016). For improved workability, cubical shape aggregates with uniform
grading are required (Cosié et al., 2015). The CA should not be inaccessible, or

too small. The CA quantity will cause the concrete to lose strength, while
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reducing the CA quantity will result in larger gaps between the aggregate pebbles,

and reducing the strength of the concrete structure.
2.7.3 Fine Aggregate Quantity and Type

The very fine particles of the concrete mixture are called fine aggregate (FA), and
it is made up of sand (Desk, 2022). The purpose of FA is to fill the gaps between
the coarse aggregates. The strength of the concrete will be greater if the FA
(sand) is of good quality. However, if the FA contains impurities, the concrete will
lose strong bonding among the particles of the mixture. Excessive fine aggregate
should not be added to the mixture as it will affect the performance of the

concrete structure (Westerholm et al., 2008).
2.7.4 Mixing Level of Material

The mixture (admixture, water, and cement) must be thoroughly mixed for the
best results. All components of the mixture will be distributed equally if the
concrete is mixed evenly. If the materials are not thoroughly mixed, the cement
will concentrate on one side of the mixture. A structure made of unevenly mixed

concrete will not distribute strength evenly throughout the structure (Desal, 2019).
2.7.5 Compaction of Concrete

Concrete compaction increases density because it can remove air voids in
freshly placed concrete, making the concrete compact and dense. The presence
of air voids in concrete reduces its strength significantly. A 5% increase in air
voids can reduce strength by 30-40%. Even with the same water/cement ratio,
strength varies with compaction accuracy. The strength of fully compacted
concrete is greater than that of insufficiently compacted concrete (Sahdeo et al.,
2021).
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2.7.6 Quality of the ingredient

Cement, sand, aggregate, and water are the primary components of concrete.
The strength of the concrete is affected by the quality of each material. As a
result, all materials must meet the standard criteria for use in concrete. The
strength and durability of concrete structures are also affected by the quality of
the water. OPC and PPC are recommended for use in areas where the water is
very pure and does not contain any sulphate or chloride, as the cost of the
cement is very low, whereas in areas where the water is enriched with minerals
such as sulphate and chloride, sulphate and chloride resisting cement will be
used (Ajay & Rajeev, 2012).

2.7.7 Curing Age

Curing concrete is the most important step in preventing plastic shrinkage,
controlling temperature, developing strength, and ensuring durability (Taylor,
2014). Curing provides the desired moisture and temperature at depth and near
the surface of concrete after placement and finishing for strength development.
Curing also provides enough water to concrete to allow it to complete the
hydration process without interruption, which is critical for strength development
(Taylor, 2014).

2.7.8 Air Entrainment

Cold countries developed air entrainment in concrete as one of the concepts to
prevent damage from freezing and thawing (Alexander & Mindess, 2005).
Experiments later demonstrated that the multi-dimensional benefits of air
entrainment, as well as improved the workability of concrete at lower
water/cement ratios. Achieving the desired workability at lower water content
leads to light concrete with a higher compressive strength (Kim et al., 2012). The
presence of a stable and adequate air-voids in fresh and hardened concretes is
critical to many properties, including freeze-thaw cycle resistance, fire resistance,
workability, pumpability and strength (Aitcin & Flatt, 2016).
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2.7.9 Water/Cement Ratio

Cement, the primary binding material in concrete, requires water for hydration,
but this is limited to 0.20-0.25% of cement content (Kim et al., 2012). Excess
water can be beneficial in terms of concrete work-ability and finishing, but it is
also harmful because as the water in the concrete matrix rises, it leaves large
interstitial spaces between aggregate and cement grains. During concrete
compressive strength testing, this interstitial space transforms into primary cracks
(Altcin & Flatt, 2016).

Other factors like environment condition, rate of loading, grading of aggregates,
temperature, weather condition, and relative humidity also affects the
compressive strength of concrete (Aitcin & Flatt, 2016; Alexander & Mindess,
2005).

2.8 Cement Production and Demand

Rapid population growth and urbanization are driving up the demand for
residential and commercial building construction(Andrew, 2018; Mulatu et al.,
2018). Cement is an essential component of concrete, which is used to build
structures and infrastructures in the rapidly developing worlds as well as for
building maintenance and retrofitting in developed countries of the global
North(Andrew, 2018).Global cement production was estimated to be 4.6 Gt/year
in 2015, with values expected to range between 6-13.5 Gt/year in 2050 (W.
Schmidt et al., 2020). While cement production in China has peaked, production

in other emerging countries is expected to rise from 26% today to 37% in 2050.

Africa also urgently requires adequate basic infrastructure and housing, and the
continent is experiencing a surge in construction activity (W. Schmidt et al., 2020).
Per capita cement consumption (PCC) in North Africa was 553 kg in 2014, while
it was only 102 kg in Sub-Saharan Africa (SSA). In 2014, the North produced
(98.2 Mt/year) more than the rest of Africa, which produced 85.2 Mt/year (46.5%).
After 7 years, the situation has significantly changed. In 2020, the PCC in North
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Africa fell to 435 kg, while it increased slightly in Sub-Saharan Africa to 113 kg.
Only 91.8 Mt/year (or 43%) are produced in the North, while Sub-Saharan Africa
produces 121 Mt/year (57%). Africa's cement capacity has increased significantly,
from 262 Mt/yr in 2014 to 386 Mt/year today, a 124 Mt/yr increase*. Cement
production will rise from 213 Mt/yr in 2020 to 244 Mt/yr by 2025. Capacity for
cement is expected to rise from 381 Mt/yr in 2020 to 437 Mt/yr by 2025. With
these figures, cement capacity utilization is expected to increase slightly from 55
to 56% by 2025. In SSA, the average PCC will be 189 kg. This is not particularly
high when compared to China (1,620 kg), Vietnam (911 kg) and USA (314 kg) in
2020 (Asokoinsight, 2023; Nigeria's Cement Market | Asoko Insight, 2024).

Ethiopian cement producers are also struggling to meet the gap between supply
and demand. Since 2021, the country was 5.5 Mt short of domestic cement
demand. Domestic cement manufacturers face efficiency challenges as well as
they produce less than half of the installed capacity in a given year. Despite a
combined capacity of 19.7 Mt/yr, total production was about 7.7 Mt/year in 2021.
The cement demand is expected to be 19.97 Mt by the end of 2025, while the
required capacity is 25.2 Mt. PCC is expected to rise from 62-179 kg by 2025
(Mulatu et al., 2018).

2.9 Partially Replacing of Cement

Currently, the construction industry and its sectors worldwide have high and
limitless demand for the use of concrete materials, mainly cement (Alexander &
Mindess, 2005). Hence, the global cement production has increased significantly
over time (Andrew, 2018). Due to the rising costs and scarcity, alternative
materials that can partially replace cement is economical (Prakash Chandar &
Santhosh, 2022). Instead damping, utilization of industrial wastes and agricultural
byproducts as a partial substitution for cement in concrete production is eco-

friendly approach (Batayneh et al., 2007).

4https://www.zkg.de/en/artikel/zkg_Latest trends _in_Africa_s cement industry-3696965.html
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The well-known cement replacement materials so far are ash and powder, which
is derived from rice husk (Sabarish et al., 2017), red clay (Venkatesh et al., 2021),
bagasse (Kumbhare et al., 2019), coal (Lo et al., 2021), fly ash (Sabarish et al.,
2017), coffee husk (Gedefaw et al., 2022), waste paper (Kejela, 2020), bamboo
leaf (Mujedu et al., 2018), cattle bone (Akinyele et al., 2016), waste marble
(Sharma et al., 2022), cow dung (Ojedokun et al., 2014), Teff straw (Selamawit,
2020), water hyacinth (Okwadha & Makomele, 2018) and wheat straw (Bheel et
al., 2021).

In general, the new product must be of higher quality while also being less
expensive than traditional cement (Lo et al., 2021). Several studies on the binary
blends of Ordinary Portland Cement with various cementitious materials such as
fly ash, rice husk ash and coffee husk ash in the manufacture of cement
composites have shown to be effective in meeting the main requirements of
environmentally friendly, sustainable, and durable concrete structures (Lahri &
Dixit, 2015). Numerous studies have recently been conducted to forecast the

compressive strength of cementitious materials (Ganjigatti et al., 2015).
2.10 Machine Learning Algorithms

Artificial intelligence (Al) is a science and technology that is based on disciplines
such as computer science, biology, psychology, linguistics, mathematics, and
engineering, and it is a broad term for machines that can perceive, reason, and
learn (Muller & Guido, 2016). In modern Al, computers are given rules to solve
problems in which computers are given problems directly and the machines learn

how to solve them on their own using a set of algorithms (Kelleher et al., 2015).

Machine learning (ML) algorithms, a sub-field of Al, allow computers to carry
out specific tasks intelligently by learning from data, which enables them to carry
out complex processes (Kelleher et al., 2015; Muller & Guido, 2016). The ML
learning process starts with observations or data, such as examples, direct

experiences or instructions, in order to discover a pattern in the data and make
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better decisions based on the examples we provide (Kelleher et al., 2015). The
main goal is for the computer to learn automatically without human intervention
and then adjust its actions accordingly. ML systems can now be trained on a
large pool of examples thanks to growing data accessibility, and their essential
capabilities have been made possible by rising computer processing power
(Muller & Guido, 2016). Additionally, algorithmic improvements within the field
itself have increased the potency of machine learning. These days, in civil
engineering, ML algorithms are more commonly used to predict the mechanical

properties of concrete (Chaabene et al., 2020).

The ML method can be used to determine the compressive or flexural strength of
concrete for various ages of concrete samples (Chaabene et al., 2020; Shah et
al., 2022). Obtaining the desired compressive strength of concrete is a difficult
and time-consuming task. However, the use of ML approaches allow for the

prediction of the desired result with high accuracy (Chaabene et al., 2020).

Engineering problems can now be solved using ML methods. In general, Al
systems have demonstrated their ability to solve real-world problems, especially
nonlinear tasks (Kelleher et al., 2015). Structural engineering has seen significant
advancement due to the implementation and testing of new computational
models capable of predicting the various properties of concrete mixtures
(DeRousseau et al.,, 2018). Therefore, with the advancement of artificial
intelligence, forecasting concrete compressive strength has become easier
(Farooq et al., 2021).

2.10.1 Types of Machine Learning Algorithms

The four main categories of learning algorithms are reinforcement learning,

unsupervised learning, semi-supervised learning, and supervised learning.

Supervised learning: In supervised learning-based tasks, the model is
presented with a labeled dataset, also known as a feature vector, which means

that the datasets contain examples of observations as well as their expected
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outcomes(Alloghani et al., 2020). These models can generate an inferred
function that maps the feature vectors to the output labels. They are called a
supervised ML, since a data analyst or any other ML expert interfere in the

learning process for the model’s desired accuracy(A. Singh et al., 2016).

Unsupervised learning: In the case of unsupervised learning, the given
datasets have very little or no information for the output labels. Unsupervised
machine learning involves training the machine with an unlabeled dataset and
predicting the output without supervision. The unsupervised learning algorithm's
main goal is to group or categorize the unsorted dataset based on similarities,
patterns, and differences(Celebi & Aydin, 2016).

Semi-supervised: Semi-supervised learning is a type of machine learning
algorithm that falls somewhere between supervised and unsupervised learning. It
bridges the gap between Supervised (with labeled training data) and
unsupervised (with no labeled training data) learning algorithms by combining

labeled and unlabeled datasets during the training period(Reddy et al., 2018).

Reinforcement learning: Reinforcement learning focuses on regimented
learning processes in which a machine learning algorithm is given a set of
actions, parameters, and output values. After defining the rules, the machine
learning algorithm attempts to investigate various options and possibilities,
monitoring and evaluating each outcome to determine which is optimal.
Reinforcement learning teaches the machine through trial and error. It learns
from previous experiences and begins to modify its strategy in response to the

situation in order to achieve the best possible outcome(Mummert, 2022).
2.10.2 Types of Machine Learning Models

Models that are developed using the ML algorithm are called ML models.
Pinpointing the exact number of ML algorithms is a bit tricky, as there are
constantly new ones being developed and the boundaries between algorithms

can sometimes blur. The total number could easily be in the hundreds, if not
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thousands, encompassing a wide range of approaches and complexities. This is
due to constant evolution as new algorithms are developed and existing ones are
refined all the time(Tyagi, 2021). Also the variations and combinations of each
algorithm family might have numerous variants and sub-categories, making the
lines blurry. Even though the total number is encompassing a wide range of
approaches and complexities making it difficult to mention every kind of ML
algorithms, but ML algorithms can be broadly categorized into different families
(What Are Machine Learning Models?, 2024).

Linear Models: Linear regression, polynomial regression, ridge regression, lasso
regression, elastic net, etc.

Tree-based Models: Decision trees, random forests, gradient boosting trees, etc.
Kernel-based Models: Support vector regression (SVR), Gaussian process
regression, etc.

Neural Network Models: Deep neural networks, recurrent neural networks &

convolutional neural networks

2.10.3 Types of Machine Learning tasks or problems

The types of problem that are solved using ML algorithms are classified in to
three and are discussed as follow. Their name is named after the algorithm which

is used to solve them.

Clustering: These types of tasks are carried out using the clustering ML method
in which the process of grouping data points with similar values into multiple
clusters is carried out (Xu & Tian, 2015). With clustering, the algorithm tries to
find a pattern in datasets that have similar values or attributes, and clustering
algorithms are methods for grouping similar data points into different clusters
based on their values or attributes (Betanzos & Canedo, 2018). It is ideally the
implementation of human cognitive capability in machines, allowing them to
recognize and differentiate between various objects based on their natural
properties training (Betanzos & Canedo, 2018; Xu & Tian, 2015).
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Classification: In contrast to clustering, classification is the most widely used
supervised ML method in which the algorithms look at existing data and predict
the correct label of input data (Maimon & Rokach, 2005). For any given input, the
classification algorithms help in the prediction of the class of the output variable
that is why they are called classification tasks. In classification, the model is fully
trained using the training dataset before being evaluated on test dataset, and
used to predict new un-seen data. There can be multiple types of classifications
like binary classification& multi-class classification. It depends upon the number
of classes in the output variable. It is a data mining approach for forecasting
group membership for data instances (Kesavaraj & Sukumaran, 2013). Although
classification is a well-known machine learning technique, it has limitations such

as dealing with missing data (Soofi & Awan, 2017).

Regression: this tasks are solved using regression algorithms which predict a
continuous value based on the input variables (Maimon & Rokach, 2005). It is a
mathematical method for performing predictive analysis and commonly used in
mathematical research methods where the predicted effects can be measured
and modeled against multiple input variables (Lim, 2019). The main goal of
regression models is to estimate a function based on the dependent and

independent variables.

There are various types of regressions used by data scientists and ML engineers
based on different scenarios, including simple linear, multiple linear and
polynomial regressions. Regression is also a technique that is used to test two
theories, i.e., (i) for forecasting and prediction, with significant overlaps with the
field of machine learning and (ii) to determine causal relationships between
independent and dependent variables. The main difference between regression
and classification is that while regression helps predict a continuous quantity,

classification predicts discrete class labels(S. Singh, 2023).
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2.10.4 Selection Criteria of Machine Learning Algorithms

Model selection is the process of selecting a reliable model from among a
collection of candidate models for a training data-set(Lee & Shin, 2020).ML
model selection can be applied both across different types of models (e.g. SVM,
ANN, etc.) and across models of the same type configured with different model
hyper-parameters (e.g. different kernels in an SVM). Despite there are a variety
of performance metrics to evaluate a model, it is not prudent to implement every
algorithm for every problem. This will take a significant amount of time and effort.
Therefore, knowing how to choose the best algorithm for a given task is critical
(Ghorbani & Zou, 2019).

For selecting a ML algorithm, factors to be consider are (Domingos, 2012):

Interpret-ability and Explainability: it is the algorithm's ability to explain its
predictions (Carvalho et al., 2019). An algorithm that lacks in such an explanation
is called a black-box algorithm. Some models like that of DT have a good
interpret-ability and explainability but like that of ANN, some models are a black

box.

The number of data points and features: The number of data points and
features is critical when choosing a suitable ML algorithm. Selecting a model
(deep or shallow) needs understanding how the model handles different sized
datasets. Depending on the case, ML models will need a variety of different

datasets in terms of their data points and features.

The type of the problem/Task: Is it classification (predicting categories),
regression (predicting continuous values), clustering (grouping similar data
points), or something else? Since different algorithms excel in different domains
identifying the kind of task at hand should be a prior before selecting ML

algorithm.
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The accuracy desired from the models: a lot of ML model might fit the task at
hand but all of them will not perform equally. Setting the required accuracy will

help to select, which one of the ML model will fit our task.

Model complexity: ML models might be simple, interpretable model or a
complex. Simpler models are easier to understand and debug, while complex
models might be more accurate but less transparent. Complexity also affects the
ML models and it depends on the type of the ML model's ability to
countermeasure the effect of model complexity while keeping the required

accuracy.

Data format: Data can be in a variety of formats. Categorical and numerical data
formats are the most common. Weather it is structured (tabular data),
unstructured (text, images), or a combination, the size, quality, and complexity of

the data also play a role.

Characteristics of data: prior to model selection, understanding the nature of
data is crucial. Models have their own ways of handling datasets with different

characteristics to achieve the expected accuracy.

Training time and Prediction Time: The time it takes an algorithm to learn and
create a model is called training time. And also the time which takes the model to
make its predictions is called Prediction Time. It is therefore critical to consider

the time required to train and to predict. Complex models can take longer to train.

Memory requirements: Simple tasks like linear regression or k-nearest
neighbors, even a basic laptop might suffice. But for complex tasks which are
more demanding tasks like deep learning or large-scale data processing require

powerful hardware with strong CPUs, GPUs, and ample RAM.
2.10.5 Machine Learning Model Optimization Approaches

Model optimization is the process of improving a model's performance by

adjusting various aspects of the model or its training process(Castillo, 2021).
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Model optimization is also an iterative process that involves experimenting with
different configurations and settings to find the combination those result in the
best model performance for a particular task(Gavrilova, 2020). Some common

aspects of model optimization in ML are:

Model based

Model based optimizations are optimization methods that are applied to the
models training system. These include the training techniques and training
functions. Training functions are different according to the models type. Hyper-
parameter, regularization and cross-validation are the most widely used training
techniques(Castillo, 2021).

Data based

Data based optimizations are optimization methods, which are applied to the
dataset directly to make it in the format that the model can use(Curtis &
Scheinberg, 2017). Data based optimizations are not all about making the correct
format with the dataset, but also it helps if there is a need of transforming the
data points to a different value keeping the original content which is called
Feature Engineering. Scaling and Normalization are also data based optimization
techniques by which the data points are scaled to a specific magnitude to make

the training process easy for the model(Bhandari, 2023).
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3. Materials and Methods

3.1 Data Type and Sources

The general premise for developing a predictive model is to collect a
representative data-set to ensure the accuracy and generalization ability of the
model (Sharma et al., 2022; Silva et al., 2020). To predict the compressive
strength ( '¢), of concrete, therefore, sufficient data is collected from litterateurs
and previous research work including from the Structural Engineering Laboratory
of Bahir Dar Institute of Technology. For this study, the data is derived from
earlier research that used various proportions of ash which are derived from

wastes and agricultural residuals as a partial replacement for cement.

The dataset includes the independent variables, such as cement type, ash
sources, percent of ash replacing cement, fine aggregate, course aggregate,
water-binder ratio, specimen type and geometry, workability, consistency, initial
and final setting time, density, porosity, water absorption, sulfate resistance,
ultrasonic pulse velocity, curing age, and total number of specimens. The
dependent variable is expressed in terms of the independent variable, which is
the compressive strength of concrete for a given curing time. But all of the
mentioned independent variables were not used. Even though, the dataset
provided such amount of information, only the sevens independent variables
were found in all experimental work as a common. These dataset provided
information about the range and distribution characteristics of the independent

and dependent variables.

In this study, mechanical properties of concrete that have only been tested in
accordance with international standards have been considered (Feng et al.,
2020). Then, the dataset is considered representative of concrete behavior, and

used in ML modeling.
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3.2 Dataset Pre-processing and Data visualization

Data preprocessing is a data mining technique that involves converting raw data
into a usable format (Kotsiantis et al., 2006). It is a proven method for dealing
with real-world data issues like data selection and cleaning of omission,
inconsistency, lack of trends, and errors. Data visualization, also known as visual
communication, is the process of creating and studying visual representations of
data (Kotsiantis et al., 2006; Rogel-Salazar, 2023). Data visualization employs
statistical graphics, plots and information graphics to communicate information
clearly and efficiently (Rogel-Salazar, 2023). Both preprocessing and
visualization aim to improve understanding of the data-set under consideration
(Kotsiantis et al., 2006).

In this study, the dataset compiled from the literature is checked for missing
values and outliers. The feature scale method has been used to preprocess the
dataset, and put all variables on a uniform scale (Zhang & Zhou, 2004). The
scale is important for training ML models so that outliers in the date set have the
least impact on the variable target (Breiman, 2001). Moreover, to avoid intense
numerical calculations, the data-set is scaled to have a mean of 0 and a standard

deviation of 1 using Z-score data normalization:

= (3.1)

Hence, x represents the data-point, represents the mean of the data-set, and

represents the standard deviation of the data-set.

In this study, among data visualization tool a correlation matrix was used as data
visualization. It consists of rows and columns that show the variables, whereas
each cell in the table contains the correlation coefficient between all possible
pairs of variables in the dataset. It allows understanding which pairs have the
highest correlation. Variables with a high correlation can have an effect on the

performance of a specific algorithm (Steiger, 1980).
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3.3 Description of Machine Learning Models

In this study, machine learning (ML) algorithms are used to predict the
compressive strength of concrete made from partially replaced cement with ash
from different sources. Based on their wider applications, five ML algorithms
were chosen and used for predicting compressive strength of concrete (e.g.,
Behnood et al., 2017; Feng et al., 2020; Sharma et al., 2022; Silva et al., 2020;
Song et al., 2021). Furthermore, the five selected ML algorithms are chosen from
each ML model categories (Zheng, 2015). These includes Artificial neural

network (ANN), Support vector machine (SVR), Random forest (RF), Extreme

gradient boosting model (XGBoost) and Decision tree (DT).
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Figure 3.1: Schematic of the proposed methodology
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ML models surpassed the statistical approaches in predicting compressive
strength of concrete due to the capability of analyzing complex and high-
dimensional data in a relatively short period of time (DeRousseau et al., 2019).
ML techniques are effective in modeling concrete characteristics even when data
is scarce (Dash et al., 2021; DeRousseau et al.,, 2019). The objective of the
model is to predict the compressive strength of concrete as output parameter

with the best possible prediction accuracy.

A schematic of the proposed methodology for this study is shown in Figure 3.1.
In the modeling process, the 70% of the data-set is used for training the models,

and the remaining 30% is used for model testing. Each model is described below.
3.3.1 Artificial Neural Network

Artificial neural network (ANN) is a model inspired by the basic framework of the
human brain (Chaabene et al., 2020; Song et al., 2021). ANN is a computing
system composed of multiple simple units and highly interconnected processing
elements (DeRousseau et al., 2019). These elements analyze information
through the dynamic state response to external inputs. ANN is also very robust
when operating following the training process, and is flexible to new information

and learning (Silva et al., 2020).

Input Layer i Hidden Layer n°1 ------ Hidden Layer n°n | Output Layer

Figure 3.2. Structure of ANN with m input variables and n hidden layers (x: Input, f: node, y:
Output)
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In ANN model, information propagation is performed through links that receive
the information from a processing element (input layer of neuron) to deliver it to
the following neurons (Figure 3.2). These neurons predict the process results,
and the junction of the layers is based on link weights that reflects the
significance of input variables to outputs (DeRousseau et al., 2018). Most of the
computation is takes place in the hidden layers. Every neuron is connected one
another thought a structure called channels. The structure then enables the nets

to extract a non-linear correlation from the available data-set (Feng et al., 2020).

Back propagation approach is a widely used local search technique that employs
learning algorithms to update the weights and biases of the ANN. Such an
approach minimizes the cost function that generally expresses the error between
actual and predicted strength (Chaabene et al., 2020). The ANN has an
advantage, including it can (i) model the relatively complex process and take into
account outliers, which broadens its scope, and (ii) learn from examples and can
establish a relationship between dependent and independent variables (Topgu &
Saridemir, 2007)

3.3.2 Decision Tree

The decision tree (DT) algorithm is flexible in modeling higher order non linearity
and easier to understand(Chopra et al., 2018; Kingsford & Salzberg, 2008a). The
DT model divides data into more manageable subsets in the form of trees
(Kingsford & Salzberg, 2008a). In DT, there are three different types of nodes
(Figure 3.3): root node, decision node, and leaf node. The root node is the
highest ranking node. At decision node, a conditional test is run, and subsequent
sub-trees are chosen based on the results of the test. The target node or output
is the leaf node. The detail about DT algorithm can be found in Kingsford &
Salzberg (2008).The information gain of each branch of the data-set is calculated,
and an attribute with the highest information gain is selected as the decision

node, and a branch with a gain of O will be a leaf node (Kingsford & Salzberg,

31



2008a). The DT algorithm iteratively classifies all of the data until it reaches the

non-leaf branches (Han et al., 2012).
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Figure 3.3. Structure of the decision tree algorithm

3.3.3 Random Forest

Random forest (RF) is an improved classification regression method (Breiman,
2001). RF is a ML classifier that contains several decision trees (Figure 3.4) and
targets the class that is the mode of the classes’ target by individual trees
(Behnood et al., 2017; Breiman, 2001). Number of trees to be grown (n) in the
forest and the quantity of variables chosen (m) at every node to develop a tree
are the two standard user-defined parameters required for RF regression
(Breiman, 2001).

The main features of RF include the speed and flexibility in creating the
relationship between input and output functions (Breiman, 2001; Farooq et al.,
2021). In addition, RF handles the large datasets more efficiently as compared to
other ML techniques (Farooq et al., 2021). The main steps in RF method consists
of collection of trained regression trees using training set, calculating average of

the individual regression tree output (Breiman, 2001; Farooq et al., 2021).
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Figure 3.4. lllustration of random forest prediction

In RF, bagging and random feature selection methodologies are applied. In
bagging, a new training set, consisting of bootstrap samples, are calculated by
replacing the original training set, and each tree will be individually formed based
on this sample. During implementation of this step, some of the sample points
(known as out-of-bag samples) are deleted and replaced with existing sample
points. The process will be repeated several times till the required accuracy is
achieved. The two most important RF hyper-parameters are tree depth and tree
count. The maximum allowable limit for a tree's depth should be 30 optimized
because it directly affects each tree's capacity for generalization (Chopra et al.,
2018). This in-built process of deleting the points for out-of-bag samples and
utilizing them for validation purpose is the unique capability of RF algorithm. The
total error is calculated for each expression tree at the end, and shows the

efficiency of each expression tree (Farooq et al., 2021).
3.3.4 Support Vector Regression

Support vector regression (SVR) was developed in the early 1990s (Cortes et al.,
1995). SVR is used for prediction purposes and is an effective pattern recognition
tool (Cortes et al., 1995; Dash et al., 2021). SVR is suitable for cases with small
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sample size, and can overcome the limitations of ANN with regard to bad
generalization capabilities (Mishra et al., 2019). SVR is a powerful method for
solving regression problems by using the alternative loss function (Muduli &
Mukharjee, 2019). SVR shows successful performance when applied to

nonlinear data for regression task (Scholkopf & Smola, 2002).

Y » Minimize:
> _:\r'
HURIDY I

y=ux+b L =1
0

£ = Constraints:
Vv, —wx,~b< e+

wx, +b—y, < E—I—;f

g -
Ginoy 20

X

Figure 3.5. SVR with fitting hyperplane

SVR regression modifies the low-dimensional original input data (x) into high-
dimensional output data through nonlinear transformation (Cortes et al., 1995;
Mishra et al., 2019). The transformation allows the identification of nonlinear
separating features that cannot be recognized in a low-dimensional space. The
SVR method involves structural risk minimization rather than the minimization of
the mean square error over the data set. This focuses on finding a model with a
large margin between the data points and the regression function. A large margin
indicates that the model captures the underlying structure of the data without
being swayed by individual noise points or outliers. This prioritizes generalization
to unseen data, even if the model doesn't perfectly fit every training point(Mishra
et al., 2019).

The mathematical formulation of SVR hyperplane is:
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(= O+ (3.2)

Where f(x) and ¢ (x) denote the forecasting values and nonlinear mapping
function in high-dimensional space, w denotes the matrix representing the
orientation of hyperplane separating the datasets, T and b represents the bias
coefficient to be adjusted. The mathematical details of SVR are found in different
publications (Cortes et al., 1995; Mishra et al., 2019).

3.3.5 Extreme Gradient Boosting (Xgboost)

Extreme Gradient Boosting (XGBoost) is a powerful and efficient ML algorithm
that has gained popularity for its performance in various data science
competitions and applications (Wang et al., 2022). It falls under the category of

ensemble learning methods, specifically gradient boosting.
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Figure 3.6: Architecture of Extreme gradient boosting model

XGBoost is an implementation of gradient boosting technique where weak
learners (like decision trees) are sequentially added to the model, each
correcting the errors of the previous ones (Liu, 2022). XGBoost is also designed
for efficiency and speed. It supports parallel and distributed computing, making it

faster compared to traditional gradient boosting implementation (Nadeem, 2021).
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Tree pruning, handling missed data and its flexibility make XGBoost the most

suitable model algorithm for prediction (Liu, 2022; Nadeem, 2021).
3.4 Description of Multiple Linear Regression Model

Multi-linear Regression is a subset of Simple Linear Regression that models the
relationship between a dependent variable (response) and two or more
independent variables (predictors). In multi-linear regression modeling, the
relationship between the independent variables and the dependent variable is
assumed to be linear. The residuals (the differences between the observed and
predicted values) should be independent of each other. The residuals should
have constant variance across all levels of the independent variables and should

be nearly normally distributed (Sweet & Grace-Martin, K., 2012).
3.5 Model Development

After checking data consistency and omissions, models for predicting
compressive strength of concrete were developed in R Studio (R Core Team,
2022). The dataset consists of seven input variables (i.e., ash sources, ash,
cement, water, coarse aggregate, fine aggregate and curing time) and one output
variable (i.e., concrete compressive strength). All the variables has been
analyzed to understand their relative frequency, distribution and statistical
descriptions (Kuhn & Johnson, 2013). The predicting of the compressive strength
is made by ML algorithms, such as ANN, SVM, RF, DT and XGBoost (Figure 3.1).
Furthermore, multiple-linear regression (MLR) model was also established as a

reference for comparison.

The compressive strength ( '¢) of concrete is mathematically represented as a

function of input variables:

c= ( ) (3.3)
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Where ' is in MPa, while ash, cement (C), water (w), fine aggregate (FA),

coarse aggregate (CA) in kg/m? and curing time (CT) is in days.

Prior to training the models, the collected dataset is randomly divided into two
sets, in which 70% for model training and 30% for model testing (Kuhn &
Johnson, 2013; Zheng, 2015). Following the preparation of the dataset, all
models are fitted using the training data and their performance is compared in
order to select the algorithm with the best performance (DeRousseau et al.,
2019). Due to its simplicity of use, R Project for Statistical Computing, the
specific package and function (Table 3.1) were used to run the models (R Core
Team, 2022).

Table 3.1: Machine learning models and corresponding R packages for this study

Model R package R function Source
ANN neuralnet neuralnet (Fritsch et al., 2022; Glnther & Fritsch, 2010)
DT party ctree (Hothorn et al., 2023)
rpart rpart (Therneau et al., 2022)
RF randomForest | randomForest | (Breiman, 2001; Liaw & Wiener, 2002)
SVM kernlab ksvm (Karatzoglou et al., 2004, 2023)
XGBoost Xgboost Xgboost (Nadeem, 2021)
Table 3.2: Machine learning model optimization techniques used in this study
Model Model-based optimization Data-based optimization
Training techniques Training Functions
ANN Resilient back propagation Sigmoid function Data pre-processing
method and Manual (Scaling: Z-score
Hyper-parameter tuning normalization)
SVR Hyper-parameter tuning and Radial basis and
Cross-validation Polynomial function
RF Not available
DT Not available
XGBoost Not available

3.6 Model Performance Evaluation

When training the data-driven models, it is necessary to have a method to
quantify the performance so that hyper-parameter tuning can be iterated to select
the best possible model (DeRousseau et al., 2019; Kuhn & Johnson, 2013). The
common statistical performance metrics to evaluate models include coefficient of
determination (R?), root mean squared error (RMSE) and mean absolute error

(MAE). These metrics coupled with model diagnostic plots of predicted versus

37




observed output values provide a comprehensive picture of models performance
(DeRousseau et al., 2019).

Coefficient of determination (R?) is a measure of the proportion of the variance in
the data that is explained by the model (Agrawal & Sharma, 2010). It provides a
measure of how well observed outcomes are replicated by the model (Zheng,
2015). The value of R? ranges from 0 to 1, with higher values indicating a better
ability of the model to explain the variance in the data. However, R? is a measure
of correlation, not accuracy, and should be used with other performance
measures as it is dependent on the variance of the output variable (Kuhn &

Johnson, 2013). R? is calculated as:

21 (3.4)

Where O is the observed value from the dataset, P is the predicted value from

the model, and O is the average observed value from the dataset.

Root mean square error (RMSE) indicates how concentrated the data is around
the model fit. The RMSE is measured on the same scale as the output variable,
and is always positive due to the squared residuals in its calculation. Using the
RMSE accentuates the effect of outliers in the error metric. This means that if
median error of the model (usually captured by the mean absolute error) is low,
the RMSE of the model can still be large due to the inability to model some

outliers in the data. RMSE is calculated as:

= /(_—)2 (3.5)

Mean absolute error (MAE) is a measure of prediction accuracy of a model that
uses the absolute value of the errors rather than a squared value. MAE is

calculated as:
= — (3.6)
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In MAE, the use of the absolute value reduces the influence of very large errors
on the measure of performance. Thus, MAE is a measure of the median error of

the model and is complimentary to the use of R and RMSE.
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4. Result and Discussion

4.1 Results

4.1.1 Description of Observed Data

This study assessed different sources of ash, including agricultural residues,
industrial byproducts and natural minerals, which can provide a diverse and
versatile pool of materials with potential applications in concrete production. For
this study, a total of 1148 samples of data were collected from 16 previous
research works, which used different sources and amount of ash (Table 4.1). The
collected dataset represent a unique study in the realm of experimental
investigations of the relationship between compressive strength of a concrete
and the amount of ash that can partially replace cement. All the data sources
represent the same concrete grade (i.e., C25) that has been made from the

same cement type (i.e., OPC) and specimen size of 150*150*150mm.

Table 4.1: Sources of ash and their description for this study

Number of

Ash source Description dataset Reference
Bagasse Discarded fibrous residual matter of sugarcane juice 60 (Bersisa, 2019)
Coal Ash derived from burning of coal during textile 240 (Kifle, 2019)
processing in AYKA Addis PLC.
Pumice Highly vesicular rough textured volcanic glass 108 (Beyene, 2017)
Coffee husk Solid residues from handling and processing of 129 (Gedefaw et al.,
coffee husk 2022)
Waste paper Waste paper incineration 36 (Mitikie &
Waldtsadik, 2022)
Rice husk An ash from burning of rice husk 54 (Tilahun, 2020)
Water hyacinth A residual after burning the water hyacinth under 60 (Takaye, 2021)
controlled temperature
Cattle bone An inorganic material derived from animal bones, 60 (Getahun, 2021)
dried and heated in a furnace at a very high
temperature
Basaltic Fines that are produced as a result of the crushing 80 (Ebrahim, 2018)
crusher operation of Basalt rock
Pond/Coal Residual matter from coal using power plant 63 (Yimam, 2020)
Marble dust Solid and slurry waste during cutting, grinding and 81 (Dadi, 2016)
polishing of broken marbles
Marble-Scoria A scoria powder by milling scoria rock mixed with a 117  (Yigerem, 2022)
powder marble dust
Marble- A ceramic powder by milling Ceramic mixed with a 60 (Nuru, 2022)
Ceramic marble dust
powder
Total number of dataset 1148
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The statistical characteristics of the dataset are crucial to make important
decision regardless of the central tendency, dispersion and data distribution,
which helps in the process of ML modeling. The key characteristics of input and
output observed variables, related to a concrete mix, are summarized with
descriptive statistics, such as mean, standard deviation and other statistical
measures (Table 4.2). The amount of ash that can partially replace cement in a
concrete mix varied from 0 to 30% (0 to 244 Kg/m?3), with a mean of 11.2% (43.2
kg/m?3).

Table 4.2: Statistical summary of input and output variables

Variable Mean Minimum Maximum Sta’.‘d‘f’"d Kurtosis Skewness
deviation

Ash amount (%) 11.2 0.0 30.0 7.96 -0.806 0.173
Ash amount (kg/m?) 43.2 0.0 243.9 39.90 6.998 2.054
Cement (kg/m?) 342.2 237.5 475.0 55.67 -0.097 0.469
FA (kg/m?) 758.6 569.1 881.9 65.39 -0.242 -0.096
CA (kg/m?) 1061.8 981.7 1266.0 59.39 0.392 0.676
Water (kg/m?) 200.1 170.0 241.8 17.11 0.562 1.115
CT (Day) 25.7 1.0 91.0 25.09 0.628 1.207

'C (MPa) 27.9 6.8 54.2 9.90 -0.694 0.164

4.1.2 Relationship of Input and Output Variables

To investigate the relationship between the studied variables, a correlation matrix,
was used. The correlation matrix revealed that compressive strength of the
concrete ( ) has a significant positive correlation with curing time (CT) and
Cement (C) at a significant level of p <0.05 (Figure 4.1). The strong positive
relationship between "¢ and Age (correlation value of 0.68) demonstrates that
when a concrete gets sufficient time to cure with adequate water, its desired ¢
will be achieved (Akinwumi & Gbadamosi, 2014). Furthermore, the significant
positive relationship between "¢ and cement (r = 0.31) also showed the well-

known role cement as a key binding component in concrete.

The amount of ash was negatively correlated with ¢, course aggregate (CA),
fine aggregate (FA) and cement. However, CA amount in concrete mix was
negatively correlated with amounts of cement and water (Figure 4.1). The

negative correlation between water (-0.34) and . is also expected as water
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increases in a concrete mix, its corresponding ¢ will decrease since the desired
degree of compaction will not be met with high water content in the concrete mix
(Ayanlere et al., 2023).

fc- 0.21 017 0.31 >€< >< -0.14 0.68

Age- 0.1 )xé >< 0.18 0.12 >@<
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Figure 4.1 Correlation among concrete characteristics (X = not significant at p< 0.05)

4.1.3 Effects of Ash Sources and Amount on Compressive Strength

Analysis of variance (ANOVA) helps to determine if whether or not there is a
statistically significant difference in average ¢ due to differences in ash sources
or ash amounts. The one-way ANOVA provided a p-value much smaller than
0.05 for both parameters, proving that there are statistically significance
differences in average ¢ as the ash amount or ash source is varied (Table 4.3).

Therefore, at least one ash source or ash amount is different than the others in

terms of ..
Table 4.3: Analysis of variance for ash source and ash amount
Degree of freedom Sum squared Mean square F value P-value
Ash source 12 14557 1213.1 145 <2.0x10Q-16***
Residuals 931 77831 83.6
Ash amount (%) 6 6959 1059.9 12.72  <5.1x1Q18***
Residuals 937 85428 91.2

*kk

significantly varied at a p-value of 0.01
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The boxplot was also applied to illustrate graphically the ANOVA outputs. The
boxplots (Figures 4.2 and 4.3) showed that the ¢ of a concrete differs depending
on both the ash sources and amount. This study shows that the calcined red clay
- rice husk (CRC-RH) ash has a favorable impact on the . followed by water
hyacinth ash, Marble dust, Marble-Scoria powder and Ground pumice (Figure
4.2).
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Figure 4.2. Effect of ash sources on compressive strength in descending order
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Figure 4.3. Effect of ash amount on the compressive strength in descending order
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As revealed in Figure 4.3, a 5% of ash has yielded a higher compressive strength,
which is an interesting fact that supports and strengthens the idea of replacing
cement with ash. Replacing cement by 10% of ash is also yielded a strength
which is better than the conventional concrete (with no ash). Based on the figure
(Figure 4.3),a value which is more than 10% but less than 15% amount of ash
can be taken as an optimum value in order to decrease the cement consumption
without affecting the concrete strength as it seems there is extra room for ash
increment until the conventional concrete (0% ash) is reached. However, Figure
4.3 also portraits that the compressive strength will decrease when the amount of
ash that replaces cement increases constantly (i.e. if it exceeds a value between
10% and 15%).

In Figure 4.4, the histogram roughly forms a bell-shaped curve, indicating that the
residuals follow a normal distribution (Figure 4.4a). Furthermore, points in the
QQ-plots (Figure 4.4b) roughly follow the straight line and most of them are
within the confidence bands, also indicating that residuals follow approximately a
normal distribution. From the histogram and QQ-plot, therefore, the normality for

ANOVA and model fitting assumption seems to be met.
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Figure 4.4. Histogram (a) and QQ plot (b) for checking the normality assumption of ANOVA

As the ANOVA produces a p-value that is less than significance level (i.e., p-

value = 0.05), Fisher's Least Significant Difference (LSD) test was used to
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assess the differences between pairs of group means (Faraway, 2014). Similar to
the ANOVA and boxplots outputs, the Fisher's LSD test also proved that there is
a significant effect on the ¢ across the ash type by which the calcined red clay
rice husk (CRC-RH) is favorable ash sources to replace cement followed by
water hyacinth and the marble dust (Table 4.4). Based on these analyses, these

ashes have proven to be the most effective replacing material for cement.

Table 4.4: Effects of ash sources on compressive strength using Fisher’'s LSD test

Ash source Average ¢ (MPa) Group
CRC-RH 35.36 a
Water Hyacinth 32.09 ab
Marble dust 31.22 abc
Ground pumice 30.84 abc
Marble-Scoria powder 29.72 bc
Fly ash 29.02 bc
Coffee Husk 27.16 bc
Pond Ash 26.71 bc
Waste Paper 26.53 bcd
Marble-Ceramic powder 25.21 cde
Cattle bone 23.04 cde
Basaltic dust 20.97 de
Bagasse 17.48 e

Note: values that have the same letter are not significantly varied at p < 0.05

Table 4.5: Effects of ash amount on compressive strength using Fisher's LSD test

Ash (%) Average ¢ (MPa) Group
5 30.18 a
0 30.13 a
10 29.67 a
15 27.58 b
25 24.73 bc
30 23.99 bc
20 22.95 c

Note: values that have the same letter are not significantly varied at p < 0.05
Similarly, replacing cement with 5% of ash provides a maximum ¢ (Table 4.5).

However, partially replacing cement with 0-10% of ash does not statistically
affect the ¢ of concrete (Figure 4.3). Since there is no statistically difference in

terms of ¢ among the three ash amount (i.e., 0, 5 and 10% of ash), the optimum
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amount of ash that can partially replace cement without affecting ¢ should be

less than 15%.

4.1.4 Model Fitting

To solve complex engineering problems, researchers apply a variety of machine
learning techniques (Hegde & Rokseth, 2020)(Mohammed et al.,, 2016)(J.
Schmidt et al., 2019). This study examined five machine learning models (i.e.,
ANN, RF, SVM, XGBoost and DT), which can be used as a predictive tool for
compressive strength ( ') prediction. The multiple-linear regression (MLR) model
was also established as a reference for comparison. The predictive performance
of the models was evaluated using RMSE, MAE and R? (Table 4.6). The smaller
values of RMSE and MAE, as well as large R? value indicate better model

performance (DeRousseau et al., 2019; Kuhn & Johnson, 2013).

In this study, all machine learning models produce excellent performance, with
an R? of 0.90-0.97, RMSE of 0.163-0.316 and MAE of 0.087-0.238 during
training (Table 4.6) except DT model which produce >0.86 but <0.9. Despite the
model evaluation indices for the testing dataset were relatively decreased when
compared to training dataset, the model performance remain excellent during
testing. Furthermore, the performance of machine learning models outclassed
the multiple linear regression model (Table 4.6). The scatter plots (Figures 4.5
and 4.6) for each model also shows that how good each model fits the given
dataset and how they predicted the target variable with high accuracy. Each
model has best line of fit that the predicted and the actual value clustered around

a line. The details of each model outputs are described below.

Table 4.6: Model performance evaluation indices

Training Testing
Model
RMSE | MAE R? | RMSE | MAE R?

MLR 0.608 | 0.473 | 0.632 | 0.603 | 0.482 | 0.631
ANN 0.175 | 0.103 | 0.970 | 0.257 | 0.189 | 0.934
SVR 0.200 | 0.113 | 0.960 | 0.180 | 0.125 | 0.968
RF 0.178 | 0.111 | 0.969 | 0.173 | 0.139 | 0.962
DT 0.316 | 0.238 | 0.900 | 0.361 | 0.274 | 0.871
XGBoost | 0.163 | 0.087 | 0.974 | 0.172 ] 0.119 ] 0.970
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Figure 4.5: Predicted versus observed values for training dataset
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Multiple linear regression (MLR): the performance of MLR model exhibits
relatively poor in all evaluated metrics. RMSE of 0.603—0.608 and MAE of 0.473—
0.482 were relatively high, while the R? value of 0.631-0.632 was low in both

training and testing dataset, indicating limited explanatory power (Table 4.6).

Therefore, its predictive capability falls short compared to the five machine
learning models. The scatter plots for the training and the testing dataset also
showed that the points are dispersed around the best fit line rather than being
clustered around it (Figures 4.5 and 4.6). The fitted MLR model is:

'C = 0.09AS — 0.10Ash + 0.31C — 0.05FA + 0.06CA — 0.21W + 0.69CT

Where ¢ is in MPa, while Ash, Cement (C), Water (w), fine aggregate (FA),
coarse aggregate (CA) in kg/m? and curing age (CT) is in days. AS is the ash

source.

Artificial neural network (ANN): the ANN model produced a very good

performance. The proposed architecture for this specific task is described in
Figure 4.7.
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Figure 4.7. Established ANN architecture
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The R? values for the testing and training data set, demonstrates the ANN
model's high accuracy in predicting compressive strength (Table 4.6). The
closeness of these R? values to 1 emphasizes the model's ability to identify
underlying patterns in the data. In addition, the RMSE and MAE values (Table
4.6) are smaller, which demonstrate the goodness of ANN model by exhibiting a
minimal average variation between predicted and measured compressive
strength values. The scatter plot (Figures 4.5 and 4.6) also demonstrates the fact
that ANN model effectively predicts compressive strength as the data points are

clustered around the best-fit line.

Support Vector Regression (SVR): In this study, the kernel function of SVR,

which combines hyper-parameter tuning and cross-validation technique,

produced R? values of 0.960 during training and 0.968 during testing (Table 4.6).
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Figure 4.8: Results for hyper parameter tuning of SVR

From the above diagram (Figure 4.8), for every-fold across each parameter, the
RMSE decreases until the sigma value reaches at the lowest peak, and become
nearly constant. The model has the lowest RMSE value around 0.35 (lowest
peak) of a sigma value and at 100 cost parameter. The result in table 4.6 was

recorded due to the combined effect of cross-validation and hyper-parameter
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tuning which proves that the SVR model’s excellent performance. The predicted
and observed data points are also scattered and clustered around the best-fit line
(Figures 4.5 and 4.6).

Random Forest (RF): The RF regressor trained randomly initialized trees with

randomly sampled subsets of data from the training dataset, making the RF
model more robust. Figure 4.9 showed the architecture of RF model with 150

trees.

DATASET

Tree 1 Tree 150

Average All Predictions

v

Random Forest
Prediction

Figure 4.9. The architecture of the random forest model

By assembling multiple trees, the RMSE and MAE were reduced to below 0.18
and 0.14, respectively (Table 4.6). In this study, hyper-parameter tuning and
cross-validation technique have also been performed to get the best RF model
performance. The RF model has one of the lowest RMSE and MAE, and the
highest R? values. The model has the ability to learn inconsistent variable
importance, and reduce instability of individual trees and the possibility of over-
fitting (Breiman, 2001). The scatter plots also demonstrated this scenario (Figure
4.5 and 4.6).

Decision Tree (DT): The analysis result of the DT model has shown the lowest

performance (with R? of 0.90 during training and 0.871 during testing) among the

machine learning algorithms (Table 4.6). However, DT predicts the concrete
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compressive strength more accurately than the MLR model. The observed and
predicted data points in the scatter plot (Figures 4.5 and 4.6) are dispersed

around the best-fit line, which shows relatively better model performance.
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Figure 4.10. The architecture of decision tree model

Extreme Gradient Boosting (XGBoost): In terms of forecasting the " of a
concrete mix, XGBoost model performs excellent (Figure 4.11). The R? of value
of greater than 0.97 indicates that the predicted ¢ values are perfectly aligned

with the actual values in both training and testing dataset (Table 4.6).
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Figure 4.11: The architecture of decision XGBoost model
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Furthermore, the model has the lowest MAE and RMSE values, demonstrating
the model's exceptional learning and predicting abilities. When tested on new
dataset, the model maintains stable performance with an astonishingly R? value

of near to 1.

The scatter plots (Figures 4.5 and 4.6) depict the close relationship between the
predicted and observed values for both the training and testing datasets,
indicating a high level of prediction accuracy. There is a clear linear relationship

between the observed and predicted values.
4.1.5 Variable Importance
One of the important concepts in machine learning model is variable importance.

Each parameter does not have the same effect on all models which is illustrated

by an importance plot in the ML modeling.
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To understand which parameter is crucial for which model, ML models plots each
variables by ranking them based on their importance. Variable importance plot
ranks each input variable depending upon the importance they have in making
the models be able to learn the patterns to make an accurate predictions (Inglis
et al., 2022). The plots show that curing time is the most crucial parameter to
train every model. If the curing time is not included, it is not possible to train any
of the models. The variable importance plot should be used with the correlation
matrix, since correlation between input parameters affects their importance in
some models like DT model. Since cement correlate with fine aggregate (FA)
and course aggregate (CA) as show in the Figure 4.1, the DT model gives the
highest importance to the aggregates over cement. This is because DT model
could not capture the interaction effects between variables. Therefore, the
importance of cement was influenced by its interaction with FA and CA that the
tree is not effectively considering (M. Singh et al.,, 2013). However, the other
models were effective at capturing interaction effects between variables where by

each variable ranked well.

4.1.6 Sensitivity Analysis

The concept of importance variable plot leads to another analysis, which is called
sensitivity analysis. Sensitivity analysis helps to investigate that which model is
more sensitive to which input variable, and identify the most crucial parameter to
train a model (Gan et al., 2014). During sensitivity analysis, each model is trained
by removing one variable at a time and sees the effect of the input variable on
the model (Table 4.7).

Table 4.7: Sensitivity Analysis results for each models

Model Input combination Evaluation Metrics
type Ash | Ash o lealcalw]|cr| MAE |RMSE| R
source | amount

ANN N N N V] V|| v ]o0189] 025709337
X N N V] V| V| v ]0226] 029809108
\ X VIV V| V]V ]0214 | 0.275]0.9243
\ \ x| V[ V]~V N [0227] 0.296 [ 0.9119
\ \ V| x| v | V]~ ]0217 | 0.289 ] 0.9160
\ \ VI V| x | V] v ]0.232] 0.311] 0.9028
\ \ VI V| v | x|« ]0.236 | 0.340 ] 0.8837

(&)
w



\ \ VI V| V| V]| x |0749 | 0.866 | 0.2473
SVR N \ N[ V[ V] Y] N |0125] 0.180 | 0.9675
X \ N[ V[ V] Y] N [0128] 0.183 | 0.9663
N X N[ V[ V] V] N [0123] 0.178 | 0.9683
N \ x| V[ v ]~v] v [0123] 0.180 | 0.9675
\ \ N x| v || v ]0128] 0.182 [ 0.9668
\ \ N V| x| V| v ]0123] 0.183 [ 0.9667
\ \ N V| V| x| v ]0124] 0.180 [ 0.9677
\ \ N V] V|| x |o0709] 0.862[0.2597
RF N N N V] V|| v ]0138] 0.193 [ 0.9630
X \ N V] V|V v ]0142] 0.195 [ 0.9625
\ X VI V| V| V]~ ]0151 | 0.206 ] 0.9575
\ \ x| V[ v ]|~v] N [0136] 0.186 | 0.9655
N \ VI x| v | V] V0136 0.190 | 0.9640
N \ VIV x | V] v ]0141 | 0.194 ] 0.9625
N \ VI V| V| x| v ]0143 ]| 0.194 ] 0.9625
N \ VI V] v |V x |0745] 0.844 | 0.2837
DT v N N V| V| V] v ]0262] 0.349 [ 0.8791
X \ N V] V| V| v ]0267] 0347 0.8815
\ X N V] V|| v ]0266] 0.350][0.8779
\ \ x| V] N | ~| v ]0249] 0.314 [ 0.9008
\ \ N x | V| V| v ]0262] 0.349 [ 0.8791
\ \ N V| x| V| v ]0263] 0.350 [ 0.8786
v \ N[ V[ V| x| v [0256] 0.339 [ 0.8850
v \ NI V[ V] V] x [0739] 0.852 | 0.2752
XGBoost \ \ VI V| V] V]« ]0.087]| 0.163]0.9736
X \ VI V| V| V]V ]0130| 0.184 | 0.9655
N X VIV V] V] V0135 0.189 | 09638
N \ x| V[V ]~V] v |0122] 0.175 | 0.9689
\ \ N x| V||~ ]o0117] 0.170 [ 0.9706
\ \ N V| x| V] v ]0o120] 0.173 [ 0.9696
\ \ N V| V| x| v ]o119] 0.172 [ 0.9700
\ \ N V] V|| x |0758] 0.861][0.2477

Note: cis the output variable, and X: removed input variable
In this study, sensitivity analysis is performed not only for a single variable, but
the effect of multiple input variables has also been investigated by removing

multiple input variable at a time (Table 4.8).

Table 4.8: Sensitivity Analysis with multiple variables removed

) Training Testing
Model Variables Removed MAE RMSE R2 MAE RMSE R2
XGBoost Ash FA CA W 0.121 | 0.190 | 0.964 | 0.145 | 0.198 | 0.960
RF sh source, FA, CA, Water 7532670203 [ 0.959 | 0.159 | 0.211 | 0.956
DT Cement 0.221 | 0.298 | 0.911 | 0.249 | 0.314 | 0.901
SVM Ash source, FA, CA 0.123 | 0.206 | 0.958 | 0.148 | 0.221 | 0.952
ANN FA, CA 0.104 | 0.176 | 0.969 | 0.197 | 0.262 | 0.931
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As revealed in Table 4.8, the result of the sensitivity analysis showed that all the
input parameters are not necessary to train a model. As they are ranked based
on their importance in the plot, low ranked variable was excluded in the
sensitivity analysis. For example, most of the tree model can be trained with
three or four input variable as long as the dataset contains the curing time. The
importance variable plot (Figure 4.12) also shows that curing time is the most
important variable for maintaining model accuracy. In summary, based on the
sensitivity analysis, XGBoost method is still the best model that it can be trained
with little number of input variables (i.e., three number of input variable) with high
predictive performance followed by RF. These two models are data efficient and

can be trained with a smaller number of input variables.
4.2 Discussion
4.2.1 Effect of Ash on Compressive Strength of Concrete

The effect of ash on the compressive strength has been analyzed using one-way
ANOVA and Fisher’s Least Significant Difference test (LSD test). The ANOVA
showed that both ash source and ash amount significantly affect the compressive
strength (Table 4.3). The ANOVA provided a p-value much smaller than 0.05 (i.e.,
<2x10'%) for both parameters, which proves that there are statistically
significance differences in average compressive strength as the ash amount or
ash source are varied (Table 4.3). The boxplots also graphically confirm the
ANOVA outputs, in which the ¢ of a concrete differs depending on both the ash

source and amount (Figures 4.2 and 4.3).

The Fisher’s LSD test also showed that the type of ash plays a crucial role in the
concrete compressive strength. Particularly, calcined red clay-rice husk (CRC-
RH) ash is the most effective ash source to replace cement followed by water
hyacinth and marble dust (Table 4.4). The likely reason for the effectiveness of
these selected ashes is that CRC-RH, water hyacinth and marble dust contain a

relatively higher amount of Tricalcium aluminate and Tricalcium silicate which
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plays a crucial role in long-term strength development. When it reacts with water
(hydration), it forms calcium silicate hydrate (CSH), the gel-like material that
binds the sand, gravel, and other aggregates together in concrete. Furthermore,
the compressive strength of a concrete will not be significantly affected as far as
the amount of ash that can replace cement is less than 15% (Figure 4.3). Based
on this fact and since there is no statistically difference in terms of ¢ among
these three ash values (0, 5 and 10% of ash), the optimum amount of ash that

can replace cement is less than 15%.
4.2.2 Model Sensitivity

Sensitivity analysis helps to investigate the model response when one or more
input variable/s is removed. It is also vital to identify the most crucial parameter to
train a model (Gan et al., 2014). During sensitivity analysis, each model was
trained by removing one or more variable/s at a time, and the effect of the
removed variable/s on model performance was measured using MAE, RMSE
and R2,

As summarized in Tables 4.7 and 4.8, the result of the sensitivity analysis
showed that all the input variables may not be necessary to train a model. Except
the DT, all the four tested machine learning models (i.e., AAN, SVR, RF and
XGBoost) are less sensitive to fine and coarse aggregates (FA and CA). This
could be attributed to the presence of similar amounts of FA and CA in all tested
specimen as the concrete grade are the same (C25). In XGBoost and RF model
fitting, water can be removed from the model without significantly affecting the
models’ performance (Table 4.8). In other words, XGBoost and RF are less
sensitive, and can perform very well if there are limitations in FA, CA and water
data availability. The SVR was also less sensitive for ash source, and can be
removed from the input variable list without significantly affecting the model
prediction performance. On the other hand, DT is less sensitive to cement as
input variable. However, all models are sensitive to curing time as it is the most

important variable for maintaining model accuracy(Figure 4.12, Tables 4.7 & 4.8).
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4.2.3 Model Comparison

The multiple linear regression (MLR) model exhibits low performance with an R?
value which indicates about 63% (Figure 4.13) of the variance in the dataset was
explained by this model. The RMSE value of 0.603-0.608 and MAE value of
0.473-0.482 were higher than the corresponding values of the machine learning
models (Figures 4.13a and 4.13b). This indicates that the model had a limited

ability to capture the underlying patterns in the dataset.
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Figure 4.13: Model performance evaluation indices during model training and testing
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On the other hand, in this study, five prediction models were also developed
using machine learning algorithms, and their performances were evaluated using
MAE, RMSE and R2. All the machine learning models perform excellently in both
training and testing datasets when compared to the MLR model (Figures 4.5 and
4.6, Table 4.6). Each machine learning model has showed incredible prediction
accuracy as their R? value is closer to 1 and smaller values of MAE and RMSE,
indicating a good fit to the dataset. Except the SVR, all machine learning models
exhibited a relatively higher R? during training than testing (Figure 4.13). This

could be SVR needed more data points at the time of training exceptionally.

The XGBoost model showed the highest performance with an R? value of 0.970—
0.974, indicating an exceptional ability to capture complex relationships in the
dataset. This implies that XGBoost explains nearly 97% of the variance in the
dataset, signifying an exceptional ability to capture and model the underlying
patterns. If there is a scarcity of data (such as FA, CA and water), XGBoost
model can be trained with a fewer number of variable (Table 4.8), which makes

this model more interesting and preferable.

The SVR model has shown the greatest performance next to XGBoost as it
scored a high R? value of 0.968 (Table 4.6), suggesting that it captures
approximately 96.8% of the variance in the data. This indicates a strong fit to the
dataset and a high level of explanatory power. The choice of kernel,
regularization parameter, gamma, and regression technique have been fine-
tuned to achieve this level of explanatory power in SVR model. SVR model is
also data efficient like the XGBoost model. The three less sensitive or important
input variables (i.e., ash source, FA and CA) can be excluded during model fitting

without significantly compromising the model performance.

In this study, the RF model also performs well with an R? value of 0.962. RF is
also data efficient which make it even more preferable as a novel prediction tool
for compressive strength of concrete (Tables 4.7 and 4.8). The other model that

exhibited good performance is ANN. It performs significantly better than decision
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tree (DT) model with an R? value of 0.934 (Table 4.6) as ANN explains 93.4% of
the variance in the data, indicating a strong ability to fit the data well. This ANN
model performance was influenced by the number of iterations and the
architecture of its hidden layers (Song et al., 2021). However, ANN is not
preferable if there is a data scarcity in the number of input variables. In this study,
there must be at least five input variables (such as ash source, ash amount,
cement, water, CT) to develop the ANN model (Table 4.8). This makes the
choice of ANN to fall behind from the rest of the model except DT.

The least performer among the machine learning models is DT. However, DT
possesses a high R? value of 0.871 when compared to MLR model, indicating
that DT model explains about 87.1% of the variance in the dataset. It provides a
good fit to the data, though not as strong as the other machine learning models.
The DT model behavior is influenced by the choice of algorithm, regression
technique, and tuning parameters (Chopra et al., 2018). DT also is data intensive
model, and only one of the input variable (i.e., Cement) can be excluded (Tables
4.8) to maintain the current model performance. Due to this fact, DT model is the
last and least performer among the machine learning, despite its predictive ability

is acceptable.
4.2.4 Comparison with Past works

The machine learning models developed in this study were compared with the
previous published works (e.g., Paudel et al., 2023; Song et al., 2022; Wan et al.,
2021), which used similar predicting variables(e.g., cement, age, fine aggregate,
coarse aggregate, ash, water content). Similar to this study, the above mention
studies were aimed to utilize waste material, such as fly ash and rice husk ash, in
the concrete industry so as to provide a valuable alternative solution for creating

an eco-friendly environment.

The XGBoost model was fitted using cross-validation technique and hyper-

parameter tuning. However, the performance of these models is relatively lower
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(R? of 0.934-0.950) than the same model developed in this study, i.e. 0.970
(Table 4.9). Similarly, the developed SVR and RF models (Jiang et al., 2022;
Paudel et al., 2023) have also an R? value of 0.85-0.94. This performance
variation could be emanated from the difference in data splitting for training and
testing, as Paudel et al. (2023) and Jiang et al. (2022) were used 80% of the
dataset for training while the recommended 70% was used in this study. Despite
Igidar et al. (2021) was used small number of sample dataset (134) to develop
the ANN model, his model performance was outstanding (R2 of 0.98) due to
adjustment of some parameter (e.g., number of hidden layers, total number of
neurons per hidden layer, and maximum number of iterations) before running the
proposed ANN model. The performance of the ANN model by Wan et al. (2021)
was comparable with the performance shown in this study due to using nearly
the similar number of dataset (>1000). The other important study that developed
a DT model using ensemble tree with bagging and boosting to provide strong
correlations was by Song(Song et al., 2022). The DT model from Song’s study is
nearly the same as that of the DT model developed in this study according to
their performance. In this current study as well as the study by Song et al. (2022),
the performance of DT was relatively the least (R? of 0.89-0.90) among the
machine learning models. In general, the performance of XGBoost outclasses

the other machine learning models (Table 4.9).

Table 4.9: Summary of the comparison with previous works

Paudel et al. Songetal. | Jiang et al. | Wanetal. Igtidar et al. .
(2023) 2002y | (2022) (2021) ¥ oo21) This study

Number of 633 471 270 1030 134 1148
dataset

Ash used Fly ash Fly ash Fly ash Fly ash Rice husk Various

ash types
Model Performance using R?

ANN - 0.83 0.846 0.933 0.98 0.931
SVR 0.85 - 0.940 0.913 - 0.966
RF 0.92 - 0.936 - - 0.962
DT - 0.89 - - - 0.900
XGBoost 0.95 - - 0.934 - 0.970
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4.2.5 Optimum Amount of Ash to Replace Cement

Determining the optimum amount of ash that can partially replace cement is vital
to make a decision regardless of cement consumption and create a concrete
structures which are environmentally friendly, and also making waste usable as
additives for concrete (Jiang et al., 2022). In this study, the ash dataset contains
ash amount ranges from 0 to 30% (0 to 243.9 kg/m?3). To determine the optimum
ash amount to partially replace cement in a concrete mix the XGBoost model

was used since it surpassed all the other models (Figure 4.14).
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Figure 4.14: Optimum amount of ash to replace cement using the XGBoost model

As revealed in the statistical analysis (Figure 4.3, Table 4.5), an ash amount of O,
5 and 10% have statistically similar effect on the "cof a concrete. However,
based on the model’s prediction, the 7.5% of ash can provide a little bit of higher
value of ¢ (Red arrow in Figure 4.14). Furthermore, from the graph it can be
concluded that, cement can be partially replaced by a 10 to 15% of ash (Blue
arrow in Figure 4.14) so as to get a . equivalent to the conventional concrete

(0% ash or 100% cement). Therefore, the optimum amount of ash that can
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replace cement without affecting the concrete . varies from 7.5 to 12.4%

(Figure 4.14).

The findings of other experimental studies (e.g., Gedefaw et al., 2022; Kejela,

2020; Tosee et al., 2021)also recommended similar ash amount that can partially

replace cement in a concrete mix using experimental approach (Table 4.10).

Table 4.10: Experimentally recommended optimum ash amount to partially replace cement

Ash source Ash amount (%) Reference

Waste Paper 5 (Mitikie & Waldtsadik, 2022)
Marble Dust 8 (Dadi, 2016)

Coffee Husk 10 (Demissew (Gedefaw et al., 2022)et al., 2019)
Calcined red clay-Rice husk 10 (Tilahun, 2020)

Ground Pumice 10 (Gebeyehu, 2021)

Basaltic crushed dust 10 (Ebrahim, 2018)

Marble and Ceramic dust 10 (Nuru, 2022)

Cattle bone 10 (Getahun, 2021)

Marble and Scoria 10 (Yigerem, 2022)

Pond ash 10 (Yimam, 2020)

Waste marble dust 10 (Fekadu, 2018)

Fly ash 5-15 (Kifle, 2019)

Water hyacinth 5-10 (Takaye, 2021)
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5. Conclusion and Recommendations

5.1 Conclusions

In construction, early determination of mechanical properties such as concrete
compressive strength ( '¢) is very important as they are required by many design
codes as input parameters. It is best if the determination process for these vital
parameters is time saving, efficient, accurate, easy to be carried-out, cost and
material effective and flexible that the determination can be done at any time and
everywhere. In this study, five machine learning (i.e., ANN, SVR, RF, DT and
XGBoost) and a multiple linear regression (MLR) models were developed for
predicting ¢ of a concrete mix, and their performance was evaluated using R?,
RMSE and MAE. The collected dataset (i.e., a total of 1148 distinctive data
records extracted from literature) represents a normal concrete of grade-25 (or
C25).

This comprehensive dataset also allows us to develop models that are capable to
predict the ¢ for a wide variety of conditions and ash sources. The five machine
learning models produce excellent performance, with an R? of 0.90-0.97, RMSE
of 0.163—-0.316 and MAE of 0.087-0.238 during training (Table 4.6). Despite the
model evaluation indices for the testing dataset were slightly decreased when
compared to training dataset, the model performance remain excellent during
testing. Furthermore, the performance of machine learning models outclassed
the MLR model (Table 4.6). Therefore, this study concludes that the five machine
learning models are capable of learning and capturing the complex non-linear
relationships between input and output variables and estimate compressive
strength. Among the machine learning models, XGBoost showed the highest
performance followed by SVR and RF, while ANN showed a very good result and
there is some room for improvement for DT which has shown slightly lower

performance.
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The sensitive analysis and importance plots showed that curing age was the
most important input variables for predicting ¢, followed by cement, ash source,
ash and water. This is the well known truth that the concrete compressive
strength is highly dependent on the curing age. This is why the curing time was
the most vital input variable to help the models learn the underling patterns and
estimate the compressive strength with high accuracy. However, coarse and fine

aggregates were less important for ¢ prediction using ML models.

The construction industry is a vast and demanding. Due to this some amendment
should be made to the material usage and consumption so that the ongoing
development of construction could not pose a significant challenge to the
environment. One of the most important materials is cement. It's production and
consumption practices needs some considerations which leads to searching for
an alternative materials to replace it. In this study, the effects of ash source and
ash amount were assessed. Ash source plays a crucial role in the concrete ..
based on their type their influence on compressive strength also differs.
Particularly, calcined red clay-rice husk (CRC-RH) ash is the most effective ash
source to replace cement partially in a concrete mix, followed by ash from water
hyacinth and marble dust (Table 4.4, Figure 4.2). The most likely reason for
these selected ashes is that the ash from CRC-RH, water hyacinth and marble
dust contain a relatively higher amount of Tricalcium aluminate and Tricalcium
silicate. However, ash from basaltic dust and bagasse are the least preferred to
replace cement. Furthermore, the "¢ of a concrete will not be significantly
affected as far as the amount of ash that can replace cement is less than or
equal to 12% (Figure 4.14). Therefore, the optimum amount of ash that can
replace cement without compromising the concrete ¢ is less than 15%, and the
value is found to be 7.5-12.4% (Figure 4.14).
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5.2 Recommendations

New insights were identified during the preparation of this thesis. Those insights
develop into new research questions and re-searchable ideas. Brief summaries

of the selected future re-searchable ideas are provided.

This study has investigated the effect of partially replacing cement with
thirteen different types of ash on the compressive strength. It is
recommended that future works have to consider other sources of ash that

are not included in this study.

The used data sets contained the values of normal concrete of grade C25.
Effects of partially replacing cement with ash should be investigated for

normal concrete with different grades and high performance concrete.

In this study, only the sources and amount of ash have been assessed.
However, assessing the effects of ash based on the chemical properties and

composition of the ash should be another area for future study.
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