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The developing countries share similar attributes at all the regions. Still 43% of
urban population did not escape from slums live hoods. As many developing
countries focuses on the infrastructural development and try to improve people
living standards. This infrastructural built-up activity consumes lots of concrete
and other construction materials. These construction materials possess different
properties from place to place. Cementitious composites undergo
transformations in their fundamental properties due to regional variations in
environmental conditions. Therefore, their mechanical strength computing tools
plays crucial role. When topic touches with concrete, one of the most important
characteristics is the compressive strength. Predicting the strength of concrete
has traditionally been done with using mechanical means, butin recentyears few
soft computing methods have become important tools. In this research, we apply

two methods to compute the Compressive strength of fly ash concrete based on
the results of our own experimental findings. To anticipate concrete strength.,
this study investigated the properties of all the materials involved. The ensemble
methodology and the decision tree were two of the success-forecasting
methodologies that were investigated, and comparative assessments were made
on them. The R? value for the ensemble methodology was determined to be 0.96,
which was much higher than the DT method's 0.76. In addition to k-fold Cross
Validation, the findings of the trials are further supported by assessments of root
mean square error (RMSE) and root mean error (RME). Ensemble approaches
are good for minimizing model variance, improving prediction accuracy.
Combining many models to make a single forecast from all their potential
predictions eliminates variation.

© 2023 MIM Research Group. All rights reserved.

1. Introduction

Concrete's strength, durability, resilience, and adaptability make it a go-to material for a
broad range of building projects. This remarkable substance is put to use in the production
of a broad variety of buildings, roads, and walkways. During building, concrete is employed
for its strength, longevity, and adaptability. These superior qualities have made concrete
the material of choice for both commercial and residential building projects because to its
dependability and widespread application in the building trade. Standard concrete
consists primarily of cement, water, and rocks and gravel of varying sizes [1-3].
Greenhouse gases (GHG) are mostly caused by the cement manufacturing process and huge
incorporation in concrete infrastructure [4]. When it comes to CO2 emissions, the cement
industry is among the worst offenders [5]. If four billion tonnes of cement are produced
per year, the same quantity of CO: pollutant is also discharged into the environment [6].
Making use of waste or repurposed materials is suggested to lessen this effect [7]. Reduced
concrete use has further environmental benefits [8]. Many types of industrial waste
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products (e.g. G G B S, Granite Powder, Fly Ash (F) [9]) can be used as a cement substitute.
Hardened concrete will benefit from these additional raw materials and, simultaneously,
lower its carbon footprint by as much as 80 percent without sacrificing quality.

In the process of mix design, the compressive strength (C.S) is regarded as one of the most
important qualities and study of concrete structures. Additives, such as chemical or
mineral admixtures, can be added to concrete either before or after it sets to improve its
basic components. The quality of concrete can be affected by the cementitious mixes used
[10]. Lab tests of concrete's strength are necessary for every project [11]. Concrete
factories have a hard time with strength prediction because of this. In ancient times [12],
the strength became an important criterion for heterogeneous building. Due to worldwide
standards and sustainable development, the mineral additives used for making concrete
found key role in the environment [13]. Fly ash, a sustainable substance, can be used as a
dependable substitute for cement in renovations, alterations, and major building projects.
Concrete's mechanical and rheological properties are enhanced [14].

[t is not easy to strike a balance between cost and quality when considering the quantity of
each suitable concrete material to use, as determining the C.S of concrete takes a lot of time
and work. Scientists have spent the better part of a decade creating artificial methods for
picking the most effective strength prediction techniques [15] to help them save time and
money in the lab. Complex concrete mixtures are difficult to locate and predict. The C.S of
concrete is determined in the laboratory by breaking cylinders and conventional cubes
after they have been cast for a specified period of time [16]. This method's application has
reached a plateau of near-universal acceptance. However, laboratory testing will certainly
be expensive and time-consuming. It takes a lot of time and money to set up apparatus and
conduct tests on specimens using the conventional, established laboratory methods.

Recently, researchers have been putting a lot of effort into developing prediction scenarios
for a variety of mechanical features in concrete with the use of tearing technologies like
artificial intelligence (AI) and machine learning (ML) [15,17]. Using methods such as
supervised learning, it is possible to estimate a great many parameters (W/C, SCBA%, FA,
CC, CA ), although with varying degrees of accuracy in the regression, classification,
clustering, and reinforcement learning [22].

2. Machine Learning [ML] Overview

The primary focus should be placed on the development of prediction algorithms for
machine learning, the most sophisticated kind of Al. This is due to the fact that several
patterns in large datasets can be objectively recognized in order to carry out a certain task.
This artificial zone, labelled Intelligence, is what gives computers the ability to perform the
intricate and laborious activities that would otherwise be impossible for them to do. Tasks
that tested the robots' precision and difficulty. Through a series of computational
procedures, we were able to create a programme that, rather than having to be explicitly
programmed to recognize patterns, could infer them automatically from the available data.
These algorithms outperform human-written code because they have independently
learned logics from the data at hand. These algorithms are the product of computational
learning theory, which permits the acquisition of data-point-specific properties necessary
for the interpretation of knowledge and the rapid generation of solutions from any number
of publicly available datasets. It is possible to employ extra image data in conjunction with
an algorithm that has been trained to distinguish between benign and malignant lesions
on imaging.

As can be seen in Fig. 1, the Al subfields are structured in a hierarchical fashion. A few
broad classifications for ML models are provided below. The ML phylogenetic trees can be
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broken down into several distinct groups. The ML are known as Supervised Learning,
Unsupervised Learning, and Reinforcement Learning.

Artificial
Neural
Network
(ANN)

Machine

isi ) Gradient
Decision - :
tree (DT) ) Learning Bcv(%s;u)ng

”  Algorithms

Bagging

Fig. 1 Al's subfields

Popular and widely used approaches to supervised machine learning include the decision
tree, boosting, S V M, AdaBoost, bagging, ANNs, and gene expression modulation. For
unsupervised learning, the available datasets are often quite limited for the output labels
are scant or nonexistent in several cases. The purpose of these models is rather to
determine the interrelationship and/or expose the dormant parameters based on the
findings.

3. Literature Review

Ensemble techniques are a kind of statistical and numerical learning approach that mimics
the human interpersonal learning behavior of polling a group of experts before reaching a
major decision. To improve the accuracy and reliability of their recommendations in
supervised and unsupervised learning situations, ensembles integrate the judgements,
learning algorithms, perspectives on the data, and other features of several learning
machines. AN N, G E P, and deep learning are now popular developments technology
utilized for predicting a wide range of scientific issues [23, 24]. Specifically, S V M is more
robust in nonlinear regression settings than other approaches [25]. It has high
generalizability and may provide better global optimal solutions. Despite having a tree-like
form and using nodes and roots to distribute data, the results of the prediction [26] differ
from the Decision tree (D-T) and Random Forest (R-F). While R-F relies on a randomized
sampling of unique particulars among the elements that build the trees used for projection,
DT makes use of an extensive database that includes the variable of interest to it. The next
step is to prove that the mean prediction is right by tying it to as many votes as feasible.
Using inspiration from Darwinian evolution, GEP, a cutting-edge M-L computer algorithm,
was created [27]. It achieves this by using an expression tree to depict the connection's
non-linearity. Machine learning (ML) techniques are often used to glean previously
unknown patterns, data points, and connections from a massive repository of information.
Despite this, the process employs databases, machine learning, and statistical analysis.
There are two unique techniques that may be used for both modelling and prediction. For
one, there is the time-honored, single-model approach; for the other, there is the ensemble-
algorithm technique [28]. Evidence from the first studies of these methods shows that,
relative to solo ML models, ensemble procedures improve accuracy [29]. With the use of

1041



Mahajan and Bhagat / Research on Engineering Structures & Materials 9(3) (2023) 1039-1060

the training data, ensemble learning models first perfect the weaker/slower learners, and
then merge them with the stronger/faster learners to create a perfect learner [30].

Several machine learning techniques have been utilized for performance prediction over a
wide range of criteria for quite some time. However, throughout the course of the last
several years, a clear trend toward a larger usage of them in engineering field has emerged.
Because of the high accuracy with which they predict property values (mechanical). Since
nonlinear behavior is more accurate than linear behavior, the underlying theory of ML is
identical to that of conventional algorithms. Statistical methods such as AN N, the decision
tree algorithm D-T, support vector machines S V M, R-F, G E P, and D-L, and others are
extensively used in the evaluation of perceptible mechanical qualities [31]. To compute the
shear strength of concrete beams, the study by [32] used 11 distinct methods. Study [33]
used ANN in tandem with the multi-objective grey wolves optimizer to forecast the
mechanical properties of silica fume concrete with high precision. C.S estimates for
concrete were calculated using D-T, AN N, and S V M by the researcher [34].

Utilizing an ANN system, researcher [35] determined the C.S and tensile strength of
discarded concrete. Concrete C.S was estimated [36] using SVM, and outcomes were
contrasted to those obtained using ANN and DT models in coastal situations. To foretell
the durability of lightweight foamed concrete, Researcher [37] used a number of machine
learning techniques. One study [38] used a machine learning technique to identify a
reinforced concrete durability feature. Suguru. [39] used machine learning to create a
robotic system for detecting cracks in concrete. Images of the concrete were utilized for
data collection, and deep learning was put to use to spot the cracks. Accuracy of machine
learning models is evaluated by researchers [40,41] .

There is a lot of variability in the testing model, and one way to deal with itis viaan AN N
[42]. The broad use of A N N in C.S prognosis has received support from many academics.
The feed forward ANN classification (multilayer perception), consists of 03 layers: Input,
hidden, and output (M L P). For the power prediction model, these more traditional neural
nodes are more convenient to operate with [43, 44]. For the objective of foretelling the C.S
of fly ash concrete mixes, this research makes use of a variety of categorical criteria. The
goal is to make it easier to create a universal M-L model that can capture a broad range of
mixture characteristics. In furthermore, the models will use a wide range of Fly Ash
concrete mixtures rather than only using the results of earlier studies. Since a cement
composite's primary function as a construction material is compression, its mechanical
strength is prized above all others. Studies have shown that ordinary compressive
strengths are within the range of 25 to 115 MPa [45-49, 72]. Generative ensemble
approaches, on the other hand, produce groups of base learners that manipulate the base
supervised learning or the data frame structure to enhance the base learners' variety and
performance. In this situation, the fundamental problem with the ensemble method is not
the mixing approach, but rather the manner in which various base learners are generated.
Methods such as resampling, which divide the input space and train base learners on
bootstrap samples reproduces of the data; random subspace algorithms, which produce
diversified base learners by using varying random selection sub-sets of features; and
combination of experts methods, which divide the input space and train an ensemble of
neural networks to conduct an impactful estimation at each assigned territory separately,
are all examples.
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Table 1. Trends of adopting soft computing techniques for the prediction of various terms

alternative
Sr No Reference and Year Algorithm and Method adopted Dataset Output (Prediction mlr.leral
by Researchers Used Parameter) admixture
used)
Convolutional Neural Network Compressive
1 Researcher [50] Regression (CNN), Ensemble 345 P sludge-cement
: Strength (C-S)
Regression models
2 Researcher [51] ANN, GE P, and Gradient 232 C-S demolition
boosting tree (GBT) models waste
3 Researcher [52] support vector regression (SVR), 559 C-S Not Used
grid search (GS) optimization
algorithm,
4 Researcher [53]  ensemble deep neural network 270 C-S Fly ash
models
5 Researcher [54] (BPNN), (MARS), (RVM) 629 C-S Not Used
6 Researcher [55] ensemble algorithm 270 (C-S) Fly ash
(GEP, DT and Bagging)
7 Researcher [21] Individual and ensemble 1030 C-S Fly ash
modelling (AN N, bagging and
boosting)
8 Researcher [18] Individual algorithm (AN N, GEP, 642 Chloride Fly ash
D-T) Concentration
9 Researcher [56] Data Envelopment (DEA) 114 C-S Fly ash
10  Researcher [57] Multivariate (MV) 21 C-S Crumb Rubber
11  Researcher [58]  Supportvector machine (SVM) 25 C-S Fly Ash
12 Researcher [59] SVM 115 Slump Value, Fly Ash
L-box
13 Researcher [60]  Adaptive neuro fuzzy inference 7 C-S POFA
system (ANFIS-ANN)
14  Researcher [20] Gene expression programming 277 Axial Capacity Not Used
(GEP)
15  Researcher [61] GEP 357 C-S Not Used
16  Researcher [62] R-Fand GE P 357 C-S Not Used
17 Researcher [63] ANN 205 C-S Fly Ash,
GGBFS, SF,
RHA
18  Researcher [64] Intelligent rule enhanced 114 C-S Fly Ash
multiclass SVM and fuzzy rules
(IREMSVM-FR)
19  Researcher [65] R-F 131 C-S Fly ash, GGBFS
20  Researcher [66] MARS 114 C-S, Slump value Fly ash
21  Researcher [67] Random Kitchen Sink Algorithm 40 C-S, Slump value, V- Fly Ash
(RKSA) funnel
22 Researcher [68]  Adaptive neuro fuzzy inference 55 C-S Not Used
system (ANFIS)
23 Researcher [69] ANN 114 C-S Fly Ash
24 Researcher [70] ANN 69 C-S Fly Ash
25  Researcher [71] ANN, DT, GEP 100 C-S Fly Ash
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4. Research Significance

Since the turn of the century, computer technologies have become more efficient, reducing
the need for laborious manual labor. There are fewer validations at civil engineers’
disposal in this burgeoning sector of transdisciplinary domain utilization. The little
literature on ANN strategies and their application to C.S. prediction. Through the use of
cutting-edge ML techniques, costly manual labor in the lab and expensive raw materials
may be avoided. This study's significance and novelty stem from (a) its novelty and (b) its
applicability to current issues, such as the ASTM's experimental works for fly ash concrete
(FAC) (c) using ML methods for FAC model development.

This research focuses on ML (discrete-event neural network) and boosting techniques for
making predictions of strength. The use of concrete that contains fly ash was explored
during the whole experimental procedure. Actual results were predicted and compared
using ML. Quality of these findings provided by various ML algorithms and their
applicability. This research also gives a means of comparing and evaluating the results of
experiments conducted using individual and ensemble ML approaches. Both statistical
tests and k-fold performance models were evaluated for cross-validation [71]. The
purpose of this analysis is to look at how different inputs affect the reliability of the
expected output. Such applications were utilized to evaluate the predictive efficacy of
different approaches.

5. Experimental Program

The fundamental components of concrete have been thoroughly analyzed in accordance
with IS Code and ASTM standards. Experiments were conducted using Type-1; 53Grade
cement (Ordinary Portland). For both the cement utilized and the studies conducted, the
standard specifications indicated by ASTM C150 were taken into account. Cement bags had
airtight polythene coverings placed on top of them to prevent the bags from absorbing
moisture from the air. Table 2 and Table 3 provide the chemical and physical
characteristics of fly ash and cement, respectively.
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Fig. 2 shows a glimpse of experimental work that were subjected to compressive
testing

The fine aggregate's quality was determined by testing that met the requirements of the
ASTM standard. Coarse aggregates with a standard thickness of less than 20 mm were
sourced locally and used into the fresh concrete that was formulated to meet ASTM
standards. Coarse Aggregate (CA) and Fine Aggregate (FA) physicochemical parameters
are listed in Table 4. (Fa).

Table 2. Physical Analysis of cement ( C )and fly ash (F)

Sr No Material Property Measured Obtained
Unit Value

1 C Specific surface area Cm2/gm 8299
2 C Specific Gravity gm/cm? 3.1
3 C Insoluble residue Percent 0.5
4 C Particle Size pum 1.65
5 C Loss of Ignition Percent 2.29
6 F Retention on 45-micron Sieve  Percent 33
7 F Lime Reactivity N/mm? 7

F Soundness test using Percent 0.06
8 .

Autoclave Expansion

9 F Drying Shrinkage Percent 0.05
10 F C.S compare to cement Percent 81

mortar cube

Table 5 summarizes the results of the tests performed on the different mix proportions (a,
b, ¢). Specimens with a diameter of 100mm and a height of 200mm were cast with a w/c
of 0.4 - 0.6. the specimens were cured at 27 degrees Celsius for 3, 7, 14, 28, and 90 days.
The C.S. performed to ASTM C39 standards after curing properly. To achieve the desired
mix workability attribute, the hit-and-trial approach was examined with the
superplasticizer dosage. Fig. 2 is a view inside laboratory procedures.
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Table 3. Chemical Analysis of fly ash (F) and cement ( C)

Sr No Chemical Compound C F
1 Calcium Oxide-(Ca0) 65.82 2.35
2 Iron Oxide-(Fe203) 3.63 26.87
3 Silica-(SiO2) 18.99 50.9
4 Alumina-(Al203) 6.94 427
5 Magnesium Oxide -(MgO) 1.98 1.52
6 Sodium Oxide-(Naz0) 0.10 0.11
7 Potassium Oxide- (Kz0) 0.45 1.47

Table 4. Physical Analysis of Coarse Aggregate (C-a) and Fine Aggregate (F-a)

SrNo Aggregate Type Property Measured Result Standards
Unit Followed
1 C-a Bulk Sp. Gr. No Unit 2.75 ASTM C128, C127
2 F-a Bulk Sp. Gr. No Unit 2.65 ASTM C128, C127
3 C-a Moisture Content Percent 0.75 ASTM C566
4 F-a Moisture Content Percent 1.10 ASTM C566
5 C-a Moisture Absorption Percent 1.40 ASTM C128/ C127
6 F-a Moisture Absorption Percent 1.10 ASTM C128/ C127
7 C-a Fineness Modulus No Unit - ASTM C136
8 F-a Fineness Modulus No Unit 2.45 ASTM C136
9 C-a Nominal Maximum Size Mm 20 -
10 F-a Nominal Maximum Size Mm 4.70 -
11 C-a Rodded Unit Weight kg/m3 1580 ASTM C29
12 F-a Rodded Unit Weight kg/m?3 - -
Table 5a. Mix proportions conducted of specimens (sr.no 1 to 33)
Sample Cement FlyAsh Water Sup;;zlraSti agcgorir;;te ag;:; te 152;1125 cS
no . (ke/me) Gk /me) (/™) (eg/ms)  (kg/ms)  (kg/me)  (days) /™)
1 185.5 102 166.6 7.7 1009.5 908.5 90 39.4
2 170.5 1279 1615 1093.1 801.6 3 18.23
3 180.5 1279  165.8 1093.1 801.7 14 24.46
4 160.5 1279 1618 1093.1 807.1 28 28.53
5 2419 126.1 184 5.9 1060.7 782.4 14 23.03
6 211.9 126.1 183.9 5.9 1060.7 782.4 28 22.93
7 2119 125.1 1839 5.9 1060.7 782.4 56 34.33
8 239.8 1188 191.6 4.8 1032.5 761.7 90 33.43
9 195.1 124.7  160.5 10.1 1091.2 805.7 3 10.61
10 190.5 1247 161.6 10.1 1091.2 805.7 14 24.22
1 1679 1688  172.1 4.7 1061.7 783.2 3 12.9
12 135.9 163.8  176.2 4.7 1061.7 783.2 14 28.61
13 165 1618 1721 4.7 1061.7 783.2 28 26.32
14 230.4 118.7 1949 6.3 1031.2 760.7 3 16.59
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15 228.5 119.7 191 6.3 1031.2 760.7 14 22.43
16 229.5 118.7 194.9 6.3 1031.2 760.7 90 43.49
17 2479 94.6 186.4 7.2 953 850.1 3 22.55
18 2379 92.6 188.4 7.2 953 850.1 14 27.72
19 2479 92.6 186.4 7.2 953 850.1 90 48.95
20 250.3 96.2 187.1 5.7 960 864.3 3 13.9
21 250.8 96.2 186.2 5.7 960 864.3 14 28.52
22 212.3 125.4 158.7 1088.5 802.6 3 19.54
23 212.4 125.2 181.6 1031.5 760.8 14 32.04
24 251.6 124.7 188.2 6.6 1031.5 813.8 56 36.02
25 251.7 123.3 181.3 6.6 1031.5 760.8 90 46.32
26 181.6 123.3 169.3 7.8 1058.7 813.8 3 15.73
27 181.6 123.3 170.3 7.8 1058.7 813.8 14 24.05
28 181.6 123.3 169.3 7.8 1058.7 780.9 28 29.91
29 1823 1249 1703 7.8 1058.7 780.9 56 38.89
30 181.2 1223 1693 7.8 1058.7 780.9 90 47.89
31 249.9 125.3 168 9.6 964.3 868.1 90 47.11
32 2299 125.3 160.3 12 977 878.7 3 23.23
33 220.6 125.3 145.8 12.6 1009.1 902.9 28 32.86
34 210.6 125.3 143 12.2 1089.9 804 56 63.67
35 2206 1252 1408 12.2 1089.9 804 90 63.44
36 2135 1252 1545 10.4 1056.6 779.5 28 44.27
37 2135 1253 1547 10.4 1056.6 779.5 56 48.26
38 213.5 125.3 154.5 10.4 1056.6 779.5 90 55.21
39 213.3 125.3 155.3 119 1055.4 778.6 3 20.76
40 2133 1253 1543 11.9 1055.4 803.1 14 38.1
Table 5b. Mix proportions conducted of specimens (sr. no 34 to 66)

Sample Cement Fly Ash Water Sup;;;;lrasti a;:;raeigs:te ag;ri:gate gzggg cS
o Uy Gg/mi) (/™) (kgims) (kg/mt) (kg/m?)  (days) /™™
41 213.3 125.3 155.4 11.9 1055.4 803.1 28 43.56
42 213.3 125.3 154.3 11.9 1055.4 803.6 56 50.55
43 213.3 125.3 155.2 11.9 1055.4 803.1 90 59.52
44 218.7 125.3 158.2 11.5 1081.8 798 56 41.33
45 218.7 125.3 159.8 11.5 1081.8 798 90 46.37
46 375.8 125.3 216.4 0 1006.6 765.5 3 20.1
47 190.1 125.3 165.3 10.1 1082.1 802 14 21.34
48 164.8 125.3 163.5 0 1008.7 904 28 27.23
49 190.1 125.3 165 10.1 1082.1 802 28 27.79
50 249.8 125.3 1925 5.5 952 860.3 28 29.33
51 2133 125.3 158.9 11.9 1046.7 775 28 45.73
52 194.5 125.3 171.2 7.7 1001.1 904.9 28 40.39
53 251.2 125.3 192.6 6 1046.7 757.4 28 38.11
54 309.8 125.3 189.6 0 939.3 715.3 28 42.06
55 279.8 125.3 189.6 0 939.3 703.1 7 37.69
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56 290 125.3 183.3 0 1072.3 757.4 7 24.3
57 252.3 125.3 186.4 0 1114.7 787.4 7 14.23
58 338.8 125.3 196.7 0 971.1 803.1 3 19.36
59 256.8 125.3 192.5 0 971.1 859.6 90 28.66
60 253.8 125.3 192.4 0 971.1 802.8 90 29.78
61 306.8 125.3 193.2 0 971.1 802.6 28 30.45
62 306.8 125.3 190.9 0 971.1 802.6 90 37.04
63 289.8 125.3 191.9 0 939.1 758.1 28 47.41
64 296.8 125.3 191 0 939.1 758.1 90 52.3
65 298.8 125.3 187 0 969.1 766.1 3 18.23
66 287.8 125.3 188.3 0 969.1 761.1 7 22.33
67 288.8 125.3 188.3 0 969.1 762.1 14 30.34
68 291.8 125.3 187 0 969.1 766.1 28 34.67
69 330.8 125.3 191.9 0 981.1 804.1 90 41.22
70 348.8 125.3 191.9 0 1050.1 809.1 3 17.71
71 294.8 125.3 185 0 1072.1 772.5 28 28.31
72 237.8 125.3 184.9 0 11211 792.1 28 17.96
73 295.8 125.2 191 0 1088.1 768.6 7 17.95
74 322.3 125.3 203.1 0 977.1 843.1 14 25.23
75 321.8 124.9 201.2 0 977.1 803.3 28 27.27
76 3218 125.2 2024 0 977.1 823.1 90 31.69
77 301.8 125.3 2024 0 977.1 820.1 28 27.23
78 312.3 125.1 182.1 0 1043.1 737.1 28 41.2
79 316.8 125.3 192.2 0 939.1 724.1 3 27.41
80 209.8 125.3 142.2 0 899.1 899.1 7 50.53
Table 5c. Mix proportions conducted of specimens (sr. no 34 to 66)
Samplono CEment Py dsh  ater SIS S D e S
(g/m) Oeg /m™) (/M) (eg/ms)  (eg/me) g /ms)  (days) V™M)
81 2207 1253 1422 0 899.1 899.1 28 73.23
82 1438 1253  157.9 18.2 946.1 847.1 28 18.54
83 147.8 125.3 158.1 16.2 1005.1 833.1 28 21.07
84 3258 1251 1988 11.2 804.1 795.1 28 40.9
85 289.8 1253 2202 11.2 901.1 716.1 28 10.71
86 299.6 125.3 211.2 10.1 881.3 730.7 28 26.93
87 1479 1251 1589 163 1004.9 833.2 28 20.1
88 326.3 125.3 193 11 804.2 795.6 28 36.73
89 2762 1253 2171 11.2 900.8 716 28 10.67
90 150.5 125.3 164.3 15.8 1077.6 690.1 28 16.56
91 190.6 125.3 184.8 11.3 982.6 814.1 28 16.33
92 190.7 125.3 167.9 11.8 994.3 787.1 28 19.78
93 1885 1253 1821 11.9 1026.4 735.1 28 21.13
94 297.9 1251 189.1 6.3 882.1 818.1 28 42.76
95 318.7 125.3 212.4 5.9 863.6 728.1 28 37.21
96 355.7 125 196 11.2 804.5 772.1 28 37.39
97 199.6 125.3 185.1 12.8 852.4 859.6 28 19.13
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98 278.5 125.3 170 10.3 928.4 785.1 28 42.28
99 305.5 125 217 10.6 942.2 796.3 28 42.89
100 318.5 125.3 196 11.2 856.3 736.5 28 43.6

The modelling was carried out using a total of seven inputs and one result (i.e. C.S). Table
6 lists the individual variables that make up this input dataset. Table 6 presents the
frequency distribution information, while Table 7 describes the statistical distribution.
Using a histogram, figure 4 depicts the intensity that was included into the C-S calculation.

Table 6. Dataset properties for Input- output variables

Parameter Min value Max value

C (kg/m3) 135.9 375.8

Water content (kg/m?3) 141.4 2209

F (kg/m3) 92.6 168.8

Superplasticizer (% by mass) 0 18.2
Aggregate F-a (kg/m3) 690.1 908.5

Curing period (days) 3 90

Aggregate C-a (kg/m3) 804.1 11211
C.S (MPa) 10.6 73.23

There are a number of techniques that may be used to calculate C.S., some of which are
listed below: i) boosting algorithm; ii) Decision tree (D-T). Fig.3 shows a simplified
schematic flowchart of the algorithms for the D-T . The anaconda software was used to run
the models. schematic flowchart of the algorithms for the D-T . The anaconda software was

used to run the models.

Table 7. Details of parameters study

Sr. Cement Fly Ash Water Supe_r
No. Parameters kg/m? kg/m? kg/m? Plasticizer
kg/ms3
1 Mean or Avg 241.2 123.8 178.7 6.4
3 Median 230.35 124.8 184.2 7
2 Std. Deviation 55.62 10.13 18.01 4.9
2 Std. Error 5.62 1.02 1.82 0.5
4 Mode 213.5 124.8 191.3 0
6 Sample Variance 3093.8 102.65 324.33 24.4
7 Kurtosis -0.8 9.8 -0.6 -1.1
8 Skewness 0.27 0.55 -0.08 -0.02
9 Maximum 376 168.3 220.5 18
10 Minimum 136.1 92.1 141.1 0
11 Range 239.9 76.2 79.4 18
12 Sum 24120 12385.4 17877.1 642.6
13 Count 100 100 100 100
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Table 7(Con.). Details of parameters study

S Coarse Fine Comp.
r Parameters Aggregate Aggregate Days Strength
No.
kg/m3 kg/m3 MPa
1 Mean or Avg 1001.3 793.27 33.67 30.49
3 Median 1006.2 794.9 28 27.52
2 Std. Deviation 71.36 48.00 28.81 13.00
2 Std. Error 7.21 4.85 291 1.31
4 Mode 1055.6 800 28 17.11
6 Sample Variance 5092.88 2304.07 830.20 169.06
7 Kurtosis 0.3 0.7 -0.1 0.2
8 Skewness -0.77 0.17 1.06 0.67
9 Maximum 1118 905.4 90 72.11
10 Minimum 801 650 3 9.49
11 Range 317 255.4 87 62.62
12 Sum 100130 79327.3 3367.0 3049.3
13 Count 100 100 100 100

The decision tree is well-known as an efficient and straightforward approach to
categorization. It's a model that looks like a tree and uses a set of specified criteria to sort
data into several classifications. D-T oversees the classification process using criteria
determined from the nature of the incoming data. The decision tree's behavior is planned
such that the classification and regression trees share no characteristics at all.

Decision Node

Decision Node Decision Node

i Tree™ " " ' J

| Leaf Node |

L

Leaf Node | Leaf Node |

()
Fig .3 Flow Chart of Decision Tree Technique (D-T)

In contrast to artificial neural networks (ANNs), the usage of a structure that is based
on decision trees gives explicitness. Because the process of decision tree clustering
imitates the process of human thought, it is easy for even communities who are not
technically oriented to grasp the behavior. However, in comparison to the simple
decision tree, the majority of more sophisticated tree-based designs are relatively
complicated. Despite this, every single tree-based model that was used in this
investigation was a decision tree-based model. Because of this, it is very necessary to
explain the process that a decision tree regressor goes through.
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6. Results and Discussion

0.76 when projecting the concrete

2 cement

0 MPa, with low precision; and one result shows that space exists

20 MPa, with low precision.
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C-S. The limit of the modelled error ranges from 0.001 MPa to 21.40 MPa, even with
1

average error observed to be 4.22 MPa. Furthermore, the output results and model's
performance corelated with each other’s. Two-thirds of the findings show that the data lies

The results of the decision tree fly ash binder concrete prediction model are shown in
within 7 MPa, with high accuracy; one-third of the results show that the data found

Figure 5. Figure 5(a) shows that the DT has a higher R?
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WZZ Compressive Strength

Frequency

0 10 20 30 40 50 60 70 80
Compressive Strength (MPa)

(h)
Fig. 4 Histogram of concentration used for computing the C-S

The effectiveness of the ensemble (boosting) algorithm often used estimate the C.S of
concrete was substantially higher when compared here to other machine learning
techniques employed for this study. You may get a sense of its efficiency by looking at
Figure 5(a), which shows the relationship between the actual and ideal output. The
estimated standard deviation is 2.0 MPa, with a range of 0.57 to 3.0 MPa, as shown in Fig.
5(b). Furthermore, the fact that all error data found less than 4 MPa demonstrates the
reliability.

60

Pearson'sr = 0.92 b
R-Square  0.76
Adj. Square  0.73

a
o
1

Predicted Strength (MPa)

-
-
10 T T T T T
20 30 40 50 60
Experimental Strength (MPa)
()

Predicted Strength (MPa)

5 10 15 20 25 30 35 40 45
Experimental Strength (MPa)
(b)

Fig. 5 (a) Performance of DT algorithm (b) Boosting Regressor algorithm
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6.1 K-fold Cross validation

Multiple tasks may benefit from the use of the J. knife test and the K-fold cross validation
algorithm test, including reducing the impact of bias in a random training data selection,
excluding less-representative examples from the data collection, and reducing the severity
of overfitting issues. The stratified 10-fold validation method has been proven reliable and
is often used to maximize productivity with minimal hardware and software requirements.
Similarly, this study employs a ten-fold analysis, albeit it does so by splitting the data into
k distinct subsets.

The collected information may be partitioned into distinct categories, of which several are
required for the analysis. It is not feasible to validate the model by using more than one
data subset in the verification process. separate attempts at the procedure are required to
get a result that is representative of the norm. The statistical tests' findings were also used
into an evaluation of the models' performance. Evidence for the model's efficacy was
derived from the formulations that were created in accordance with the underlying study.

The attempted approach of k-fold cross validation is employed to ascertain how much the
bias and variance of the testing set have been reduced. But there is noticeable variation in
the results produced by each of learning methods. The BR model has a substantially better
R? value and far fewer mistakes compared to decision tree models. Further, as can be
shown in Fig. 6(a), the Decision tree (D-T) model has an average R? value of 0.78, with
values as high as 0.90 and as low as 0.58. Validation error rates that drop indicate that the
models have been improved. Values of 8.08 MPa, 8.04 MPa, and 2.82 MPa may be seen in
the decision tree shown in Figure 6(a). As can be seen in Fig. 6(b), the average R? for the
boosting regressor ranges from 0.82 to 0.62, with a maximum of 0.97. The lowest mean
absolute errors (MAE), mean standard errors (MSE), and root mean squared errors
(RMSE) for BR are shown in 6(b) as 6.714% MPa, 6.806% MPa, and 2.59% MPa,
respectively.

More so, statistical tests conducted on the dataset showed that the ensemble ML approach
had lower error rates than the other methods used (D-T). The findings for the bagging
regressor (B-R) reveal an error of 3.69 MPa (mean absolute error), 24.76 MPa (mean
standard error), and 4.79 MPa when statistical tests are done (root mean squared error).
Coefficient of determination (R?) is directly related to this test; higher R? value once again
for model corresponds to lower R? value due to less error.

12 o R2
MAE
ml MSE
10 — M m RMSE _

o) 010 R

1 2 3 4 5 6 7 8 9 10
K fold (DT)

(a)
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10 R2
_ MAE
[ MSE
8 M - _ RMSE

S Ao FFFFW

1 2 3 4 5 6 7 8 9 10
K - Fold (Boosting)
(b)

Fig.6 “K-fold” cross-validation; (a) DT model and (b) Boosting regressor

6. Conclusion

Ensemble approaches are good for minimizing model variance, improving prediction
accuracy. Combining many models to make a single forecast from all their potential
predictions eliminates variation.

The foundation of this research is a thorough analysis of M-L algorithms used on fly
ash-based concrete. Decision tree (D-T), and bagging regressor (B-R) were some of
the supervised machine learning methods analyzed for their ability to predict the C.S
of fly ash-mixed concrete. In addition, the performances of the individual machine
learning algorithms were compared to those of the ensemble machine learning
method.

There is less discordance between observed and predicted outcomes when using
distinct machine learning techniques. In contrast to regression, it may accommodate
several answers and outputs at once. The field of research known as "machine
learning" is dedicated to understanding how to duplicate and implement certain
cognitive features of the machine learning tool in order to create technological
products and build relevant hypotheses.

Nonetheless, the ensemble was found to be a fairly strong and significantly reliable
way, as demonstrated by the value of its coefficient correlation (R?), which was equal
to 0.96 when compared to the total accuracy of the independent ML techniques. This
was accomplished by using a bagging regressor. There is an average R? value 0.76 for
the D-T.

Mean absolute error (3.6 MPa), mean squared error (24.6), and root mean squared
error (4.9) are all less than they are when using other methods, further
demonstrating the superior accuracy of the bagging regressor.

The model's accuracy was confirmed using the K-fold cross validation method, which
corroborates the bagging regressor's usefulness.

Statistical analysis done on the dataset showed that the ensemble ML approach yields
lower error rates than the other individual methods used (D-T). The use of statistical
checks additionally verifies that bagging regressor shows an improvement in model
performance by reducing the amount of error that exists between the outcomes that
were sought and those that were predicted.

It has been found that ensemble machine learning methods are an effective and
helpful tool for addressing a broad range of structural engineering issues, and it is
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anticipated that the usage of these algorithms will rise over the duration of the
subsequent years.

References

[1] Possan, E, Thomaz WA, Aleandri GA, Felix EF, dos Santos AC. COz uptake potential due
to concrete carbonation: A case study. Case Stud. Constr. Mater. 2017, 6, 147-161.

[2] Barkhordari, MS, Tehranizadeh M, Scott MH. Numerical modelling strategy for
predicting the response of reinforced concrete walls using Timoshenko theory. Mag.
Concr. Res. 2021, 73,988-1010.

[3] Venkateswarlu K, Deo S, Murmu M. Effect of Super absorbent polymer on workability,
strength and durability of Self consolidating concrete. Int. J. Eng. 2021, 34, 1118-1123.

[4] Yan H., Q. Shen, L.C.H. Fan, Y. Wang, L. Zhang, Greenhouse gas emissions in building
construction: a case study of one peking in Hong Kong, Build. Environ. 45, 2010, 949-
955, https://doi.org/10.1016/j.buildenv.2009.09.014 .

[5] Xiao H., Z. Duan, Y. Zhou, N. Zhang, Y. Shan, X. Lin, G. Liu, CO2 emission patterns in
shrinking and growing cities: a case study of Northeast China and the Yangtze River
Delta, Appl. Energy. 251, 2019, 113384  https://doi.org/10.1016/j.
apenergy.2019.113384 .

[6] Benhelal E,, G. Zahedji, E. Shamsaei, A. Bahadori, Global strategies and potentials to curb
COz emissions in cement industry, ]J. Clean. Prod. 51 ,2013, 142-161,
https://doi.org/10.1016/j.jclepro.2012.10.049 .

[7] Kajaste R., M. Hurme, Cement industry greenhouse gas emissions - Management
options and abatement cost, J. Clean. Prod. 112, 2016, 4041-4052,
https://doi.org/10.1016/j.jclepro.2015.07.055.

[8] Batayneh M,, 1. Marie, I. Asi, Use of selected waste materials in concrete mixes, Waste
Manag. 27,2007, 1870-1876, https://doi.org/10.1016/j. wasman.2006.07.026

[9] Shubbar AA, H. Jafer, A. Dulaimi, K. Hashim, W. Atherton, M. Sadique, The development
of a low carbon binder produced from the ternary blending of cement, ground
granulated blast furnace slag and high calcium fly ash: an experimental and statistical
approach, Constr. Build. Mater. 187, 2018, 1051-1060,
https://doi.org/10.1016/j.conbuildmat.2018.08.021 .

[10] Gursel AP, Masanet E, Horvath A, Stadel A. Life-cycle inventory analysis of concrete
production: a critical review. Cement and Concrete Composites. 51, 2014, 38-48.

[11] Mehta PK. Greening of the concrete industry for sustainable development. Concrete
International, 24, 2002,7 23- 28.

[12] Mahajan LS, Bhagat SR. Strength Assessment of Concrete using Fly Ash and
Metakaolin, In proceeding: International Conference on Advances in Concrete
Technology materials and construction practices, Excel India Publishers, New Delhi,
2016,113-114.

[13] Li VC, Wang S, Wu C, Tensile Strain-Hardening Behavior of Polyvinyl Alcohol
Engineered Cementitious Composite (PVA-ECC). Materials Journal, 2001; 98: 483-492

[14] Wang S, Li VC. Engineered Cementitious Composites with High-Volume Fly Ash., ACI
Materials Journal, 104, 2007, 233-241

[15] Mahajan L, Bhagat S., An artificial neural network for the prediction of the strength of
supplementary cementitious concrete. Res. Eng. Struct. Mater., 8(2), 2022, 421-430.
http://dx.doi.org/10.17515/resm2022.341st0918tn

[16] Li M, H. Hao, Y. Shi, Y. Hao, Specimen shape and size effects on the concrete
compressive strength under static and dynamic tests, Constr. Build. Mater. 161, 2018,
84-93, https://doi.org/10.1016 /j.conbuildmat.2017.11.069 .

[17] Feng DC, Z.T. Liu, X.D. Wang, Y. Chen, ].Q. Chang, D.F. Wei, Z.M. Jiang, Machine learning-
based compressive strength prediction for concrete: an adaptive boosting approach,

1056


https://doi.org/10.1016/j.buildenv.2009.09.014
https://doi.org/10.1016/j.%20apenergy.2019.113384
https://doi.org/10.1016/j.%20apenergy.2019.113384
https://doi.org/10.1016/j.jclepro.2012.10.049
https://doi.org/10.1016/j.%20wasman.2006.07.026
https://doi.org/10.1016/j.conbuildmat.2018.08.021
http://dx.doi.org/10.17515/resm2022.341st0918tn
https://doi.org/10.1016/j.conbuildmat.2017.11.069

Mahajan and Bhagat / Research on Engineering Structures & Materials 9(3) (2023) 1039-1060

Constr.  Build. Mater. 230, 2020, 117000, https://doi.org/10.1016/j.
conbuildmat.2019.117000 .

[18] Ahmad A, F. Farooq, KA. Ostrowski, K. “Sliwa-Wieczorek, S. Czarnecki, Application of
novel machine learning techniques for predicting the surface chloride concentration in
concrete containing waste material, Materials (Basel). 14, 2021, 2297,
https://doi.org/10.3390/ma14092297 .

[19] Khan MA, Memon SA, Farooq F., Javed MF, Aslam F., R. Alyousef, Y. Sun, Compressive
strength of fly-ash-based geopolymer concrete by gene expression programming and
random forest, Adv. Civ. Eng. 2021, 1-17, https://doi.org/10.1155/2021/6618407 .

[20] Javed MF, Farooq F, Memon SA, Akbar A, Khan MA, F. Aslam, R. Alyousef, H.
Alabduljabbar, S.K.U. Rehman, S.K. Ur Rehman, S. Kashif, U. Rehman, New prediction
model for the ultimate axial capacity of concrete-filled steel tubes: anevolutionary
approach, Crystals. 10, 2020, 1-33, https://doi.org/10.3390/cryst10090741 .

[21] Farooq F, Ahmed W, Akbar A, Aslam F, Alyousef R, Predictive modeling for sustainable
high-performance concrete from industrial wastes: a comparison and optimization of
models using ensemble learners, ]. Clean. Prod. 292, 2021, 126032,
https://doi.org/10.1016/j.jclepro.2021.126032 .

[22] Javed MF, Amin MN, Shah MI, Khan K, Iftikhar B, Farooq F, Aslam F, Alyousef R,
Alabduljabbar H, Applications of gene expression programming and regression
techniques for estimating compressive strength of bagasse ash-based concrete,
Crystals. 10, 2020, 1-17, https://doi.org/10.3390/cryst10090737 .

[23] Foucquier A, Robert S, Suard F, St’ephan L, Jay A, State of the art in building modelling
and energy performances prediction: a review, Renew. Sustain. Energy Rev. 23, 2013,
272-288, https://doi.org/10.1016/j.rser.2013.03.004 .

[24] Bhagat SR, Suryawanshi GA, Monali Mahajan, Lomesh S. Mahajan, Artificial neural
network techniques for evaluation of pollution, IOP Conf. Series: Earth and
Environmental Science 796, 2021, 012052, https://doi.org/10.1088/1755-
1315/796/1/012052

[25] Lv Y, Liu ], Yang T, Zeng D., A novel least squares support vector machine ensemble
model for NOx emission prediction of a coal-fired boiler, Energy. 55, 2013, 319-329,
https://doi.org/10.1016/j.energy.2013.02.062 .

[26] Dou |, Yunus AP, Tien Bui D, A. Merghadi, M. Sahana, Z. Zhu, C.W. Chen, K. Khosravi, Y.
Yang, B.T. Pham, Assessment of advanced random forest and decision tree algorithms
for modeling rainfall-induced landslide susceptibility in the Izu-Oshima Volcanic
Island, Japan, Sci. Total Environ. 662, 2019, 332-346
https://doi.org/10.1016/j.scitotenv.2019.01.221 .

[27] Zhang D, Tsai JP, Machine learning and software engineering, Softw. Qual.]. 11, 2003,
87-119, https://doi.org/10.1023/A:1023760326768 .

[28] ].S. Chou, A.D. Pham, Enhanced artificial intelligence for ensemble approach to
predicting high performance concrete compressive strength, Constr. Build. Mater. 49
,2013, 554-563, https://doi.org/10.1016/j.conbuildmat.2013.08.078 .

[29] Galar M, Fernandez A, Barrenechea E, Bustince H, Herrera F., A review on ensembles
for the class imbalance problem: bagging-, boosting-, and hybrid-based approaches,
I[EEE Trans. Syst. Man Cybern. Part C Appl. Rev. 42, 2012, 463-484,
https://doi.org/10.1109/TSMCC.2011.2161285 .

[30] Gomes HM, Barddal JP, Enembreck F, Bifet A., A survey on ensemble learning for data
stream classification, ACM Comput. Surv. 50, 2017, 1-36,
https://doi.org/10.1145/3054925

[31] Rahman ], Ahmed KS, Khan NI, Islam K, Mangalathu S., Data-driven shear strength
prediction of steel fiber reinforced concrete beams using machine learning approach,
Eng. Struct. 233,2021, 111743. https://doi.org/10.1016/j.engstruct.2020.111743 .

[32] Jesika Rahman, Khondaker Sakil Ahmed, Nafiz Imtiaz Khan, Kamrul Islam, Sujit
Mangalathu, Data-driven shear strength prediction of steel fiber reinforced concrete

1057


https://doi.org/10.1016/j.%20conbuildmat.2019.117000
https://doi.org/10.1016/j.%20conbuildmat.2019.117000
https://doi.org/10.3390/ma14092297
https://doi.org/10.1155/2021/6618407
https://doi.org/10.3390/cryst10090741
https://doi.org/10.1016/j.jclepro.2021.126032
https://doi.org/10.3390/cryst10090737
https://doi.org/10.1016/j.rser.2013.03.004
https://doi.org/10.1088/1755-1315/796/1/012052
https://doi.org/10.1088/1755-1315/796/1/012052
https://doi.org/10.1016/j.energy.2013.02.062
https://doi.org/10.1016/j.scitotenv.2019.01.221
https://doi.org/10.1023/A:1023760326768
https://doi.org/10.1016/j.conbuildmat.2013.08.078
https://doi.org/10.1109/TSMCC.2011.2161285
https://doi.org/10.1145/3054925
https://doi.org/10.1016/j.engstruct.2020.111743

Mahajan and Bhagat / Research on Engineering Structures & Materials 9(3) (2023) 1039-1060

beams using machine learning approach, Engineering Structures, Volume 233, 2021,
111743, https://doi.org/10.1016/j.engstruct.2020.111743 .

[33] Behnood A, Golafshani EM, Predicting the compressive strength of silica fume
concrete using hybrid artificial neural network with multi-objective grey wolves, ].
Clean. Prod. 202, 2018, 54-64, https://doi.org/10.1016/j.jclepro.2018.08.065 .

[34] Giiglier K, "Ozbeyaz A, S. G'oymen, O. Giinaydin, A comparative investigation using
machine learning methods for concrete compressive strength estimation, Mater. Today
Commun. 27,2021, 102278, https://doi.org/10.1016 /j.mtcomm.2021.102278 .

[35] Getahun MA, Shitote SM, Abiero Gariy ZC, Artificial neural network based modelling
approach for strength prediction of concrete incorporating agricultural and
construction wastes, Constr. Build. Mater. 190, 2018, 517-525,
https://doi.org/10.1016/j.conbuildmat.2018.09.097 .

[36] Ling H, Qian C, Kang W, Liang C, Chen H, Combination of support vector machine and
K-Fold cross validation to predict compressive strength of concrete in marine
environment, Constr. Build. Mater. 206 , 2019, 355-363,
https://doi.org/10.1016/j.conbuildmat.2019.02.071 .

[37] Zaher M. Yaseen, RC. Deo, A. Hilal, AM. Abd, LC. Bueno, S. Salcedo-Sanz, ML. Nehdi,
Predicting compressive strength of lightweight foamed concrete using extreme
learning machine model, Adv. Eng. Softw. 115, 2018, 112-125,
https://doi.org/10.1016/j.advengsoft.2017.09.004 .

[38] Taffese WZ, Sistonen E, Machine learning for durability and service-life assessment of
reinforced concrete structures: recent advances and future directions, Autom. Constr.
77,2017, 1-14, https://doi.org/10.1016/j.autcon.2017.01.016 .

[39] Yokoyama S, Matsumoto T. Development of an automatic detector of cracks in
concrete using machine learning, in, Procedia Eng., Elsevier Ltd, 2017, 1250-1255,
https://doi.org/10.1016/j.proeng.2017.01.418 .

[40] Ben W, Chaabene, Flah M, Nehdi ML, Machine learning prediction of mechanical
properties of concrete: critical review, Constr. Build. Mater. 260, 2020, 119889,
https://doi.org/10.1016/j.conbuildmat.2020.119889 .

[41] Su M, Zhong Q, Peng H, Li S, Selected machine learning approaches for predicting the
interfacial bond strength between FRPs and concrete, Constr. Build. Mater. 270, 2021,
121456, https://doi.org/10.1016/j.conbuildmat.2020.121456 .

[42]Gunasekara C, Setunge S, Law DW, Willis N, Burt T. Engineering Properties of
Geopolymer Aggregate Concrete. Journal of Materials in Civil Engineering, 30,2018, 11
04018299.

[43] Peng CH, Yeh IC, Lien LC. Building Strength Models for High-Performance Concrete at
Different Ages using Genetic Operation Trees, Nonlinear Regression, and Neural
Networks. Engineering Composites,26, 2010, 61-73.

[44] Shi L, Lin STK, Lu Y, Ye L, Zhang YX. Artificial Neural Network Based Mechanical and
Electrical Property Prediction of Engineered Cementitious Composites. Construction
and Building Materials, 174, 2018, 667-74

[45] Bilim C, Atis CD, Tanyildizi H, Karahan O. Predicting the Compressive Strength of
Ground Granulated Blast Furnace Slag Concrete using Artificial Neural Network, Adv.
Eng. Soft. 40 (5), 2009,334-340. https://doi.org/10.1016/j.advengsoft.2008.05.005

[46] Sahoo S, Das BB, Mustakim S. Acid, Alkali, and Chloride Resistance of Concrete
Composed of Low-Carbonated Fly Ash. Journal of Materials in Civil Engineering, 29(3),
2016; 1-12,04016242. https://doi.org/10.1061/(ASCE)MT.1943-5533.0001759

[47] Mahajan LS, Bhagat SR. Investigation of the Relationship between Splitting Tensile
Strength and Compressive Strength for Prediction of Splitting Tensile Strength of Fy
Ash Concrete, In: Proceedings, 3 International Conference on Innovative Technologies
for Clean and Sustainable Development at NITTTR, Chandigarh, India 2020.

[48] Ankur M, Rafat S, Pratap SB, Salima A, Grzegorz L, Danuta BH. Influence of Various
Parameters on Strength and Absorption Properties of Fly Ash Based Geopolymer

1058


https://doi.org/10.1016/j.engstruct.2020.111743
https://doi.org/10.1016/j.jclepro.2018.08.065
https://doi.org/10.1016/j.mtcomm.2021.102278
https://doi.org/10.1016/j.conbuildmat.2018.09.097
https://doi.org/10.1016/j.conbuildmat.2019.02.071
https://doi.org/10.1016/j.advengsoft.2017.09.004
https://doi.org/10.1016/j.autcon.2017.01.016
https://doi.org/10.1016/j.proeng.2017.01.418
https://doi.org/10.1016/j.conbuildmat.2020.119889
https://doi.org/10.1016/j.conbuildmat.2020.121456
https://doi.org/10.1016/j.advengsoft.2008.05.005
https://doi.org/10.1061/(ASCE)MT.1943-5533.0001759

Mahajan and Bhagat / Research on Engineering Structures & Materials 9(3) (2023) 1039-1060

Concrete Designed by Taguchi Method, Construction and Building Materials, 150, 2017,
817-824. https://doi.org/10.1016/j.conbuildmat.2017.06.066

[49] Hashmi AF, Shariq M, Baqi A. Haq Moinul, Optimization of Fy Ash Concrete Mix - a
Solution for Sustainable Development, Materials Today: Proceedings, 26(2), 2020;
3250-3256. https://doi.org/10.1016/j.matpr.2020.02.908

[50] Jinrui Zhang, Wenjun Niu, Youzhi Yang, Dongshuai Hou, Biqin Dong, Machine learning
prediction models for compressive strength of calcined sludge-cement composites,
Construction and Building Materials, Volume 346, 2022, 128442,
https://doi.org/10.1016/j.conbuildmat.2022.128442

[51] Babatunde Abiodun Salami, Mudassir Igbal, Abdulazeez Abdulraheem, Fazal E. Jalal, Wasiu
Alimi, Arshad Jamal, T. Tafsirojjaman, Yue Liu, Abidhan Bardhan, Estimating compressive
strength of lightweight foamed concrete using neural, genetic and ensemble machine
learning approaches, Cement and Concrete Composites, Volume 133, 2022, 104721,
https://doi.org/10.1016/j.cemconcomp.2022.104721 .

[52] Woubishet Zewdu Taffese, Leonardo Espinosa-Leal, Prediction of chloride resistance level
of concrete using machine learning for durability and service life assessment of building
structures, Journal of Building Engineering, Volume 60, 2022, 105146,
https://doi.org/10.1016/j.jobe.2022.105146

[53] Mohammad Sadegh Barkhordari, Mohsen Tehranizadeh, Response estimation of
reinforced concrete shear walls using artificial neural network and simulated annealin
algorithm, Structures, Volume 34, 2021, 1155-1168,
https://doi.org/10.1016/j.istruc.2021.08.053 .

[54] Panagiotis G. Asteris, Athanasia D. Skentou, Abidhan Bardhan, Pijush Samui, Paulo B.
Lourengo, Soft computing techniques for the prediction of concrete compressive strength
using Non-Destructive tests, Construction and Building Materials, Volume 303, 2021,
124450, https://doi.org/10.1016/j.conbuildmat.2021.124450 .

[55] Ahmad A, Farooq F, Niewiadomski P, Ostrowski K, Akbar A, Aslam F, Alyousef R., Prediction
of compressive strength of fly ash based concrete using individual and ensemble algorithm,
Materials (Basel). 14, 2021, 1-21, https://doi.org/10.3390/ma14040794 .

[56] Balf FR, Kordkheili HM, Kordkheili AM, A new method for predicting the ingredients
of self-compacting concrete (SCC) including fly ash (FA) using data envelopment
analysis (DEA), Arab. J. Sci. Eng. ,2020, 1-22, https://doi.org/10.1007/s13369-020-
04927-3

[57] Bu'si‘c R, Ben'si’c M, Mili'cevi’c I, Strukar K, Prediction models for the mechanical
properties of self-compacting concrete with recycled rubber and silica fume, Materials
(Basel). 13, 2020, 1821, https://doi.org/10.3390/MA13081821 .

[58] Azimi-Pour M, Eskandari-Naddaf H, Pakzad A, Linear and non-linear SVM prediction
for fresh properties and compressive strength of high volume fly ash self-compacting
concrete, Constr. Build. Mater. 230, 2020, 117021,
https://doi.org/10.1016/j.conbuildmat.2019.117021 .

[59] Saha P, Debnath P, Thomas P, Prediction of fresh and hardened properties of
selfcompacting concrete using support vector regression approach, Neural Comput.
Appl. 32,2020, 7995-8010, https://doi.org/10.1007/s00521-019-04267-w .

[60] Al-Mughanam T, Aldhyani THH, B. Alsubari, M. Al-Yaari, Modeling of compressive
strength of sustainable self-compacting concrete incorporating treated palm oil fuel
ash  using artificial neural  network, Sustain. 12, 2020, 1-13,
https://doi.org/10.3390/su12229322 .

[61] Aslam F, Farooq F, Amin MN, Khan K, Waheed A, Akbar A, Javed MF, Alyousef R,
Alabdulijabbar H., Applications of gene expression programming for estimating
compressive strength of high-strength concrete, Adv. Civ. Eng. 2020, 1-23,
https://doi.org/10.1155/2020/8850535 .

[62] Farooq F, Amin MN, Khan K, Sadiq MR, Javed MF, Aslam F, Alyousef R, A comparative
study of random forest and genetic engineering programming for the prediction of

1059


https://doi.org/10.1016/j.conbuildmat.2017.06.066
https://doi.org/10.1016/j.conbuildmat.2022.128442
https://doi.org/10.1016/j.cemconcomp.2022.104721
https://doi.org/10.1016/j.jobe.2022.105146
https://doi.org/10.1016/j.istruc.2021.08.053
https://doi.org/10.1016/j.conbuildmat.2021.124450
https://doi.org/10.3390/ma14040794
https://doi.org/10.1007/s13369-020-04927-3
https://doi.org/10.1007/s13369-020-04927-3
https://doi.org/10.3390/MA13081821
https://doi.org/10.1016/j.conbuildmat.2019.117021
https://doi.org/10.1007/s00521-019-04267-w
https://doi.org/10.3390/su12229322
https://doi.org/10.1155/2020/8850535

Mahajan and Bhagat / Research on Engineering Structures & Materials 9(3) (2023) 1039-1060

compressive strength of high strength concrete (HSC), Appl. Sci. 10, 2020, 1-18,
https://doi.org/10.3390/app10207330 .

[63] Asteris PG, Kolovos KG, Self-compacting concrete strength prediction using surrogate
models, Neural Comput. Appl. 31, 2019, 409-424, https://doi.org/10.1007/s00521-
017-3007-7

[64] Selvaraj S, Sivaraman S., Prediction model for optimized self-compacting concrete
with fly ash using response surface method based on fuzzy classification, Neural
Comput. Appl. 31, 2019, 1365-1373, https://doi.org/10.1007/s00521-018-3575-1.

[65] Zhang ], Ma G, Huang Y, Sun ], F. Aslani, B. Nener, Modelling uniaxial compressive
strength of lightweight self-compacting concrete using random forest regression,
Constr. Build. Mater. 210, 2019, 713-719,
https://doi.org/10.1016/j.conbuildmat.2019.03.189 .

[66] Kaveh A, Bakhshpoori T., Hamze-Ziabari SM, M5’ and mars based prediction models
for properties of selfcompacting concrete containing fly ash, Period. Polytech Civ. Eng.
62,2018, 281-294, https://doi.org/10.3311/PPci.10799 .

[67] Sathyan D, Anand KB, Prakash A], Premjith B, Modeling the fresh and hardened stage
properties of self-compacting concrete using random kitchen sink algorithm, Int. J.
Concr. Struct. Mater. 12, 2018, 1-10, https://doi.org/10.1186 /s40069-018-0246-7 .

[68] Vakhshouri B, Nejadi S, Prediction of compressive strength of self-compacting
concrete by  ANFIS models, Neurocomputing. 280, 2018, 13-22,
https://doi.org/10.1016/j.neucom.2017.09.099 .

[69] Belalia Douma O, Boukhatem B, Ghrici M, Tagnit-Hamou A, Prediction of properties of
self-compacting concrete containing fly ash using artificial neural network, Neural
Comput. Appl. 28, 2017, 707-718, https://doi.org/10.1007/s00521-016-2368-7 .

[70] Abu Yaman M, Abd Elaty M, Taman M, Predicting the ingredients of self compacting
concrete using artificial neural network, Alexandria Eng. ]J. 56, 2017, 523-532,
https://doi.org/10.1016/j.aej.2017.04.007 .

[71] Mahajan LS, Bhagat S, Machine learning approaches for predicting compressive
strength of concrete with fly ash admixture, Research on Engineering Structures &
Materials . 8 (4), 2022. https://doi.org/10.17515 /resm2022.534ma0927

[72] Wangwen Huo, Zhiduo Zhu, He Sun, Borui Ma, Liu Yang, Development of machine
learning models for the prediction of the compressive strength of calcium-based
geopolymers, Journal of Cleaner Production, Volume 380, Part 2, 2022, 135159.
https://doi.org/10.1016/j.jclepro.2022.135159

1060


https://doi.org/10.3390/app10207330
https://doi.org/10.1007/s00521-017-3007-7
https://doi.org/10.1007/s00521-017-3007-7
https://doi.org/10.1007/s00521-018-3575-1
https://doi.org/10.1016/j.conbuildmat.2019.03.189
https://doi.org/10.3311/PPci.10799
https://doi.org/10.1186/s40069-018-0246-7
https://doi.org/10.1016/j.neucom.2017.09.099
https://doi.org/10.1007/s00521-016-2368-7
https://doi.org/10.1016/j.aej.2017.04.007
https://doi.org/10.17515/resm2022.534ma0927
https://doi.org/10.1016/j.jclepro.2022.135159

	cover
	resm2023.632me0103m

