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Automating mix design for 3D concrete printing
using optimization methods

Vasileios Sergis@T and Claudiane M. Ouellet—Plamondon@;t*

3D concrete printing technology introduces automation to the construction industry. The wider build
customizability is a great advantage of this technology, but it adds complexity to the mix design. The
compositions formed are far more complex than in conventional concrete, increasing the difficulty in
designing mixtures for 3D concrete printing. As the number of materials in mix design increases, the
workload increases exponentially during the development process. In this study, optimization methods
are employed to automate the development of mortar mixes. The three objectives are the improvement
of workability, buildability, and compressive strength. Eight factors are investigated in total, with three
being qualitative and five quantitative. Those factors include cement, sand, and superplasticizer types as
well as the water-to-binder ratio, the sand-to-binder ratio, and admixtures dosages. An initial D-optimal
set of 18 mixtures is formed to drastically reduce the number of experiments. Feedforward neural
networks are used to predict the properties of new mixtures. To increase the accuracy of the models,
the genetic algorithm is used to optimize the hyperparameters of each network. Finally, the Pareto-
optimization algorithm is used to control the materials and their dosages with the aim of simultaneously
optimising the values of the three objectives. The proposed multiobjective approach generated mixtures
with improved properties that met all three criteria after only five iterations and twenty-one additional
mixtures were formed. The results indicate that this methodology can reduce the required workload

rsc.li/digitaldiscovery

Introduction

The construction sector is gradually adopting additive
manufacturing technology. One of the most significant advan-
tages of this technique is the enhanced build customizability."*
Researchers are looking for the optimum materials to use in
mix design to control cement hydration, pumpability, material
deposition, and the curing processes. Developing cement-based
materials for three-dimensional (3D) printing applications is
a complicated process with many conflicting goals.* High
flowability before deposition, extrudability during deposition,
buildability and stiffness immediately after the deposition are
all desired properties for the printed materials used in this
technology.*® The necessity of recycling and reusing building
materials adds to the complexity.® A mix design can be made by
following a variety of techniques, such as modifying one factor
at a time, or following a full-factorial design."”*® There are
various available options for a mix design, but the current mix
design approaches reported in the field are often similar. As
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while generating mixture compositions with improved properties by following an optimum trend.

there are many cement and admixtures available, as well as
process variables, articles on mix design strategies are needed,
especially to achieve the promise of 3D printing (faster and safer
construction, lower embodied carbon in structures, resource
efficiency for sustainability). In most studies, the mixture
proportion is frequently given directly, with no design method
or explanation of how the parameters were obtained." The two
main methodologies proposed are the empirical mix design,
such as the trial-and-error,””** and the mix design following
a rheological model.”>'®* These mix design methods are
straightforward and effective. However, the number of tests in
a mix design grows exponentially as the number of factors or
their levels rise, especially when testing cement and admixture
types.””*® As a result, the main compositions of the mixture
remain constant with only a few parameters being treated as
independent variables in order to find the best mixture."* Arti-
ficial intelligence can be used to simulate the mixing process
and reduce the workload. Many studies in civil engineering have
used artificial intelligence.'®**>* Artificial neural networks
(ANNSs) are widely used in the fields of data mining and machine
learning.** Bagging and boosting regression trees, in addition to
artificial neural networks, have been shown to be good predic-
tive models for concrete-related issues. The mean absolute error
(MAE), root mean square error (RMSE), and coefficient of
determination (R®) are calculated to assess the effectiveness of

Digital Discovery, 2022, 1, 645-657 | 645


http://crossmark.crossref.org/dialog/?doi=10.1039/d2dd00040g&domain=pdf&date_stamp=2022-10-08
http://orcid.org/0000-0002-7743-470X
http://orcid.org/0000-0003-3795-4791
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2dd00040g
https://pubs.rsc.org/en/journals/journal/DD
https://pubs.rsc.org/en/journals/journal/DD?issueid=DD001005

Open Access Article. Published on 28 July 2022. Downloaded on 3/9/2026 7:30:06 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Digital Discovery

the models.” It is difficult to draw definitive conclusions on
which predictive algorithm performs better. The performance
of any algorithm is frequently dependent on the problem being
solved. However, machine learning outperforms linear and
quadratic models in terms of predicting concrete mix proper-
ties.”® ANNs are used to predict concrete properties, such as the
slump, segregation, filling capacity, compressive strength,
drying shrinkage, or concrete durability.**** Many scientific and
engineering problems have been solved using mathematical
approaches, which encompass a wide spectrum of problems.
Despite their perfect efficiency, mathematical processes
continue to face significant hurdles in tackling optimization
problems. Given the increasing complexity of optimization
problems, the use of metaheuristic algorithms is the best
option.*> Metaheuristic algorithms are nature-inspired algo-
rithms. There is a vast range of algorithms that replicate
phenomena such as social behaviour, natural responses or
human competitiveness.**** The key aspect of them is the
ability to escape from the local optimal point. Swarm-based
algorithms simulate species-specific social traits such as
labour division or pattern formation during food gathering.
Evolution-based algorithms simulate the natural evolution,
including the selection of the fittest individuals and their
reproduction.®**” Recent studies in construction have used
approaches that integrate artificial neural networks and meta-
heuristics. Among other objectives, the studies investigate the
compressive strength, which is the most essential mechanical
property of the field.*®* The recently developed multiobjective
Cuckoo Search (CS) algorithm was employed in conjunction
with several linear and non-linear regression models for
concrete mix design.*’ The multi-objective grey wolf optimizer,
as well as the M5P tree and multi-gene expression programming
(MGEP) models, were utilised to find the best rubbercrete mix
designs.** Finally, to develop asphalt mixes, a feed-forward
backpropagation neural network with a single hidden layer
was paired with a GA-based optimization model.**

Researchers in 3D concrete printing aim towards mixtures
with a high mechanical strength.**** The perpendicular load
direction has the maximum compressive strength. The
compressive strength of high-performance 3D printed speci-
mens can reach 75 to 102 MPa, while casted moulds have
a compressive strength of 107 MPa.* While the final properties
are always vital, the early age structural build-up and strength
development throughout the dormant period are equally
important for this technology.**** The characteristics of fresh-
state mortar mixes have been determined using geotechnical
experiments, such as the direct shear test. Testing is proposed
over a period of 0 to 90 minutes, with 15-30 minutes intervals.*
Another study indicates that in the direct shear test, the shear
rates have no effect and the cohesiveness of the mixtures is
proportional to the binder-to-sand ratio.” Additionally, the
maximum printed height before collapsing can be used to
assess the mixture's buildability. Along with buildability, flow-
ability is also crucial for 3D concrete printing applications.***>*°
The printed region and buildability of the mixtures are defined
using slump and flow tests.* Flowability and buildability are
affected by the water-to-binder and sand-to-binder ratios. A
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smooth surface and great buildability are achieved, with
mixtures having a slump flow value of 50% to 90%.* Viscosity-
modifying agents or silica fume can increase the yield stress. To
achieve extrudability and buildability, the material yield stress
should be between 1.5 and 2.5 kPa; otherwise, the material's
stability and extrudability may be compromised.**

This study aims to automate the mix design process while
reducing the amount of material and time required to generate
mixtures with enhanced qualities. Flowability, buildability, and
mechanical strength are the three properties considered to
choose the optimum mixture. Flowability depends on the
extrusion system used. High flowable mixtures will be easier to
pump, but at the expense of buildability. For 3D concrete
printing, structural build-up in the dormant period is critical.
The shear stress should be as high as possible to achieve high
printing speeds, although compromises need to be made in
terms of the mechanical strength or flowability. As with the
buildability, the goal is also to increase the hardened properties
to the maximum extent possible. Achieving high-performance
cementitious printing mortar enables future applications to
use thinner structures with less massive concrete. The proposed
testing methods are the ASTM C1437 flow test, the ASTM D3080
direct shear test and the ASTM C109 compressive strength.
Starting from the mix design, a D-optimal design was used to
generate the initial set of 18 mixtures.** This is a non-traditional
experimental design that can significantly minimize the
number of experiments while producing statistically grounded
designs with high-quality results. To identify which admixtures
would be included in the D-optimal mix design, a preliminary
study was performed using probability plots.”* Three types of
cement, three types of sand, and five admixtures, including
superplasticizers, are chosen in total.”* Among the eight inves-
tigated factors, the qualitative factors are the cement types, the
types of sand with different particle size distributions, and the
types of superplasticizers. The quantitative factors are the
water-to-binder ratio, the sand-to-binder ratio, and the dosages
of the selected admixtures. A multiobjective Pareto optimiza-
tion algorithm guided the procedure. The objective functions
are artificial neural networks that are trained using data from
lab experiments. To increase the accuracy of the artificial neural
networks, the genetic algorithm is used to optimize the hyper-
parameters of each network. The best networks are then used to
predict the properties of the new mixtures proposed during the
multiobjective Pareto optimization. Twenty-one new mixture
variations are introduced after five iterations of the Pareto
optimization process. These mixtures are formed and tested in
the lab to determine the fresh and final properties. Section 2
explains the mix design and the materials chosen. Section 3
describes the algorithms and how the optimization tools are
connected. Section 4 provides the results gained in terms of
both the material properties and the optimization method
performance. Finally, Section 5 concludes the study. The results
reveal that the Pareto optimization method narrows down the
factors and their levels after determining their significance and
the optimal doses to concurrently increase the competing
objectives while reducing the quantity of material and workload
required.

© 2022 The Author(s). Published by the Royal Society of Chemistry
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Mix design and database
Binders, sand, and admixtures

Three superplasticizers or admixtures with water-reducer effects
are chosen, and two important admixtures were assessed in
a prior study.* The two selected admixtures are the biopolymer
polysaccharide viscosity modifying agent (B) to control the
rheological properties of the mixtures and the calcium silicate
hydrate admixture to improve the early and late-age strength
development.**** Two out of the three selected superplasticizers
are based on synthetic organic polymers, such as poly-
carboxylate ether (PCE), whereas the third is sulfonated naph-
thalene polymer based. For cement, the three types are general
use Portland cement (GU), binary cement with silica fumes
(GUDSF) and Portland cement with a high early strength (HE).
For the sand, all three types are fine aggregates with particle
sizes below 2.5 mm. Each sand has different characteristics: the
first sand is finer, the second is coarser and the third sand is
recycled sand that was collected from the residues of the sedi-
mentation basin of truck concrete mixer washing facilities.
More details about the selected materials are available in ref. 51.

D-optimal mix design

Initially, there were six factors with three levels each, all related
to the selected materials.>* These factors were the cement type,
sand type, water-to-binder ratio, sand-to-binder ratio,

Table 1 Materials selected for the mix design®
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superplasticizer type and the use of a second admixture.*® The
levels for each factor are presented in Table 1. Here, GU refers to
the general use of Portland cement, HE to Portland cement with
a high early strength, and GUDbSF to binary cement with silica
fumes (ASTM C1157). PCEs are superplasticizers based on
synthetic organic polymers, and SNPs are sulfonated naphtha-
lene polymer-based water reducers. Finally, B refers to the
addition of a biopolymer polysaccharide viscosity modifying
agent, and CSH-C refers to the addition of crystalline calcium
silicate hydrate. The particle size of all the sand types is below
2.5 mm.

A full factorial plan for the selected number of factors and
levels would require 3°® = 729 experiments to be made per test.
This number of experiments is impractical, even if a fractional
factorial plan were used. The benefit of using a D-optimal
design is that the required runs, the amount of resources and
the time will be drastically reduced. This class of experimental
designs selects the best group of design points with respect to
a statistical criterion. The designer can choose the number of
mixtures that he or she wishes to form. Eighteen mixtures were
selected with a D-efficiency equal to 100%.°* The mixtures are
presented in Table 2. The testing methods were the flow test, the
direct shear test and the compressive strength. Those three were
deemed adequate to start with and to see which can help draw
important conclusions regarding the workability and flowability
of the material, the early resistance of the mixture during the
first few minutes, and its compressive strength.

Water-binder Sand-binder Superplasticizer
Cement Sand ratio ratio (Type A & F) Type S admixtures
GU Fine 0.32 1.8 PCE-1 —
HE Coarse 0.345 2 PCE-2 B
GUDSF Recycled 0.37 2.3 SNP CSH-C

Table 2 The 18 mixtures from the D-optimal mix design®*

Mix Cement Sand Water:binder Sand:binder Superplasticizer (type A & F) Type S admixtures
1 GU Coarse 0.320 1.8 PCE-1 —

2 GU Coarse 0.345 2.0 SNP B

3 GU Fine 0.320 2.3 SNP CSH-C
4 HE Fine 0.345 2.0 PCE-2 CSH-C
5 HE Fine 0.370 2.3 PCE-1 —

6 HE Recycled 0.345 1.8 PCE-1 B

7 GUDbSF Coarse 0.370 2.0 PCE-2 .

8 GUDbSF Recycled 0.320 1.8 PCE-2 CSH-C
9 GUDbSF Recycled 0.370 2.3 SNP B

10 GU Fine 0.370 1.8 PCE-2 B

11 GU Recycled 0.345 2.3 PCE-2 —

12 GU Recycled 0.370 2.0 PCE-1 CSH-C
13 HE Coarse 0.320 2.3 PCE-2 B

14 HE Coarse 0.370 1.8 SNP CSH-C
15 HE Recycled 0.320 2.0 SNP —

16 GUDbSF Coarse 0.345 2.3 PCE-1 CSH-C
17 GUDbSF Fine 0.320 2.0 PCE-1 B

18 GUDbSF Fine 0.345 1.8 SNP —

© 2022 The Author(s). Published by the Royal Society of Chemistry
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Optimization approach

After obtaining the D-optimal mixes, tests on the fresh and final
properties were performed for each mixture. Feedforward
neural networks were trained with the collected data to predict
the properties of new mixtures. Feedforward neural networks
(FNNs) are one of the most widely used neural networks and
have been applied in several applications. Training is the
process of determining the best values for a neural network's
control parameters. The objective is to discover ideal settings in
order to decrease the ANNs' errors and enhance their accuracy;
therefore, it may be viewed as an optimization problem. Back
propagation is the most commonly used training procedure for
FNNs. The coefficient of determination (R*) and the normalized
root mean square error (NRMSE) are used to assess the
performance of the trained networks.*®**** To help in the
training process, a genetic algorithm was used to find the best
possible hyperparameters of the networks. The genetic algo-
rithm (GA) is a prominent evolutionary algorithm, belonging to
the category of meta-heuristic algorithms. These algorithms
compare a subset of solutions that would otherwise be too many
to be fully enumerated or investigated. GA is one of the first
population-based algorithms, with the primary operators being
selection, crossover, and mutation."”**** The multiobjective
Pareto optimization algorithm then used the best three
networks, one for each investigated property, as its objective
functions. In multiobjective optimization problems, the
optimal solution is a combination of solutions with varying
trade-offs rather than a single solution. Pareto optimal or non-
dominated solutions are terms used to describe these solu-
tions®® The definition of the multiobjective problems can be
summarized through eqn (1):

Minimize{f;(x).f>(x),....f{x)} subject to x € S (1)

where two or more competing objective functions, fz:R" — R,
where i = 2, need to be simultaneously minimized. The decision
variables x, in the form of vectors, belong to the region S C R".

The objective vectors can be deemed optimal if none of their
components can be improved without compromising at least
one of the others. The output of the Pareto optimization algo-
rithm was a new set of mixtures with properties closer to the
desired values by respecting the trade-offs between them. All the
Pareto optimal solutions can be considered equally desirable (in
the mathematical sense), since arranging the vectors in perfect
order is impossible. A decision maker is required to select the
most preferred one. The decision maker, for example, is
a person who can express preference between the available
options.*® The properties for those new mixtures were collected
in order to verify the predictions, and then they were used to
update the networks. This process was repeated five times,
which was sufficient to improve the mixtures from the initial set
and to acquire mixtures closer to the application needs. The
process is depicted in Fig. 1. The population of the solutions is
depicted with grey and black dots. The black-coloured solutions
represent those solutions that are closer to the goal. In each
iteration, the algorithm proposes a new population trying to
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Fig. 1 Representation of the proposed methodology with optimiza-
tion methods.

reach closer to the goal. The end of the process can either be
made after a specific number of iterations, after reaching the
goal, or if there are no improvements to the current best
solutions.

In the initial set of the D-optimal mixes, the number of
factors was six with three levels each. All of the factors were
treated as qualitative factors. The water-to-binder ratio or the
sand-to-binder ratio are normally continuous variables and not
discrete variables. The selected discrete values were enough to
observe the tendency with a design of experiment (DOE)
method. However, with the use of optimization algorithms,
some of the factors could be treated as quantitative factors. The
algorithm used in this study can edit up to eight factors, where
three of them are qualitative and the remaining five are treated
as quantitative factors. These parameters are the water-to-
binder ratio, the sand-to-binder ratio, the dosage of the super-
plasticizer, the dosage of the biopolymer polysaccharide
viscosity modifying agent, and the dosage of crystalline calcium
silicate hydrate. The ranges of the values for those quantitative
factors are close to the boundaries of the values set in the D-
optimal design.”* Specifically, the water-to-binder ratio can
take values between 0.25-0.4% w, the sand-to-binder ratio
between 1.7-2.4% w, a superplasticizer dosage of 0.13-0.28% w,
the biopolymer polysaccharide viscosity modifying agent
dosage range is 0-0.018% w and the crystalline calcium silicate
hydrate dosage is between 0-0.4% w.

Genetic algorithm and feedforward neural network

The combination of Al methods with optimization techniques
is a promising avenue for predicting the properties of concrete
materials. The methodology is similar to that made in
a previous study presented in.>” Here, the data is divided into
training, validation, and testing sets. The proportions of splits
are 70% for training, 15% for validation and 15% for testing
with the unseen data. The parameters that are investigated to
improve the predictive performance of the neural networks are
the training method, the number of hidden layers and the
neurons of each hidden layer. The goal of the genetic algorithm
is to simultaneously maximize the coefficient of determination
and minimize the normalized root mean squared error. The
maximum number of generations of the genetic algorithm is

© 2022 The Author(s). Published by the Royal Society of Chemistry
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100, the number of candidate solutions of the first generation
are 80, and at every new generation, the number is increased by
40. The number of maximum epochs of each network is 400.
Depending on the cement property being modelled, different
parameters can be considered as the best for each individual
network. From the training methods in the MATLAB R2022a,
the following functions were possible to be selected during the
hyperparameter tuning process:

e trainlm: a network training function that updates the
weight and bias values according to Levenberg-Marquardt
optimization (LM).

e trainrp: a network training function that updates the
weight and bias values according to the resilient back-
propagation algorithm (Rprop).

e trainscg: a network training function that updates the
weight and bias values according to the scaled conjugate
gradient method (SCG).

e traincgb: a network training function that updates the
weight and bias values according to conjugate gradient back-
propagation with Powell-Beale restarts (PB).

e traincgf: a network training function that updates the
weight and bias values according to conjugate gradient back-
propagation with Fletcher-Reeves updates (FR).

e traincgp: a network training function that updates the
weight and bias values according to conjugate gradient back-
propagation with Polak-Ribiére updates (PR).

e trainoss: a network training function that updates the
weight and bias values according to the one-step secant method
(0SS).

e traingdx: a network training function that updates the
weight and bias values according to gradient descent
momentum and an adaptive learning rate (GDX).

Based on the obtained results, the best training method for
the flow is the resilient backpropagation algorithm (Rprop) with
one hidden layer. For the compressive strength, the preferred
training method is the conjugate gradient backpropagation
with Powell-Beale restarts (PB) and two hidden layers. For the
shear stress, there are no specific preferences in terms of the
number of hidden layers or the training method, but the
gradient backpropagation training methods are preferable
compared to the other functions. The comparison between the
best-performing networks is made based on their performance
on the testing dataset. Their performance on the unseen data is
not taken into consideration during the training phase. At the
end of that phase, the twenty best networks are kept based on
their performance on the validation dataset. Then, the perfor-
mances of those networks are tested in the unseen data,
meaning the testing dataset. The best-performing network in all
the datasets is used for the prediction. The number of networks
that are eventually kept is three in total, one for each property.
Those networks are updated after each iteration following the
same procedure.

Because the flow test is quite sensitive, even with small
adjustments in the dosages of the materials, more data was
added for the training of the corresponding network. The fluc-
tuations in the amount of water, sand and superplasticizer can
extremely affect the measurement. Apart from the data collected

© 2022 The Author(s). Published by the Royal Society of Chemistry
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from the 18 formed mixtures, the extra data was the same
combinations of materials, but with the absence of water, sand,
or superplasticizer. Additionally, the data from the study pre-
sented in” was added to improve the accuracy of the
predictions.

Multiobjective approach

For 3D printing applications, the optimum material should
have high flowability before deposition, high extrudability and
buildability at the time of the deposition, and high stiffness
immediately after deposition.® Apart from these fresh and
crucial properties, the aim is also to achieve the highest
possible compressive strength. Various other criteria could be
given in a multiobjective approach, but for simplicity's sake and
the proof of concept of this methodology, only those criteria are
respected. The criteria are kept the same as in the first part of
the study. Specifically, the goals that are set are the following:

e Flowability: flowability depends on the extrusion system
used.”® An increased flowability will be pumped more easily, but
it comes in contrast to buildability. The threshold set for this
study is a mortar flow above 60%, 5 minutes after the end of the
mixing process.

e Shape stability/buildability: structural build-up in the
dormant period is crucial. Aimed at high printing speeds, the
shear stress should be as high as possible, but compromises
will be made for the other two objectives. In this study,
a threshold of 16 kPa in 90 minutes after mixing is set.

e Mechanical properties: a threshold of 80 MPa after 28 days
is set for the compressive strength of high-performance
concrete. As with the buildability and shear stress, the aim is
to increase the hardened properties to the greatest extent
possible.

Only the mixtures that respect these criteria are considered
accepted. The data collected from the initial set of mixtures
following the D-optimal mix design are presented in Table 3.

A graphical representation can be seen with the three
objectives in Fig. 2. The x-axis is the shear stress at 90 minutes,
the y-axis is the compressive strength at 28 days and the z-axis is
the flow at 5 minutes after the mixing process. The threshold of
each property can be seen as a red dashed line. The new
introduced mixtures are in light blue. After evaluating if they
respected the criteria, the rejected mixtures are turned yellow
and the accepted mixtures are turned green. Among the 18
mixtures proposed by the D-optimal design, mixture 4 with HE,
fine sand, a 0.345 water-to-binder ratio, a 2.0 sand-to-binder
ratio, PCE-2 superplasticizer, and the addition of CSH-C gave
the best results, and it was the only mixture that met the
criteria.>

Results and discussion
Optimization process

The optimization process is depicted in Fig. 3. Twenty-one new
mixtures were introduced after five iterations of the Pareto
optimization process. In total, 39 mixtures were formed,
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Table 3 Properties of the initial set>*
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Flow in 5 min

Shear stress Compressive strength

Mix Mixture description (%) in 90 min (kPa) in 28 days (MPa)

1 GU|Coarse|0.32|1.8|PCE-1|— 95 12.0 81.3

2 GU|Coarse|0.345|2.0|SNP|B 65 20.6 66.7

3 GU|Fine|0.32|2.3|SNP|CSH-C 0 — —

4 HE|Fine|0.3452.0|PCE-2|CSH-C 80 19.6 83.0

5 HE|Fine|0.37|2.3|PCE-1|— 0 — —

6 HE|Recycled|0.345/1.8|PCE-1|B 88 12.5 81.1

7 GUDSF|Coarse|0.37|2.0|PCE-2|— 152 6.6 92.3

8 GUDbSF|Recycled|0.32|1.8/PCE-2|CSH-C 152 7.6 102.2

9 GUDbSF|Recycled|0.37/2.3|SNP|B 73 14.9 70.6

10 GU|Fine|0.37|1.8|PCE-2|B 123 9.3 76.9

11 GU|Recycled|0.345|2.3|PCE-2|— 90 9.3 78.9

12 GU|Recycled|0.37]2.0[PCE-1|CSH-C 111 11.2 78.1

13 HE|Coarse|0.32|2.3|PCE-2|B 56 21.1 80.7

14 HE|Coarse|0.37|1.8|SNP|CSH-C 63 19.1 66.6

15 HE|Recycled|0.32(2.0|SNP|— 0 — —

16 GUDbSF|Coarse|0.345|2.3|PCE-1|CSH-C 70 15.0 90.7

17 GUDSF|Fine|0.32|2.0|PCE-1|B 21 — —

18 GUDSF|Fine|0.345|1.8|SNP|— 63 16.8 69.8

the water-to-binder ratio and the superplasticizer type. The low

i | $f _mig | sF water-to-binder ratio, the addition of the CSH-C admixture, the
S0 s ﬁéq}p"" 100 ?% S0 = ;.;La“;};’“"’ 100 gg recycled sand and the GUbSF cement increased the compressive
o L g G *e [ § strength. The use of HE, the addition of the B admixture and the

60 60
10 15 20 2 10 15 20 2!
Shear stress (kPa? Shear stress (kPa?

Fig. 2 Acceptable mixtures from the initial set.

including the initial set of mixes from the D-optimal design. As
shown in Fig. 3f, eight mixtures were deemed acceptable.

The composition of the new mixtures can be seen in Table 4.
It can be seen that the algorithm showed a preference to specific
materials, which was to be expected. Lower values are preferred
for the sand-to-binder and water-to-binder ratios. The presence
of at least one of the B or CSH-C admixtures is also evident. The
PCE-2 superplasticizer is selected in most of the proposed
mixtures, with the SNP superplasticizer being eliminated. The
HE and GUDSF cement types are preferred instead of the GU.
Recycled and coarse sand are preferred instead of finer sand.
The preferences made by the algorithm can be explained from
the analysis made on the D-optimal mix design.** Based on the
analysis, the three most important factors are the cement type,
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Fig. 3 Optimization process after 5 iterations (a, b ¢, d and e) and the
final outcome (f).
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coarse sand helped improve the shape stability and the shear
stress. On the other hand, the low sand-to-binder ratio, recycled
sand, PCE-2 superplasticizer and high water-to-binder ratio
helped increase the flowability.

First iteration

The non-dominant solutions were obtained after 1571 function
evaluations with a hypervolume of 42 070, an average distance
of 0.0855 and a spread of 0.3565. From the solutions, three
unique mixtures were proposed (Table 5). Those three first
mixtures that the algorithm proposed had the lowest values for
the water-to-binder ratio. At the same time, the algorithm chose
the PCE-2 superplasticizer, which gave the highest flow in the
mixtures of the initial D-optimal set. However, with a water-to-
binder ratio below 0.30% w, the mixtures were too dry to form
a flowable mixture.

Mixtures 20 and 21 had a low flowability. As shown in Fig. 4,
mixture 19 had an acceptable flowability, and the final strength
was above the threshold that was set. However, the mixture did
not meet the criteria related to buildability, since the shear
stress was below 16 kPa.

Second iteration

In the second iteration, the non-dominant solutions were ob-
tained after 2162 function evaluations with a hypervolume of
62 103, an average distance of 0.04 and a spread of 0.1978. From
the solutions, five new unique mixtures were proposed (Table
6). Mixtures 22 and 25 were able to meet all three criteria at the
same time. The water-to-binder ratio and the sand-to-binder
ratio at mixtures 22 and 25 were lower than those of the rejec-
ted mixes. The presence of HE with the addition of the B

© 2022 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2dd00040g

Open Access Article. Published on 28 July 2022. Downloaded on 3/9/2026 7:30:06 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

Table 4 Proposed mixtures from the multiobjective optimization algorithm

View Article Online

Digital Discovery

Superplasticizer

Mix Cement Sand Water:binder Sand:binder (type A& F) SP (% w/w) B (% w/w) CSH-C (% w/w)
19 GUDSF Recycled 0.30 2.2 PCE-2 0.25 — 0.23
20 HE Recycled 0.25 1.9 PCE-2 0.28 0.009 0.30
21 HE Coarse 0.29 2.1 PCE-2 0.28 0.009 0.25
22 HE Recycled 0.3 1.7 PCE-2 0.28 0.006 0.40
23 GUDSF Coarse 0.31 2.1 PCE-2 0.28 — 0.02
24 HE Coarse 0.35 2.1 PCE-2 0.28 — 0.38
25 GUDbSF Coarse 0.3 1.8 PCE-2 0.26 0.018 —
26 HE Coarse 0.31 2.1 PCE-2 0.28 0.006 0.02
27 GU Coarse 0.3 1.7 PCE-1 0.28 0.003 0.33
28 GU Coarse 0.33 1.8 PCE-1 0.28 — 0.40
29 HE Fine 0.3 1.7 PCE-1 0.22 — 0.15
30 GU Fine 0.33 1.8 PCE-1 0.25 — 0.40
31 GUDbSF Fine 0.33 1.8 PCE-1 0.25 — 0.18
32 GUDbSF Recycled 0.3 1.7 PCE-1 0.28 0.013 0.40
33 GUDbSF Recycled 0.3 2.0 PCE-2 0.28 0.013 0.02
34 HE Coarse 0.3 1.8 PCE-2 0.28 0.013 0.11
35 HE Recycled 0.3 2.0 PCE-2 0.28 0.013 0.04
36 GUDbSF Recycled 0.3 1.7 PCE-1 0.26 0.008 —
37 HE Recycled 0.3 1.7 PCE-2 0.28 0.008 0.40
38 GUDbSF Coarse 0.31 2.1 PCE-1 0.28 — 0.02
39 HE Recycled 0.3 1.7 PCE-2 0.28 0.013 0.11

Table 5 First iteration: set of mixtures proposed by the Pareto algorithm

Shear stress

Compressive strength

Mix Mixture description Flow (%) (kPa) (MPa) Criteria met
19 GUDSF|Recycled|0.30(2.2|PCE-2(0.25|—|0.23 68 14.1 89.6 ey A%

20 HE|Recycled|0.25]1.9|PCE-2|0.28]0.009]0.30 0 — — X, —, —

21 HE|Coarse|0.29|2.1|PCE-2|0.28|0.009]0.25 12 — — X, —, —

3
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Fig. 4 The performance of the proposed mixtures after the first iter-
ation (a, b, ).

admixture helped increase the shear stress, whereas GUbSF and
CSH-C increased the compressive strength. With the use of the
GUDSF cement type, the compressive strength at 28 days sur-
passed 90 MPa, and the shear stress remained close to 17 kPa
after 90 minutes in mixture 25.

In Fig. 5, mixtures 22 and 25 were inside the accepted zone
for all three criteria. Mixtures 23 and 26 had low flowability,
whereas mixture 23 performed better in terms of compressive
strength and mixture 26 in terms of shear stress. Mixture 24 had
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Fig. 5 The performance of the proposed mixtures after the second

iteration (a, b and c).

Table 6 Second iteration: set of mixtures proposed by the Pareto algorithm

Shear stress

Compressive strength

Mix Mixture description Flow (%) (kPa) (MPa) Criteria met
22 HE|Recycled|0.30|1.7|PCE-2(0.28]0.006/0.40 76 16.5 85.6 Vs
23 GUDSF|Coarse|0.31|2.1|PCE-2|0.28|—|0.02 58 15.2 92.0 XXV
24 HE|Coarse|0.35/2.1|PCE-2|0.28| —|0.38 70 15.1 77.3 v, XX
25 GUDSF|Coarse|0.30|1.8|PCE-2|0.26]0.018|— 67 17.6 95.9 VAV
26 HE|Coarse|0.31]2.1|PCE-2|0.28]0.0060.02 42 20.7 77.0 X/, X
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Table 7 Third iteration: set of mixtures proposed by the Pareto algorithm

Shear stress Compressive strength

Mix Mixture description Flow (%) (kPa) (MPa) Criteria met
27 GU|Coarse|0.30|1.7|PCE-1|0.28|0.003/0.33 16 — — X, —, —

28 GU|Coarse|0.33|1.8|PCE-1[0.28|—|0.40 70 15.6 75.2 v, X X

29 HE|Fine|0.30|1.7|PCE-1]0.22|—|0.15 0 — — X, —, —

30 GU[Fine|0.33|1.8|PCE-1]0.25|—|0.40 60 17.1 73.5 VA |

an acceptable flow, but the compressive strength and the shear
stress were below the thresholds.

Third iteration

In the third iteration, the non-dominant solutions were ob-
tained after 2709 function evaluations with a hypervolume of
91 704, an average distance of 0.0377 and a spread of 0.1741.
The algorithm proposed the use of materials that have not been
used in the previous two iterations. Here, four new unique
mixtures were proposed, all of which included the PCE-1
superplasticizer (Table 7). GU cement and fine sand were
added, the use of a CSH-C admixture was prevalent, and the B
admixture was reduced or removed from the majority of the
newly proposed mixtures. That was an area that the algorithm
has not explored during the previous two iterations. The results
of those mixtures showed that these combinations need an
increased water-to-binder ratio, from 0.3 to at least 0.33 w%, to
acquire enough flowability. The absence of the B admixture also
resulted in reduced flowability. The use of GU cement with the
PCE-1 and CSH-C admixtures was not sufficient to meet the
criteria related to the compressive strength.

In Fig. 6¢, mixture 30 is in the acceptable region since it was
able to meet the criteria related to the flow and shear stress.
Mixture 28 had sufficient flowability, but its performance in the
shear stress was less than the threshold of 16 kPa. The
compressive strengths of both mixtures were less than 80 MPa,
which can be seen graphically in Fig. 6a and b.

3

Fourth iteration

In the fourth iteration, the non-dominant solutions were
obtained after 2930 function evaluations with a hypervolume
of 18289, an average distance of 0.0252 and a spread of
0.1892. After exploring different combinations in the third
iteration, the algorithm began to become more accurate on its
suggestions. Five new mixtures were proposed (Table 8), all of
which were able to meet the criteria related to the flow and the
compressive strength. Only two mixtures, mixes 31 and 33,
did not have a shear stress above the requested threshold of
16 kPa. Mixture 34 had the best shear stress among all the
formed mixtures at 23.2 kPa 90 minutes after the mixing
procedure.

As shown in Fig. 7b, all of the mixtures are inside the
accepted region for the flow and compressive strength.
However, only mixtures 32, 34 and 35 met all the criteria and are
located inside the accepted area in Fig. 7a, b and c.

Fifth iteration

In the fifth iteration, the non-dominant solutions were obtained
after 2791 function evaluations with a hypervolume of 38 833,
an average distance of 0.034 and a spread of 0.2223. Here, the
algorithm proposed four new mixtures (Table 9). Mixtures 37
and 39 were able to meet all three criteria at the same time.
Until this iteration, the use of HE cement type was able to
increase the shear stress even above 20 kPa after 90 minutes,

3
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Fig. 6 The performance of the proposed mixtures after the third
iteration (a, b and c).

Fig. 7 The performance of the proposed mixtures after the fourth
iteration (a, b and c).

Table 8 Fourth iteration: set of mixtures proposed by the Pareto algorithm

Shear stress

Compressive strength

Mix Mixture description Flow (%) (kPa) (MPa) Criteria met
31 GUDSF|Fine|0.33|1.8|PCE-1|0.25|—]|0.18 9% 14.0 93.4 ey 4
32 GUDSF|Recycled|0.30|1.7|PCE-1]0.28/0.013]0.40 80 16.8 94.2 Vs
33 GUDbSF|Recycled|0.30|2.0|PCE-2/0.28|0.013]0.02 87 13.8 94.1 ey A4
34 HE|Coarse|0.30|1.8|PCE-2/0.28]0.013]0.11 62 23.2 81.2 VA
35 HE|Recycled|0.30[2.0[PCE-2(0.28]0.0130.04 68 20.0 81.1 Vv

652 | Digital Discovery, 2022, 1, 645-657

© 2022 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2dd00040g

Open Access Article. Published on 28 July 2022. Downloaded on 3/9/2026 7:30:06 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

View Article Online

Digital Discovery

Table 9 Fifth iteration: set of mixtures proposed by the Pareto algorithm

Shear stress Compressive strength
Mix Mixture description Flow (%) (kPa) (MPa) Criteria met
36 GUDSF|Recycled|0.30|1.7|PCE-1]0.26/0.008|— 82 15.1 86.4 AR 4
Y
37 HE|Recycled|0.30|1.7|PCE-2|0.28/0.008|0.40 69 18.8 85.4 Vs
38 GUDSF|Coarse|0.31/2.1|PCE-1]0.28/—|0.02 37 9.8 85.7 X XV
39 HE|Recycled|0.30|1.7|PCE-2/0.28]0.013]0.11 91 19.6 88.5 Vs
but the compressive strength at 28 days remained close to
" 5:;2 i e i . i 80 MPa. Mixture 39 showed that it is possible to simultaneously
§2w %sgfﬁ,‘g 3o “..r 0§ Z.% 8 i 2 acquire a shear stress of 19.6 kPa in 90 minutes, 88.5 MPa in 28
2% B C--p@.. T 9 oganstsTdo s 3 635261 . .
i I P o BT i Wi, o days and a flow of 91% in 5 minutes.
142
O " e " e As shown in Fig. 8b, all of the mixtures meet the require-
Shear stress (kPa) strength (MPa) Shear stress (kPa)

Fig. 8 The performance of the proposed
iteration (a, b and c).

mixtures after the fifth

Table 10 The properties of the 39 mixtures of the study

ments related to the compressive strength. However, only
mixtures 37 and 39 met all the criteria and are located inside the
accepted area in Fig. 7a, b and c.

Flow in 5 min Shear stress Compressive strength

Mix Mixture description (%) in 90 min (kPa) in 28 days (MPa)
1 GU|Coarse|0.32|1.8|PCE-1|— 95 12.0 81.3
2 GU|Coarse|0.345|2.0/SNP|B 65 20.6 66.7
3 GU|Fine|0.32(2.3|SNP|CSH-C 0 — —

4 HE|Fine|0.345|2.0| PCE-2|CSH-C 80 19.6 83.0
5 HE|Fine|0.37|2.3|PCE-1|— 0 — —

6 HE|Recycled|0.345|1.8|PCE-1|B 88 12.5 81.1
7 GUDSF|Coarse|0.37|2.0[PCE-2|— 152 6.6 92.3
8 GUDSF|Recycled|0.32|1.8|PCE-2|CSH-C 152 7.6 102.2
9 GUDbSF|Recycled|0.37|2.3|SNP|B 73 14.9 70.6
10 GU|Fine|0.37|1.8|PCE-2|B 123 9.3 76.9
11 GU|Recycled|0.345|2.3|PCE-2|— 90 9.3 78.9
12 GU|Recycled|0.37|2.0|PCE-1|CSH-C 111 11.2 78.1
13 HE|Coarse|0.32|2.3|PCE-2|B 56 21.1 80.7
14 HE|Coarse|0.37|1.8/SNP|CSH-C 63 19.1 66.6
15 HE|Recycled|0.32|2.0|SNP|— 0 — —

16 GUDSF|Coarse|0.345|2.3|PCE-1|CSH-C 70 15.0 90.7
17 GUDSF|Fine|0.32|2.0|PCE-1|B 21 — —

18 GUDSF|Fine|0.345|1.8|SNP|— 63 16.8 69.8
19 GUDbSF|Recycled|0.30|2.2|PCE-2(0.25|—0.23 68 14.1 89.6
20 HE|Recycled|0.25|1.9|PCE-2|0.28/0.009|0.30 0 — —

21 HE|Coarse|0.29|2.1|PCE-2|0.28|0.009|0.25 12 - —

22 HE|Recycled|0.30|1.7|PCE-2|0.28|0.006|0.40 76 16.5 85.6
23 GUDSF|Coarse|0.31|2.1|PCE-2|0.28|—|0.02 58 15.2 92.0
24 HE|Coarse|0.35|2.1|PCE-2|0.28|—|0.38 70 15.1 77.3
25 GUDSF|Coarse|0.30|1.8[PCE-2|0.26/0.018|— 67 17.6 95.9
26 HE|Coarse|0.31|2.1|PCE-2|0.28|0.006]0.02 42 20.7 77.0
27 GU|Coarse|0.30[1.7|PCE-1|0.280.003[0.33 16 — —

28 GU|Coarse|0.33|1.8|PCE-1|0.28|—|0.40 70 15.6 75.2
29 HE|Fine|0.30|1.7|PCE-1|0.22|—|0.15 0 — —

30 GU|Fine|0.33|1.8|PCE-1|0.25|—]|0.40 60 17.1 73.5
31 GUDbSF|Fine|0.33|1.8|PCE-1/|0.25|—|0.18 96 14.0 93.4
32 GUDSF|Recycled|0.30|1.7|PCE-1/0.28]0.013/0.40 80 16.8 94.2
33 GUbSF|Recycled|0.30|2.0|PCE-2|0.28|0.013]0.02 87 13.8 94.1
34 HE|Coarse|0.30|1.8|PCE-2|0.28(0.013|0.11 62 23.2 81.2
35 HE|Recycled|0.302.0/PCE-2|0.28|0.013|0.04 68 20.0 81.1
36 GUDSF|Recycled|0.30|1.7|PCE-1[0.26]0.008|— 82 15.1 86.4
37 HE|Recycled|0.30/1.7|PCE-2|0.28|0.008|0.40 69 18.8 85.4
38 GUDSF|Coarse|0.31|2.1|PCE-1]0.28|—|0.02 37 9.8 85.7
39 HE|Recycled|0.30/1.7|PCE-2(0.28/0.013[0.11 91 19.6 88.5
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Analysis and discussion

Among the 18 initial mixtures, only mixture 4 met the three
criteria related to the flowability, the compressive strength and
buildability/shape stability. Seven more mixtures met the
criteria after following the methodology with the optimization
algorithms. The algorithm was able to determine which mate-
rials performed better and what was the optimum dosage for
each one. Table 10 summarizes the results obtained after
testing the 39 mixtures of this study. Interestingly, these final
mixtures contained recycled fine aggregates. These results are
favourable to circulate the fine from the ready-mix concrete
truck washing facilities decantation basins.

Among the three levels of cement type used in this study,
high early strength cement (HE) was most preferred by the
algorithm, along with the GUbSF cement type. The use of HE
evidently increases the shear stress after 90 minutes. Regarding
the compressive strength, the mixtures with GUbSF gave higher
values, as expected.*****> However, the algorithm suggested
mixtures that could improve the shear stress and the
compressive strength by adjusting the remaining seven factors.
The average shear stress of the initial set of mixtures was 14 kPa,
which was increased in the proposed mixtures to 16.7 kPa.
Regarding the compressive strength, the average value of the
initial set of mixtures was 81 MPa and increased to 86 MPa. The
best-performing mixes were mixtures 4, 22, 25, 32, 34, 35, 37,
and 39 which are marked in bold font in Table 10. Even if the
accepted mixtures are not identical, many similarities and
patterns can be noticed. For instance, the presence of the type B
admixture is evident in all the newly accepted mixtures. This
can be explained since the addition of viscosity-modifying agent
admixtures increases its workability.®* The PCE-2 super-
plasticizer and the CSH-C admixture are also important to
include, since they are present in seven out of eight accepted
mixtures. Studies suggest that the presence of CSH-C increases
the compressive strength.®®® The water-to-binder ratio and the
sand-to-binder ratio were kept close to the minimum possible
value. The majority of the studies in 3D concrete printing use
a sand-to-binder ratio below 2.0. The GU cement type, fine sand
and SNP type of the superplasticizer were the levels that per-
formed worse than the other available options, leading the
algorithm to avoid them in the proposed mixtures. For the
latter, the preference for PCE superplasticizers can be explained
by the literature, since the efficiency of the new generation of
superplasticizers is better than that of the old generation.***°

Conclusion

The proposed methodology allowed for improving the proper-
ties of the mixtures following a trend towards a multiobjective
optimization. In this study, the three investigated properties
were the workability, buildability, and compressive strength.
The use of optimization algorithms and artificial intelligence
was important due to the high complexity of the mix design.
Eight factors were investigated in total. Among the factors, the
qualitative factors were three cement types, including high early
strength cement, three types of sand with different particle size
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distributions, including recycled sand, and three types of
superplasticizers. The quantitative factors were the water-to-
binder ratio, the sand-to-binder ratio, the dosage of the super-
plasticizer, and the B and CSH-C admixtures. The three inves-
tigated properties, ie., workability, buildability, and
compressive strength, were contradictory to one another, with
each factor having a positive and negative effect on each prop-
erty. The Pareto algorithm narrowed down the factors and their
levels after identifying the important factors. It also determined
the preferred dosages to improve the conflicting objectives. On
the other hand, the neural networks helped to visualize the
effect of each material. The use of the genetic algorithm
contributed to better training of the neural networks for each
property. Among the 39 mixtures formed in this study, eight
mixtures met the criteria being set. Overall, the approach is
promising for improving the wet and final properties of mortar
mixes used for 3D concrete printing applications by reducing
the material and accelerating the mix design process. The final
mixtures contained recycled fine aggregates, which is a positive
contribution to a more circular economy. Given the encour-
aging results obtained, newly proposed optimization algo-
rithms and more design criteria will be added in the next steps
of the research.
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