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Abstract

The use of concrete pavement has significantly increased due to its advantages over asphalt pavement.
Determining the concrete mix ratio for asphalt is a vital and crucial step in the construction process.
Concrete should be strong, durable, and resistant'to environmental degrading factors. This means it needs
to withstand freezing, thawing, shrinkage, and harsh environmental conditions (such as heat and cold. These
characteristics result in concrete having a longer lifespan and creating robust structures). One of the
challenges in design is balancing quality and cost, which comes with its own complexities.. Over the past
few years, the application of models and algorithms for multi-objective‘problems has been a focus of
research. This study introduces adaptive neuro-fuzzy inference system goal pregramming (NFGPM) and
fuzzy-goal programming model (FGPM) as expanded variants of basic goal programming models, as
alternative tools for allocating asphalt concrete pavement mixtures proportions with multiple, varied
objectives. The actual data laboratory experiment datasets were generated and used to develop proposed
models. The outcomes of the proposed NFGPM’s mixture proportions and its prediction of,concrete
properties —such as slump, flexural strength, abrasion resistance, shrinkage and freeze—thaw/behavior—

are compared with experimental data. The study confirms that the adaptive neuro-fuzzy inference system
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goal programming model proposed herein can deliver the most cost-effective and optimally performing

concrete pavement mixture proportions.

Keywords: concrete pavement; mixture proportioning; multi-objective; goal programming; adaptive

neuro-fuzzy inference system

1. Introduction

Today concrete pavement is employed owing to numerous advantages such as high rigidity, excellent
fatigue performance, long<service life and cost-effectiveness [1]. The first concrete pavement was
constructed in 1891 in Ohio, USA, and remained surprisingly serviceable after centuries. Although concrete
pavement require a higher initial investment than asphalt pavements, they are more economical over their
long-term life cycle.

However, their longer service life and ease of maintenance relative to other pavement materials,
including asphalt, are high desirable. Additionally, concrete pavements have an operating life that is at least
1.5 to 2 times longer than that of asphalt pavements [2].

Concrete pavements are important components due to €xposure to environmental weather conditions.
Therefore, certain standards, including Federal Aviation Administration of Wnited State (FAA) and the
International Civil Aviation Organization (ICAQO), as well as some guidelines, attempt to provide method
or process for determining mixture proportions [2-4]. However, the methods described inithe cited standards
or guidelines for selecting appropriate concrete pavement mixture proportionsiremain traditional, relying on
trial mixes and the use of tabulated data or a table or charts [5]. Typical intended properties in guidelines
for concrete pavements include achieving the desired workability, sufficient compressive or flexural
strength, controlled plastic or drying shrinkage, durability and abrasion resistance.” An /important
consideration is that, in addition to the stated objectives, the designed concrete mixture should.be cost<

effective [6,7]. In recent years, there has been growing use of algorithms and mathematical and statistical
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to predict concrete properties or to determine optimal mixture ratios by comparing regression methods,
neural'network and neuro-fuzzy network [8-10].Sobhani et al. [11] attempted to identify the best method
for predicting 28-day compressive strength by presenting data from no-slump concrete mix designs. A
notable aspect of the aforementioned study is that the models and algorithms considered only a single
objective. For“instance, only the attainment of compressive strength was targeted. The challenge of
determining concretespavement mixture proportions is highlighted here, because several goals may be
conflicting, making it.very difficult to address all of them using traditional approaches or single objective
models [4, 12, and 13].

For example, in determiningdmixture proportions, the project owner or consulting foreconsiders several
objectives, including reducing costs;” improving mechanical properties, increasing the durability,
minimizing shrinkage and cracking, and ensuring acceptable workability. However, to increase mechanical
properties, special admixtures are required that raise«costs or or may adversely affect the properties of the
structure. Therefore, it is essential to use models/that can optimize concrete mixture proportions for all
purposes. In recent years, multiple studies have~been explored multi-objective optimization in the
construction industry. Muthukumar and Mohan [14] employed an optimization model to determine the
optimal polymer concrete proportions to minimize mixture voids, evaluating mechanical properties such as
compressive, flexural and tensile strength for each mix. Park et:"al. [15] propesed a multi-objective approach
that concurrently considers mechanical property and the cost in the early stage. Sahab et. al. [16] aimed to
optimize the cost of buildings slabs. As noted above, there is no study that optimizes concrete pavement
mixture proportions across multiple goals and objectives. Recent advances in data-driven and optimization-
based concrete mix design have significantly improved the accuracy and sustainability”of preportioning
methods. Gao et al. ['VY] proposed a generative modelling framework that enables automated mix.design
optimization by learning from existing datasets, resulting in more efficient and sustainable concrete

compositions.
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Similarly, Cao et al. [ A] integrated Bayesian optimization with NGBoost and the NSGA-I11 algorithm
to minimize cost, carbon emissions, and variability in concrete for low-carbon applications. Their hybrid
framework achieved<better convergence and predictive accuracy compared to conventional statistical
methods and «other ‘metaheuristic approaches. Complementing these investigations, Wang et al. ['4]
proposed a multi-objective”optimization framework for ultra-high-performance concrete (UHPC) that
integrates evolutionary algorithms with machine learning models to achieve a more favorable balance
between mechanical strength and material efficiency. Collectively, these contemporary studies underscore
the expanding role of artificial intelligence and hybrid optimization techniques in advancing next-

generation, sustainable concrete mix design methodologies.

2. Aims and methodology

In this article, goal programming is employed to determine the mix proportions of concrete pavements
while simultaneously optimizing multiple objectives. A model is developed to yield the optimal proportions
such that the combination of minimum cost and the optimal values of mechanical properties, durability and
shrinkage adheres to the technical specifications of the project. Moreover, within the framework of the
model, fuzzy logic and artificial neural networks were employed to develop.the model. The proposed
approach is capable of determining the usage or non-usage of different materials and ‘quantifying their
amounts while considering the defined objectives. The results of these models'were benchmarked against
the linear programming model. The schematic structure of applied optimization models in this_study is

depicted in Figure 1.
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Fig. 1+The schematic structure of applied optimization models in this study

2.1. Regression

Regression analysis is employed to characterize the relationship between one or more independent variables
and dependent variable. The regression equation is is derived from statistical data and it can be used to
estimate the targeted parameter. Linear regression is one of the regression methods, defined by a relationship

among independent variables that is additive and subtractive (i.e., linear in parameters). [20]

2.2. Linear programming

Linear programming models are a mathematical-optimization methods widely employed in structural
design problems [21]. A key characteristic of this approach;is thatall constraints and the objective function
are expressed as linear functions of the design variables. The objective function can be either maximized or

minimized depending to the problem, and the constraints may take the form of equalities or inequalities.

2.3. Goal programming model (GPM)

Goal programming is a multi-objective decision making method. Unlike other approaches, in this method
goals are treated as desirable targets and attaining them exactly is not mandatory. In fact, the presented

solution approaches all goals acceptably, and the model may violate some of the goals.
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For each goal, the deviations di- and di+ are defined from the respective sides, and the smaller the
deviation, the closer the target is to being achieved. A key advantage of this modelling approach is that
certain goals may be in conflict; in such cases, the optimal solution lies at a point within the feasible region
often referred to as the "utopia” point. This method enables multi-objective optimization by converting all
targets into a.single aggregated goal and subsequently minimizing the sum of distances to single-objective,
which can,be solved using the LINGO software [22]. The GPM model for the mix-proportion optimization
problem can be'developedthrough the following analysis: If the target values for each concrete specification

are taken as b; then the model can‘considered as equation (1):
N 1)
G, (x;)=>W;x; =b, (Fori=1..,n)
j=1
Using two nonnegative values, forexample, diand di*, equation 8 can be converted into an equation 2:

< @f>0d720) (Fori=1...n)

;Wijxj +d; —d;" =b, )

di" means approaching from the positive side to the target; in other words, more values than the desired
value are checked; Thus, the negative sign is introduced into thesequation to achieve the goal. Similarly,
since d;” approaches the target from lower values, it must be introduced with the positive sign in the equation.
With these interpretations, if one of these two values takes a number, the other becomes zero. Consequently,

goal programming approach defines the optimal solution by minimizing, this.gap aeross all goals. A goal

programming formulation is presented in Equations 3-5.

VA :Minimumi(di‘+di+) (3)

Subject to:
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Zwijxj+dii_di+:bi (4)
i=1

d;.d b, pwy . x; =0 ®)

ij

In'Equations (1) to (5), G;(x;) represents the value of the i-th goal function. The parameter Wi denotes

the coefficient (weight) of decision variable x; in the i-th goal, while x; represents the j-th decision variable

of the model. The parameterb; is,the target value associated with the i-th goal. The variables d; and di

are non-negative deviation variables representing the positive and negative deviations from the target value,
respectively. The objective function Z _denotes the minimization of the sum of deviation variables for all

goals. All deviation variables and‘decision variables are constrained to be non-negative.

3. Prediction of Concrete Properties from Mix Design

The structure of the regression modelling systems ineluding inputs and outputs for predicting concrete
properties from mix design, were schematically shown inFig. 2{ The input parameters were (I) cement (I1)
water, (111) silica fume, (IV) aggregates, (V) plasticizer, (V1) fiber and’'(\V11) air-entraining admixture (AEA)
by the weight per unit volume of concrete. Also, Table 1 presents the ranges of input and output of data

used for regression modelling object. These ranges are based on the previous researches [23-28].

Cement
Silica fume — slump
Water ~ Flexural strength

aggregate |I»[ Model }-P Abrasion strength
Polypropylene

fibers | Drying shrinkage

Superplasticizer — Freeze and thaw

M

Air-entraining
admixture

Fig. 2. The schematic structure of the regression modeler systems
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Table 1. Input and output of data used for regression modelling

Range
Inputs
Minimum Maximum

Cement (kg/m?®) [ 331.2 420

Silica fume (kg/m?®) SF 0 33.6
Water (kg/m?®) W 140.4 180.6
aggregate (kg/m?) AG 1683.9 1845.8

Polypropyleneffibers, (kg/m®) PPF 0 15

Superplasticizer (kg/m®) SP 0 3.57

Air-entraining admixture

AE 0 0.252

(kg/m?)

In the present study, using the regression model, with.the real data and Minitab software, we aim to
obtain equations to determine concrete properties, including slump,flexural strength, abrasion resistance,
drying shrinkage and freezing thawing, considering cementyaggregates, water, a variety of chemical and
mineral admixtures and fibers. Experimental data include 24 ordinary concrete samples prepared with
different amounts of cement, silica fume, water, aggregates, fibers, Super-plasticizer and air entraining
additives. The mix proportions of these samples are presented in Table 2. Then each sample was prepared
in the laboratory, and various experiments were conducted on them at different ages, with the results from
each experiment used to determine the model. Results of slump tests, flexural strength, drying shrinkage
and freezing-thawing are presented in Table 3. To make the model's precision, reduce the'error rate; and

prevent overfitting during training, a scaling operations is applied to all the data before the regression,
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with all data ranging from between 0.1 to 0.9 [11]. This operation is performed according to the following

formula:

X —

i =0.1+0.8x

max

X min

min

(6)

Where i is the scaled input; X is the not-scaled input, Xmin and Xmax are the minimum and maximum

not-scaled input valuesrespectively.

Table 2. Proportions of mixtures used as actual data in regression model

Cement Silicafume  Water « Aggregate fiber Super-plasticizer Air-entraining
Mixture  wic
(kg/m3) (kg/m3) (kg/m3) (kg/m3) (kg/m3) (kg/m3) (kg/m3)

NC-1 0.39 380 0 148.2 1809.5 0 171 0
NC-2 0.41 380 0 155.8 1790.6 0 1.52 0
NC-3 0.37 380 0 140.6 1828.0 0 2.09 0
NC-4 0.39 360 0 140.4 1845.8 0 1.62 0
NC-5 0.39 400 0 156 1773.2 0 18 0
NC-6 0.39 380 0 148.2 1808.9 0 1.7% 0.114
NC-7 0.39 380 0 148.2 1804.4 15 2.09 0
NC-8 0.39 380 0 148.2 1804.8 15 1.71 0.228
NC-9 0.45 380 0 171 1755.3 0 0 0
NC-10 0.41 420 0 172.2 1715.7 0 1.68 0.126
NC-11 0.37 386.4 33.6 155.4 17447 0 2.73 0
NC-12 0.43 380 0 163.4 17747 0 0 0
NC-13 0.45 331.2 28.8 162 1779.7 15 0 0.216
NC-14 0.43 420 0 180.6 1697.9 0 0 0.252
NC-15 0.37 403.2 16.8 155.4 1744.4 i3 3.57 0
NC-16 0.45 400 0 180 1712.8 1 0 0.24
NC-17 0.39 349.6 30.4 148.2 1798.6 0 171 0.114
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NC-18 0.45 349.6 304 171 1740.2 15 0 0.114
NC-19 043 3864 336 180.6 1683.9 1 0 0
NC-20 0.41 386.4 33.6 172.2 1699.1 15 2.1 0
NC-21 0.39 345.6 14.4 140.4 1837.1 1 1.98 0
NC-22 ) 0.39 384 16 156 1767.1 0 18 0.24
NC-23 045 380 0 171 1750.9 15 0 0.114
NC-24 0.41 380 0 155.8 1785.8 15 1.52 0.228
Table 3. Values of test results of experimental mixtures
slugl Flexural  Abrasion D_rying Freeze and thaw
Mixture strength  strength  shrinkage
- MPa Weight umim Relative dyn_ar_nic
loss (%) modulus of elasticity (%0)

NC-1 40 6.333 7.13 398 76

NC-2 45 6.318 8.03 491 73

NC-3 45 6.770 6.68 342 81

NC-4 35 6.314 7.10 310 76

NC-5 50 6.469 7:09 436 77

NC-6 55 6.192 7.43 423 81

NC-7 40 6.593 6.70 281 70

NC-8 50 6.044 8.43 408 78

NC-9 70 5.623 9.87 760 62

NC-10 60 6.032 8.58 640 79

NC-11 45 6.982 6.54 405 84

NC-12 60 5.912 8.59 674 65

NC-13 70 5.498 9.65 740 75

NC-14 75 5.600 8.12 790 76

NC-15 55 6.650 6.58 388 76

NC-16 75 5.398 10.23 794 68

NC-17 45 6.298 7.10 544 81

NC-18 70 5.732 9.12 612 64

NC-19 55 6.280 7.60 690 67

M-10



NC-20 40 6.490 7.98 542 72

NC-21 50 6.342 6.84 384 76
NC-22 60 5.980 7.34 584 84
NC-23 75 5.540 9.75 644 65
NC-24 50 5.890 8.64 452 83

To evaluate and compare the proposed regression models, two, two metrics, RMSE and R?, were used
to compare model results with experimental (actual) results. The RMSE parameter indicates the amount of
error between the predicted results and the actual results, in the form of the following equation, with lower

values corresponding to higher model accuracy [20, 29]:

RMSE = \/Nii(vi (actual) Y , (predicted))? @

i=1l

Y, (actual) and Y . (predicted)

Where are the-experimental and predicted values, respectively, and N

is the number of data samples.

Moreover, the value of R? is between 0 and 100 that in case it is‘closer to 100, indicates the accuracy and
power of the model. To predict the properties of concrete, several regression models are presented in Table
4 based on the results of slump, shrinkage, flexural strength, abrasion resistance, and freezing-thawing. In
Figures 3 and 4, comparing the values of RMSE and R?, it is found that,2th.Polynemial.is the best model
for all properties. The Relationships for slump, shrinkage, freezing-thawing, alrasion resistance and flexural

strength are given in equations 8-12, respectively.
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G =128.8-70.9N —49.1C —25.1SF - 3.05PPF - 0.136AE — 6.59SP —106.6AG + 2.019V * +0.547C * —1.338SF* + 0.215PPF* — 0.232AE” +0.704SP° — 2(8)(52

Slump

G =-22.1+13.3N +7.7C +4.8SF +0.68PPF +0.156 AE +0.58SP +19.3AG — 0.22W * +0.221C > —0.337SF* - 0.413PPF” + 0.098AE” +0.423SP* — O.(%Gz

Shrinkage

G reer rtnan =0-9+0.4W-0,3C-0.5SF+0.4PPF+0.447AE+0.33SP-L6AG-141W? +0.647C? +0.744SF -0.595PPF +0.05AE”-0.059SP{1(B3AG?

G poion = —94.1+53.4 +344C +17.55F + 2.67PPF + 0.973AE + 4.24SP +80.2AG —0.78V 2 —0.5C ? +1.0955F —0.706PPF* —0.352AE? +0.9335{1 D 31AG?
G =18.9-11.4N —6.3C —3.92SF —0.33PPF — 0.593AE ~0.51SP —15AG + 0.564N 2 +0.206C > + 0.61485F” —0.001PPF” +0,231AE” — 0.4325P{ 12736 AG

)

Where Gslump, Gshrinkage, Gfreeze & thaw, Gabrasion and Gﬂexural are the Va|UES Of slump, Sh”nkage, freeZing'
thawing, abrasion resistance and flexural strength that'estimated by regression model. Also, W, C, SF, PPF,
SP and AG are values of water, cement, silica fume, and polypropylene fiber, air entraining admixture, super

plasticizer and aggregates respectively.

Table 4. Various regression models usable in the study (Sobhani‘et al.;-2010)

Model Type Regression model
1nd
1 a,+aW +a,C +a,SF+a,PPF+a,AE+a,SP+a,AG
Polynomial

2nd  a,+aW +aC +a,SF+a,PPF+aAE+a,SP+a,AG+aW *+aC?’ +a,SF*+a,PPF’ +a,AE” +a,,SP* +a,AG

Polynomial

W W +SP+AE

3 Fractional a0+a1C SF+a2 AG + PPF
+ +
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4 polynomial

Parta (W +SP+AEJ (AG+PPF] [W +SP+AE)2 (AG+PPF)2
ta| ——— |+ | —— |+ ———— | +a,| ———

—fractional C +SF C +SF C +SF C +SF
Type 2
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Fig. 3. RMSE values of model for the prediction of concrete pavement properties
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Fig. 4. R?values of model for the prediction of concrete pavement properties

4. Description of problem and object
In this study, the optimization of the mixture proportions for a concrete pavement as a highway road with
a length of 10 km, a width of 25.9 m and a thickness of 0.4 m is considered. The batching of site is located

midway through the project at kilometer 5. The cost of materials is calculated according to the distance
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from batching site to the factory and the purchase and transportation costs, based on the currency of Iran
(IRR),and it is shown in Table 5. The cost of silica fume, fibers, air-entraining agents and superplasticizer
depends-on.the purchase quantity according to the supplier's pricing policy; up to a certain quantity,
the price is at the first step, and with the increase in the purchase, the price decreases, hence, in the next

step or steps, the cost is reduced.

Table 5. Cost of materials (IRR/kg) for 1 cubic meter

Cement Water Aggregate Silica fume fiber Air-entraining Super-plasticizer
X <1000 x>100
1000 <x <2000 x >2000 X <100 X <10 x>10 x <150 x>150
IRR/kg
112225 12425 1435 7000 6000 5000 35000 28000 70000 60000 50000 40000

5. Proposed optimization models
5.1. Linear programming model (LPM)

In the linear programming method used in this article, the purpose of the model is to minimize costs

while achieving accurate results for the desired concrete properties. In<fact, there is only one objective
function, while the remaining goals are encoded as fixed definitions that the model. must satisfy and
cannot violate. The main issues and limitations of the linear programming method are discussed in this
section. It is noteworthy that the model cannot solve a single-objective problem when multiple constraints
are considered, and cannot satisfy all the requirements to determine the optimal mixture proportions. The
following message is obtained when the proposed linear programming model model is implemented:

"The model is locally infeasible.”
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The reason is that some of the constraints and objectives are in conflict with one another, and since in
linear programming models all the constraints must be satisfied, the model cannot find the optimal solution.

5.2.Basic goal programming model (BGPM)

The flexural strength, abrasion resistance, freezing and thawing, slump and shrinkage are described by
equations 8<12,as presented previously. The cost function is also given in accordance with equation (13)

as bellow:

Cost = Cost + Cost +Cost_., +Cost + Cost

+ COStAggregate (13)

Water Cement Fiber AirEntrainment SuperPlasticizer

Where COStwaten COStcement, COStfiber; COStair-entraining, COStsuperplasticizer and COStaggregate are cost of Water,
cement, fiber, air entraining admixture, super plasticizer and aggregate respectively per 1 cubic meter

volume of concrete.

All model inputs and outputs were normalized within/the range of 0.1-0.9 to ensure numerical
consistency among different objectives. The cost target was set'to 0.1 as the ideal minimum value in the
normalized space, while the slump target was selected as the midpoint of itsallowable range to represent
balanced workability. Since the objective of the study is to achieve an oyerall optimal compromise solution,
all goals were assigned equal weights in the goal programming formulation. However,the cost function
must be expressed in kilograms based on the use of coefficients (kilogram per rial).. To link the
relationships, equation (14), is used to convert the mixture components from their normal form

(Equation (1)) to ordinary values suitable for inclusion in the cost function. This cost is ultimately scaled

by the maximum and minimum cost values and incorporated into the constraints in Equation (21).
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. X X .
X =0-01)x—mx___mn X . 14
( ) 08 min ( )

By solving equation 15 in the LINGO software, the minimized values of the distance to the optimal

concrete specifications are obtained according to the model’s objectives. In Equation (15), the standard
deviations for concrete specifications are scaled and numerically are less than 0.9, whereas the cost term
lies in the higher range. Consequently, considering the maximum and minimum costs of the 24 mix designs
presented in Table 2 and in Equation (1), the standard deviation of the cost is scaled in the same manner

as the other standard deviations to.combine them coherently.

Z =Minimum(dg,,, +d S+hrinkage + 07 ez ehaw T D Anrasion Frexural T cost) (15)
Subject to:

Ggump +dspymp = 0.5 (16)

GShrinkage —d SJrhrinkage =01 (17)

Grreer ahaw T Freez 27haw =0-9 (18)

G porasion —d abrasion =0-1 (19)

Gexurat T rrexura = 0.9 (20)

(0.1+ 0.8x Cistta:fgs(::t : j—dgost 01 (22
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In Equations (15) to (21), the following symbols and parameters are used. Z represents the overall objective

: : . o g e - -
function of the basic goal programming model, which is minimized. ~Slump = Shrinkage | A fre &Thaw | -

, and Oerecra represent the deviation values related to slump, shrinkage, abrasion resistance, freezing—

+

thawing resistance, and flexural strength, respectively. Aos denotes the deviation associated with the total
cost of the conerete, mixture. GS'“"‘P represents the predicted value of concrete slump obtained from the

regression model. GSh”"kage denotes the predicted value of concrete shrinkage estimated by the regression

G

model. " Freez&Thaw ndlicates”the \predicted freezing—thawing resistance of concrete obtained from the

regression model. G porsion represents the predicted abrasion resistance of concrete estimated by the
regression modeIGf'eXUfa'denotes the predicted flexural strength of concrete obtained from the regression

model. G s represents the total cost of the concrete_mixture, calculated based on the unit costs and

Cost

quantities of the materials used. mindenotes the'minimumtotal cost among the 24 concrete mix designs

presented in Table 2. Cost denotes the maximum total cost among the 24 concrete mix designs presented

in Table 2.

For the results of shrinkage and abrasion resistance, since the minimum feasible value was considered
for them, it is necessary for the model to move from the larger numbers toward the target to reach the
optimal point. Hence, the standard deviation values for these parameters are pesitiveand the.expression
d" is used. Similarly, for the freezing-thawing values and the flexural strength due to their maximum
orientation, the d- term is used. Furthermore, the desired value for the maximum slump .is taken as the

average of the scaled range.
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The ideal amount of cost is also presented to the model as 0.1 with a minimization goal so that the model
will find the least amount of cost to achieve the desired concrete profile. To provide the outputs of the model
based on the actual conditions, some constraints should be added to the model. The first constrain which

should be taken into account is limiting the volume of the mixture proportions to 1 m2.

Another constrain is considered so that the water-to-cement ratio is at least 0.37 for the model.
Moreover, all inputs and outputs of the model must be lie within specified ranges (between 0.1 and 0.9).
The necessary constraint for stepping the cost of silica fume, fibers, air entraining and super plasticizer are
based on the study of [30] to meet'the seller’s conditions. This constraint for silica fume is provided, for
example, in the relationships, and its schematic figure is shown in Fig. 5. For this purpose, the binary
parameters (zero or one) are used«For example, equations 22 to 30 can be used to step silica fume cost. In
these equations the parameters B1 and=B2 are binary. If both are equal to 0, the cost is placed in the first
step. By entering the second step, the parameter'B1 is 1 and B2 is zero, and entering the third step B1 is 0

and B2 is equal to 1. Also, by equation 30, the amount.of“Lis prevented for two parameters simultaneously.

7000

6000

Price (IRR)

~» AN - .

0 1000 2000 3000 4000
weight (ton)

Fig. 5. Stepping consideration of the silica fume ‘cost

B,,B, e{0,1} (22)
cost = 7000x, +6000x , +5000x , +1000x,B, +[1000x, +1000x,]B, (23)
X, <1000 (24)
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x, >1000(B, +B,) (25)

X, <1000(B, +B,) (26)
X, >1000B, 27)
X, £10008B, (28)
X,20 (29)
B,+B,<1 (30)

In Equations (22) to (30), B, and B, are binary variables that take values of 0 or 1 and are used to

define the active cost step of silica fume. The variables 1, X2 ,and X3 represent the quantities of silica fume
allocated to the first, second, and third cost steps, respectively. The parameter cost denotes the total cost of
silica fume, which is calculated based on different unit prices/assigned to each step. The numerical values
7000, 6000, and 5000 represent the unit cost of silica fume (IRR/k@) in'the first, second, and third purchasing
steps, respectively. The constant value 1000 indicates the upper limit of silicasfume quantity for each step.
The constraints ensure that only one cost step can be active at a time and that the silicafume quantity remains

non-negative and within the defined step limits.

5.3. Developed goal programming model (DGPM)
To upgrade the basic goal programming model and bring its results closer to the aetual situation, the
minimum silica fume content in concrete is set at 4% of the cement weight. In other words, silica fume must

be either zero or at least 4% of the cement content, if it is used. Moreover, for fibers, the amount is more
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than 0.9 kg/ m3, if it is used. The necessary constraint for considering the minimum use of silica fume and

fibers using two binary parameters is presented in the form of the equation 31 in LINGO software.

The parameters Aasr and Aasr are binary parameters, with values either zero or one. If these two binary
parameters are equal (both 0 and both 1), the state in which one is 0 and the other is 1 is eliminated; In
other words, they (Aiss and Ags) are either 0 or 1. If both are zero, the amount of silica fume on one side is
minor (0) and the other side is major (0), resulting in the amount of silica fume being considered 0.
However, if both are 1, its amount is larger on one side and equal to 4% of the cement, and on the other
side, while on the other side it is'smaller and equal to 8% of the cement material. Similarly, it should not

be used or its amount should not'exceed.0.9 kg/m?®.

A A {05 (31)
Ao =A, (32)
SF> A, x0.04x(C +SF) (33)
SF <A, x0.08x(C +SF) (34)
Ao+ Aooe €{0,13 (35)
Apor = Appr (36)
PPF>A . x0.9 (37)

x > 150 (38)
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In Equations (31) to (38), Ause and Ase are binary variables that take values of 0 or 1 and are used to
activate the lower and upper limits of silica fume content. The parameter SF represents the amount of silica
fume (kg/m3), while C denotes the cement content (kg/m3). These constraints ensure that the silica fume
content remains within 4% to 8% of the total cementitious materials (C+SF)(C + SF)(C+SF). Similarly,

Aspor and oo are binary variables used to control the allowable range of polypropylene fiber content.

MaXppe denotes the

The parameter” PPF. represents the amount of polypropylene fibers (kg/m3), and
maximum allowable fiber content. " These constraints ensure that the fiber content remains within acceptable

practical limits and is properly.activated using binary decision variables.

The output of the optimal mixture proportions for the both of models (Basic Goal programming Model
(BGPM) and Developed Goal Programming model (DGPM) is presented in Table 6. As observed, when the
minimum constraints for silica fume and fibers are«€onsidered, the DGPM eliminates fiber from the mixture

design, because BGPM provides a lower fiber content than the specified minimum.

Table 6. The output of optimal mixture preportions of DGPM model

Silica Air- Super- Cost
Cement Water  Aggregate fiber
Mixture wic fume entraining  plasticizer
(kg/m?) (IRR/M®)
ch)ligl'}/tl 0.37 349.10 30.36 140.40 1813.8 1.267 0.124 2.390 1049212

5.4. Fuzzy-goal-programming model (FGPM)
In the previous modeling framework (BGPM and DGPM model), cost is considered as a goal.with the
objective of attaining a zero value. This approach did not account for the influence of concrete

properties on cost. However, cost is a function of concrete specifications, Accordingly, recagnizing the
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relationship between concrete properties and cost, as well as the inherent uncertainty and ambiguity of these

values;a fuzzy logic approach was employed to estimate costs [31].

Using Matlab software, a fuzzy system was created whose inputs are flexural strength, shrinkage,
abrasion resistance, slump and freezing and thawing, with costs considered as its output. To define
membership functions and rules, several experts with 10 to 20 years of experience in this field contributed.
Ultimately, based on the optimal concrete specifications, the cost is predicted by the fuzzy system, and
this cost is added as a constraint,to the goal programming model, replacing the deterministic cost goal

value. Figure 6 presents schematic diagram of the fuzzy system used in this study.

Table 7 compares the results of developed goal programming model (DGPM) and Fuzzy-goal
programming model (FGPM). As itiis clear,FGPM suggested mixture with higher content of fiber, cement,
air entraining admixture and superplasticizer than’"DGPM and consequently a higher cost. Having more
fiber and air entraining admixture reduces shrinkage cracking potential and improves durability against
freezing and thawing cycles. Therefore, performance©f mixtures-designed by FGPM is better than mixture

optimized by DGPM. However, its cost is higher.

Would you like me to refine this into an administrative-style paragraph in°English or adjust tone further?
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Table 7. Comparing outputs of DGPM and FGPM

Silica Air-
Cement Water  Aggregate fiber
Mixture wi/c fume entraini
(kg/m’)
DGPM output 0.37 349.10 30.36  140.40 1813.8 1.267 0.124
FGPM output 0.37 388.2 28.7 154.3 1747 15 0.148

5.5. Adaptive neuro-fuzzy inference system goal programming model (NFGPM) )
M-23



Due to the difficulty of formulating rules and membership functions, instead of employing traditional
fuzzy system, an integration of artificial neural network and fuzzy logic (adaptive neuro-fuzzy inference
system, ANFIS) was used so that the software can drive membership functions and rules from data [32-
34]. To this end v, regression relationships derived from the concrete properties (Equations 8-12), were
used to generate 200 hypothetical mixture proportions, and the cost for each was computed. Then, using
the data, an, ANFEIS-based system was constructed. This cost, like the cost obtained from the fuzzy
system, is eventually incorpaorated into the goal programming framework. The 200 hypothetical concrete
mix designs used for training the ANFEIS model were generated using uniform random (Monte Carlo—based)
sampling within predefinedspractical bounds of each mixture component, ensuring that all input variables
remained within realistic and experimentally validated ranges. Figure 7 illustrates the ANFIS structure

designed in this study.
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Fig. 7. The structure of artificial neural fuzzy inference system (ANFIS) designed in this study (a)

ANFIS description (b) Schematic of ANFIS architecture

6. Comparison

Table 8 presents the optimal mixture proportions presented by all three models examined in this study.
As noted, the lowest mixture cost is achieved by the neuro-fuzzy model, exhibiting'a substantial difference
from the costs associated with the DGPM and FGPM models. Table 9 presents thecaleulated the fresh and
hardened concrete properties corresponding to the optimal mixture proportions from each model. The'results
show that slump, freezing-thawing, abrasion resistance, and flexural strength values are_closely aligned
across models. The shrinkage predicted by the fuzzy-goal-programming and neuro-fuzzy-goal programming
models exceeds that of the developed basic goal programming. This issue is also illustrated in Figure 8.

However, despite the close relationship among the properties of fresh and hardened concrete and the
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durability of the mixtures proportions proposed by all three models, the neuro-fuzzy model achieves a

substantially lower cost than the other two models.

Table 8. The outputs of optimal mixture proportions designed by all three models

Silica Air- Super- Cost
Cement Water  Aggregate fiber
Mixture wi/c fume entraining  plasticizer
(kg/m®) (IRR/mMd)
DGPM output 0.37 349.10 30.36  140.40 1813.8 1.267 0.124 2.390 1049212
FGPM output 0.37 388.20 28.70  154.30 1747.00 1.500 0.148 2.800 1110000
NFGPM
0.37 389:38 0 145.78 1806.3 0.965 0.161 1.137 837044
output

Table 9. The calculated values of concrete properties through the optimal mixture proportions presented

by each model

Concrete properties DGPM FGPM NFGPM
Slump (mm) 54.3 55 55
Shrinkage (um/m) 299 343 341
Freeze and thaw (%) 84 84 84
Abrasion (%) 6.540 6.540 6.540
Flexural (MPa) 6.785 6.685 6.535
Cost (IRR) 1049212 111000 837014
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The differences among DGPM, FGPM, and NFGPM results can be explained by their distinct cost
treatment strategies. While, DGPM minimizes deterministic cost and therefore suppresses the use of
high-cost materials such as fibers, FGPM allows improved durability and mechanical performance at the
expense of higher cost through fuzzy“cost estimation. The proposed NFGPM effectively balances this

trade-off by learning nonlinear cost—performance relationships, achieving comparable performance with

Figure 8. The outputs of optimal mixture proportions designed by all three models

significantly lower cost.

The differences among DGPM, FGPM, and NFGPM results can be explained by their distinct cost
treatment strategies (can be seen in Table 10 and Fig. 9). While DGPM minimizes deterministic cost and
therefore suppresses the use of high-cost materials such as fibers, EGPMrallows improved durability and
mechanical performance at the expense of higher cost through fuzzy cost estimation. The proposed NFGPM

effectively balances this trade-off by learning nonlinear cost—performance™ relationships, achieving

comparable performance with significantly lower cost.
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Table 10. The differences among DGPM, FGPM, and NFGPM Models

Model Cost (IRR/m3) Flexural (MPa) Shrinkage (um/m)
DGPM 1,049,212 6.785 299
FGPM 1,110,000 6.685 343
NFGPM 837,044 6.535 341
------ Flexural (MPa)

== == Shrinkage (um/m)

6.85 350
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< 6.7 7 -.-,-. 320 ~;—
2 6.65 4 g
3 Vg 310 2
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= 7z 300 <£
€ 655 @
2 200 £
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1,049,212 1,110,000 837,044

Cost (IRR/m?)

Figure 9. Cost—performance trade-off of optimized mixtures

7. Validation

Given the better efficiency of the adaptive neuro-fuzzy inference system goal programming model
compared to the other two models,, it is necessary to check the reliability and accuracy of the results of this
model. To ensure the correct performance of the adaptive neuro-fuzzy inference system model, the,most
optimal mixture proportions provided by the model, as presented in the previous sections,were prepared
in the laboratory in real conditions and tested in various ways. Although cross-validation was not.applied

due to the limited size of the experimental dataset, the reliability of the proposed ANFIS-goal programming
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model was verified through independent laboratory testing of the optimal mixture proportions, providing
external experimental validation of the model predictions. Table 11 and Fig. 10 compare the actual test
values with the values predicted by the NFGPM model. As it is evident, model’s predictions are very
close to the actual values. This confirms that the neuro-fuzzy-goal programming model proposed in this
studynis capable of providing the most optimal concrete pavement mixture proportions with the lowest cost

and optimal concrete‘properties.

Table 11. Comparing of neuro<fuzzy-goal programming model prediction with the actual experimental

values
Concrete properties NFGPM output Experimental results
Slump (mm) 55 65
Shrinkage (um/m) 341 363
Freeze and thaw (%) 84 82
Abrasion (%0) 6.540 6.68
Flexural (MPa) 6.535 6.77
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Fig 10. Comparing of adaptive neuro-fuzzy inference system goal programming model prediction with the

actual experimental values

8. Conclusions

In this research, an adaptive neuro-fuzzy inference’system with a goal-planning has been developed for
optimizing the concrete mixture ratio of sidewalk.  This approach is based on using artificial neural
networks to predict the best cost and integrating it into the fuzzy-goal-programming model. The proposed
model has the capability to consider multiple goals and objectives. The results of this study lead to the

following conclusions:

e The linear programming model with multiple constraints and cannot meet all the requirements and
find the optimal mixture proportions consequently.
e Goal programming, though, is capable of optimizing several goals but with disadvantages.

Including that a definitive cost should be given as a number.
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e Blends designed with the fuzzy-goal-programming Method (FGPM) perform better than those
optimized with the developed-goal-programming model (DGPM). However, the production cost
of these blends is slightly higher.

e Although an explicit parameter sensitivity analysis was not conducted, uncertainty is inherently
considered through the fuzzy and neuro-fuzzy modeling frameworks, and the robustness of the
proposed approach is supported by consistent optimization results across different models and
independent experimental validation.

e The values predicted by the model are very close to the actual values. This confirms that the neuro-

fuzzy-goal programming model with neural capabilities can provide optimal ratios for concrete

mix with minimum- cost and-best concrete properties.

References
[1] Alaneme G.U., Olonade K.A., Esenegho E.«Critical review on the application of artificial
intelligence techniques in the production of geepolymer<concrete. SN Appl. Sci. 2023; 5: 217.

https://doi.org/10.1007/s42452-023-05447-z

[2] Delatte N.J. Concrete pavement design, construction, and‘performance. CRC Press; 2014.

[3] Kohn S., Tayabji S., Okamoto P., Rollings R., Detwiller R., Perera R«;»Barzegar H. Best
Practices for Airport Portland Cement Concrete Pavement Construction:(Rigid Airport Pavement).

Federal Aviation Administration (FAA); 2003.

[4] Li B., Ke G., Zhou M. Influence of manufactured sand characteristics on_strength and
abrasion resistance of pavement cement concrete. Constr. Build. Mater. 2011; 25(10): 3849-3853.

https://doi.org/10.1016/j.conbuildmat.2011.04.004

M-31



[5] Lee J.H., Yoon Y.S., Kim J.H. A new heuristic algorithm for mix design of high-
performance concrete. KSCE J. Civ. Eng. 2012; 16(6): 974-979. https://doi.org/10.1007/s12205-

012-1011=0

[6] Kosmatka:S.H., Kerkhoff B., Panarese W.C. Design and control of concrete mixtures.

Portland'Cement Assoc; 2011.

[7] Herbold K.D. Using Monte Carlo simulation for pavement cost analysis. Public Roads. 2000;

64(3): 2-6.

[8] Saridemir M. Predicting the €ompressive strength of mortars containing metakaolin by
artificial neural networks and fuzzy logic. Adv. Eng. Softw. 2009; 40(9): 920-927.

https://doi.org/10.1016/j.advengsoft.2008.12.008

[9] Mohammadi Golafshani E., Kim T., Behnood A«;;Ngo T., Kashani A. Sustainable mix design
of recycled aggregate concrete using artificial intelligence: J. Clean. Prod. 2024; 442: 140994.

https://doi.org/10.1016/j.jclepro.2024.140994

[10] Ozcan F., Atis C.D., Karahan O., Uncuoglu E:, Tanyildizi"H. Comparison of artificial
neural network and fuzzy logic models for prediction of long-term.€ompressive strength of silica
fume concrete. Adv. Eng. Softw. 2009; 40(9): 856-863.

https://doi.org/10.1016/j.advengsoft.2009.01.005

[11] Sobhani J., Najimi M., Pourkhorshidi A.R., Parhizkar T. Prediction of the compressive
strength of no-slump concrete: A comparative study of regression, neural networksand ANFIS
models. Constr. Build. Mater. 2010; 24(5): 709-718.

https://doi.org/10.1016/j.conbuildmat.2009.10.037

M-32



[12] Gonzalez M., Tighe S.L., Hui K., Rahman S., de Oliveira Lima A. Evaluation of
freezelthaw and scaling response of nanoconcrete for Portland cement concrete (PCC) pavements.

Constr-Build. Mater. 2016; 120: 465-472. https://doi.org/10.1016/j.conbuildmat.2016.05.043

[13] Atis C4'Celik O. Relation between abrasion resistance and flexural strength of high volume

fly ash concrete. Mater. Struct. 2002; 35(4): 257-260. https://doi.org/10.1007/BF02533087

[14] Muthukumar M., Mehan D. Optimization of mechanical properties of polymer concrete
and mix design recommendation.based on design of experiments. J. Appl. Polym. Sci. 2004; 94(3):

1107-1116. https://doi.org/10.2002/app.21008

[15] Park C.H., Lee W.l.4 Han W.S.,, Vautrin A. Simultaneous optimization of composite
structures considering mechanical performance«and manufacturing cost. Compos. Struct. 2004;

65(1): 117-127. https://doi.org/10.1016/j.compstruct.2003.10.010

[16] Sahab M., Ashour A., Toropov V. Cost optimisation of reinforced concrete flat slab

buildings. Eng. Struct. 2005; 27(3): 313-322. https://doi.org/10.1016/j.engstruct.2004.10.002

[17] Gao J., Wang C., Chu S.H. Mix design of sustainable concrete using generative models. J.

Build. Eng. 2024; 96: 110618. https://doi.org/10.1016/j.jobe.2024.110618

[18] Cao Y., Su F., Antwi-Afari M.F., Lei J., Wu X., Liu Y. Enhancing mix proportion design
of low carbon concrete for shield segment using a combination of Bayesian optimization-NGBoost
and NSGA-III algorithm. J. Clean. Prod. 2024, 465: 142746.

https://doi.org/10.1016/j.jclepro.2024.142746

M-33



[19] Wang M., Du M., Zhuang X., et al. Multi-objective optimization of ultra-high performance
concrete based on life-cycle assessment and machine learning methods. Front. Struct. Civ. Eng.

2025; 19::143-161. https://doi.org/10.1007/s11709-025-1152-0

[20] Najim«K:B. Strength evaluation of concrete structures using ISonReb linear regression
models:(Laboratory and site (case studies) validation. Constr. Build. Mater. 2017; 149: 639-647.

https://doi.org/10.2016/j.conbuildmat.2017.04.162

[21] Fereig S. An application.of linear programming to bridge design with standard prestressed

girders. Comput. Struct. 1994;50(4): 455-469. https://doi.org/10.1016/0045-7949(94)90016-7

[22] Tan Y., Shen L., lsu W., Shen Q. Multiple-objective bidding strategy using goal
programming technique. Manag. Decis. 2008; 46(4): 656-672.

https://doi.org/10.1108/00251740810865111

[23] Afroughsabet V., Ozbakkaloglu T. Mechanical and.durability properties of high-strength
concrete containing steel and polypropylene fibers...Constr. Build. Mater. 2015; 94: 73-82.

https://doi.org/10.1016/j.conbuildmat.2015.06.051

[24] Zziari H., Hayati P., Sobhani J. Airfield self-consolidating eoncrete pavements (ASCCP):
Mechanical and durability properties. Constr. Build. ‘Mater.s” 2014;, 72: 174-181.

https://doi.org/10.1016/j.conbuildmat.2014.08.047

[25] Eren O., Celik T. Effect of silica fume and steel fibers on some properties of high-strength
concrete. Constr. Build. Mater. 1997; 11(7-8): 373-382. https://doi.org/10.1016/S0950-

0618(97)00058-5

M-34



[26] Ji T., Lin T., Lin X. A concrete mix proportion design algorithm based on artificial neural
networks. Cem. Concr. Res. 2006; 36(7): 1399-1408.

https://dei.0rg/10.1016/j.cemconres.2006.01.009

[27] Chatterji'S. Freezing of air-entrained cement-based materials and specific actions of air-
entraining agents. Cem. Concr. Compos. 2003; 25(7): 759-765. https://doi.org/10.1016/S0958-

9465(02)00099-9

[28] Nobili A., Lanzoni L., Tarantino A. Experimental investigation and monitoring of a
polypropylene-based fiberreinforced concrete road pavement. Constr. Build. Mater. 2013; 47: 888-

895. https://doi.org/10.1016/j.conbuildmat.2013.05.077

[29] Basyigit C., Comak B., Kilingarslan S.;Uncii 1.S. Assessment of concrete compressive
strength by image processing technique; Constr. Build. Mater. 2012; 37: 526-532.

https://doi.org/10.1016/j.conbuildmat.2012.07.055

[30] Easa S.M. Earthwork allocations with nonconstant unit costs. J. Constr. Eng. Manag. 1987;

113(1): 34-50. https://doi.org/10.1061/(ASCE)0733-9364(1988)114:4(641)

[31] Ghoddousi P., Shirzadi Javid A., Sobhani J. A Fuzzy System Methodology for Concrete
Mixture Design Considering Maximum Packing Density and Minimum.Cement,Content. Arab. J.

Sci. Eng. 2015; 40(8). https://doi.org/10.1007/s13369-015-1731-9

[32] Seyedpoor S.M., Salajegheh J., Salajegheh E., Gholizadeh S. Optimum shape design of
arch dams for earthquake loading using a fuzzy inference system and wavelet neural networks.

Eng. Optim. 2009; 41: 473-493. https://doi.org/10.1080/03052150802596076

M-35



[33] Yuan Z., Wang L.N., Ji X. Prediction of concrete compressive strength: Research on hybrid
models. genetic based algorithms and ANFIS. Adv. Eng. Softw. 2014; 67: 156-163.

https://dei.0rg/10.1016/j.advengsoft.2013.09.004

[34] Dong.S.,"Hao P., Tighe S.L. A diagnostic method for evaluating the condition index of
cement-stabilised base using TS fuzzy neural network. Int. J. Pavement Eng. 2017; 1-14.

https://doi.org/10.2080/10298436.2017.1394097

M-36



