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ARTICLE INFO ABSTRACT
Keywords: Recycled Aggregate Concrete (RAC) represents a significant innovation aimed at reducing the
Recycle aggregate concrete carbon footprint in the construction industry. Over the past few decades, numerous investigations

Machine learning
Pareto front
Multi-objective optimization

and experiments have confirmed the viability of RAC as a construction material when the optimal
combination of recycled and natural aggregates is used. This study seeks to further enhance the
application of RAC by providing a robust framework for determining the optimal RAC mixture. To
achieve this, machine learning is developed to predict the compressive strength of RAC by
considering various mixture properties. To improve the accuracy of these predictions, the Sym-
biotic Organism Search (SOS) metaheuristic algorithm is employed, not only to fine-tune the
machine learning hyperparameters but also to select the most suitable model. In this study, the
SOS algorithm is tasked with choosing between Artificial Neural Networks (ANN), Support Vector
Machines (SVM), or Random Forests (RF), based on predefined upper and lower bounds for their
hyperparameters. The resulting machine learning model is then integrated with the novel Pareto
Front Symbiotic Organism Search (PF-SOS) to generate a Pareto front of optimal mixtures, with
compressive strength and production cost as the objectives. To validate the efficiency of the
proposed method, the PF-SOS results are compared with those from other well-known multi-
objective optimization algorithms. The findings demonstrate that PF-SOS offers faster conver-
gence and a broader range of mixture options within the same function evaluation limit. The
supporting source codes are available at https://github.com/johnthedy/MLSOS and https://
github.com/johnthedy/PFSOS.

1. Introduction

In recent decades, global efforts to reduce the carbon footprint have intensified. In the construction sector, the use of concrete as a
structural material accounts for approximately 8 % of global carbon emissions [1]. Significant research and initiatives have been
undertaken to reduce the environmental impact of concrete production [2,3]. One of the most promising solutions is the utilization of
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recycled concrete materials, particularly in the form of Recycled Aggregate Concrete (RAC). This process involves crushing waste
concrete from demolition or construction activities to produce aggregate material for new concrete. The use of demolished concrete as
aggregate has been increasingly promoted in many countries, as it not only reduces carbon emissions but also minimizes the need for
gravel extraction. In 2020, EU countries reported recycling construction and demolition waste at a rate of 89 % [4]. In Asia, Japan
leads the way, with a recycling rate of 88.2 % for construction waste [5]. Although some studies [4] indicate that recycling con-
struction waste often results in downgrading the material’s value—such as converting concrete into filler aggregate—the practice still
plays a crucial role in reducing the carbon footprint.

Due to its significant role in reducing carbon emissions, RAC has been extensively studied over the past few decades [6-11]. From a
structural perspective, concrete can be regarded as a composite material consisting of three key components that contribute to its
strength: aggregates, mortar paste (comprising cement and fine aggregates), and interfacial transition zones (ITZ) that connect the
mortar and aggregates. Several studies [6,7] have reported that the ITZ often governs the failure limit state, making it the weakest link
in the concrete composite system. The bond strength in the ITZ is largely influenced by the absorption level of the aggregate material,
where higher permeability or absorption leads to reduced concrete strength [8-10]. In addition to strength, the permeability of ag-
gregates significantly affects concrete durability, with research [10,11] indicating that higher permeability results in reduced dura-
bility. Guo et al. [9] identified four major factors affecting the permeability of RAC, as outlined below.

> Recycled Aggregate Size: The use of larger aggregate particles reduces the surface area, thereby decreasing concrete permeability.
However, larger particles may also increase the occurrence of flaws within the material, meaning that aggregate size does not have
a straightforward positive or negative correlation with compressive strength. Several studies [10,12] even indicated that smaller
recycled aggregates tend to retain more old mortar, which affects the absorption properties of the aggregate.

> Recycled Aggregate Source and Crushing Process: Recycled aggregate derived from higher-strength concrete exhibits lower
permeability compared to aggregate sourced from lower-strength concrete. Additionally, contamination with clay can increase the
aggregate’s permeability. The method of crushing also plays a role in aggregate quality [13]; for instance, longer crushing durations
can reduce the amount of adhered old mortar, increasing aggregate density and reducing permeability.

> Curing Treatment: The curing process has a significant impact on the permeability of RAC. Extended curing times enhance
concrete density, resulting in lower permeability. Moreover, increased curing duration reduces gas permeability, which improves
resistance to chloride penetration, thereby increasing the concrete’s durability.

In addition to permeability, the mixing process can also influence the compressive strength of RAC. Tam et al. [6] investigated the
mixing procedure for RAC to achieve optimal concrete strength. The study found that RAC exhibits higher porosity, leading to greater
absorption compared to conventional aggregates. To address this issue, Tam et al. proposed a two-stage mixing approach, where the
first stage aims to fill the pores of the recycled aggregate. This method was shown to significantly improve the compressive strength of
RAC compared to standard mixing procedures. In a subsequent study [7], Tam et al. recommended a mix composition of 30 % recycled
aggregate with normal aggregate to achieve the best performance of RAC. This recommendation aligns with findings by Etxeberria
et al. [14], who proposed an optimal recycled aggregate proportion of 25 %.

As previously discussed, RAC exhibits complex and highly variable mechanical properties, which can significantly influence the
final quality of concrete. Unlike conventional concrete, which has a long history and well-established formulas, RAC involves greater
complexity and nonlinearity that are difficult to define explicitly. Variations in the source of recycled material, crushing processes, and
even mixing procedures can lead to significant differences in the final product. With advancements in technology, several researchers
have employed machine learning to address the complexities of concrete mixture design [15-21]. In the context of RAC strength
prediction, research innovations typically focus on new machine learning frameworks [15-19] or novel approaches to feature selection
and predicted properties [20,21]. To enhance prediction robustness and accuracy, some researchers utilize metaheuristic algorithms
for hyperparameter tuning [22-24]. For instance, Sun et al. [22] applied a Back Propagation Neural Network to predict concrete
strength and used the Beetle Antennae Search algorithm to optimize the network architecture. Similarly, Chou et al. [23] employed
metaheuristic optimization to fine-tune the hyperparameters of an Extreme Gradient Boosting (XGBoost) model for optimal perfor-
mance, concluding that XGBoost combined with Symbiotic Organism Search (SOS) yields better accuracy in predicting concrete shear
capacity compared to other machine learning models. Peng et al. used Particle Swarm Optimization (PSO) to optimize Support Vector
Regression (SVR), resulting in improved concrete strength predictions. Furthermore, Falah et al. [25] developed a hybrid machine
learning approach by combining multiple standard machine learning models with XGBoost to improve prediction accuracy. In this
study, XGBoost was used to determine feature importance and identify the optimal data-splitting ratio.

The aforementioned research on utilizing machine learning primarily focuses on developing robust and accurate surrogate models
for predicting the mechanical properties of concrete. While these surrogate models effectively predict concrete strength, they do not
directly provide the optimal mixture composition. To generate an optimal concrete mixture based on a target strength, an additional
optimization algorithm is typically paired with the trained machine learning model. Yeh et al. [26], for instance, approached concrete
mixture optimization by developing a neural network surrogate model as a concrete strength predictor. The concrete mixture design
was formulated as an optimization problem, where both strength and cost were set as optimization objectives, and the upper and lower
bounds of the concrete composition and mechanical properties were imposed as constraints. A nonlinear programming algorithm was
then used to solve this optimization problem. Similarly, Cheng et al. [27] proposed a method to determine the optimal mixture for
high-performance concrete by combining machine learning with a metaheuristic approach. Cheng et al. introduced an enhanced
version of the Genetic Algorithm, known as the K-Clustering Genetic Algorithm (KCGA), for optimizing the mixture, while Strength
Prediction within the KCGA employed Support Vector Regression (SVR) with Genetic Algorithm (GA) for hyperparameter tuning.



H.C.F. Gunawan et al. Journal of Building Engineering 108 (2025) 112991

Zhang et al. [28] also developed a framework to determine the optimal concrete mixture by integrating machine learning with
metaheuristic algorithms. In their approach, Artificial Neural Networks (ANN) and Random Forest (RF) models, optimized using
Particle Swarm Optimization (PSO), were used to predict compressive strength and concrete slump, respectively. The optimal mixture
was then determined using Multi-Objective Particle Swarm Optimization (MOPSO), with compressive strength and slump re-
quirements as dual objectives.

As observed from the references, the majority of studies aimed at developing optimal mixture algorithms rely on a combination of
optimization algorithms and trained machine learning models. The performance of these algorithms largely depends on the accuracy of
the machine learning model, which is determined by the type of machine learning used and the selection of hyperparameters. For
optimization algorithms, the efficiency can be improved by employing more advanced techniques. However, this study identifies a gap
in providing a practical approach for selecting the best machine learning model. In most cases, users must manually compare the
performance of different machine learning models across a range of hyperparameters, which is not a convenient process. The need to
perform extensive data training for various machine learning types, along with the broad variation of hyperparameters, adds to the
complexity. Additionally, there is a limited selection of algorithms available for performing multi-objective optimization (MOO).
While numerous MOO algorithms have been proposed, the most commonly adopted methods remain the Non-Dominated Sorting
Genetic Algorithm (NSGA-II) and Multi-Objective Particle Swarm Optimization (MOPSO). This study aims to address these challenges
by proposing a framework to produce an optimal mixture for RAC. To achieve this, a novel MOO algorithm, termed Pareto Front
Symbiotic Organism Search (PF-SOS), is introduced to identify the optimal RAC mixture. Furthermore, the machine learning model is
constructed using the Machine Learning Symbiotic Organism Search (ML-SOS) metaheuristic algorithm, which not only tunes the
hyperparameters but also selects the most suitable machine learning type. Unlike existing methods that focus solely on hyperparameter
tuning, this study includes the machine learning type as an additional optimized parameter, offering a more practical and efficient
approach. To demonstrate the effectiveness of the proposed algorithms, PF-SOS is compared with NSGA-II and MOPSO, a widely used
and well-regarded MOO algorithm. The results indicate that PF-SOS achieves faster convergence and provides a broader range of
solutions within the same number of function evaluations. Additionally, the use of ML-SOS for selecting the optimal machine learning
type and its parameters offers a more convenient and objective solution for users.

To enhance comprehensiveness and readability, the significance of this research will be emphasized in Section 2. Section 3 will
provide a detailed explanation of the methodology behind the proposed PF-SOS and ML-SOS algorithms. In Section 4, the applicability
of these algorithms to RAC will be demonstrated, along with a comparison to the widely recognized NSGA-II and MOPSO method.
Finally, Section 5 will briefly summarize the conclusions of the current study.

Phase 1: Data Preparation

- Recycle Aggregate Concrete Data Collection
- Features Selection
- Data Normalization

v ¥

Testing Data Training Data

Phase 2: ML-SOS (Machine Learning — Symbiotic Organism Search)

Output: Input:

Optimal Machinc Learning Type e Machinc Learning Type

and Its Hyperparameters e Upper and Lower Bound of Each Machine
Learning Hyperparamcters

Phase 3: PF-SOS (Pareto Front — Symbiotic Organism Search)

v
Input: Output:
e Constructed Machine Learning from ML-SOS Pareto Front Based on Assigned
o Considered Objectives Objectives

Fig. 1. General scheme of proposed determination of optimal RAC mixture framework.
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2. Research significance

This section highlights the significant contributions and novel aspects of this study. Two major innovations are introduced, which
will be detailed as follows.

1. Novel Multi-Objective Optimization Framework: This study proposes a robust framework for determining the optimal mixture
of RAC using a newly developed multi-objective optimization algorithm termed PF-SOS. The proposed algorithm is a modification
of the single-objective SOS algorithm. Results in Section 4 show that the PF-SOS algorithm demonstrates superior convergence
compared to the well-established NSGA-II in determining the optimal mixture composition of RAC.

2. Automated Machine Learning Selection with ML-SOS: In the PF-SOS framework, machine learning is employed to predict the
compressive strength of RAC. To enhance accuracy, this study introduces a novel ML-SOS metaheuristic algorithm, which aims to
identify the most suitable machine learning model along with its optimal hyperparameters. The input to the algorithm includes
various machine learning models and their respective upper and lower bounds for hyperparameters. ML-SOS automatically selects
the best machine learning model and tunes its hyperparameters. Based on the author’s literature review, most studies focus solely
on hyperparameter tuning, while the selection of the machine learning model is typically done manually by comparing error in-
dicators across different models.

3. Methodology

As discussed in Sections 1 and 2, this study primarily focuses on proposing a novel algorithm to generate the optimal mixture of
RAC, taking into account multiple objective functions. Fig. 1 outlines the flowchart of the proposed framework. The entire process
consists of three phases, as illustrated in Fig. 1. The method begins with the data preparation phase, where RAC mixture compositions
and compressive strength test results are collected and normalized. This collected data is then divided into training and testing
datasets, which will be utilized for machine learning construction in Phase 2. In Phase 2, the ML-SOS (Machine Learning Symbiotic
Organism Search) algorithm is developed to create a suitable machine learning model, including its hyperparameters. Unlike most
algorithms that focus solely on hyperparameter tuning, ML-SOS also incorporates the type of machine learning model as an optimized
parameter. The user inputs various machine learning options along with the upper and lower bounds for their hyperparameters. The
adopted metaheuristic ML-SOS algorithm will search for the most suitable machine learning model and its corresponding hyper-
parameters, providing convenience to the user without the need for manual comparison of each model’s error indicators.

Once the optimal machine learning model is constructed, Phase 3 is initiated to generate the optimal RAC mixture. In this phase, an
algorithm termed PF-SOS (Pareto Front Symbiotic Organism Search) is developed. PF-SOS is a modified version of the SOS algorithm
designed to address optimization problems with multiple objective functions. The output of the PF-SOS algorithm is a set of non-
dominated solutions based on the assigned objectives. This set of solutions, known as the Pareto Front, provides users with options
to select solutions that align with their priorities. In this study, two objectives are considered in designing the RAC mixture: concrete
compressive strength and the cost of RAC. For the compressive strength objective, machine learning is employed to predict the
compressive strength of the RAC mixture. Further details regarding Phase 1 (Data Preparation) are provided in Section 3.1, while the
development of ML-SOS in Phase 2 and PF-SOS in Phase 3 are explained in Sections 3.2 and 3.3, respectively.

3.1. Phase 1: data preparation

This study utilizes Recycled Aggregate Concrete (RAC) data collected by Yuan et al. [29], who gathered 28-day-old RAC data from
68 different references. As emphasized in Section 1, absorption is a significant factor influencing the compressive strength of RAC, so
only data with complete information on aggregate water absorption are included in this study. From the database provided by Yuan
et al., a total of 528 data points are utilized. Seven mechanical properties are employed as inputs for the machine learning model:
effective water-cement ratio (w/c), aggregate-cement ratio (a/c), recycled aggregate replacement percentage (RA%), nominal
maximum recycled aggregate size (RA,), nominal maximum normal aggregate size (NA;), water absorption of recycled aggregate
(RAy), and water absorption of normal aggregate (NA,,). These inputs are used to predict the compressive strength of RAC (f,"). The
input feature selection is based on its impact on production cost and compressive strength, its controllability during the production
stage, and the availability of large datasets. One of the main challenges in this study is the limited availability of sufficiently large

Table 1
RAC input and output data properties.
Type Description Notation Unit Mean Ccov Min Max
Input Water cement ratio w/c - 0.49 0.22 0.19 0.87
Aggregate cement ratio a/c - 2.97 0.27 1.50 6.50
Recycle aggregate replacement percentage RA% % 51.05 0.77 0.00 100.00
Nominal maximum recycles aggregate size RA; mm 21.43 0.26 8.00 32.00
Nominal maximum normal aggregate size NAg mm 22.07 0.24 10.00 38.00
Water absorption of recycle aggregate RAw % 4.22 0.65 0.00 11.90
Water absorption of normal aggregate NA,, % 0.74 1.01 0.00 3.00
Output Concrete Compressive Strength fe MPa 43.79 0.34 13.40 108.50
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datasets for training machine learning models. Although certain parameters, such as the quality of the parent concrete used for ag-
gregates or the age of the recycled aggregate, are worth investigating, their data availability remains highly limited. Table 1 sum-
marizes the properties of the input and output data utilized in this study, listing the mean, coefficient of variation (COV), minimum,
and maximum for each parameter. The correlations among the data are presented in Table 2, which indicates that the water-cement
ratio has the strongest correlation with compressive strength, followed by aggregate size. Further, significance testing of each input
feature’s impact on compressive strength was performed using Student’s t-distribution, with the corresponding p-values presented in
Table 3. The results indicate that all input features exhibit a high significance level in relation to compressive strength, except for RA,,
data, which has a p-value of 6.1 %. Table 3 is arranged from left to right in descending order of significance level. To provide a visual
representation of the utilized data, histograms for each input and output are presented in Fig. 2. In this study, 85 % of the prepared data
will be used as training data, while the remaining 15 % will serve as testing data. The prepared training data will be utilized to
construct a high-accuracy machine learning model in Phase 2 using the ML-SOS algorithm. Section 3.2 will provide a detailed
explanation of the ML-SOS algorithm for constructing the machine learning model.

3.2. Phase 2: ML-SOS (Machine Learning Symbiotic Organism Search)

Phase 2 aims to construct a high-accuracy machine learning predictor using the prepared training data from Phase 1. To achieve
this goal, the selection of the machine learning type and its parameters is critical to ensure that the generated model is suitable for the
investigated case. As described in Section 1, efforts to enhance the accuracy of machine learning have been undertaken in several
studies [22-24], typically by optimizing the hyperparameters of the models through metaheuristic algorithms. This study also employs
a metaheuristic algorithm, specifically the Symbiotic Organism Search (SOS), to optimize the chosen machine learning models. Unlike
most proposed frameworks, this study includes the machine learning type as an optimized variable.

SOS is a metaheuristic algorithm inspired by the interactions between organisms in nature. Its superiority in finding optimal so-
lutions compared to other notable optimization algorithms has been demonstrated by Cheng et al. [30]. Similar to other swarm-based
metaheuristic algorithms, SOS employs a swarm optimization approach, where the swarm is referred to as organisms. The algorithm
begins with parameter determination, as illustrated in the flowchart in Fig. 3. To enhance clarity and comprehensibility for the reader,
the pseudocode of the proposed ML-SOS is provided in Algorithm 1, while the fitness evaluation process is detailed in Algorithm 2 at
the end of Section 3.2. As shown, the SOS algorithm is initialized by determining the number of iterations and the size of the organism
population. The number of iterations serves as the stopping criterion, while the organism count determines the swarm size for finding
solutions. Each organism contains optimized parameters for the machine learning model, as formulated in Equation (1). In this study,
each organism is represented as a vector O containing xo, X1, X2, ..., Xp. Here, xo represent the normalized hyperparameters of the
machine learning model, where n is the number of hyperparameters. Each normalized hyperparameter, x, X2, ..., X, is assigned a value
between 0 and 1. This value will subsequently be transformed into hyperparameters based on the value of xy during fitness evaluation.
The transformation is accomplished using the pre-determined upper (1) and lower (Ip) bounds of each machine learning hyper-
parameter, as shown in Equation (2).

O=[xo X1 X2 .. X .
Xo = [1 2 .. TlML]

hyperparameters = (up — L,)*(x1 X2 ... Xu)+Db 2
Performance; = RMSE + (1 —R?) 3

In the proposed framework, xy can represent various machine learning types depending on the available algorithms suitable for the
investigated case. This study does not impose a limit on the number of nyy as long as the algorithms and their hyperparameter
boundaries are defined. For instance, the current study considers ny;, = 3, with the SOS algorithm tasked with selecting among
Artificial Neural Network (ANN), Support Vector Regression (SVR), and Random Forest (RF), as illustrated in Fig. 4. In this context, xo
can be assigned integer values of 1, 2, or 3, corresponding to ANN, SVR, and RF, respectively.

Fig. 4 illustrate the SOS algorithm tasked with selecting among Artificial Neural Network (ANN), Support Vector Regression (SVR),
and Random Forest (RF). In this context, xp can be assigned integer values of 1, 2, or 3, corresponding to ANN, SVR, and RF,

Table 2

Correlation between each data properties.
Data w/c a/c RA% RA NA; RAy NA,, fe
w/c 1.00 0.49 —0.09 —0.08 —0.12 —0.05 0.08 —0.44
a/c 0.49 1.00 —0.03 0.17 —0.12 0.03 0.04 -0.28
RA% —0.09 -0.03 1.00 0.14 0.05 0.54 —0.60 -0.16
RA, —0.08 0.17 0.14 1.00 0.24 -0.11 —0.32 -0.37
NA; —-0.12 —0.12 0.05 0.24 1.00 0.03 0.01 -0.23
RA,, —0.05 0.03 0.54 —-0.11 0.03 1.00 -0.13 —0.09
NA, 0.08 0.04 —0.60 —-0.32 0.01 -0.13 1.00 0.17
fe —0.44 —0.28 —0.16 -0.37 -0.23 —-0.09 0.17 1.00
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Table 3

Input Feature Significance Toward f;’.
Input Feature w/c a/c RA, NA, NA,, RA% RA,,
p-value (%) 0.00 0.00 0.00 0.00 0.02 0.03 6.11
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Fig. 2. Histogram of each input and output RAC data.

respectively. If each machine learning model (ANN, SVR, and RF) has two hyperparameters, the additional optimized parameters x;
and x2 will be introduced as shown in Fig. 4. During fitness evaluation, the normalized hyperparameters x; and x, will be transformed
into actual hyperparameters based on the value of xy using Equation (2). In cases where ANN has two hyperparameters while SVR and
RF each have three, n will be set to 3, with the additional hyperparameters for ANN treated as dummy variables. This dummy variable
is not utilized during fitness evaluation but is still required to maintain uniformity in the number of optimized variables across the
machine learning options. Utilizing the framework illustrated in Fig. 4, the SOS algorithm aims to determine the optimal values for xy,
x7 and xa.

For fitness function calculation, this study employs the K-fold cross-validation method to evaluate machine learning error. As
illustrated in Fig. 5, the training data is divided into five fragments, with each fragment serving as validation data in turn. For each
validation iteration, the performance function is computed, and the average is used as the fitness function for the SOS algorithm. The
performance function utilized in this study is formulated in Equation (3), incorporating both the Root Mean Square Error (RMSE) and
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the Coefficient of Determination (R?). This study employs RMSE due to its ability to impose a higher penalty on larger errors. The
square root feature of RMSE amplifies the impact of higher prediction errors, making it a suitable metric for assessing accuracy.
Additionally, R? is incorporated to measure the correlation between predictions and test data, ensuring the model captures the un-
derlying relationship effectively. However, error indicators can be modified based on specific preferences and requirements of the
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investigated case. In this study, RMSE and R? are chosen due to their suitability for evaluating RAC compressive strength prediction.
Since the SOS algorithm operates under a minimization task, lower RMSE values and higher R? values are preferred. The results of
applying the ML-SOS algorithm to the RAC data can be found in Section 4.1. For a detailed algorithm description, the pseudocode of
ML-SOS is provided in Algorithm 1, while the fitness evaluation process is described separately in Algorithm 2.

Algorithm 1: Machine Learning Optimization ML-SOS

Ollnitialize:

02Number of Organism (np) and Iteration (n).

03Number of machine learning option (n)

04Upper and lower bound of each machine learning option
05

O6Randomly Generate O; = [xp X1 X2
07

08Fori=1tongp

09Evaluate fitness/objective (O;) using Algorithm 2:

10

11For h = 1 to nye

12Fori=1tong

13Determine Opes (Best Organism)

14//Mutualism Phase

15Randomly select other Organisms O; where j # i
16Mutual Vector = (O; + 0)/2

17BF;= (1 or 2), BF2= (1 or 2)

180i new = Oi + rand(0,1) x (Obest - Mutual Vector*BF1)
190j new = Oj + rand(0,1) x (Obest - Mutual Vector*BF2)
20Evaluate fitness of O; new and Oj pey using Algorithm 2
211f fitness(O; new) < fitness(0;)

22Replace original Organism-i

23If fitness(Oj new) < fitness(0;)

24Replace original Organism-j

25//Commensalism Phase

26Randomly select other Organisms O; where j # i

270; new = O; + rand(-1,1) X (Opest - O))

28Evaluate fitness of O; pey using Algorithm 2

291If fitness (O; new) < fitness(O;)

30Replace original Organism-i

31//Parasitism Phase

32Create New Parasite Organism Randomly (O; new)
33Evaluate fitness of O; pey using Algorithm 2

34If fitness (O pew) < fitness(0O;)

35Replace original Organism-i

36End of Algorithm 1

Xn | accordin,

hyperparameters (up and I)

g to Eq. (1) withi=1to ng

Algorithm 2: Fitness Evaluation in ML-SOS

OlInput:

020; = [x0 x1 X2 Xn ]

03Number of machine learning option (rp)

04Upper and lower bound of each machine learning option

hyperparameters (up and Ip)

(continued on next page)
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(continued)

Algorithm 2: Fitness Evaluation in ML-SOS

05Number of K-fold cross validation

06

07Output: Fitness of O;

08

091If round (xp) = 1

10Use Type 1 Machine Learning

11Translate xy, X2,. Xn: hyperparameters = (up — lp)*(x1 X2 ... Xa)+ b
12Partition training data into K-fold training data

13For h = 1 to Number of K-fold

14Perform Training Type 1 Machine learning using training data — h
15Perform Testing Type 1 Machine learning using testing data — h
16Calculate Error Using Eq. 3

17Fitness = Calculate Average Error Among from h = 1 to Number of K-fold
18.

19

20Else If round (xp) = myy,

21Use Type nyy, Machine Learning

22Translate X1, Xa,. Xp: hyperparameters = (up — lp)*(x1 X2 ... Xn)+ 1D
23Partition training data into K-fold training data

24For h = 1 to Number of K-fold

25Perform Training Type mny;, Machine learning using training data - h
26Perform Testing Type nyy, Machine learning using testing data — h
27Calculate Error Using Eq. 3

28Fitness = Calculate Average Error Among from h = 1 to Number of K-fold
29

30End of Algorithm 2

3.3. Phase 3: PF-SOS (Pareto Front Symbiotic Organism Search)

As described in Section 1, constructing machine learning alone is insufficient for generating an optimal mixture of recycled
aggregate concrete (RAC). The machine learning model developed in Section 3.2 needs to be integrated into a Multi-Objective
Optimization (MOO) algorithm to generate RAC compositions based on predetermined objectives computed using machine
learning. To achieve this, this study introduces a novel MOO algorithm by modifying the original Symbiotic Organism Search (SOS)
algorithm. This modified algorithm will be referred to as Pareto Front Symbiotic Organism Search (PF-SOS). Originally, SOS is a single-
objective metaheuristic algorithm developed by Cheng et al. [30], designed to mimic interactions among animals in nature. The
original SOS produces a single optimal solution with one predefined objective, whereas PF-SOS outputs a set of non-dominated so-
lutions for multiple objectives, known as the Pareto Front. Fig. 6 illustrates the non-dominated solutions generated by PF-SOS, where
the colored dots represent non-dominated solutions and the non-colored dots are categorized as dominated solutions. In this study, the
final solution comprises the Pareto Front set shown in Fig. 6, where each dot contains a specific RAC mixture composition and the
corresponding objectives. This set of solutions allows for further decision-making processes to determine the optimal preferences for
the user. However, this study limits its investigation to the Pareto Front as the final output.

Several modifications have been introduced to adapt the original Symbiotic Organism Search (SOS) into the Pareto Front Symbiotic
Organism Search (PF-SOS). Fig. 7 illustrates the flowchart of the PF-SOS procedure. For clarity, the pseudocode of the proposed PF-SOS
is presented in Algorithm 3 at the end of Section 3.3. In general, PF-SOS follows almost a similar process to that of the SOS algorithm,
starting from initialization, finding the best organism, performing organisms interaction, and then repeating these steps until the

A
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e N O Dominated Organism
- N o C—) Organism Objective Direction
o
2 &)
5 2 N ©
g 3 N ©
8 O
o
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/77 6~
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Objective 1

Fig. 6. Illustration of PF-SOS constructing pareto front.
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Fig. 7. Flowchart of PF-SOS.

predetermined iteration number is satisfied. The detailed step-by-step procedure is as follows.

1. Initialization Phase: The algorithm begins with the initialization phase, where the user must determine four algorithm param-
eters: the number of iterations (n), number of organism (1), and the vectors O and Opr that consist of the set of optimized
variables. In PF-SOS, the organisms stored in vector O maintain a similar physical meaning to those in the original SOS, repre-
senting the set of optimized variables that will be refined during iterations based on the predetermined objective functions.
Initially, the Opp vector will contain the non-dominated organisms of O. At final iteration, Opf will output the Pareto Front solution.
The distinction and purpose of creating both O and Opr will be clarified in subsequent steps.

2. Defining Objective Function: Current modification adopts weighting method or secularization method in determining objective
function which has been done on several MOO study [31,32]. In modified algorithm, each organism within O has a distinct
objective function derived from main objectives (fobj1, fobj2, fobj3, €tc.). Unlike the original SOS, which employs a single objective
function for all organisms, PF-SOS assigns different objective functions to each organism based on a weighted combination of the
main objectives, as formulated in Equation (4). Equation (4) illustrates how the objectives assigned to each organism are derived
using the weighted main objectives fopj; and fopj2. The weight is calculated based on the index i and the total number of organisms
Norg. For clearer visualization, Equation (5) demonstrates the application of Equation (4) with nyg = 5 and two main objectives. By
assigning designated objectives to each organism, PF-SOS ensures that the organisms explore a wide range of non-dominated
solution areas, as indicated by the arrows in Fig. 6. In this study, PF-SOS focuses on two main objective functions: fo; for
compressive strength and f,p;2 for the cost of RAC, with compressive strength computed using the constructed machine learning
model from Section 3.2.

i i .
foi=|1———|foj1 + | = )fovjz, €i=1,2,3,...,Torg Eq. 4
Norg Norg

for = 0.8fj1 + 0.2f 2
foz = 0.6fpp1 + 0.4fo2
fo=1 foz = 0.4f 1 + 0.6fu2 Eq. 5
foa = 0.2f 1 + 0.8fo2
fos = 0.0fop1 + 1.0fop2

3. Determine best organism (Opes): The Opes; is determined and updated at the start of each iteration by randomly selecting an
organism from Opg. While O contains organisms that are repeatedly optimized toward their respective objective functions (fo;), Opr
holds Pareto Front organisms, which are sorted at the end of each organism update. Both O and Opf are subject to updates through
organisms interaction phases described in Step 4. The key distinction is that O is updated by replacing organisms with those that
have better fo;, whereas Opr replaces organisms with non-dominated solutions at the end of each phase.

4. Organisms Interaction Phases: These phases are executed using the same formulas as the original SOS, as illustrated in Fig. 3.
However, for efficiency reasons, the proposed PF-SOS algorithm only utilizes the commensalism and parasitism phases. This study
assumes that these two phases are sufficient to cover the exploration requirements of the optimization process. The commensalism

10
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phase is designed to guide organisms toward Opes, While the parasitism phase introduces randomness, potentially allowing or-
ganisms to explore previously unvisited regions of the search space. During these phases, new candidate solutions are generated for
both O and Op by replacing existing organisms and adding into Op, ensuring a balance between convergence and diversity in the
optimization proces s.

5. Steps 3 and 4 are repeated until the predetermined iteration number is reached. At the conclusion of the final iteration, Opf will
contain the Pareto Front solutions.

In brief, this modified algorithm creates two distinct organism groups: O and Opf. The organisms in O are tasked with pursuing the
objective fo;, where any new organism that performs better will replace an existing one. These new organisms are generated through
the mutualism, commensalism, and parasitism phases. Concurrently, these candidates are also used to update the organisms in Opp,
with the goal of finding superior non-dominated solutions. The group O aids in steering the organisms toward the Pareto Front, as
depicted by the arrows in Fig. 6. As new candidates are generated during the mutualism, commensalism, and parasitism phases, the
organisms in Opg are continuously updated. This method accelerates convergence, and its effectiveness for RAC mixture optimization
will be demonstrated by comparing it to the widely recognized NSGA-II in Section 4.2.

Algorithm 3: Multi Objective Optimization PF-SOS

Ollnitialize:

02Number of Organism (np) and Iteration ().

03Machine learning model for compressive strength prediction
04Upper and lower bound of each RAC component (up, and 1)

05

O6Randomly Generate O; = [x; X2 X3 .. X,]withi=1tong
07

08Fori=1tonp

09[fobj1, fobj2l = Evaluate objective (O;)

10fitness(0;) = weight1; x fopj1, weighta; X fopj2 as illustrated in Eqs. (4) and (5).
11Check domination of organism

12Store non-dominated organism into Opp

13

14For h = 1 to ny,

15Fori =1 to np

16BestOrganism (Opes) = Randomly Select Organism in Opp

17

18//Commensalism Phase

19Randomly select other Organisms O; where j # i

200; new = O; + rand(-1,1) x (Opest - Op)

21[fobj1, fobj2] = Evaluate objective (O; new)

22fitness(0;) = weight1; x fopj1, weighta; X fopj2 as illustrated in Eqgs. (4) and (5).
23If fitness (O pew) < fitness(O;)

24Replace original Organism-i

25If Oj peyw is non-dominated

26Stored Oj pew into Opp

27Delete dominated organism inside Opr

28

29//Parasitism Phase

30Create New Parasite Organism Randomly (O; new)

31[fobj1, fobj2] = Evaluate objective (O; new)

32fitness(0;) = weight1; x fopj1, weighta; X fopj2 as illustrated in Eqgs. (4) and (5).
33If fitness (O pew) < fitness(0;)

34Replace original Organism-i

35If Oj new is non-dominated

36Stored O; pey into Opy

37Delete dominated organism inside Opf

38End of Algorithm 3

4. Result

This section presents the results of the proposed framework outlined in Section 3. Following the dataset preparation detailed in
Section 3.1, the ML-SOS algorithm is executed to identify the optimal machine learning model along with its hyperparameters. The
constructed machine learning model then serves as the surrogate objective function for the PF-SOS algorithm, which is tasked with
finding the optimal mixture composition of RAC. The results from the ML-SOS algorithm will be discussed in Section 4.1, while the
outcomes from the PF-SOS algorithm are presented in Section 4.2. ML-SOS Result.

4.1. ML-SOS result

In this study, the ML-SOS algorithm is executed with 50 iterations and a population of 20 organisms. The objective function
employs a 10-fold cross-validation method, with the performance function formulated as described in Eq. (3). The algorithm is tasked

11
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with selecting from three machine learning options: Artificial Neural Network (ANN), Support Vector Machine (SVM), and Random
Forest (RF). Each machine learning model is assigned upper and lower bounds for its respective hyperparameters, as detailed in
Table 4.

The background theory for Artificial Neural Networks (ANN), Support Vector Machines (SVM), and Random Forest (RF) is not
elaborated on in this study but can be referenced in sources [33-35]. The implementation of ANN, SVM, and RF is carried out using the
MATLAB machine learning toolbox. The accuracy of the final model is evaluated using four different error indicators: Mean Absolute
Percentage Error (MAPE), Coefficient of Correlation (Rz), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). For
comparison, the proposed ML-SOS algorithm is evaluated against standard hyperparameter tuning algorithms with a single machine
learning option, denoted as ANN-SOS, SVM-SOS, and RF-SOS. Additionally, ML-SOS is compared to two well-known optimization
algorithms, Genetic Algorithm (GA) and Particle Swarm Optimization (PSO), denoted as ML-GA and ML-PSO, respectively. This
comparison aims to validate the selection of SOS as the optimization algorithm. For GA and PSO, the number of iterations is also set to
50, but with a swarm size of 80 to ensure that the total number of function evaluations per iteration remains equivalent to that of the
SOS algorithm. In GA, the crossover and mutation rates are set to 0.9 and 0.1, respectively. A one-point crossover method is adopted,
with parental selection using the roulette wheel method. For PSO, the initial velocity is set to zero, and the acceleration parameter is set
to two.

Table 5 presents the error metrics for the proposed method alongside those of other compared methods on both the training and
testing datasets. For the training data, the errors shown in Table 5 represent the averages obtained from 10-fold cross-validation.
Notably, the Random Forest with SOS (RF-SOS) exhibits the lowest error, with only a slight difference compared to the proposed
method. The ML-SOS algorithm yields nearly identical error metrics to RF-SOS, as it selects RF as the optimal machine learning model
from the three options provided. Similarly, both ML-GA and ML-PSO also identify RF as the best-performing machine learning model.
However, during the training process, the SOS algorithm is able to find better hyperparameters that contribute to lower training error.
Despite this, ML-GA demonstrates slightly better performance in the validation process, yielding lower error metrics.

Fig. 8 illustrates the convergence of the SOS optimization process for the fitness function, as defined in Eq. (3). From the first
iteration, ML-SOS identifies RF as the best organism due to its ability to produce lower errors compared to the other machine learning
models. Compared to GA and PSO, the SOS algorithm achieves lower error performance for the training data, as illustrated in Fig. 8(a).
This validates the superior optimization performance of SOS over GA and PSO for the current investigated case. A comparison of the
predicted versus actual testing data is shown in Fig. 9. The proposed ML-SOS in this study efficiently selects the optimal machine
learning algorithm along with its hyperparameters, providing convenience for users by eliminating the need for manual comparisons
across various machine learning models. Subsequently, the ML-SOS model will be utilized as the objective function for computing the
compressive strength of Recycled Aggregate Concrete (RAC) within the PF-SOS algorithm.

Further uncertainty analysis was conducted on the ML-SOS prediction results. Fig. 10(a) presents the error distribution of ML-SOS
predictions across 78 testing data points. The results indicate that the model’s errors have a standard deviation of 5.725 MPa, with a 95
% confidence interval (CI) spanning 11.45 MPa. To further analyze the error distribution, the testing data was categorized into three
groups based on compressive strength (f.’).

e Group 1: RAC samples with compressive strength below 40 MPa
e Group 2: RAC samples with compressive strength between 40 and 50 MPa
e Group 3: RAC samples with compressive strength above 50 MPa

The number of data points in each group is illustrated in Fig. 10(b), (c), and (d), respectively. The standard deviations for these
groups are 4.65 MPa, 4.15 MPa, and 5.75 MPa, with their corresponding 95 % CIs displayed in Fig. 10. Among the three groups, Group
3 (above 50 MPa) exhibits the highest error, whereas Group 2 (40-50 MPa) shows the lowest error. This may be attributed to a higher
density of training data within the 40-50 MPa range.

Additionally, this study investigates whether larger prediction errors are associated with specific regions of the input feature space.
To assess this, histograms of each input feature in the full testing dataset were compared against histograms of testing data points
where prediction errors exceeded 10 %. Among the 78 testing samples, 24 instances exhibited an error greater than 10 %. Fig. 11
illustrates the distribution of input features across all testing data and the subset with high prediction errors (exceed 10 %). From this
analysis, no distinct pattern was observed in the high-error subset, suggesting that the errors are not concentrated in a specific input
range. Instead, the high errors may stem from missing critical input features or the presence of outliers in the dataset.

Table 4
Upper and lower bound of each machine learning hyperparameters.
Machine Learning Type Hyperparameters Lower bound Upper bound
Artificial Neural Network (ANN) Number of layer 1 5
Number of nodes per layer 4 32
Support Vector Machine (SVM) Box Constraint 1x10°* 1 x10*
Radial-based function parameter 1x107* 1 x 10*
Random Forest (RF) Number of trees 1x10°° 2000
Learning rate 1x107* 1

12



H.C.F. Gunawan et al. Journal of Building Engineering 108 (2025) 112991

Table 5
Error of each method on training and testing data.
Method Training Data Testing Data
MAPE (%) R? MAE RMSE MAPE (%) R? MAE RMSE
Proposed ML-SOS 12.09 0.89 4.75 6.39 8.91 0.92 4.06 5.7
ML-GA 12.15 0.88 4.81 6.66 8.8 0.92 4.01 5.55
ML-PSO 12.12 0.88 4.77 6.54 9.23 0.92 4.14 5.59
ANN-SOS 21.81 0.69 8.35 10.60 20.43 0.67 8.98 11.47
SVM-SOS 20.80 0.70 7.81 10.23 19.25 0.75 7.64 9.97
RF-SOS 11.92 0.89 4.75 6.39 8.46 0.93 3.78 5.27
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Fig. 8. Convergence of proposed method compared to hyperparameter tuning method.

4.2. PF-SOS result

This section presents the results of the proposed multi-objective PF-SOS algorithm. In this study, two objectives are established:
concrete compressive strength (f;’) and cost. For MOO algorithm comparison, this study does not specify the exact costs of the mixture
components. Instead, a ratio between each material is provided: concrete is assumed to cost five times that of aggregates, water is
considered cost-free, and recycled aggregate is priced at 5 % lower than normal aggregate. Therefore, the cost in this study is treated as
unitless.

For the PF-SOS algorithm, the number of iterations and organisms is set to 20 and 100, respectively. Detailed descriptions of the PF-
SOS process can be found in Section 3.3, along with the exact framework implemented for RAC optimization. The upper and lower
bounds for each mixture component will align with the bounds derived from the data used for training in ML-SOS, as listed in Table 1.

Additionally, performance of the PF-SOS algorithm will be compared them with the notable multi-objective algorithms, NSGA-II
and MOPSO. The NSGA-II MATLAB algorithm is directly referenced from Ref. [36] where it utilizes non-dominated sorting and
crowding distance techniques to determine the best samples. For a fair comparison, this study will analyze the convergence of the
Pareto Front constructed using both PF-SOS and NSGA-II with a similar number of function evaluations. The MOPSO algorithm also
utilize the open source algorithm provided by Heris et al. [37].

Fig. 12 illustrates the convergence of the Pareto Front for the proposed PF-SOS compared to NSGA-II and MOPSO across various
function evaluation numbers. The results indicate that PF-SOS can achieve a faster convergence process. As shown in Fig. 12(b), after
2000 function evaluations, PF-SOS already provides a more favorable Pareto Front compared to NSGA-II or MOPSO. Unlike con-
ventional multi-objective algorithms, PF-SOS assigns distinct objectives to each organism, as detailed in Eq. (5). This approach is
believed to provide clear directional guidance for each organism’s movement. By the final iteration (with 4000 function evaluations),
several points from PF-SOS and MOPSO overlap; however, PF-SOS consistently offers a superior Pareto Front. Tables 6-8 present
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Fig. 9. Prediction on testing data using proposed ML-SOS and several different methods.

samples of optimal mixtures derived from the Pareto Front generated by PF-SOS, NSGA-II and MOPSO, respectively.

Table 6 indicates that the utilization of recycled aggregate can reach up to 90 % for concrete strengths below 70 MPa, with a water-
to-cement (w/c) ratio of 0.72. The algorithm leverages aggregate size to enhance compressive strength while maintaining a low w/c
ratio and high utilization of recycled aggregate. However, for recycled aggregate concrete (RAC) strengths exceeding 70 MPa, both the
w/c ratio and recycled aggregate utilization must be reduced. Result from NSGA-II and MOPSO in Tables 7 and 8 also presents typical
results demonstrating that lower w/c ratios and smaller aggregate sizes can effectively boost the compressive strength of RAC. Using
smaller aggregates is viewed as a cost-effective alternative to reducing the w/c ratio for increasing compressive strength. It is important
to note that the accuracy of the mixture predictions for compressive strengths between 70 and 110 MPa may be lower, likely due to the
limited amount of RAC data available within this strength range, as illustrated in Fig. 2(h).

4.3. Cost analysis

To enhance industrial applicability, this study conducts a cost analysis based on realistic cost assumptions obtained from several
material suppliers in Indonesia. The cost assumptions adopted are summarized in Table 9. In general, aggregate suppliers in Indonesia
do not offer size-specific options; smaller aggregate sizes are typically produced through manual filtering or additional crushing. In this
study, it is assumed that the cost of smaller aggregates increases linearly as the particle diameter decreases. Three cost scenarios are
considered; Case A assumes that recycled aggregate (RA) is 90 % cheaper than normal aggregate (NA); Case B assumes an 80 % cost
reduction; Case C assumes a 70 % cost reduction compared to NA. The PF-SOS Pareto front results for each case are illustrated in
Fig. 13. Asshown in Fig. 13(a), the cost benefit of using recycled aggregate is significant only for concrete with compressive strength up
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Fig. 10. Error and confidence interval of ML-SOS prediction.

to approximately 65 MPa. For compressive strengths beyond this threshold, the cost advantage of RA diminishes. This trend aligns with
expectations; as recycled aggregate is generally less suitable for producing high-strength concrete compared to normal aggregate.

Furthermore, Fig. 13(b) and (c) present 3D scatter plots of the Pareto front, incorporating the w/c and RA%. These figures highlight
the critical role of the w/c ratio in influencing both compressive strength and production cost. Achieving higher strength concrete
requires a lower w/c ratio, which consequently increases production cost. In Fig. 13(c), it is observed that lower-cost designs are
associated with higher RA%, particularly for lower strength ranges. However, for concrete with compressive strength exceeding 60
MPa, the proportion of RA used decreases to meet the required strength, confirming the earlier observation regarding the limitations of
recycled aggregate in high-strength applications.

5. Conclusion

This study focuses on generating optimal mixture compositions for recycled aggregate concrete (RAC), which is recognized as an
innovative approach to reducing carbon footprints in the construction industry. To enhance this innovation, a robust and accurate
method for determining the mixture is essential. The high complexity of old mortar, water absorption, and the behavior of recycled
aggregates contribute to the highly nonlinear nature of RAC compressive strength. To address these challenges, this study proposes two
novel algorithms: ML-SOS and PF-SOS. The key conclusions drawn from this study are as follows.

1. ML-SOS Algorithm: The proposed ML-SOS algorithm provides a user-friendly solution by automatically selecting the optimal
machine learning model and its hyperparameters, eliminating the need for manual comparisons among different models. For the
RAC data analyzed, ML-SOS identified Random Forest (RF) as the optimal machine learning method, outperforming Artificial
Neural Networks (ANN) and Support Vector Machines (SVM). The RF model achieved the lowest error, as indicated by a Mean
Absolute Percentage Error (MAPE) of 8.91 % and an R? value of 0.92 for testing data predictions (see Table 4).

2. PF-SOS for Optimal Mixture Generation: To generate optimal mixtures, this study employs the PF-SOS algorithm to provide
Pareto Front solutions. The multi-objective optimization targets two objectives: compressive strength and cost. The performance of
PF-SOS is compared against the NSGA-II and MOPSO algorithm. As shown in Fig. 12, PF-SOS demonstrates superior performance in
producing well-defined Pareto Front solutions. The assignment of distinct objectives to each organism, as illustrated in Eq. (5),
provides clear direction, enabling the algorithm to generate a well-distributed Pareto Front. The results suggest that utilizing
smaller aggregate sizes is an effective strategy for enhancing concrete strength while maintaining a high water-to-cement (w/c)
ratio and maximizing the use of recycled aggregate. For RAC with compressive strengths (f.’) exceeding 65 MPa, it is necessary to
reduce both the w/c ratio and the proportion of recycled aggregate used.

6. Future direction and limitation
As demonstrated in this study, the integration of artificial intelligence (AI) into concrete mix design particularly for recycled
aggregate concrete (RAC) holds significant potential. However, the effectiveness of such approaches is heavily dependent on the

availability of high-quality and comprehensive datasets. One of the main challenges hindering industrial implementation is the need
for large-scale and diverse data to achieve low prediction error and strong model generalization. Although several platforms have
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Fig. 11. Histogram of entire testing data and subset with error percentage exceeding 10 %.

shared concrete mix datasets in an open-source manner, substantial variability still exists in experimental settings across laboratories
and countries. Key factors such as aggregate gradation, ambient temperature, curing conditions, and testing protocols can vary
significantly. Furthermore, these critical parameters are often not systematically recorded in publicly available datasets, making it
difficult to establish a standardized mix design environment for robust AI model development. Another practical barrier is the
computational infrastructure required for training machine learning models. In the present study, the ML-SOS algorithm was trained
on a system equipped with an Intel 13th Gen i7-13700 processor and 32 GB RAM. With a dataset size of 528 entries, the total
computation time was approximately 20 h. Ideally, the training process should be repeated each time a new dataset is introduced.
While CPU-based computation remains adequate for datasets of up to around 2000 samples, larger datasets exceeding 10,000 entries
are likely to require GPU acceleration and increased memory capacity to maintain reasonable training times.
Several limitations of the developed algorithm are noted as follows.

1. The study encountered challenges in acquiring sufficient data, especially concerning the source properties of recycled aggregates
such as the characteristics of the parent concrete. Due to the limited availability of such information, these potentially important
features could not be incorporated into the model, thereby restricting the range of input variables used for prediction.

2. No data pre-processing was performed to identify and eliminate potential outlier samples, which may have introduced noise or
inaccuracies during training and led to prediction errors.

3. The current study does not provide specific guidance on the selection of algorithm parameters for ML-SOS and PF-SOS (e.g.,
number of iterations, organism size). These parameters may need to be adjusted depending on the characteristics and complexity of
different case studies, and further investigation is required to establish more generalized recommendations.
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Fig. 12. Convergence of pareto front at different function evaluations.

4. The accuracy of the constructed Pareto Front is highly dependent on the performance of the ML-SOS model, which in turn is
influenced by the quality and completeness of the training data.

This study opens several avenues for future research and development.

1. Broader Optimization Objectives: While this study focuses on optimizing cost and compressive strength, future research should
consider additional critical objectives in RAC mix design, such as environmental impact, chemical resistance, and long-term
durability. Incorporating these broader objectives would enhance the practical relevance and sustainability of the proposed

optimization approach.

17



H.C.F. Gunawan et al. Journal of Building Engineering 108 (2025) 112991

Table 6

Several optimal mixture from PF-SOS pareto front at final iteration.
No. fo (MPa) Cost w/c a/c RA% RA, NA, RA,, NAy,
1 24.47 1.37 0.72 6.40 90.00 22.39 10.86 3.26 1.00
2 34.31 1.37 0.72 6.40 90.00 26.09 11.39 3.17 1.00
3 43.77 1.37 0.72 6.40 90.00 11.44 11.39 3.08 1.00
4 56.75 1.37 0.72 6.40 90.00 10.25 10.53 1.91 1.00
5 65.07 1.37 0.72 6.40 90.00 10.25 11.16 3.26 2.53
6 74.80 1.37 0.70 6.40 90.00 10.57 11.81 3.04 1.27
7 89.73 1.42 0.45 6.40 90.00 8.00 10.20 3.27 1.86
8 94.16 1.42 0.40 6.40 90.00 9.77 11.24 3.26 2.02
9 107.41 1.44 0.34 6.40 89.42 10.47 10.24 3.27 1.73
10 114.94 1.46 0.30 6.40 47.58 8.00 10.00 3.05 1.88

Table 7

Several optimal mixture from NSGA-II pareto front at final iteration.
No. fo (MPa) Cost w/c a/c RA% RA NA, RA,, NA,,
1 34.22 1.38 0.72 6.40 58.97 19.63 15.48 7.08 1.91
2 34.95 1.38 0.72 6.40 58.69 19.56 15.46 6.99 1.91
3 46.04 1.38 0.70 6.39 58.77 19.48 15.53 7.23 1.91
4 55.77 1.41 0.53 6.40 59.61 19.48 14.93 7.27 1.92
5 66.12 1.44 0.45 6.23 58.71 19.57 14.28 7.03 1.73
6 77.34 1.46 0.32 6.35 56.73 19.91 13.84 7.27 1.82
7 88.29 1.48 0.30 6.22 36.33 14.24 18.03 2.03 1.94

Table 8

Several optimal mixture from MOPSO pareto front at final iteration.
No. fo (MPa) Cost w/c a/c RA% RAg NAg RA,, NA,,
1 25.19 1.37 0.72 6.40 90.00 32.00 14.96 1.29 2.57
2 35.01 1.37 0.72 6.40 90.00 30.60 17.05 6.70 1.00
3 38.67 1.37 0.72 6.40 90.00 15.38 11.91 10.00 1.06
4 56.26 1.37 0.72 6.40 90.00 8.00 10.00 2.62 1.00
5 66.43 1.37 0.72 6.40 90.00 8.85 12.29 1.01 1.00
6 74.69 1.40 0.70 6.40 11.97 8.00 12.94 2.36 1.34
7 85.55 1.42 0.45 6.40 90.00 8.00 11.55 6.04 1.00
8 96.77 1.43 0.36 6.40 90.00 8.00 11.69 3.61 1.00
9 104.09 1.44 0.31 6.39 90.00 8.00 11.05 1.36 1.00
10 113.84 1.48 0.29 6.40 10.00 8.00 13.06 3.34 1.09

Table 9

RAC component price.
Component Cement Normal Aggregate 8 mm Normal Aggregate 32 mm Recycle Aggregate Price Compared to Normal Aggregate
Priceperm®inUSD  Case A 150 100 30 0.9

Case B 0.8
Case C 0.7

2. Experimental Validation of Results: To bridge the gap between research and industrial implementation, experimental validation of
the predicted Pareto front solutions is essential. Conducting laboratory tests based on selected optimal mix designs will strengthen
the credibility of the ML-based framework and promote greater adoption of machine learning in real-world concrete mix design
practices.

3. Enhancement of PF-SOS Algorithm: The current PF-SOS algorithm has limitations in generating a well-distributed Pareto front
across all objectives. Additionally, the weighting strategy for each organism’s objective is based on a simple linear distribution.
Future work could focus on incorporating adaptive weighting mechanisms and more sophisticated selection rules for the best
organism, which may lead to improved convergence behavior and better Pareto front diversity.

4. Broader Applicability of ML-SOS and PF-SOS: The proposed ML-SOS and PF-SOS algorithms have strong potential for application in
various engineering optimization problems beyond concrete mix design. The ML-SOS framework, in particular, can be extended to
include a wider range of machine learning models beyond ANN, SVM, and RF, such as XGBoost, LightGBM, or deep learning ar-
chitectures, thereby increasing its adaptability and robustness in solving complex prediction-based optimization tasks.
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Fig. 13. Pareto front computed using PF-SOS for several cost scenario.
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