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Abstract


Climate-change-induced extreme environments exacerbate pavement degradation in arid regions, where traditional concrete incurs 23~40% higher life-cycle costs due to premature cracking. Particularly in the Gobi Desert, concrete pavements suffer from conflicting performance requirements—high flexural-to-compressive strength ratio (Rf/Rc), low shrinkage, and controlled porosity—with traditional design methods failing to address multi-objective trade-offs. Existing optimization methods have proven insufficient for such complex environments, with conventional approaches addressing only individual parameters or employing subjective weighting techniques that fail to capture the interrelated nature of critical performance indicators. This study develops an integrated optimization framework combining Response Surface Methodology (RSM), Non-dominated Sorting Genetic Algorithm III (NSGA-III), Criteria Importance Through Intercriteria Correlation (CRITIC) weighting, and VIšekriterijumsko KOmpromisno Rangiranje (VIKOR) decision-making to optimize the mix proportions water–cement ratio (W/C), sand ratio, and an air-entraining agent (AEA) for sustainable pavement concrete. Response Surface Methodology (RSM) analysis via Box–Behnken design revealed distinct parameter dominance: AEA exhibited the strongest non-linear effects on Rf/Rc and porosity, while W/C primarily governed shrinkage. NSGA-III generated 73 Pareto-optimal solutions, with CRITIC selecting an optimal mix (W/C = 0.35), sand ratio = 36%, AEA = 0.200%) validated experimentally (Rf/Rc = 0.141), shrinkage = 0.0446%, porosity = 2.82%. Microstructural characterization using scanning electron microscopy and low-field nuclear magnetic resonance (SEM/LF-NMR) demonstrated refined pore distribution and enhanced compactness. This framework effectively resolves trade-offs between performance indicators, providing a scientifically robust method for designing durable pavement concrete that reduces shrinkage by 13.0% and porosity by 13.5% compared to conventional mixes, lowering maintenance costs in arid regions.
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1. Introduction


Pavement concrete provides significant cost advantages while delivering superior load-bearing capacity, making it particularly suitable for heavy freight traffic applications [1,2,3]. However, these concrete structures increasingly face significant challenges under extreme environments induced by climate change. As Li reports, material degradation costs approximately $4 trillion USD annually worldwide, with infrastructure failures like premature concrete deterioration in harsh environments contributing significantly to these economic losses [4]. The UN Sustainable Development Goals (SDG 9: Industry Innovation; SDG 11: Sustainable Cities) mandate urgent improvements in infrastructure resilience, as traditional concrete in these regions incur 23~40% higher life-cycle costs due to premature cracking [5,6]. Particularly in the Gobi Desert, concrete pavements experience accelerated deterioration under sustained high temperatures (40 °C) and persistent wind erosion (3.5 m/s), conditions that demand specialized concrete formulations with enhanced performance properties.



While parameters like water–cement ratio (W/C), sand ratio, and air-entraining agent (AEA) are known to influence concrete performance, the current understanding of their interactive effects on key performance indicators remains fragmented, particularly for extreme environments. Persson’s [7] research shows that increasing W/C from 0.35 to 0.45 reduces compressive strength from 100 MPa to 55 MPa, with freeze-thaw resistance declining significantly when W/C exceeds 0.45. Studies confirm that low W/C (≤0.40) combined with appropriate AEA optimize the strength–durability balance. Ma [8] found that increasing W/C from 0.3 to 0.5 increases total shrinkage by 37.3%, primarily due to easier moisture evaporation in high W/C concrete, intensifying drying shrinkage. Piasta and Zarzycki [9] demonstrated that increasing W/C raises capillary porosity, directly affecting concrete strength and durability. Kondraivendhan [10] verified this pattern, noting that higher W/C not only increases porosity but also alters pore size distribution.



Lin’s [11] experiments revealed that reducing the sand ratio by 4% improves 56 d compressive strength by approximately 10%, as coarse aggregates contribute more to compressive strength. Ding’s [12] research showed that sand ratio adjustments directly affect flexural strength in fiber-reinforced concrete. The sand ratio affects shrinkage through aggregate volume changes. Yang [13] found that increasing the sand ratio from 0.3 to 0.6 reduces coarse aggregate volume fraction from 448 L/m3 to 256 L/m3, significantly impacting concrete shrinkage behavior. Sand ratio adjustments control aggregate volume fraction and equivalent porosity, directly influencing shrinkage strain development. Lin [11] observed that while higher sand ratios improve concrete density through better particle packing, they simultaneously alter interfacial transition zone characteristics, affecting pore structure distribution.



Research [7] indicates that increasing AEA from 1% to 8% reduces compressive strength from 100 MPa to approximately 60 MPa, though moderate AEA significantly enhances freeze-thaw resistance. Li [14] confirmed that 0.7% dosage optimizes durability without excessive strength loss, while 1.4% dosage causes 30~45% strength reduction. Li [14] found that excessive AEA causes additional water to remain unhydrated, forming numerous capillary pores that generate tensile stress during moisture loss, inducing shrinkage. Experiments show that moderate AEA provides more uniform stress distribution, while excess promotes shrinkage cracking. Łaźniewska-Piekarczyk [15] demonstrated that different AEA types produce distinct pore characteristics. Li’s [14] quantitative analysis confirmed that increasing AEA content from 0% to 0.7% increases large pores by 3.56% and capillary pores by 3.05%; at 1.4%, large and capillary pores exceed 50% of total porosity, significantly affecting concrete performance.



Despite the research on individual parameter effects, knowledge gaps persist in understanding their combined influence on simultaneously optimizing the flexural–compressive strength ratio, controlling shrinkage, and regulating porosity under extreme conditions. Traditional optimization methods addressing single parameters or employing subjective weighting techniques struggle to effectively resolve multi-objective conflicts. More advanced intelligent design methods are needed to address these complex engineering challenges.



Intelligent design methods have emerged as effective tools for solving complex engineering problems. Response Surface Methodology (RSM), which integrates experimental design with mathematical modeling, has been widely applied to optimize concrete performance models [16,17,18]. RSM is effective in modeling non-linear relationships between mix proportion parameters and performance indicators [19]. However, when applied to concrete design for extreme arid environments, practical optimization problems involve multiple conflicting objectives that cannot be resolved through traditional approaches, such as balancing cost and performance or durability and strength. The Non-dominated Sorting Genetic Algorithm III (NSGA-III) generates high-quality Pareto-optimal solutions by improving the uniformity of objective distributions, providing diverse trade-offs for multi-objective optimization [20,21,22]. Despite its advantages, NSGA-III often produces a large and widespread solution set, making it challenging to identify the optimal solution with the best overall performance.



To address this challenge, multi-criteria decision-making methods have been employed for selecting solutions from Pareto fronts. Challenges remain in scientifically allocating weights and interpreting results. Traditional weighting methods, such as expert scoring and entropy weighting, rely on subjective experience or single characteristics, failing to comprehensively reflect the relative importance of different indicators. Criteria Importance Through Intercriteria Correlation (CRITIC) combines the standard deviation and correlation of indicators to objectively evaluate their importance, avoiding subjective bias. It has achieved significant success in other fields of multi-objective optimization, such as material optimization and environmental system management [23,24]. VIšekriterijumsko KOmpromisno Rangiranje (VIKOR), a compromise ranking approach, has been successfully applied in areas such as mechanical design and energy planning. VIKOR ranks multi-objective solution sets reliably, even in scenarios with conflicting criteria or unclear preferences, demonstrating strong decision-making potential [25,26]. However, many existing studies have applied techniques in isolation, lacking an integrated framework for intelligent design, particularly in multi-objective optimization for pavement concrete mix proportions.



To bridge the research gaps, this study develops an integrated optimization framework that systematically addresses the multi-objective challenges of pavement concrete design. The framework combines complementary methodologies to create a comprehensive optimization system: RSM establishes accurate mathematical models capturing the non-linear relationships between mix variables (W/C, sand ratio, AEA) and concrete performance indicators; NSGA-III efficiently explores the global solution space to generate Pareto-optimal alternatives that conventional methods cannot identify; CRITIC objectively quantifies performance indicator priorities through a data-driven analysis of standard deviations and interrelationships, eliminating the subjective bias inherent in traditional weighting methods; and VIKOR provides scientific decision-making for selecting the optimal compromise solution from complex multi-criteria alternatives. This integration creates a closed-loop “modeling–optimization–weighting–decision” system that resolves the fundamental trade-offs in concrete mix design for extreme environments. The framework systematically optimizes key performance indicators, including Rf/Rc, dry shrinkage, and porosity, demonstrating both theoretical rigor and practical effectiveness for designing high-performance pavement concrete under the complex engineering conditions found in arid regions.




2. Materials and Methods


2.1. Raw Materials


Portland cement with high sulfate resistance (P·HSR42.5) was employed, sourced from the Jianshe brand from Shandong Chongzheng Special Cement Co., Ltd., Zibo, Shandong, China. The fine aggregate used was river sand, with a fineness modulus of 2.70, and the coarse aggregate consisted of crushed stone with a particle size distribution of 5~10 mm (30%) and 10~20 mm (70%). A water-reducing agent and AEA were used as additives, and the water-reducing agent was polycarboxylic acid high-efficiency water-reducing agent (water reduction rate ≥ 30%), both of which were supplied by Zhongyan Science and Technology Co., Ltd. (Beijing, China). The mixing water was tap water. The chemical composition of the cement is provided in Table 1.




2.2. Multi-Objective Optimization Framework


In this study, a collaborative optimization framework combining RSM, NSGA-III, CRITIC objective assignment, and VIKOR compromise sorting is constructed. This framework addresses significant limitations in conventional concrete optimization approaches by integrating complementary methodologies that collectively resolve the complex trade-offs between critical performance indicators in extreme environments. The RSM reveals that the parameter non-linear interaction mechanism, NSGA-III, generates the global Pareto solution set, CRITIC quantifies the dynamic weights of the indicators, and VIKOR achieves conflict elimination to systematically solve the multi-objective collaborative optimization challenges.



2.2.1. RSM Model Design Method


RSM was applied to analyze and optimize the non-linear interactions between W/C, sand ratio, and AEA. The strength of RSM lies in its ability to quantify both main effects and interaction effects between parameters through polynomial models, capturing complex relationships that linear models cannot represent. The Box–Behnken experimental design (BBD) was employed, with dry shrinkage, porosity, and Rf/Rc selected as response variables. BBD was selected for its efficiency, requiring fewer experimental runs than full factorial designs while maintaining the ability to estimate quadratic terms and interactions—critical for understanding the complex parameter relationships in concrete performance. A total of seventeen sample sets were generated using Design-Expert software, including twelve sets for model fitting and five sets for validation. The model’s significance was evaluated through analysis of variance (ANOVA), and the coefficient of determination (R2) and the adjusted coefficient of determination (Rp2) were used to assess the model’s fitting and predictive performance. Analytical methods followed the approach outlined in references [27,28,29,30]. Factors and codings are shown in Table 2.




2.2.2. Multi-Objective Optimization and Decision-Making Method


The study introduces a multi-objective optimization and decision-making framework based on NSGA-III and the CRITIC-VIKOR method to address the trade-offs among indicators in concrete performance optimization.



As shown in Figure 1, NSGA-III employs a reference point distribution mechanism to improve coverage and uniformity within the solution set for high-dimensional objective optimization, making it suitable for complex multi-objective problems. Traditional evolutionary algorithms typically suffer from deteriorating performance when handling more than two objective functions, which is particularly problematic for concrete performance optimization where porosity, shrinkage, and Rf/Rc must be simultaneously considered. NSGA-III addresses this limitation through its structured reference point mechanism, which systematically partitions the normalized objective space to maintain solution diversity. This approach ensures comprehensive exploration of the Pareto front by associating candidate solutions with uniformly distributed reference points, thereby preserving diversity throughout the evolutionary process. This approach is particularly advantageous for concrete optimization problems where balanced trade-offs are critical for overall performance. In concrete performance optimization, NSGA-III effectively balances key indicators such as porosity, Rf/Rc, and dry shrinkage, providing reliable solutions for complex multi-objective problems.



The decision-making process, illustrated in Figure 2, integrates the CRITIC and VIKOR methods to prioritize the Pareto solution set. The CRITIC method quantifies the objective importance of indicators through a dual consideration of contrast intensity and conflict criteria. The standard deviation of each normalized criterion measures the intensity of contrast, while correlation coefficients between criteria pairs measure the conflict between criteria. This mathematical approach proves particularly valuable for concrete optimization, where performance indicators exhibit complex interdependencies that subjective weighting methods often fail to capture accurately.



Meanwhile, VIKOR implements a systematic compromise ranking based on distance functions from the ideal solution. The method calculates utility measure (Si) representing “group utility” and regret measure (Ri) representing maximum individual regret, then combines these measures into a comprehensive index (Qi). For concrete mix design, this approach is particularly suitable as it prevents solutions with excellent average performance but critical deficiencies in individual properties—a significant advantage when optimizing for extreme environments where weakness in any single property could lead to premature failure. The adjustable compromise parameter in VIKOR provides additional flexibility to balance between maximum group utility and minimum individual regret strategies [31,32,33,34].



Traditional research methods applied in isolation demonstrate significant limitations for concrete optimization in extreme environments. RSM alone provides mathematical models but lacks global optimization capabilities; NSGA-III generates diverse Pareto solutions but offers no mechanism for final selection; weighting methods without objective statistical foundations introduce bias that compromises optimization outcomes. To overcome these limitations, this study implements a sequential methodology where RSM-derived prediction models serve as objective functions for NSGA-III optimization, generating a diverse Pareto-optimal solution set. These solutions are then normalized and processed through CRITIC to calculate objective weights based on statistical analysis of performance indicators. Finally, VIKOR applies these weights to compute compromise indices, enabling a scientifically based selection of the optimal concrete mix proportions that balance conflicting performance requirements for arid environment applications.
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Figure 2. The detailed process of the CRITIC-VIKOR decision-making method [35]. 
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2.3. Mix Design


The mix design followed the JTG/T F30-2014 specifications [36] with the primary target of achieving a 28 d flexural strength of 5.0 MPa while simultaneously satisfying critical workability and durability requirements for pavement concrete in extreme arid environments. After comprehensive preliminary testing and a literature review, W/C, sand ratio, and AEA were identified as the most influential independent variables affecting concrete performance in Gobi Desert conditions, where pavement infrastructure faces severe environmental challenges.



2.3.1. Selection of Independent Variables


W/C ranged from 0.35 to 0.43, carefully determined based on code recommendations and the target flexural strength requirements. This parameter was selected as a primary variable due to its fundamental role in controlling the hydration reaction kinetics and resultant pore structure of the cement paste, directly influencing both strength development and long-term durability of the concrete. As demonstrated by Cui [6], the optimization of W/C is critical for concrete pavements in extreme environments with large daily temperature differences, where inappropriate W/C selection can lead to significant performance degradation and premature failure. Ziari [37] further confirmed that W/C significantly impacts concrete’s susceptibility to plastic shrinkage cracking in arid conditions characterized by high temperatures and wind speeds—conditions analogous to the Gobi Desert environment. Lower W/C values (0.35) provide enhanced strength and reduced permeability, while higher values (0.43) improve workability but potentially compromise durability in severe exposure conditions.



The sand ratio was established between 36% and 42%, a range meticulously optimized through extensive slump testing to ensure a target slump of 50 mm, thus achieving an optimal balance between mechanical performance and workability. Kardos and Durham [38] demonstrated that aggregate proportioning significantly affects not only the mechanical properties but also the permeability and durability characteristics of concrete pavements. The lower boundary (36%) ensures adequate coarse aggregate content for structural integrity, while the upper boundary (42%) prevents excessive sand content that could lead to workability issues and increased shrinkage potential.



AEA dosage ranged from 0.1% to 0.3% by mass of cement, validated through systematic air content testing. This variable was selected due to its critical role in creating a controlled network of microscopic air bubbles that significantly improves freeze–thaw resistance and reduces internal stresses caused by thermal variations. Xie [39] confirmed that proper air void distribution is essential for enhancing pavement durability in severe environmental conditions. Our experimental validation demonstrated that this dosage range successfully maintained air content within 5 ± 0.5%, optimizing the balance between strength and durability. The introduction of uniformly distributed microbubbles significantly improved pore size distribution and reduced shrinkage potential through stress redistribution mechanisms.



Additionally, a water-reducing agent dosage was fixed at 0.6% of the cement mass, optimized through multiple trial mixes to ensure consistent flowability and mixture uniformity without affecting the primary variables under investigation.




2.3.2. Selection of Response Variables


Three critical performance indicators were selected as response variables to comprehensively evaluate pavement concrete performance.



Rf/Rc was selected as a primary indicator of concrete toughness and crack resistance capability. Unlike individual strength measurements, this ratio provides a more comprehensive assessment of the material’s structural behavior under the complex loading conditions experienced in pavement applications. As demonstrated by Achilleos [40], the Rf/Rc is particularly significant for predicting long-term performance in fiber-reinforced concrete pavements subjected to flexural fatigue loading.



Dry shrinkage was identified as a critical durability parameter, particularly relevant in the Gobi Desert environment where extreme temperature variations and low humidity significantly increase cracking potential. Inyim [41] identified shrinkage as one of the most decisive factors affecting long-term pavement durability in arid regions. This parameter directly measures the concrete’s volumetric stability and, consequently, its resistance to environmentally induced cracking.



Porosity was selected to evaluate the microstructural properties that fundamentally govern transport mechanisms and long-term durability. Loijos [42] established that pore structure characteristics, particularly pore size distribution and connectivity, directly influence both the mechanical performance and durability aspects of pavement concrete. This parameter provides essential insights into the material’s resistance to aggressive environmental factors prevalent in arid regions.



A Box–Behnken experimental design under the RSM framework was employed to systematically analyze both the individual effects and interactions among these variables. A total of seventeen experimental groups (including five centerpoint replicates) were constructed to ensure statistical robustness and model reliability. The comprehensive experimental design parameters are presented in Table 3.





2.4. Specimen Preparation and Testing Procedures


2.4.1. Preparation of Concrete Specimens and Mechanical Property Testing


The concrete was mixed using an HJW-60 mixer in strict accordance with JTG 3420-2020 [43]. The mixing procedure involved the following steps: sand and cement were dry mixed for 2 min, followed by the addition of coarse aggregate for 1 min. Water, superplasticizer, and AEA were then incorporated, and the mixture was stirred for an additional 2 min until homogeneous. After mixing, the slump test was performed. The fresh concrete was cast into lubricated 100 mm cube molds, compacted on a vibrating table until surface bleeding ceased and no air bubbles were visible, and then smoothed and covered with plastic film.



The specimens were demolded after 24 h. A uniform layer of paraffin wax emulsion was applied to the surface to reduce moisture evaporation and promote early hydration. The demolded specimens were cured under natural conditions for 28 d. Subsequently, flexural strength testing was performed using a WAW-1000D electro-hydraulic servo universal testing machine, and compressive strength testing of the cubes was conducted with a TYA-2000 electro-hydraulic pressure testing machine from Chengdu Dong’ao Testing Instrument Equipment Co., Ltd., Chengdu, China.




2.4.2. Dry Shrinkage Environment Simulation


An experimental apparatus was custom-designed to investigate the impact of high-temperature and wind erosion conditions in the Gobi Desert on the dry shrinkage performance of concrete, as shown in Figure 3. The environmental parameters were carefully determined through an analysis of comprehensive meteorological data collected from the central Asian arid region over a 10-year period (2013~2023), as illustrated in Figure 4a (temperature variation) and Figure 4b (wind velocity variation). The meteorological analysis presented in Figure 4a revealed peak summer temperatures averaging 36 °C in July, while Figure 4b demonstrated maximum sustained wind velocities of 3.4 m/s during the same period. Based on this data, the experimental parameters (40 °C surface temperature and 3.5 m/s wind velocity) were selected to represent the characteristic environmental conditions, with the temperature parameter accounting for the direct exposure of pavement surfaces to solar radiation. The apparatus simulates typical environmental conditions, including a wind speed of 3.5 m/s and a surface temperature of 45 °C, using adjustable fans and a constant temperature system. Validation testing confirmed that the laboratory simulation maintained temperature stability within ±0.5 °C of the target value and wind velocity uniformity within ±0.2 m/s across the specimen exposure area throughout the testing duration. Vibrating wire strain gauges were embedded in the concrete specimens to enable real-time monitoring of strain. The experimental settings were based on long-term meteorological data from the Gobi Desert, ensuring accurate and representative simulations. The setup facilitates the optimization of pavement concrete performance under extreme environmental conditions.




2.4.3. LF- NMR Testing for Pore Characterization


A Niumag LF-NMR core analyzer (magnetic field strength of 0.55 T, operating at 32 °C) was used to analyze the pore characteristics of concrete specimens. Low-Field Nuclear Magnetic Resonance (LF-NMR) is a non-destructive testing technique based on the relaxation behavior of hydrogen nuclei (protons) in a magnetic field. Its core principle involves measuring the transverse relaxation time (T2) of hydrogen atoms in pore water to indirectly characterize the pore structure of materials. T2 time reflects the rate at which proton spins lose phase coherence in a magnetic field, primarily influenced by interactions between the pore surface and water [45]. Smaller pore diameters result in more pronounced surface relaxation effects and shorter T2 times, while larger pores yield longer T2 times. Based on T2 relaxation spectra, LF-NMR technology quantifies these behaviors, providing detailed data on pore distribution. Prior to testing, specimens were vacuum-saturated for 24 h by placing concrete cube samples (standard size 100 mm3) in a vacuum chamber at −0.1 MPa for 24 h, ensuring complete water saturation of all pores. For data acquisition, saturated samples were placed in the LF-NMR probe where 90–180° pulse sequences (CPMG sequences) were applied to record T2 relaxation decay signals. Data analysis involved using inversion algorithms (such as non-negative least squares method) to convert T2 decay curves to T2 spectra, characterizing the distribution of different pore sizes. Using a surface relaxation coefficient (ρ = 10 μm/s, calibrated based on the literature for cementitious materials), T2 times (ms) were converted to equivalent pore diameters (d = ρ × T2). The detection range of the NMR (0.1~100 μm) effectively captures the multiscale pore distributions in concrete [46].




2.4.4. SEM Analysis Conditions for Pore Characterization


SEM was used to observe the microstructure of the optimal mix and the control group concrete specimens after 28 d of drying shrinkage under conditions of 45 °C and 3.5 m/s wind speed, with a focus on analyzing the changes in porosity. The observations were made using a Sigma 300 field emission scanning electron microscope (FESEM) from ZEISS AG, Oberkochen, Germany with an acceleration voltage set to 5 keV. Prior to analysis, the samples were gold-coated to ensure sufficient conductivity and to avoid charging effects.






3. Results and Analysis


Compressive strength, flexural strength, dry shrinkage, and LF-NMR tests were conducted to provide experimental data for the 17 mix proportions generated using BBD. The experimental results were subsequently used as inputs to develop an RSM model in Design-Expert 13 software, facilitating the analysis of interactions between mix parameters and their effects on key performance indicators, such as Rf/Rc, shrinkage, and porosity.



3.1. Development and Validation of the RSM Model


RSM encompasses a collection of statistical and mathematical techniques employed in experimental design, model fitting, regression analysis, and the examination of interactions between independent variables. RSM constructs the relationship between objective functions and design variables, enabling the prediction of system performance.



The relationship between the objective function y and design variables x1, x2, …, xk can be expressed using the following linear or quadratic models:



Linear model:


  y =  a 0  +   ∑  i = 1  k    a i   x i  + ε    



(1)







Quadratic model:


  y =  a 0  +   ∑  i = 1  k    a i   x i  +   ∑  i = 1  k    a  i i      x i   2  +   ∑  i < j     a  i j    x i   x j      + ε    



(2)




where a0 is the intercept, ai are the linear regression coefficients, and ε is the residual error. Where aii represents the quadratic effect of xi, and aij represents the interaction effect between xi and xj.



RSM is commonly employed to model non-linear relationships between objective functions and design variables using quadratic polynomials. The polynomial regression model enables the prediction of target output or system performance based on the given parameters.



The BBD approach in Design-Expert 13 software, along with the least squares method, was used to perform non-linear fitting on the test results summarized in Table 4. The process led to the development of response surface models for the 28 d Rf/Rc, shrinkage, and porosity, as expressed in Equations (3)–(5).


     y 1  = − 2.02 + 6.16  x 1  + 2.39 ×  10  − 2    x 2  + 11.17  x 3  − 1.77  x 1   x 3      − 0.28  x 2   x 3  − 7.51    x 1   2  − 27.33    x 3   2  + 0.73  x 2     x 3   2     



(3)






     y 2  = − 1.79 + 3.68  x 1  + 0.06  x 2  − 0.45  x 3  − 5.67  x 1   x 2  + 2.73  x 1   x 3      + 3.65  x 2   x 3  − 5.17    x 1   2  − 7.26 ×  10  − 4      x 2   2  − 0.48    x 3   2     



(4)






     y 3  = − 0.26 + 1.75  x 1  + 3.82 ×  10  − 3    x 2  + 28.53  x 3  − 0.02  x 1   x 2  − 40.39  x 1   x 3      − 0.28  x 2   x 3  − 1.01    x 1   2  + 1.58 ×  10  − 4      x 2   2  − 53.59    x 3   2     



(5)







In the equations, x1 represents W/C; x2 represents the sand ratio; x3 represents AEA; y1 represents Rf/Rc; y2 represents the shrinkage; and y3 represents the porosity.





 





Table 4. Experimental design and results.
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Number

	
Factor

	
Test Result




	
x1

	
x2/%

	
x3/%

	
y1

	
y2/%

	
y3/%






	
1

	
0.35

	
36

	
0.2

	
0.150

	
2.82

	
0.0433




	
2

	
0.35

	
39

	
0.1

	
0.128

	
3.88

	
0.0442




	
3

	
0.35

	
39

	
0.3

	
0.157

	
6.36

	
0.0494




	
4

	
0.35

	
42

	
0.2

	
0.123

	
4.00

	
0.0482




	
5

	
0.39

	
36

	
0.1

	
0.136

	
4.39

	
0.0492




	
6

	
0.39

	
36

	
0.3

	
0.145

	
8.55

	
0.0548




	
7

	
0.39

	
39

	
0.2

	
0.135

	
2.68

	
0.0499




	
8

	
0.39

	
39

	
0.2

	
0.147

	
3.04

	
0.0506




	
9

	
0.39

	
39

	
0.2

	
0.141

	
3.71

	
0.0416




	
10

	
0.39

	
39

	
0.2

	
0.139

	
3.23

	
0.0680




	
11

	
0.39

	
39

	
0.2

	
0.155

	
3.54

	
0.0476




	
12

	
0.39

	
42

	
0.1

	
0.157

	
3.36

	
0.0504




	
13

	
0.39

	
42

	
0.3

	
0.182

	
4.68

	
0.0526




	
14

	
0.43

	
36

	
0.2

	
0.129

	
4.04

	
0.0571




	
15

	
0.43

	
39

	
0.1

	
0.142

	
5.77

	
0.0512




	
16

	
0.43

	
39

	
0.3

	
0.143

	
2.79

	
0.0499




	
17

	
0.43

	
42

	
0.2

	
0.125

	
3.28

	
0.0521









Ensuring the reliability of the RSM model is essential for obtaining accurate optimization results. The study assessed the model’s performance through goodness-of-fit analysis and ANOVA, focusing on correlation and reliability.



Table 5 presents key metrics for model evaluation, including R2, Ra2, Rp2, Ra2–Rp2, and precision. All models achieved R2 values above 0.8, confirming the ability to effectively represent non-linear interactions between influencing factors and response variables. Moreover, the Ra2–Rp2 values were consistently below 0.1, indicating strong agreement between the training and testing datasets and reflecting stable predictive performance. Precision values exceeding four further demonstrate close alignment between the predicted and observed data.



Figure 5 compares the predicted and actual values for the quadratic regression models, along with the regression lines. The alignment of data points for shrinkage, porosity, and Rf/Rc with the regression lines highlights the strong predictive accuracy and goodness-of-fit of the models.



Figure 6 illustrates the normal distribution of the residuals from the response surface model. Residual analysis is a statistical technique used to evaluate the reliability of a model by examining the residuals and associated statistical metrics. A distribution of residuals that closely approximates a normal distribution indicates a good model fit, suggesting that the model has effectively captured the underlying patterns and trends within the data. The closer the observed data points are to the reference line in the plot, the better the model’s alignment with the equation. The normal probability plot reveals that the scatter points are uniformly distributed around the line, further confirming that the residuals conform to a normal distribution and that no significant outliers are present.



Table 6 presents the ANOVA results for various response surface models (e.g., y1, y2, and y3). The results indicate that the p-values for the y1, y2, and y3 models are all less than 0.01, which confirms that high statistical significance and reliability are achieved. The models are effective in describing experimental data and are suitable for subsequent optimization. Additionally, the p-values for the lack-of-fit terms in all models exceed 0.05, indicating good model fitting with no significant lack-of-fit issues. For the y1 model, significant effects were observed in the interaction terms x2 x3 (F = 22.78, p = 0.0018) and x1x3 (F = 22.13, p = 0.0024), highlighting the critical role played by the interactions in the model. However, the interaction term x1x2 was found to have a minimal contribution to the model’s predictive power, as suggested by its higher p-value. In the y2 model, both the main effects of x2 and x3 were found to be significant. Specifically, x2 (F = 11.69 p = 0.0097) contributed significantly to the model. Regarding the interaction terms, significance was found in x1x2 (F = 18.56), x1x3 (F = 14.67, p = 0.0232), and x2x3 (F = 13.45), all of which play important roles in the fitting and prediction of the y2 model. For the y3 model, significant effects were identified in the interaction terms x1x2 (F = 17.26, p = 0.0089), x1x3 (F = 13.65, p = 0.0072), and x2x3 (F = 18.17, p = 0.0085), indicating their pivotal influence on the model. Therefore, the y1, y2, and y3 models were selected for further analysis and optimization, ensuring the scientific rigor and accuracy of the results.




3.2. Analysis and Discussion Based on the RSM Model


3.2.1. Response Surface Analysis of Rf/Rc


Figure 7 presents the response trajectories of Rf/Rc as influenced by W/C, sand ratio, and AEA. The analysis shows that Rf/Rc increases with W/C in the range of 0.36 to 0.39 but decreases beyond 0.39. The sand ratio shows a negative correlation with Rf/Rc, where higher sand ratios lead to lower Rf/Rc. For AEA, Rf/Rc decreases slightly in the range of 0.100~0.170% but increases significantly in the range of 0.170~0.300%. Judging by the curvature, AEA has the most significant effect on Rf/Rc, followed by W/C, with the sand ratio exhibiting a relatively smaller impact.



Figure 8a–d illustrate the interactions between key mix design parameters and their effects on Rf/Rc. The relationship between W/C and AEA is explored in Figure 8a, where the contour gradient shows that AEA has a slightly greater impact than W/C. Within the W/C range of 0.37~0.39 and AEA range of 0.280~0.300%, the combination of the two factors synergistically enhances Rf/Rc. Figure 8c highlights the interaction between the sand ratio and AEA, where the effect of AEA significantly outweighs that of the sand ratio. The most pronounced interaction occurs when the sand ratio is between 40.0% and 42.0% and AEA is between 0.270% and 0.300%, optimizing Rf/Rc.



The results can be attributed to the following single-factor effects: an optimal sand ratio effectively fills voids between coarse aggregates, increasing concrete compactness and improving both compressive and flexural strength [11]. However, an excessive sand ratio weakens the coarse aggregate skeleton, leading to strength reduction. An increase in W/C raises porosity, which significantly decreases compressive strength, thereby increasing Rf/Rc [7]. Similarly, a moderate AEA introduces microbubbles that slightly enhance flexural strength but reduce compressive strength due to decreased compactness, ultimately increasing Rf/Rc [7].



Under the combined influence of W/C and AEA, as illustrated in Figure 8a,b, a low W/C results in reduced hydration products, making the pore structure heavily reliant on AEA. At this stage, a higher AEA enhances microbubble formation, effectively optimizing crack propagation paths and improving flexural strength. However, as AEA increases further, the density of the concrete decreases, reducing compressive strength and leading to a higher Rf/Rc.



As shown in Figure 8c,d, at relatively high sand ratios, the filling effect enhances the density of the aggregate skeleton, creating a more robust structural foundation. Concurrently, the introduction of AEA optimizes stress distribution within the concrete matrix by generating microbubbles, which slightly enhances flexural strength. However, an excessive AEA leads to a decline in compressive strength due to reduced density, increasing the Rf/Rc.




3.2.2. Response Surface Analysis of Shrinkage


Figure 9 presents the response trajectories of shrinkage as influenced by W/C, sand ratio, and AEA. Shrinkage showed a positive correlation with W/C, with higher W/C leading to increased shrinkage, though the rate of increase diminished at higher levels, suggesting a non-linear behavior. For the sand ratio, shrinkage initially decreased as the ratio increased from 36.0% to 39.0%, but this trend reversed with further increases from 39.0% to 42.0%, resulting in a sharp rise in shrinkage. In contrast, higher AEA consistently led to higher shrinkage values. Among the factors studied, W/C had the most significant impact, followed by the sand ratio and AEA.



Figure 10a–f illustrate the influence of key parameters on shrinkage. In Figure 10a,b, the interaction between W/C and the sand ratio reveals that W/C has a slightly stronger impact on shrinkage. The minimum shrinkage is observed when the W/C is around 0.35 and the sand ratio is below 39%. Figure 10c,d demonstrate that W/C exerts a slightly greater effect on shrinkage than AEA, with the lowest shrinkage occurring at a W/C of 0.35 and an AEA of 0.100%. Figure 10e,f highlight the dominant role of the sand ratio in shrinkage, with the lowest shrinkage observed at a sand ratio between 36.0% and 37.0%, and an AEA close to 0.100%.



The results can be summarized into the following single-factor effects: (1) an increase in W/C raises porosity and free water content, leading to increased shrinkage [8]. (2) Variations in the sand ratio affect aggregate packing and pore distribution, causing shrinkage to first decrease and then increase [13]. (3) When AEA increases, excessive and unevenly distributed air bubbles compromise the structural integrity of the cement paste, weaken the bond between aggregates and the paste, and accelerate moisture migration and pore pressure release due to enhanced bubble connectivity. These combined effects lead to a significant increase in concrete shrinkage [14].



Figure 10a,b show a contour plot illustrating the non-linear interaction between W/C and the sand ratio on shrinkage. When the W/C is reduced to 0.35 and the sand ratio is below 39%, the shrinkage rate is minimized. This is due to the dense microstructure of the cement paste at lower W/C, which reduces moisture evaporation, combined with the moderate sand ratio (36~39%) that creates a stable aggregate framework. This framework helps limit the shrinkage of the paste, while the paste fills the gaps between the aggregates, reducing internal stress. On the other hand, when the W/C increases to 0.42~0.43 and the sand ratio is 36%, the shrinkage rate is maximized. This results from higher W/C increasing capillary porosity, leading to greater shrinkage from moisture evaporation, while a lower sand ratio means a higher proportion of paste, which reduces the restraining effect of the aggregates and creates a weaker, paste-dominated structure, intensifying shrinkage. Additionally, when the sand ratio exceeds 39%, the effect of aggregate gaps becomes more noticeable, leading to uneven paste distribution and an increase in shrinkage.



Figure 10c,d show the combined effect of W/C and AEA on concrete shrinkage. When the W/C is 0.35 and the AEA is 0.100%, the shrinkage rate is at its lowest. This is due to the optimized interaction between the two factors: the lower W/C (0.35) creates a denser cement paste microstructure, reducing capillary porosity and minimizing moisture evaporation during the drying process. The moderate AEA (0.100%) helps introduce uniformly distributed microbubbles, relieving internal stress concentration and improving workability, which further reduces shrinkage caused by capillary tension. On the other hand, when the W/C increases to 0.43 and the AEA increases to 0.300%, the shrinkage rate reaches its maximum. The higher W/C results in more free water in the paste, forming interconnected capillary pores as the concrete hardens, which increases shrinkage due to moisture evaporation. Additionally, the higher AEA (0.300%) leads to an increased volume of air bubbles that are unevenly distributed, weakening the structural integrity of the cement paste and reducing the bond between the aggregates and the paste. The increased connectivity between the air bubbles also accelerates moisture migration, leading to quicker pore pressure release, and the combined effects of these factors significantly increase shrinkage.



Figure 10e,f show the combined effect of the sand ratio and AEA on concrete shrinkage. When the sand ratio is between 36.0% and 37.0% and the AEA is 0.100%, the shrinkage rate is at its lowest. This is due to a higher proportion of coarse aggregates, which act as a rigid framework to limit shrinkage, and the moderate AEA (0.100%) that introduces small, evenly distributed air bubbles. These bubbles help reduce internal stress and decrease the rate of moisture evaporation. On the other hand, when the sand ratio increases to 42.00% and the AEA rises to 0.280~0.300%, the shrinkage rate is at its highest. The higher sand ratio increases the paste content, which leads to more shrinkage, while excessive AEA introduces larger, unevenly distributed air bubbles that weaken the paste-aggregate bond. These bubbles also create pathways for moisture evaporation, increasing shrinkage stress. The combination of high sand ratio and high AEA amplifies the negative effects, resulting in the highest shrinkage rate.




3.2.3. Response Surface Analysis of Porosity


Figure 11 illustrates the response patterns of porosity to variations in W/C, sand ratio, and AEA. A positive correlation is observed between W/C and porosity. Within the range of 36.0~38.0% sand ratio, porosity decreases, while it increases as the sand ratio extends from 38.0% to 42.0%. Porosity decreases with the increase in AEA from 0.100% to 0.225% but continues to rise as the AEA exceeds the threshold. By analyzing the curvature, AEA exerts the most significant effect on porosity, exhibiting a pronounced non-linear trend, followed by the sand ratio and W/C.



Figure 12a–d collectively illustrate the interactions between W/C, sand ratio, and AEA on porosity. Figure 12a,b demonstrate that the sand ratio slightly surpasses W/C in influencing porosity, with both factors working together to minimize porosity within the ranges of W/C (0.35~0.36) and the sand ratio (36.0~37.0%). Figure 12c,d emphasize the dominant impact of AEA over the sand ratio, where the combination of sand ratio (36.0~38.0%) and AEA (0.140~0.200%) leads to the most substantial porosity reduction.



The results can be attributed to the following single-factor effects: (1) porosity increases with higher W/C because excessive water in the paste cannot fully participate in the hydration reaction, reducing the production of hydration products [9]. (2) Porosity initially decreases and then increases with higher sand ratios. An appropriate sand ratio effectively fills voids between coarse aggregates, reducing porosity; however, an excessive sand ratio diminishes the structural support of coarse aggregates, causing porosity to rebound [11]. (3) Porosity increases with higher AEA, as the introduction of uniform air bubbles increases the total pore volume and reduces the number of interconnected pores, complicating the pore structure [15].



In Figure 12a,b, the lowest porosity is observed when both the W/C and sand ratios are low. The explanation lies in the fact that, although hydration is not fully completed with a low W/C, the amount of hydration products is relatively well matched to the available water. Hydration products effectively encapsulate the fine and coarse aggregates, filling most of the voids. Additionally, low W/C minimizes excess water retention, limiting the formation of additional pores. The lower connectivity of pores under the conditions results in a more closed pore structure, which further reduces porosity. As the sand ratio increases, however, the cement paste is no longer sufficient to fully coat the aggregates, leading to higher porosity.



In Figure 12c,d, the relationship between the sand ratio and AEA reveals a clear trend. The lowest porosity occurs when the sand ratio is between 36.0% and 38.0%, and AEA is between 0.160% and 0.180%. The optimal sand ratio efficiently fills the gaps between the coarse aggregates, improving the overall compactness of the concrete. Simultaneously, a moderate AEA introduces fine air bubbles that refine the pore structure without overwhelming it, maintaining a uniform pore distribution and minimizing porosity. When the sand ratio exceeds the optimal range, the proportion of coarse aggregates decreases, weakening the aggregate structure and causing the porosity to increase. Similarly, when AEA is excessively high, excessive air bubbles lead to a more complex pore structure, resulting in increased porosity.





3.3. Global Optimization Using NSGA-III


Based on NSGA-III, this study performs multi-objective optimization of pavement cement concrete performance indexes with a response surface model as the input objective function; the optimization objectives are to maximize Rf/Rc (0.125~0.182), minimize porosity (2.68~8.55%), and minimize shrinkage (0.042~0.050%)—the specific parameters of NSGA-III are shown in Table 7. The Pareto front obtained through the NSGA-III algorithm is shown in Figure 13, clearly illustrating the trade-offs among the optimization objectives. The results indicate that, under different weight combinations, increasing Rf/Rc is often associated with fluctuations in porosity and shrinkage. Maximizing Rf/Rc typically results in an increase in porosity, but it remains within an acceptable range (below 8.55%). Conversely, as shrinkage approaches its minimum, Rf/Rc may decrease to a critical threshold (>0.125). Further analysis demonstrates that the optimized solution set effectively balances the conflicts among the three objectives, providing comprehensive guidance for concrete performance design.




3.4. Comprehensive Evaluation Using CRITIC-VIKOR


To achieve objective weight assignment, the CRITIC method was employed. Prior to weight determination, correlation analysis was conducted to assess the interdependence among evaluation parameters, as shown in Table 8. The correlation matrix reveals that Rf/Rc and porosity demonstrate a moderate positive correlation coefficient (0.40), indicating partial covariance between these performance indicators. Conversely, shrinkage exhibits minimal correlation with both Rf/Rc (0.18) and porosity (0.21), suggesting its relative independence as an evaluation criterion. These correlation coefficients were subsequently integrated with the standard deviation of each parameter to calculate the information content (Cj), which quantifies the degree of distinctive information conveyed by individual indicators and serves as the foundation for objective weight derivation. The resulting parameter values and weights presented in Table 9. Among the response indicators, Rf/Rc displayed the highest weight (0.39), underscoring its critical importance in the overall performance evaluation. Porosity and shrinkage followed, with weights of 0.32 and 0.29, respectively, signifying their significant but relatively lower influence.



Weights were then incorporated into the VIKOR method to rank and identify the optimal mix proportions, effectively balancing the trade-offs among the three indicators. These results highlight the pivotal influence of Rf/Rc in guiding mix design, while also emphasizing the necessity of controlling porosity and shrinkage to enhance concrete performance.



The CRITIC analysis results reveal that Rf/Rc holds the highest weight at 39%, while shrinkage carries the lowest weight at 29%. By integrating CRITIC with VIKOR, we systematically ranked the Pareto-optimal solutions to identify the most balanced mix design. As summarized in Table 10, the optimal mix proportions consist of a W/C of 0.35, a sand ratio of 36.0%, and an AEA of 0.200%.



This optimized framework significantly reduced the experimental workload, generating 73 diverse Pareto-optimal solutions from just 17 mix designs, dramatically improving efficiency compared to traditional trial-and-error methods. When comparing the optimal mix to the baseline mix (W/C = 0.39, sand ratio = 39%, AEA = 0.2%), substantial improvements were achieved: Rf/Rc increased by 4.5% (from 0.135 to 0.141), shrinkage decreased by 13.0% (from 0.0515% to 0.0446%), and porosity reduced by 13.5% (from 3.24% to 2.82%). These performance enhancements directly contribute to concrete pavements with greater structural integrity and durability under the harsh environmental conditions of arid regions. The optimized mix’s lower shrinkage rate significantly reduces crack formation potential, while the improved microstructure from reduced porosity enhances long-term resistance to weathering and traffic loads, resulting in fewer maintenance interventions and extended service life for infrastructure projects in challenging environments.




3.5. Validation of the Optimal Solution


To validate the accuracy of the multi-objective optimization model based on RSM-NSGA-III-CRITIC-VIKOR for pavement cement concrete mix design, five experiments were conducted using the optimized mix proportions. The results were rounded for analysis. The experimental results, presented in Table 11, show that the measured values for shrinkage, porosity, and Rf/Rc closely align with the predicted values. The prediction intervals for shrinkage, porosity, and Rf/Rc were 0.0446%, 2.70%, and 0.136, respectively, with all experimental values falling within the intervals. The validation results further confirm the reliability and effectiveness of the RSM-NSGA-III-CRITIC-VIKOR model in designing mix proportions for pavement cement concrete.




3.6. Microstructural Analysis of Pore Distribution and Density Improvement in Optimal Mix Proportions


To comprehensively evaluate the effects of optimized mix proportions on the microstructure of concrete, the section integrates the results of Scanning Electron Microscopy (SEM) analyses and LF-NMR, examining concrete performance from the perspectives of microstructural morphology and pore distribution.



The unoptimized concrete (Figure 14a,b) contains a higher number of pores, characterized by larger, irregularly shaped voids. Larger pores reduce the mechanical strength and durability of the concrete, primarily affecting compressive strength and permeability resistance. They create weak zones within the concrete matrix, making the material more susceptible to changes in shrinkage and overall structural integrity, particularly over prolonged exposure to environmental conditions. In contrast, the concrete with optimized mix proportions (Figure 14c,d) demonstrates a significant reduction in pore volume. The reduced pore volume correlates with a denser and more uniform microstructure, which contributes to improved overall performance.



According to the LF-NMR results presented in Figure 15, a significant change in the pore distribution is observed when comparing the optimized mix with the unoptimized control. The pore distribution curve for the optimized concrete shifts to the left, indicating a general reduction in pore size. The shift is primarily achieved by reducing the proportion of larger pores and increasing the proportion of smaller pores, thus refining the pore structure. Such optimization enhances concrete density and overall performance by minimizing the presence of larger pores, which adversely affect concrete durability, particularly in the 10~100 μm pore size range.



Specifically, the optimized concrete shows a substantial increase in the proportion of pores in the smaller pore size range (such as 0.0001~0.1 μm), while the proportion of pores in the larger size range (such as 0.1~10 μm) decreases. The optimized mix effectively adjusted the pore distribution, resulting in a denser and more uniform pore structure.



The combined SEM and LF-NMR results provide a comprehensive understanding of the concrete microstructural improvements. While SEM offers clear observations of pore distribution, LF-NMR highlights the refinement of smaller pores that SEM analysis may not clearly capture. Integration improves the understanding of pore structure changes at different scales.



In conclusion, SEM and LF-NMR results complement each other, demonstrating that optimizing the mix proportions significantly improves the concrete microstructure, particularly in terms of pore distribution. The improvements contribute to a more stable microstructure, enhancing the concrete ability to withstand environmental stresses, thereby improving long-term performance and suitability for demanding engineering applications.





4. Conclusions


	
A robust multi-objective optimization framework was developed by integrating the RSM predictive model, NSGA-III, CRITIC weighting method, and VIKOR ranking technique. The framework effectively addresses trade-offs among conflicting performance objectives, including Rf/Rc, shrinkage, and porosity, demonstrating its ability to enhance the rationality and feasibility of concrete mix design under complex engineering conditions, demonstrating its practical value for designing durable pavement concrete in harsh environments, and enhancing the rationality and feasibility of concrete mix design under complex engineering conditions.



	
The RSM-based predictive models exhibited excellent fitting performance, with R2 values of 0.8574, 0.8346, and 0.9824 for Rf/Rc, shrinkage, and porosity, respectively. Statistical analysis confirmed their significance (p < 0.01) and reliability. Among the influencing factors, AEA was identified as the most critical determinant for Rf/Rc and porosity, while W/C primarily influenced shrinkage. The accuracy and reliability of these models offer important theoretical value for optimizing concrete mix designs.



	
The Pareto-optimal front generated by NSGA-III revealed trade-offs among performance metrics. By applying the CRITIC and VIKOR methods, the optimal mix proportions were identified as follows: W/C = 0.35, sand ratio = 36%, and AEA = 0.200%. Experimental validation confirmed that under the proportions, the concrete achieved an Rf/Rc of 0.141, shrinkage of 0.0446%, and porosity of 2.82%.



	
Microstructural analysis using LF-NMR and SEM further validated the optimization framework. LF-NMR results showed a shift in pore distribution, characterized by a reduction in larger pores and an increase in smaller pores, indicating a denser microstructure. SEM analysis confirmed that the number of pores was significantly reduced, thus improving the densification and durability of the concrete. The enhanced microstructure further supports the feasibility of this optimization framework for practical applications, particularly in regions prone to extreme environmental stresses.







5. Future Perspectives


Despite the promising results obtained from the RSM-NSGA-III-CRITIC-VIKOR framework, several aspects warrant further investigation.



The parameter ranges used in this study (W/C: 0.35~0.43, sand ratio: 36~42%, and AEA: 0.1~0.3%) were specifically calibrated for arid Gobi Desert conditions. Future work should explore the framework’s adaptability to other environmental contexts through appropriate parameter adjustments and sensitivity analyses.



Additionally, incorporating dynamic environmental factors and field performance data would enhance the model’s predictive accuracy. The gap between laboratory optimization and field implementation could be addressed through long-term monitoring of pavement performance under actual service conditions.



Further research could also expand the optimization framework to include additional variables such as fiber type and content, supplementary cementitious materials, and innovative admixtures to develop more sustainable and resilient pavement solutions for extreme environments.
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Figure 1. The detailed process of NSGA-III. 
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Figure 3. Dry shrinkage simulation device for the Gobi Desert environment. (a) Simulation device setup; (b) actual experimental setup. 






Figure 3. Dry shrinkage simulation device for the Gobi Desert environment. (a) Simulation device setup; (b) actual experimental setup.



[image: Applsci 15 05030 g003]







[image: Applsci 15 05030 g004] 





Figure 4. Monthly temperature and wind velocity patterns in the central Asian arid region (2013~2023). (a) Temperature variation; (b) wind velocity variation [44]. 
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Figure 5. Predicted vs. actual values for the models. (a) Rf/Rc model; (b) Shrinkage model; (c) Porosity model. 
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Figure 6. Plots of studentized residuals versus predicted. 
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Figure 7. The responses trace for Rf/Rc. 
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Figure 8. Rf/Rc Contour chart and 3D Surface chart. (a) Effect of W/C and AEA on Rf/Rc Contour chart; (b) Effect of W/C and AEA on Rf/Rc 3D Surface chart; (c) Effect of Sand ratio and AEA on Rf/Rc Contour chart; (d) Effect of Sand ratio and AEA on Rf/Rc 3D Surface chart. 
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Figure 9. The responses trace for shrinkage. 
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Figure 10. Shrinkage Contour chart and 3D Surface chart. (a) Effect of W/C and Sand ratio on Shrinkage. Contour chart; (b) Effect of W/C and Sand ratio on Shrinkage. 3D Surface chart; (c) Effect of W/C and Sand ratio on Shrinkage. Contour chart; (d) Effect of W/C and Sand ratio on Shrinkage. 3D Surface chart; (e) Effect of Sand ratio and AEA on Shrinkage. Contour chart; (f) Effect of Sand ratio and AEA on Shrinkage. 3D Surface chart. 
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Figure 11. The responses trace for porosity. 
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Figure 12. Porosity Contour chart and 3D Surface chart. (a) Effect of W/C and Sand ratio on Porosity. Contour chart; (b) Effect of W/C and Sand ratio on Porosity. 3D Surface chart; (c) Effect of Sand ratio and AEA on Porosity. Contour chart; (d) Effect of Sand ratio and AEA on Porosity. 3D Surface chart. 
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Figure 13. Pareto optimal front. 
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Figure 14. SEM characterization analysis of optimal mix rate. (a) Pre-optimization (200×); (b) pre-optimization (500×); (c) post-optimization (200×); (d) post-optimization (500×). 
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Figure 15. Pore size distribution. 
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Table 1. Chemical composition of cement (%).






Table 1. Chemical composition of cement (%).





	MgO
	SO3
	3CaO·SiO2
	3CaO·Al2O3
	LOI
	Insoluble





	2.89
	1.80
	47.18
	1.85
	0.56
	0.42










 





Table 2. Levels and codings of factors.
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Coding

	
Factor




	
x1

	
x2/%

	
x3/%






	
−1

	
0.35

	
36

	
0.1




	
0

	
0.39

	
39

	
0.2




	
1

	
0.43

	
42

	
0.3








Note: x1 represents W/C; x2 represents: sand ratio; x3 represents AEA.













 





Table 3. Mix design parameters (kg).






Table 3. Mix design parameters (kg).





	Number
	Water
	Cement
	Sand
	5~10 mm

Aggregate
	10~20 mm

Aggregate
	SP
	AEA





	1
	147
	420.0
	668.88
	356.7
	832.4
	2.5
	5.0 × 10−3



	2
	147
	420.0
	724.62
	340.0
	793.4
	2.5
	2.5 × 10−3



	3
	147
	420.0
	724.62
	340.0
	793.4
	2.5
	7.6 × 10−3



	4
	147
	420.0
	780.36
	323.3
	754.3
	2.5
	5.0 × 10−3



	5
	147
	376.9
	684.39
	365.0
	851.7
	2.3
	2.3 × 10−3



	6
	147
	376.9
	684.39
	365.0
	851.7
	2.3
	6.8 × 10−3



	7
	147
	376.9
	798.45
	330.8
	771.8
	2.3
	2.3 × 10−3



	8
	147
	376.9
	798.45
	330.8
	771.8
	2.3
	6.8 × 10−3



	9
	147
	341.9
	697.01
	371.7
	867.4
	2.1
	4.1 × 10−3



	10
	147
	341.9
	755.09
	354.3
	826.7
	2.1
	2.1 × 10−3



	11
	147
	341.9
	755.09
	354.3
	826.7
	2.1
	6.2 × 10−3



	12
	147
	341.9
	813.18
	336.9
	786.1
	2.1
	4.1 × 10−3



	13
	147
	376.9
	741.42
	347.9
	811.8
	2.3
	4.5 × 10−3



	14
	147
	376.9
	741.42
	347.9
	811.8
	2.3
	4.5 × 10−4



	15
	147
	376.9
	741.42
	347.9
	811.8
	2.3
	4.5 × 10−5



	16
	147
	376.9
	741.42
	347.9
	811.8
	2.3
	4.5 × 10−6



	17
	147
	376.9
	741.42
	347.9
	811.8
	2.3
	4.5 × 10−7










 





Table 5. Goodness-of-fit analysis of the response surface model.
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	Model
	R2
	Ra2
	Rp2
	Ra2–Rp2
	Precision





	y1
	0.8754
	0.7507
	0.6961
	0.0546
	11.2911



	y2
	0.8346
	0.7060
	0.6239
	0.0821
	6.6713



	y3
	0.9824
	0.9752
	0.9637
	0.0115
	18.8101










 





Table 6. Analysis of variance for the response surface models.






Table 6. Analysis of variance for the response surface models.





	
Term

	
y1

	
y2

	
y3




	
F-Values

	
p-Values

	
F-Values

	
p-Values

	
F-Values

	
p-Values






	
Model

	
7.02

	
0.0062

	
6.49

	
0.0061

	
25.40

	
0.0011




	
x1

	
0.79

	
0.3990

	
1.36 × 10−2

	
0.9096

	
2.38

	
0.0164




	
x2

	
4.50

	
0.0666

	
10.69

	
0.0097

	
0.05

	
0.0984




	
x3

	
9.65

	
0.0145

	
2.76

	
0.1311

	
0.52

	
0.0527




	
x1x2

	
/

	
/

	
18.56

	
/

	
17.26

	
0.0089




	
x1x3

	
20.78

	
0.0018

	
14.67

	
0.0232

	
13.65

	
0.0072




	
x2x3

	
22.13

	
0.0024

	
13.45

	
/

	
18.17

	
0.0085




	
x12

	
11.69

	
0.0091

	
11.26

	
0.0084

	
/

	
/




	
x22

	
/

	
/

	
7.03

	
0.0264

	
9.44

	
0.0277




	
x32

	
10.15

	
0.0129

	
3.77

	
0.0840

	
67.69

	
0.0004




	
x22x3

	
/

	
/

	
/

	
/

	
33.65

	
0.0021




	
x2x32

	
18.33

	
0.0027

	
/

	
/

	
37.56

	
0.0017




	
Lack~of-fit

	
0.69

	
0.6472

	
0.52

	
0.7537

	
1.58 × 10−5

	
0.9991











 





Table 7. NSGA-III parameter settings.
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	Parameter
	Value





	Number of generated reference points
	50



	Population size
	100



	Maximum number of generations
	1000



	Crossover rate
	0.9



	Mutation rate
	0.01










 





Table 8. Correlation coefficients calculated by CRITIC.
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	Shrinkage
	Porosity
	Rf/Rc





	Shrinkage
	1.00
	0.21
	0.18



	Porosity
	0.21
	1.00
	0.40



	Rf/Rc
	0.18
	0.40
	1.00










 





Table 9. CRITIC parameter values and weights.
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	Standard Deviation (Si)
	Information Content (Cj)
	Weight (Wj)





	Shrinkage
	0.22
	1.32
	0.29



	Porosity
	0.16
	2.00
	0.32



	Rf/Rc
	0.21
	1.86
	0.39










 





Table 10. VIKOR optimal solutions and conditions.






Table 10. VIKOR optimal solutions and conditions.





	Number
	W/C
	Sand Ratio
	AEA
	Si
	Ri
	Qi





	2
	0.35
	36.0
	0.200
	0.0412
	0.0321
	0.0000



	3
	0.35
	39.0
	0.100
	0.0523
	0.0389
	0.0124



	32
	0.36
	37.7
	0.193
	0.0587
	0.0412
	0.0189



	59
	0.37
	37.3
	0.180
	0.0631
	0.0456
	0.0253



	64
	0.37
	37.4
	0.176
	0.0654
	0.0478
	0.0287



	9
	0.39
	36.8
	0.105
	0.0672
	0.0483
	0.0301



	47
	0.37
	38.3
	0.172
	0.0689
	0.0495
	0.0329



	60
	0.37
	37.2
	0.201
	0.0701
	0.0501
	0.0344



	58
	0.35
	39.7
	0.186
	0.0715
	0.0512
	0.0367



	36
	0.37
	40.7
	0.114
	0.0728
	0.0524
	0.0385







Note: only the top 10 VIKOR-ranked solutions (out of 73 Pareto-optimal solutions) are presented in the table. The selection highlights the most relevant results for clarity and further discussion.













 





Table 11. Validation results.






Table 11. Validation results.





	Evaluation Indicator
	Predicted Value
	Test Value
	95% PI Low
	95% PI High





	Shrinkage/%
	0.0446
	0.0433
	0.0426
	0.0466



	Porosity/%
	2.70
	2.82
	2.57
	2.84



	Rf/Rc
	0.136
	0.141
	0.129
	0.143
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