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1 Introduction 
 

As a fundamental construction material, global concrete consumption reached 40 billion tons in 

2023 [1], with extensive applications in infrastructure including buildings, roads, and bridges. 

Compressive strength is a pivotal mechanical parameter throughout the project lifecycle, determining 

structural load-bearing capacity, influencing construction schedule control, and ensuring quality 

compliance during acceptance phases. In high-rise construction, insufficient strength delays formwork 

removal, extending schedules by ≥30% [2], while over-conservative designs increase material waste and 

carbon emissions. Concrete performance is governed by nonlinear coupling effects among critical factors: 

cement type [3], coarse aggregate gradation [4], admixture dosage [5], and fiber content [6]. These 

multidimensional interactions create complexities that challenge strength prediction. 

Within sustainable building initiatives, eco-efficient concrete composites - notably fly ash-based 

concrete (FA-C) [7] and recycled aggregate concrete (RAC) [8] - show progressive annual adoption 

increases. These materials exhibit distinct multifactorial responses: FA-C displays exponential strength 

decay (40% reduction at 20% fly ash content) [9]. Predictive modeling reduces trial mix cycles by 50% 

[10] and ASTM C39 specimen requirements by 60%. 

Conventional methods (empirical formulas, regression models [11], and non-destructive testing) 

face dual limitations: incapacity for nonlinear characterization and vulnerability to environmental 

interference, compromising construction quality control [12]. The Bolomey equation shows limited 

predictive capacity (R²<0.78, RMSE=12 MPa) [13], while rebound hammer tests exhibit 15.8% error at  

-5 °C, requiring costly laboratory calibration [14]. Traditional formulas particularly fail to address 

multivariate nonlinear responses in advanced materials like FA-C and RAC, resulting in inefficient trial 

mix processes. 
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Machine learning addresses these challenges with unique advantages: 1) Support vector 

regression (SVR) leverages kernel functions to map features into high-dimensional spaces, achieving R² 
= 0.89 in fly ash content prediction [15]. 2) Ensemble models like random forest (RF) enhance prediction 

through multi-decision tree aggregation, attaining R² = 0.91 on recycled concrete datasets [7]. Limitations 

persist: single models are vulnerable to data noise, while ensemble models are sensitive to feature 

collinearity [16]. Although deep learning architectures (e.g., LSTM networks) effectively capture curing-

age dependencies, their extensive data requirements limit small-scale experimental applications. 

With machine learning advancements, neural networks have demonstrated measurable success 

in concrete strength prediction [17]. The fully connected neural network (FCNN) offers advantages 

through global feature interaction, nonparametric modeling, and stacked nonlinear activation layers [18]. 

This architecture effectively captures nonlinear correlations in basalt fiber concrete compositions [19], 

providing a structurally simple alternative to 1D convolutional approaches. Challenges include small-

sample overfitting and high-dimensional training inefficiency [20]. Bayesian algorithms enhance 

robustness and generalization via dynamic weight constraints [21], modified loss functions [22], and 

adaptive hyperparameter tuning [23]. These methods achieve <0.6% error in excavation deformation 

prediction [21] and MSE = 3.86 in strength prediction [22]. The BO-FCNN framework integrates feature 

importance ranking for interpretability [24] and employs expected improvement (EI)-driven surrogate 

modeling to efficiently navigate hyperparameter space [25]. 

This study develops a Bayesian-optimized fully connected neural network (BO-FCNN) 

incorporating surrogate model-driven hyperparameter adaptation, which enhances generalization while 

maintaining low overfitting. Comparative analysis confirms BO-FCNN's superiority over benchmark 

models, establishing a robust solution for quality control and performance prediction in concrete 

engineering. 

 

2 Model development methodology  

2.1 FCNN  
 

The fully connected neural network (FCNN) is a deep learning model based on multilayer 

nonlinear transformations. Its core architecture comprises an input layer, hidden layers, and an output 

layer. The input layer receives raw data, with each feature corresponding to an input neuron. Hidden 

layers perform layer-wise nonlinear mapping through weight matrices and activation functions. These 

typically consist of multiple fully connected layers where each neuron connects to all outputs from the 

preceding layer, enabling complex feature interactions through parametric transformations. The output 

layer uses a single linear neuron for direct target value mapping. Forward propagation executes 

sequential layer-wise computation from input to output layers through two core operations: linear 

transformation and nonlinear activation. 

Input to the j-th hidden layer neuron [18]:  

 𝑧𝑗(ℎ) = ∑ 𝑤𝑗𝑖(ℎ)𝑛𝑖=1 𝑥𝑖 + 𝑏𝑗(ℎ)
,                                                                (1) 

where: 𝑥𝑖 - input vector, 𝑛 - the number of input features,  𝑤𝑗𝑖(ℎ)
 - the weight matrix from input to the hidden layer,  

𝑏𝑗(ℎ)
 - the hidden layer bias.  

Hidden layer output:  𝑎𝑗(ℎ) = 𝑓(𝑧𝑗(ℎ)),                                                                          (2) 

 

where: 𝑓 - denotes the activation function. Common activation functions include ReLU, Sigmoid, and Tanh. 

ReLU mitigates the vanishing gradient problem by maintaining a constant derivative of 1 for positive 

inputs, thereby avoiding gradient attenuation caused by multiplicative chain rules in traditional 

Sigmoid/Tanh functions-particularly advantageous for deep networks. Additionally, ReLU requires only 
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comparison and max operations, making it computationally more efficient than the exponential 

calculations required by Sigmoid/Tanh functions [26]. 

 

Input to the k-th output layer neuron:  𝑧𝑘(𝑜) = ∑ 𝑤𝑘𝑖(𝑜)𝑚𝑗=1 𝑎𝑗(ℎ) + 𝑏𝑘(𝑜)
,                                                           (3) 

Final output: 𝑦𝑘 = 𝑔(𝑧𝑘(𝑜)),                                                                           (4) 

 

where:  𝑔 - the output layer activation function.  

Mean Squared Error (MSE) loss:  𝐸 = 1𝑁 ∑ (𝑡𝑖 − 𝑦𝑖)2𝑁𝑖=1 ,                                                                    (5) 

where: 𝑡𝑖 - denotes the true value, 𝑦𝑖 - the predicted value,  𝑁 - the number of samples.   

Weight update via gradient descent:  𝑤𝑖𝑗𝑛𝑒𝑤 = 𝑤𝑖𝑗𝑜𝑙𝑑 − 𝜂 𝜕𝐸𝜕𝑤𝑖𝑗,                                                                   (6) 

where: 𝜂 - the learning rate.  

 

2.2 Bayesian optimization (BO)  
 
Bayesian optimization (BO) is an efficient global methodology for black-box function optimization. 

It constructs probabilistic surrogate models of the objective function, iteratively updates posterior 

distributions using historical evaluation data, and guides optimal sampling point selection via acquisition 

functions—approximating global optima with minimal iterations. Gaussian process (GP) regression 

typically serves as the surrogate model, mathematically expressed as: 𝑓(𝑥) = 𝑔𝑝(𝜇(𝑥)，𝑘(𝑥, 𝑥′)),                                                               (7) 

where: 𝜇(𝑥) - denotes the mean function representing prior estimates of 𝑓(𝑥),  k(𝑥, 𝑥′) - the covariance function characterizing similarity between 𝑥 and 𝑥′.  

 

A commonly used squared exponential kernel is specified as: 𝑘( 𝑥, 𝑥′) = 𝜎2𝑒𝑥𝑝(− ‖𝑥−𝑥,‖22𝑙2 ),                                                              (8) 

where: σ - the signal variance, 𝑙 - length-scale parameters.  

 

The most prevalent Expected Improvement (EI) acquisition function is formulated as: 𝐸𝐼(𝑥) = 𝐸[𝑚𝑎𝑥(𝑓(𝑥) − 𝑓(𝑥+)，0)],                                                       (9) 

where: f(𝑥+) - the current optimal value observed.  

 

2.3 BO-FCNN hybrid framework 
 

The BO-FCNN framework integrates Bayesian optimization with a fully-connected neural network 

architecture, employing an automated hyperparameter tuning mechanism to significantly enhance the 

performance and stability of concrete strength prediction. This process initiates by: 1) initializing the 
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Bayesian optimizer. 2) defining the hyperparameter search space. Within an iterative loop constrained 

by maximum iteration count, the framework proposes new parameters by maximizing the expected 

improvement function, dynamically constructs FCNN topology, then evaluates performance metrics on 

the validation set. Following parameter recording, it updates the Gaussian process posterior distribution. 

Upon loop completion, the optimal hyperparameter combination is selected and retrains the final model 

using combined training and validation datasets, culminating in test set prediction generation through 

error distribution analysis-thereby establishing a closed-loop optimization system spanning initial space 

definition to predictive output. Figure 1 depicts the computational architecture of this hybrid framework. 

 

 
Fig. 1: Computational architecture of the Bayesian-Optimized FCNN (BO-FCNN). 

 

2.4 Support vector regression (SVR)  
 

Support vector regression (SVR), grounded in statistical learning theory, maps input data to a 

high-dimensional feature space via nonlinear transformation. It constructs an optimal regression 

hyperplane where deviations from all sample points remain within a preset threshold ε, using slack 
variables ξ and penalty factor C to accommodate errors: min𝜔,𝑏 12 ‖𝜔‖2 + C ∑ (ξ𝑖 + ξ𝑖∗)𝑚𝑖=1 ,                                                 (10) 

where： 𝜔 - the normal vector to the hyperplane,  𝑏 - the bias term,  C - the penalty factor controlling the penalty magnitude for samples exceeding the error threshold,  ξ𝑖 ,ξ𝑖∗ - the slack variables handling sample errors outside the tolerance margin. 

Subject to: {𝑦𝑖 − (𝜔 ∙ 𝜑(𝑥𝑖) + 𝑏) ≤ 𝜀 + ξ𝑖,(𝜔 ∙ 𝜑(𝑥𝑖) + 𝑏) − 𝑦𝑖 ≤ 𝜀 + ξ𝑖∗,ξ𝑖, ξ𝑖∗ ≥ 0 }                                                 (11) 

 

The kernel function enables mapping of low-dimensional nonlinear problems to linearly separable 

high-dimensional spaces while avoiding explicit computation of high-dimensional coordinates, thus 

enhancing computational efficiency. 

3 Experimental data preprocessing 

The dataset comprises 1,030 concrete compressive strength records from the UCI Machine 

Learning Repository [27]. Collected through standardized cylindrical specimen testing across multiple 

institutions, these data ensure parameter consistency. Key parameters include mix proportions (water, 

cement, fly ash, slag, superplasticizer, coarse/fine aggregates) and curing age, with compressive 

strength ranging from 2.3 to 82.6 MPa. Selected specifications are documented in Table 1. 
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Table 1: Dataset characteristics of concrete compressive strength. 

Cement[kg/m³] 

Blast 

furnace 

slag 

[kg/m³] 

 Fly 

ash 

[kg/m³] 

Water 

[kg/m³] 

Super 

plasticizer 

[kg/m³] 

Coarse 

Aggregate[kg/m³] 

Fine 

Aggregate 

[kg/m³] 

Age 

[day] 

Concrete 

compressive 

strength 

[MPa] 

540.0 0.0 0.0 162.0 2.5 1040.0 676.0 28 79.99 

540.0 0.0 0.0 162.0 2.5 1055.0 676.0 28 61.89 

332.5 142.5 0.0 228.0 0.0 932.0 594.0 270 40.27 

332.5 142.5 0.0 228.0 0.0 932.0 594.0 365 41.05 

198.6 132.4 0.0 192.0 0.0 978.4 825.5 360 44.30 

266.0 114.0 0.0 228.0 0.0 932.0 670.0 90 47.03 

... ... ... ... ... ... ... ... ... 

260.9 100.5 78.3 200.6 8.6 864.5 761.5 28 32.40 

 

3.1 Feature significance assessment  

Feature selection employs dimensionality reduction to identify key predictors while eliminating 

redundant variables. This enhances model accuracy, reduces computational complexity, and maintains 

engineering rationality. Cross-validation across methodologies addresses feature importance variation. 

The Pearson correlation coefficient (Eq. 12) evaluates linear relationships under normal distribution 

assumptions, while Spearman's rank correlation (Eq. 13) assesses monotonic nonlinear associations 

robust to outliers.  𝑟 = ∑(xi−x̅)(yi−y̅)√ ∑(xi−x̅)2 ∑(yi−y̅)2,                                                                     (12) 

𝑟𝑠 = 1 − 6 ∑  𝑑𝑖2𝑛 (𝑛2−1),                                                                        (13) 

where: 

x̅ - denote feature values with mean xi, 

y̅ - target values with mean yi, 

di - rank differences,  

n - sample size.  

Statistical significance is quantified using p-values. The null hypothesis (p = 0) indicates no 

significant correlation, while the alternative hypothesis (p ≠ 0) suggests significant correlation. Lower p-

values provide stronger evidence against α = 0.05, with p < 0.05 as the significance threshold. Pearson 

and Spearman p-values are given in Equations 14 and 15, respectively. 𝑝1 = 𝑟√ 𝑛−21−𝑟2,                                                                           (14) 𝑝2 = 𝑝𝑠√𝑛 − 1,                                                                         (15) 

Correlation coefficients and p-values are tabulated in Table 2. Retained features (cement, water, 

superplasticizer, curing age) show strong correlations (|r|, |rₛ| ≥ 0.3) and significance (p < 0.05), while 
weakly correlated features (|r|, |rₛ| < 0.3) are preserved to capture synergistic effects. This strategy 

leverages the principle that feature combinations enhance predictive power even when individual 

features are weak predictors [28]. Figure 2 visualizes these feature-target correlations. 
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Fig. 2: Heatmap visualization of correlation coefficients. 
 

Random forest (RF) enables automated feature selection through importance scoring. This 
ensemble method constructs multiple decision trees, quantifying feature importance via mean decrease 
impurity. This metric averages impurity reduction (Gini impurity or information entropy) across all splitting 
nodes. Table 2 shows curing age, cement content, and water-cement ratio as the highest importance 
features.  Gini = 1 − ∑ 𝑝𝑗2𝑚𝑗=1 ,                                                                      (16) Entropy = − ∑ 𝑝𝑗log2(𝑝𝑗) 𝑚 𝑗=1 ,                                                             (17) 

where: 𝑝𝑗   - the proportion of class 𝑚 samples at node j,  𝑚 - the total number of classes.  

Table 2: Multidimensional feature analysis. 

Input Features 
Pearson 

Correlation [-] 

Spearman 

Correlation 

Coefficient [-] 

Pearson p-

value [-] 

Spearman  

p-value [-] 

Importance 

score [-] 

Cement 0.4978 0.4776 1.32×10-65 8.33×10-60 0.3299 

Blast furnace slag 0.1348 0.1625 1.41×10-05 1.58×10-07 0.0785 

Fly ash -0.1058 -0.0780 6.75×10-04 1.23×10-02 0.0170 

Water -0.2896 -0.3084 2.37×10-21 3.96×10-24 0.1067 

Super plasticizer 0.3661 0.3476 5.08×10-34 1.28×10-30 0.0676 

Coarse Aggregate -0.1649 -0.1835 1.02×10-07 2.97×10-09 0.0273 

Fine Aggregate -0.1672 -0.1800 6.69×10-08 5.99×10-09 0.0375 

Age 0.3289 0.5960 2.10×10-27 4.47×10-100 0.3354 

 

3.2 Outlier detection and mitigation 
 
Outlier treatment ensures data quality by addressing anomalies from measurement errors or 

operational deviations. Analysis of eight parameters revealed characteristic groups with significant 
strength variance (p < 0.05). Python-based IQR analysis (threshold multiplier = 1.5) identified 24 
abnormal records across nine clusters. Mean imputation within clusters and removal of 15 irreparable 
records yielded 1,015 validated samples (Table 3). 
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Table 3: Outlier distribution across parameter clusters. 

Cement 

[kg/m3] 

Blast 

furnace 

slag 

[kg/m3] 

 Fly ash 

[kg/m3] 

Water 

[kg/m3] 

Super 

plasticizer 

[kg/m3] 

Coarse 

Aggregate 

[kg/m3] 

Fine 

Aggregate 

[kg/m3] 

Age 

[day] 

Concrete 

compressive 

strength 

[MPa] 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 28 62.94 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 28 59.49 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 3 25.12 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 3 23.64 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 7 35.75 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 7 38.61 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 56 68.75 

359.0 19.0 141.0 154.0 10.9 942.0 801.0 56 66.78 

362.6 189.0 0.0 164.9 11.6 944.7 755.8 91 79.30 

362.6 189.0 0.0 164.9 11.6 944.7 755.8 91 79.30 

362.6 189.0 0.0 164.9 11.6 944.7 755.8 91 79.30 

362.6 189.0 0.0 164.9 11.6 944.7 755.8 91 79.30 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 3 35.36 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 3 25.02 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 3 23.35 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 7 52.01 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 7 38.02 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 7 39.30 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 56 61.07 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 56 56.14 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 56 55.25 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 28 57.03 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 28 44.42 

446.0 24.0 79.0 162.0 11.6 967.0 712.0 28 51.02 

 

3.3 Dataset normalization 

Eight parameters served as model inputs with compressive strength as output. Table 4 details 
their statistical characteristics, revealing significant extremum and variance disparities (σ² range: 15.7-
893.4), indicating non-uniform parameter distributions. 

Table 4: Input feature parameters. 

Parameter 
Cement 

[kg/m³] 

Blast 

furnace slag 

[kg/m³] 

 Fly ash 

[kg/m³] 
Water 

[kg/m³] 

Super 

plasticizer 

[kg/m³] 

Coarse 

Aggregate 

[kg/m³] 

Fine 

Aggregate 

[kg/m³] 

Age 

[day] 

Maximum 

value 
540.00 359.40 200.10 247.00 32.20 1145.00 992.60 365.00 

minimum 

value 
102.00 0.00 0.00 121.75 0.00 801.00 594.00 1.00 

mean value 279.32 74.16 53.81 181.88 6.13 973.17 774.01 45.79 

variance 10811.35 7476.03 4108.66 455.42 35.76 6122.58 6482.79 4028.35 
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Min-max scaling normalized all features to [-1, 1] to mitigate magnitude disparity errors: 𝑦𝑖 = 𝑦−𝑦𝑚𝑖𝑛𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛,                                                                         (18) 

where: 𝑦𝑖 - the normalized value, 𝑦 - the original value,  𝑦𝑚𝑎𝑥  , 𝑦𝑚𝑖𝑛 - feature-specific extremums.  

 

3.4 Data partitioning strategy 

Common dataset partitioning ratios (Table 5) include 7:1.5:1.5 allocation. With 1,015 samples, 
this yields training (710), validation (152), and test sets (153). Per Hoeffding's inequality, the minimum 
training set size guaranteeing parameter estimation error ε < 5% at 95% confidence is: 

𝑛 ≥ ln (2𝑎)2ε 2 = ln ( 20.05 )2×0.052 ≈ 738,                                                                (19) 

where: ε  - estimation error, 𝑎 - significance level (0.05).  

 

The 710-sample training set approximates this minimum (n = 738). The test set standard error is: 𝐸 = √ 𝜎2𝑛𝑡𝑒𝑠𝑡 = √ 25153 ≈ 0.4,                                                                 (20) 

This ensures compressive strength prediction errors within ±0.8 MPa at 95% confidence, meeting 
engineering accuracy requirements. 

Table 5: Training-validation-test split configuration. 

Proportional 

scheme 
Applicable scenarios advantage disadvantage 

8:1:1 
Large-scale datasets (N > 

100,000 samples) 

Optimal training data utilization 

through stratified sampling 

Limited validation data induces 

instability in hyperparameter 

optimization 

7:1.5:1.5 High-complexity architectures 

Enhanced applicability to high-

dimensional hyperparameter 

spaces 

Training data scarcity risks 

compromising model generalizability 

6:2:2 
Small-sample regimes (N < 

1,000 samples) 

Statistically robust error 

estimation  

Risk of model underfitting due to 

insufficient learning capacity 

5:3:2 
Exploratory phase involving 

feature selection/engineering 

Recommended for benchmarking 

studies requiring cross-validation 

Critical insufficiency of training 

samples for convergence 

 

4 Model performance evaluation 
 

Using a 7:1.5:1.5 ratio, 1,015 samples were partitioned into training (710), validation (152), and 
test (153) sets. Performance was quantified using R², MSE, RMSE, and MAE (Equations 21-24). An R² 
approaching 1 indicates superior fit, while MSE disproportionately penalizes large errors. RMSE 
provides dimensionally homogeneous results, enhancing interpretability, whereas MAE remains robust 
to outliers. 

Implemented in Python 3.8, we conducted real-time tracking of mean squared error (MSE) loss 

variations across learning rates. The initial search range spanned [1×10-6, 1]. Through iterative range 

reduction at 10% per iteration, we refined the search to the optimal sub-interval [1×10-5, 1×10-1]. A 

learning rate of 1×10-5 exhibited sluggish convergence, indicating potential convergence to local minima 

and establishing the lower bound. Conversely, a learning rate of 1×10-1 induced severe oscillations, 

suggesting possible gradient explosion and defining the upper bound. Figure 3 illustrates these loss 

variations across learning rates. Neural networks with adequate hidden neurons can approximate any 
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continuous function. Our artificial neural network (ANN) architecture, with hidden-layer configuration 

determined empirically, successfully modeled nonlinear relationships in 10-dimensional input spaces 

[29]. This demonstrates that moderate-to-large neuron counts (16-256) generally satisfy complex 

nonlinear modeling requirements, justifying our selection of 16-256 hidden units. After 20 optimization 

iterations, the BO-FCNN model achieved optimal hyperparameter configuration on the validation set, 

yielding peak performance metrics on the test set: R² = 0.9080, RMSE = 4.5907 MPa, MSE = 21.0745 
MPa2, and MAE = 3.5028 MPa (Figure 4). 

 

 

Fig. 3: Loss variation across learning rates. 
 

 

Fig. 4: Convergence behavior of Bayesian hyperparameter optimization. 

Using Python 3.8, we implemented fully connected neural network (FCNN) and support vector 
regression (SVR) frameworks with identical input features. The FCNN architecture employed two hidden 
layers with 16-256 neurons and ReLU activation, achieving optimal performance (R² = 0.8246, RMSE = 
6.3399 MPa, MAE = 4.8108 MPa). For SVR implementation, a radial basis function (RBF) kernel 
modeled nonlinear relationships. Concrete strength prediction experiments [30] identified C=100 as the 
optimal regularization parameter, yielding R² = 0.8792, RMSE = 5.2616 MPa, and MAE = 3.9809 MPa. 

 𝑅2 = 1 − ∑  (𝑋𝑖−𝑌𝑖)2𝑛𝑖=1∑ (𝑋𝑖−X̅)2𝑛𝑖=1 ,                                                                    (21) 

MSE= 1𝑛 ∑ (𝑦𝑖 − y*)2 𝑛 𝑖=1 ,                                                                   (22) 
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RMSE = √1𝑛 ∑ (𝑦𝑖 − y*)2 𝑛 𝑖=1 ,                                                               (23) 

MAE= 1𝑛 ∑ |𝑦𝑖 − y*| 𝑛 𝑖=1 ,                                                                    (24) 

where: 𝑦𝑖 - true value,  

y*
 - predicted value,  

X̅ - sample mean,  𝑛 - sample size.  

Table 6: Cross-Model Performance Benchmarking. 

Model type MSE/MPa2 R2 [-] RMSE/MPa [-] MAE/MPa [-] 

SVR 27.6844 0.8792 5.2616 3.9809 

FCNN 40.1943 0.8246 6.3399 4.8108 

FCNN+BO 21.0745 0.9080 4.5907 3.5028 

 

Figure 5 demonstrates BO-FCNN's superior accuracy within the 10–60 MPa range, while Figure 
6 compares relative error distributions across the three modeling approaches. Prediction points cluster 
closer to the ideal fit line, confirming enhanced precision through Bayesian optimization. 

 

Fig. 5: Predictive accuracy metrics across modeling frameworks. 

 

Fig. 6: Relative error distribution histograms. 
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5 Conclusion  

 This study addresses multifactorial nonlinear prediction challenges in concrete compressive 
strength by developing a Bayesian-optimized fully connected neural network (BO-FCNN). Feature 
importance analysis identified cement content, water-cement ratio, superplasticizer dosage, and curing 
age as critical input parameters. Gaussian process (GP) surrogate modeling coupled with expected 
improvement (EI) acquisition achieved hyperparameter self-adaptation, resolving empirical tuning 
dependency and small-sample overfitting in traditional networks. Experimental results demonstrate BO-
FCNN's superiority: 47.5% and 23.9% lower MSE than FCNN and SVR respectively, 10.1% and 3.2% 
higher R² values, and 25.1% and 9.4% lower MAE values. These findings substantiate Bayesian 
optimization's generalization advantages. The methodology establishes a robust framework for concrete 
mix optimization and real-time strength assessment, while future work should explore multi-algorithm 
integration and multi-objective optimization for complex engineering applications.  
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