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Table 1 Distribution of origin dataset

Variables N Min Max Mean  Std
SF 145.00 0.00 0.83 0.17 0.14
Th 145.00 0.00 4.07 0.51 0.62
SA 145.00 0.00 4.08 144 074
w/b 145.00 0.09 0.28 0.19 0.03
SP 145.00 0.00 0.38 0.05 0.07
S-Fibre 145.00 0.00 2.56 057 0.94
3d-h/(J-g™h) 145.00 42.59 34557 179.07 52.10
MPD/nm 145.00 11.90 78.05 36.54 13.97
CS/MPa 145.00 66.68 201.47 115.84 28.03
FS/MPa 145.00 11.16 4844 23.02 7.48
Workability/mm 145.00 112.71 314.00 206.25 51.54

SF—Silica fume; Th—Third type of powder; SA—Sand; w/b:
Water-to-binder ratio; SP—Superplasticizer; S-Fibre—Steel fibre;
3d-h—3-day cumulative hydration heat; MPD—Median pore diameter;
CS—28-day compressive strength; FS—Flexural strength.
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Fig. 7 Pearson correlation coefficient of augmented data
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“A” represents the rate of change of the indicator, and a positive value indicates an increase while a negative value indicates a decrease.
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Fig. 9 XGBoost (Pre-augmentation) Performance
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"A" represents the rate of change of the indicator, and a positive value indicates an increase while a negative value indicates a decrease.
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Table 3 Evaluation results of XGBoost model predictions on the augmented database
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Training data Testing data
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R MAE RMSE R MAE RMSE
3d-h 0.99 2.39 2.83 0.94 6.84 8.72
MPD 0.99 0.73 0.75 0.96 1.34 1.50
CS 0.98 2.89 3.55 0.84 7.16 9.16
FS 0.99 0.67 0.89 0.95 1.27 1.55
Workability 0.99 0.93 1.17 0.85 11.13 15.40
F4 IEESHEES N
Table 4 Distribution of engineering mixtures
Materials Unit N Min Max Mean Std
C plkg-m™) 36 450.00 950.00 722.20 102.59
FA /J/(kg~m’3) 36 0 306.00 127.63 100.23
SF pl(kgm™) 36 0 165.00 113.77 4431
MK plkg'm™) 36 0 300.00 55.87 84.54
Sandl plkg-m™) 36 0 990.00 591.40 199.82
Sand2 /J/(kg~m’3) 36 0 742.5.00 355.37 183.36
Fibre plkg'm™) 36 39.00 234.00 141.97 65.59
Water plkg-m™) 36 169.00 198.00 185.20 8.45
Sp /J/(kg~m’3) 36 30.00 35.00 31.80 1.80
CS MPa 36 116.10 180.10 149.42 15.16
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Extended Abstract

Introduction Under the dual pressures of global extreme climates and the demand for long service lives in major engineering
projects, conventional concrete materials increasingly struggle to meet performance requirements for critical infrastructures like
cross-sea bridges and nuclear facilities, highlighting a urgent need for advanced construction materials. Ultra-high performance
concrete (UHPC) emerges as a transformative solution for modern engineering challenges due to its exceptional compressive strength
(>120 MPa), durability, and lightweight design advantages. However, UHPC development faces critical barriers, i.e., the intricate
nonlinear relationships among its composition, microstructure, and properties undermine conventional modeling approaches, while
the scarcity of high-quality datasets (typically <200 samples) with inconsistent experimental protocols severely limits the reliability of
data-driven models. This “algorithm-data mismatch” dilemma necessitates innovative database enhancement strategies.

The existing efforts in transfer learning and data augmentation, including generative adversarial networks (GANs) and Kriging
interpolation, show a promise but encounter three fundamental limitations, i.e., physical inconsistency in synthetic data (e.g., illogical
porosity-strength correlations), high-dimensionality failures in interpolation methods, and domain-shift distortions during
cross-material knowledge transfer. To address these challenges, this study was to propose a dual-driven data enhancement framework
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integrating conditional GAN (CGAN) and Markov Chain Monte Carlo (MCMC) techniques. The methodology systematically
resolved dimensionality issues through preprocessing, generated physically constrained virtual samples via CGAN under constitutive
material relationships, and ensures topological consistency using MCMC statistical correction. A Bayesian-optimized XGBoost model
could validate the enhanced dataset, with experimental verification from marine floating platform UHPC applications, demonstrating
the framework efficacy in overcoming multi-dimensional data generation constraints. This approach was to establish a robust
paradigm for intelligent performance prediction under small-sample conditions, advancing digital design capabilities for concrete
structures in complex marine environments.

Methods This study developed a CGAN-MCMC model to address small database augmentation and intelligent prediction for
UHPC. The process commenced with standardized preprocessing of the original UHPC database, where missing values and outliers
were systematically handled through the multiple imputation by chained equation (MICE) method and isolation forest algorithm,
respectively, and followed by K-fold cross-validation partitioning. The CGAN-MCMC model was then employed to enhance the
UHPC database as distribution comparisons and Kolmogorov-Smirnov (KS) tests conducted to verify the homogeneity between the
original and augmented databases. Subsequently, a Bayesian optimization (BO)-tuned XGBoost model was implemented to evaluate
performance prediction capabilities by both pre- and post-augmentation datasets. The model validity was further confirmed through
validation against an actual UHPC engineering dataset from a floating platform project in Guangdong Province, China, demonstrating
its practical applicability and robustness in engineering scenarios.

Results and discussion The data standardization effectively eliminates feature scale discrepancies, mitigating overfitting risks
caused by parameter weight bias. The MICE method significantly enhances model noise resistance and prediction stability,
establishing a high-reliability data foundation for UHPC performance prediction models. The isolation forest (IF) algorithm
effectively removes outliers induced by instrument drift or mixing errors, while improving dataset robustness. The K-fold
cross-validation further strengthenes model generalization via comprehensively evaluating performance across diverse data subsets.
The optimized dataset demonstrates marked improvements in prediction accuracy and consistency across all performance metrics.

The CGAN-MCMC model is applied to augment the preprocessed UHPC database (N=145), generating an enhanced dataset
(N=1,500). A statistical homogeneity between original and augmented data is confirmed through comparative analysis of distribution
patterns, Pearson correlation matrices, and Kolmogorov-Smirnov (KS) tests (p-values >0.05). A Bayesian optimization (BO)-tuned
XGBoost model reveals substantial improvements in test-set R* values for 3-day hydration heat (62%), median pore size (55%),
compressive strength (18%), flexural strength (46%) and workability (35%) when using augmented data, quantitatively validating the
CGAN-MCMC enhancement methodology.

The validation with engineering data from a floating platform project in Guangdong Province, China, demonstrates an enhanced
model performance (i.e., test-set R increases from 0.65 to 0.92, with mean absolute error (MAE) reductions of 35% (training) and
50% (testing), alongside root mean squared error (RMSE) decreases of 39% (training) and 48% (testing)). These results empirically
confirm an engineering feasibility of the proposed framework. The proposed methodology advances UHPC intelligent design through
improved data quality and model generalization, providing an innovative solution for performance optimization.

Conclusions This study demonstrated a transformative potential of machine learning in overcoming data limitations and enhancing
UHPC performance prediction. The study established a paradigm-shifting approach for UHPC design optimization via integrating
advanced data augmentation with optimized ML modeling. The CGAN-MCMC framework could resolve critical challenges in
material informatics and provide actionable insights for developing sustainable, high-performance concrete systems, accelerating the
digital evolution of construction materials engineering.
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