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Abstract

With the rapid development of artificial intelligence (AI) technologies, machine learning
(ML) has been widely applied in concrete material design, performance prediction, and
intelligent structural engineering. Compared with traditional empirical approaches, ML
can efficiently establish complex nonlinear relationships among concrete mix proportions,
environmental factors, and performance indicators, thereby improving prediction efficiency,
reducing experimental costs, and enabling multi-objective optimization of mix proportions.
This paper systematically reviews the recent research progress of ML technologies in the
field of concrete engineering, with particular emphasis on typical algorithms, including
supervised learning, unsupervised learning, and reinforcement learning. Their applications
in predicting workability, mechanical properties, durability performance, and mix propor-
tion optimization are comprehensively summarized. In addition, recent advances in ML
applications for crack detection and digital twin technologies are also discussed. Moreover,
deep learning and computer vision (CV) technologies have significantly promoted the
development of crack identification and structural health monitoring, whereas the inte-
gration of digital twin and Internet of Things (IoT) technologies has further expanded the
application of ML in smart infrastructure. Finally, the current challenges associated with
data quality, model interpretability, and engineering applications are summarized, and
future research directions are discussed. Overall, by linking algorithm choice to specific
concrete performance-prediction tasks, this review clarifies the conditions under which ML
delivers reliable results and provides a structured reference for both researchers and practi-
tioners. The comparative analysis indicates that ensemble tree-based models—particularly
random forest and gradient-boosting variants such as XGBoost—together with well-tuned
neural networks consistently achieve the highest predictive accuracy across most concrete
properties, with reported test-set coefficients of determination commonly between 0.90
and 0.99, whereas limited data availability, inconsistent validation protocols, and restricted
model interpretability remain the principal obstacles to engineering deployment.

Keywords: machine learning; concrete; performance prediction; fire resistance; mix proportion
design; multi-objective optimization; structural health monitoring; digital twin

1. Introduction

Concrete, composed of appropriate proportions of cement, coarse aggregates, fine
aggregates, and chemical admixtures, is one of the most widely used materials in civil
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engineering. With the increasing application of novel cementitious materials, composite
fibers, and chemical admixtures [1-9], the physical, mechanical, and workability properties
of concrete have become increasingly complex and variable. The rapid development of the
construction industry has imposed higher requirements on concrete performance prediction
and mix proportion design, prompting extensive and in-depth research worldwide [10-12].
However, the complexity of influencing factors renders traditional experimental approaches
inefficient, time-consuming, and costly, making them difficult to satisfy the demands of
modern intelligent construction [13-15].

In recent years, Artificial Intelligence (Al) technologies have been widely applied in
key fields such as image and speech recognition [16-19], medical diagnosis [20-22], and au-
tonomous driving [23-25]. Within the construction industry, Al and ML have likewise been
integrated across the project lifecycle—including building information modeling (BIM),
construction automation and robotics, project scheduling and cost estimation, structural
design, and automated defect detection—supporting a broad transition toward digital
and intelligent construction. The strength of this interest is reflected in the rapid growth
of related research output and the accelerating adoption of intelligent solutions in engi-
neering practice over the past decade. Building on these developments, ML has provided
particularly innovative and effective approaches for predicting the performance of concrete
materials. Numerous studies have demonstrated that, owing to their superior capability
in handling nonlinear problems, ML techniques exhibit significantly higher accuracy and
efficiency than conventional models in predicting key concrete properties, including fresh
properties, mechanical strength, and durability performance [26-35]. At the same time,
ML methods can substantially reduce experimental costs and shorten research and devel-
opment cycles. For instance, ML has been successfully employed for the high-precision
prediction of compressive strength (CS), flexural strength, rheological parameters, chloride
ion diffusion, and freeze—thaw deterioration, while also providing reliable decision support
for multi-objective optimization of concrete mix proportions.

Although numerous review studies have systematically summarized the applications
of ML in concrete research, several significant limitations still exist in the current literature.
Most existing reviews primarily focus on a single algorithm or a specific performance
aspect, while overlooking the influence of other critical parameters and underlying mi-
croscopic mechanisms. In addition, insufficient attention has been paid to the integration
of advanced algorithms, such as eXtreme Gradient Boosting (XGBoost), Light Gradient
Boosting Machine (LightGBM), and Long Short-Term Memory (LSTM) networks, with
practical engineering demands. Furthermore, key issues related to model interpretabil-
ity, data quality, and generalization capability have not yet been comprehensively and
systematically summarized.

Against this background, the distinctive contribution of the present review, relative to
previously published surveys, lies in three respects. First, whereas most prior reviews are
organized around a single property (e.g., compressive strength) or a single algorithm family,
this review adopts a property-spanning structure that connects fresh-state behavior, hard-
ened mechanical properties, multi-mechanism durability, mix-proportion optimization, and
structural-scale applications such as crack monitoring and digital twins within a unified an-
alytical framework. Second, beyond cataloguing reported accuracies, this review critically
examines the methodological soundness of the underlying studies—dataset size and quality,
validation protocols, the risk of data leakage, and the credibility of the very high R? values
frequently reported in the literature—issues that are often overlooked in earlier surveys.
Third, this review explicitly addresses emerging but underexplored directions, including
interpretability techniques beyond SHAP, uncertainty quantification, physics-informed and
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hybrid modeling, transfer learning, and automated machine learning, thereby providing a
forward-looking research roadmap rather than a purely retrospective summary.

To address the abovementioned research gaps, this study presents a comprehensive
review of ML applications in concrete performance prediction and optimization. Figure 1
illustrates the methodological framework of this review. The main contributions of this
study are summarized as follows:

(1) Unlike previous reviews that mainly focused on specific ML techniques or particu-
lar concrete types, this review systematically summarizes the applications of ML in
fresh concrete properties, hardened mechanical properties, durability performance,
intelligent mix proportion optimization, crack monitoring, and digital twin technolo-
gies. Various types of concrete are also covered, including Normal Concrete (NC),
Ultra-High-Performance Concrete (UHPC), Self-Compacting Concrete (SCC), and
3D-printed concrete (3DPC).

(2) The implementation principles of several representative ML algorithms are briefly in-
troduced, while the characteristics of supervised learning, unsupervised learning, and
reinforcement learning are comprehensively reviewed. The applicability, advantages,
and limitations of different algorithms are systematically discussed.

(3) The current challenges associated with the application of ML technologies in the
field of concrete are systematically summarized, including critical issues such as data
quality, overfitting, generalization capability, and model interpretability. Furthermore,
valuable recommendations for future research and development are proposed.

This review is based on experimental data and mainstream ML and heuristic opti-
mization methods reported in high-quality journal publications over the past decade. The
aim of this study is to provide useful references for researchers intending to apply ML
technologies in the field of concrete engineering, thereby promoting the development of
high-performance, low-carbon, and intelligent concrete materials.

Review Methodology and Scope

To ensure transparency and reproducibility, the literature underpinning this review
was collected following a structured protocol adapted from the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. Four bibliographic
databases—Scopus, Web of Science Core Collection, IEEE Xplore, and ScienceDirect—were
searched, supplemented by forward and backward citation tracking of key papers. The
search combined two groups of keywords using Boolean operators: a materials group
(“concrete” OR “cementitious material” OR “mortar” OR “UHPC” OR “self-compacting
concrete” OR “3D-printed concrete”) and a methodological group (“machine learning” OR
“deep learning” OR “artificial neural network” OR “ensemble learning” OR “surrogate
model” OR “data-driven”), further refined with task-specific terms such as “compressive
strength”, “durability”, “rheology”, “mix design optimization”, “crack detection”, and
“digital twin”. The scope is centered on Portland-cement-based concrete and mortar; closely
related cementitious systems, such as alkali-activated and geopolymer binders, are cited
only where the corresponding studies illustrate ML methodologies that transfer directly to
conventional concrete, and their chemically distinct nature is acknowledged accordingly.

The search was restricted to peer-reviewed journal articles and high-quality conference
papers published between 2015 and 2025. Studies were included if they (i) applied one or
more ML or heuristic-optimization algorithms to the prediction or optimization of concrete
properties, or to the structural monitoring of concrete elements, and (ii) reported at least
one quantitative performance metric (e.g., R2, RMSE, MAE, or classification accuracy) or
a clearly described optimization outcome. Studies were excluded if they (i) addressed
materials outside the scope of cement-based composites, (ii) employed ML only periph-
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erally without reporting model performance, (iii) were duplicates or non-archival, or
(iv) lacked sufficient methodological detail for assessment. After de-duplication, title and
abstract screening, and full-text evaluation, approximately 190 studies were retained for
in-depth analysis. The corresponding study-selection process is summarized in Figure 1 as
a PRISMA-style flow diagram, which reports the number of records identified, screened,
excluded, and finally included. The temporal and thematic profile of the retained corpus
is summarized in Figure 2: the cited literature is strongly concentrated in the most recent
years—over half of the dated references were published in 2025-2026—and spans the
full range of application areas reviewed here, with mechanical-strength, durability, and
mix-design studies accounting for the largest shares.

Section 1: Introducti :
ection 1: Introduction ML algorithm
\L application framework
Section 2: ML Technology Commonly used
used in civil engineering ML algorithms
Performance and
general limitations
y J
Section 3: Prediction of Section 4: Prediction of Section S: Prediction of
fresh properties hardened properties durability characteristics

I

Workability ) Compressive strengtD { Freeze-thaw )

Rheological propertD ( Flexural strength ) {Chloride penetration)

Setting time ) ( Shear strength ) H( Sulfate attack )

< Corrosion of steel in)
concrete

—>{ Dry-wet cycle )

—>{ Fire resistance )

\

Section 6: Mix design and Prediction-optimization
optimization framework

[

( Crack Monitoring } Se:lt:;ll;c‘:ﬁ(z;lsler

Section 8: Critical Discussion and
Methodological Considerations

|

Section 9: Conclusions
and Prospects

Digital Twin

Figure 1. Research methodology of this review and PRISMA-style flow diagram of the study-selection
process (records identified, screened, excluded, and finally included).
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Figure 2. Bibliometric overview of the literature underpinning this review (191 dated references):
(a) annual and cumulative number of cited references from 2016 to 2026, showing the marked
acceleration of research output in recent years; (b) thematic distribution of the cited studies across the
principal application areas covered in this review.

2. ML Technology Used in Civil Engineering
2.1. ML Algorithm Application Framework

ML technologies have been increasingly applied in the field of civil engineering,
particularly in predicting the performance characteristics of cement-based materials and
optimizing concrete mix proportions, thereby improving material performance and extend-
ing the service life of structures. As illustrated in Figure 3, various ML methods have been
successfully employed in concrete engineering; the figure presents the principal application
framework of ML algorithms.

1. Data 2. Data . 4. Training Here
Collection 3. Algorithms & Output 5. Applications

> G N\ @ N e B\ s N\
Unlabeled N Cleaning & > PCA, k-Means, > Clusters & N Pattern discovery,
concrete data normalization Autoencoder low-dim features outlier removal
J . D & P & J & D
Y Y B @ h @ )
Labeled data ’ Feature engineering N SVM, RF, N Model training N Performance
(mix — property) & scaling XGBoost, ANN & evaluation prediction
J - D - J & J \ J
Problem & reward > Agent—environment > N Policy learning > Mix-design
definition interaction [ ROILIERC & convergence optimization

All three paradigms share the same five-stage pipeline; the supervised lane adds data labeling, the unsupervised lane omits labels, and the reinforcement lane replaces stages 1-2 with an

agent—environment loop driven by reward feedback.

Figure 3. Application framework of ML in the field of concrete engineering.

As shown in Figure 3, the three learning paradigms are presented as parallel ap-
plication workflows that share a common five-stage structure. Each workflow proceeds
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from (i) data collection—gathering raw-material, experimental, monitoring, or image and
spectroscopy data—through (ii) data preprocessing, comprising cleaning, missing-value
handling, normalization, and feature engineering; (iii) the core learning algorithms specific
to each paradigm; (iv) model training, output, or convergence together with the associ-
ated evaluation or visualization; and finally (v) the resulting engineering applications and
insights. The supervised-learning workflow additionally requires data labeling and is ori-
ented toward performance prediction and evaluation; the unsupervised-learning workflow
operates on unlabeled data for pattern discovery, clustering, and dimensionality reduc-
tion; and the reinforcement-learning workflow is framed around an agent-environment
interaction loop driven by reward feedback, supporting mix-proportion optimization
and intelligent decision-making. As summarized in the legend, the three paradigms are
distinguished by colour according to their respective roles.

Supervised learning operates on labeled datasets to infer a functional mapping be-
tween input variables and their corresponding outputs, enabling outcome prediction for
novel data. It accomplishes two primary tasks: classification, which assigns data to prede-
fined categories, and regression, which predicts continuous output values. This paradigm
encompasses a range of established algorithms, such as Support Vector Machine (SVM),
Decision Tree (DT), Random Forest (RF), Neural Networks, and Linear Regression (LR).

The core objective of unsupervised learning is to discover inherent patterns and struc-
tures directly from unlabeled data. Its three primary tasks are clustering, dimensionality
reduction, and anomaly detection—that is, grouping similar data points into clusters,
reducing data redundancy, and identifying outliers in the dataset. Common algorithms
include k-Means Clustering, Autoencoders, Principal Component Analysis (PCA), and
Association Rules.

The core idea of reinforcement learning is to enable the model to learn via trial-and-
error interactions with the environment. That is, the agent executes actions within the
environment, and the environment provides “rewards” or “punishments” in return. By con-
stantly adjusting the model strategy, the “cumulative rewards” are maximized. Commonly
used algorithms include Deep Q-Networks (DQNs) and Proximal Policy Optimization
(PPO) algorithms.

In the field of civil engineering, supervised learning relies on labeled experimental
and engineering monitoring data to accurately establish nonlinear mapping relationships
among material compositions, structural parameters, mechanical properties, and durability
indicators. It is widely applied in concrete strength prediction, performance evaluation,
damage classification, and accurate result forecasting. In contrast, unsupervised learning
does not require labeled samples and mainly focuses on identifying the intrinsic distri-
bution patterns and correlations within datasets. It is primarily used for data denoising,
anomaly detection, feature dimensionality reduction, redundancy elimination, and auto-
matic sample clustering, thereby facilitating data preprocessing and pattern discovery for
subsequent modeling tasks. Reinforcement learning, guided by the optimization of objec-
tive functions, iteratively searches for optimal solutions under multiple constraints and has
been extensively employed in multi-objective concrete mix proportion optimization, dy-
namic regulation of construction parameters, and intelligent decision-making throughout
the structural life cycle.

A variety of ML algorithms have been widely employed, including Deep Learning
(DL), SVM, RE XGBoost, PCA, and Genetic Algorithm (GA), among others. The application
workflow of each ML method is fundamentally derived from its distinct data processing
and computational mechanisms. Supervised learning focuses on predictive modeling based
on labeled datasets. Unsupervised learning emphasizes the discovery of intrinsic patterns,
enabling outlier removal, data denoising, feature dimensionality reduction, and sample
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clustering. In contrast, reinforcement learning focuses on optimization under predefined
constraints, aiming to achieve single or multi-objective optimization.

2.2. Commonly Used ML Algorithms

Support Vector Machine (SVM), proposed by Cortes and Vapnik [36], is a supervised
learning model based on the principle of structural risk minimization, aiming to improve
prediction accuracy by minimizing generalization error. The fundamental idea of SVM is
to map input vectors into a high-dimensional feature space through a nonlinear transfor-
mation function, where an optimal separating hyperplane is constructed to maximize the
margin between two classes of samples [37], as illustrated in Figure 4 [38]. In its regression
form (support vector regression, SVR), illustrated in Figure 4, the parameter ¢ defines an
e-insensitive tube around the fitted function: prediction errors smaller than ¢ incur no
penalty, whereas only deviations beyond this margin contribute to the loss. The width
of ¢ therefore governs the trade-off between the flatness of the model and its tolerance to
deviation—a larger ¢ yields a smoother, sparser model with fewer support vectors but
coarser fitting, while a smaller ¢ captures finer detail at the risk of overfitting.

Class 1 :
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< €
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Hyperplane P \
/ e
~o S
7 \/
4 <. o
7/ S
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- 4
< 4
/ / N\
// 4 Support Vectors
y d 7
/ //
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4 4 7
p .
7/
4
4
Margin Yy
/
4
/

Figure 4. Schematic view of SVR algorithm [38].

The RF algorithm is an ensemble method that combines a Classification and Regression
Tree (CART)—a typical binary decision tree—with the Bagging technique, and is widely
applied to prediction and feature selection tasks [39]. RF constructs multiple decision
trees via random sampling, resulting in inherent uncertainty among individual trees. This
characteristic enhances the overall model’s generalization capability and robustness [40,41].
The underlying principle of this is illustrated in Figure 5.

The Artificial Neural Networks (ANNSs) simulate the interconnected structure of
neurons in the human brain and construct multilayer network models, which mainly consist
of an input layer, one or more hidden layers, and an output layer. In particular, the hidden
layers can be stacked in multiple levels [42], as illustrated in Figure 6. Through the Forward
Propagation and Back Propagation (BP) algorithm, ANNs dynamically adjust network
weights to iteratively approximate the nonlinear mapping between inputs and outputs.
Common ANN architectures include Radial Basis Function (RBF) and BP networks.
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Figure 6. Schematic view of ANN algorithm.

The PCA is one of the most widely used and well-established feature extraction
methods [43]. Its core idea is to identify the directions of maximum variance in the data and
use them as principal components to represent the original features [44]. The robustness
of PCA can be further improved by adopting alternative norm-based distance metrics
(e.g., LI-norm PCA). It should be emphasized that PCA is not a predictive model but an
unsupervised dimensionality-reduction and feature-engineering technique; in concrete
applications it therefore serves as a preprocessing step whose reduced components are
fed into a downstream regression or classification model, rather than producing property
predictions directly.

K-Means is one of the most fundamental and commonly used algorithms in data
mining. It does not require predefined class labels and can automatically cluster samples
based on their inherent data distribution [45]. It has been widely applied in computer
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vision (CV) and pattern recognition tasks, such as color image segmentation [46], as well
as in constructing models for evaluating land surface changes using remote sensing im-
ages [47]. As an unsupervised clustering algorithm, K-Means likewise does not predict
concrete properties directly; it is used to group similar samples, reveal latent data structure,
or partition the design space, and is therefore typically employed as an exploratory or
preprocessing step prior to supervised modeling.

GA is an evolutionary computation method inspired by Darwin’s principle of natural
selection, simulating the process of biological evolution [48], as shown in Figure 7. At
its core, GA implements a “survival of the fittest” mechanism to preserve advantageous
genes and eliminate inferior ones. The algorithm searches for an optimal or near-optimal
solution within the solution space by iteratively evaluating the fitness of candidate solutions.
Through successive generations, solutions with higher fitness are assigned greater selection
probability. Crossover and mutation operators are then applied stochastically to produce
offspring with potentially enhanced adaptability, ultimately converging toward an optimal
solution [49].

Chromosome

e 0 1 0 1 1 | NEpcHm

evaluation

Selection

Crossover

Mutation

Survivor
selection

Termination

RENHI

Figure 7. Schematic view of GA algorithm.

By simulating bird flock foraging, Particle Swarm Optimization (PSO) uses the in-
formation sharing of individuals in the swarm to change the whole swarm’s movement
from disorder to order in space, with all individuals obtaining the global optimal solution
through each update iteration [50,51]. The underlying principle of PSO is illustrated in
Figure 8.
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Figure 8. Schematic view of PSO algorithm.

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) is a second-generation
multi-objective optimization algorithm developed based on the framework of the GA [52].
NSGA-II inherits the advantages of parallel search and Pareto-optimal solution searching
from the original NSGA, while introducing an elitist preservation strategy to improve both
the search efficiency and distribution diversity of the Pareto solution set [53]. In addition, a
fast non-dominated sorting strategy is adopted, which significantly reduces computational
complexity [54]. For multi-objective problems, NSGA-II is generally better suited than
single-objective GA or PSO to balancing trade-offs among mechanical properties, durability,
production cost, and carbon emissions, as it yields a well-distributed Pareto front rather
than a single solution.

Light Gradient Boosting Machine (LightGBM), proposed by Ke et al., is a histogram-
based gradient-boosting framework that grows trees leaf-wise rather than level-wise.
Through gradient-based one-side sampling and exclusive feature bundling, it achieves
training speed and memory efficiency markedly superior to conventional boosting, while
maintaining high accuracy on large, high-dimensional tabular datasets. These character-
istics make LightGBM increasingly attractive for concrete datasets containing numerous
mixture and environmental variables, and several recent studies summarized in the fol-
lowing sections report accuracy competitive with or superior to XGBoost in strength and
durability prediction.

Categorical Boosting (CatBoost), developed by Prokhorenkova et al., is a gradient-
boosting algorithm that introduces ordered boosting and an efficient native treatment of
categorical features, thereby mitigating the prediction shift and target leakage that can
arise during training. It typically requires limited hyperparameter tuning and exhibits
robust performance on the small-to-medium datasets that are common in concrete research.
As reflected in several studies discussed in the following sections, CatBoost frequently
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attains the best or near-best accuracy for compressive strength, shear strength, and chloride-
penetration prediction.

Beyond tree-based ensembles, more expressive deep architectures are beginning to
enter concrete and materials informatics. Graph Neural Networks (GNNSs) represent mate-
rials or microstructures as graphs of interacting entities (e.g., atoms, phases, or aggregate
particles), enabling the learning of structure-property relationships that are difficult to
encode with fixed-length feature vectors. Transformer-based architectures, originally devel-
oped for sequence modeling, leverage self-attention to capture long-range dependencies
and have shown promise for sequential monitoring data, multivariate sensor streams, and
image-based crack analysis. Although applications of GNNs and Transformers in concrete
engineering remain at an early stage, they constitute a rapidly emerging direction that is
revisited in Section 8.

2.3. ML Algorithm Performance and General Limitations

ML employs algorithms to analyze data, extract patterns, and make informed decisions
or predictions based on the insights it has gained from the data [55]. ML algorithms have
been widely applied in the prediction of concrete hardened properties [56], mechanical
properties [57], and durability performance [58,59]. In addition, they have also been em-
ployed in mix proportion design and optimization [60], defect identification and structural
health monitoring [61,62], as well as microstructural analysis [63]. As shown in Table 1, dif-
ferent ML algorithms are suitable for different applications in concrete engineering. RF as a
supervised ensemble learning algorithm, exhibits excellent stability in multivariable con-
crete performance prediction and is less prone to overfitting. However, its fitting capability
is relatively weaker than gradient boosting algorithms when dealing with highly nonlinear
microscopic correlation data, and its training speed is comparatively slower for large-scale
datasets. PCA can effectively reduce the dimensionality of multidimensional concrete mix
proportion parameters, thereby simplifying the input structure of subsequent prediction
models. PCA features fast computational speed and low computational cost, but it cannot
directly perform mechanical property prediction. PSO can rapidly and iteratively deter-
mine the optimal concrete mix proportion under multiple constraints, including strength,
workability, and cost; however, it is susceptible to falling into local optimum solutions.

Table 1. Comparison of different ML algorithms.

ML Algorithm Advantages Disadvantages Applications Use Examples
Prediction of concrete
Handle high-dimensional H.a > slow training speed, strength for Smau Comparative strength
. Difficult to tune samples, regression of F :
SVM features effectively, h ity indi d prediction including
Low sensitivity to outliers yperparameters, durability indicators, an SVM [64]
Has weak interpretability  classification
identification of defects
. Prone to overfitting, s .
Simple structure, Weak generalization Analysis of 1nﬂuenc11.1g ANN/SVR/GBDT/XGBoost
Has strong s factors of concrete mix .
S . DT . e ability, . i comparison for strength
upervised interpretability, Pl ratio, classification of . -
1 . L Sensitive to data prediction [65]
earning Has fast training speed a . strength grades
uctuations
Multi-dimensional
Strong anti- performance prediction
overfitting abl‘hty,. High c.omputat10.r1.al cost, of concrete, analys'ls of . HPC workability prediction
Stable generalization Weak interpretability, the influence of mix ratio .
RF . . - [66]; SSA-optimized RF for
performance, High complexity of characteristics,

Can output feature
importance ranking

hyperparameter tuning

classification of structural
damage grades,
durability life assessment

SCC slump flow [67]
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Table 1. Cont.
ML Algorithm Advantages Disadvantages Applications Use Examples
Prediction of concrete
mechanical properties,
Extremely strong High requirements for mapping between RF/XGBoost/ ANN/RNN
fitting ability, computing power, microstructure and strength comparison [68];
ANN : . o . . .
Suitable for multi-input Prone to overfitting, macroscopic properties, BPNN-based mix
multi-output scenarios Poor interpretability prediction of strength optimization [69]
evolution under complex
working conditions
Accurate prediction of
Extremelv stron concrete compressive/
. mely stong Relatively high tensile strength, AdaBoost/XGBoost
Supervised nonlinear fitting ability, . . . . .
- . o computational cost, regression of durability strength prediction [70];
learning XGBoost High prediction accuracy, . . . 9.
> - Has certain requirements  indicators, surrogate XGBoost as
Built-in regularization for T . . .
- o on data distribution model for mix ratio best-performing model [65]
anti-overfitting L
optimization, structural
damage identification
Analysis of linear
Can effectively solve the ~ Weak ability to fit influencing factors.of . .
S : . . . concrete, construction of ~ Ridge and Quantile
. multicollinearity problem, nonlinear relationships, . .
Ridge . . " strength benchmark Regression with tuned
Fast training speed, Limited prediction e
- T model, sensitivity hyperparameters [65]
Strong interpretability accuracy . . .
analysis of mix ratio
parameters
Dimensionality reduction
Can effectively eliminate in high-dimensional .
Lo . features of concrete mix
multicollinearity Can only be used as an . L . . .
o ratio, elimination of Dimensionality
between features, auxiliary tool, . .
. . - . . o . redundant features in test  reduction/feature
PCA Realize dimensionality Limited ability to retain . .
. X . N data, comprehensive extraction for concrete
reduction in high- nonlinear information, . .
. . L. . evaluation of multi-index  datasets [43]
dimensional features, Sensitive to outliers
. performance, feature
Fast calculation speed -
extraction of
microstructure
The number of clusters Automatic sroupmg of
concrete mix ratio data,
needs to be set manually .
Fast convergence speed, . clustering of concrete
. . in advance, . R . ..
Unsupervised Can automatically cluster i o samples with different Clustering of similar
. Sensitive to initial
learning K-Means  and group data, strength grades, concrete samples for data
X cluster centers, A . .
Suitable for o classification of curing exploration [47]
Poor classification effect . .
large-scale datasets X conditions, clustering of
on outliers and . :
edee samples microscopic pore
8 P structure features
Outlier cleaning of
Sensitive to density concrete test data,
Can automatically parameters, elimination of outlier mix
identify abnormal clustering performance ratio samples, Density-based outlier
DBSCAN outlier data, decreases under identification of detection and cleaning of
Can handle clusters with  high-dimensional data, abnormal data in concrete test data
irregular shapes cannot be directly used structural monitoring,
for prediction clustering of microscopic
defect features
Multi-objective
Strong global search optimization of concrete
abilit Slow convergence speed, mix ratio, design of
" Relatively high ! sn . GA-based multi-objective
Suitable for . low-carbon concrete mix . -
. GA R computational cost, . P mix-proportion
Reinforcement multi-objective complex L N ratio, optimization of L
. . . Sensitive to initial . optimization [69]
learning constraint scenarios, structural construction
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Table 1. Cont.

Good convergence,
Uniform distribution of
solution set

Sensitive to the number
of objective functions

mix ratio, full-index
optimization design of
green concrete

ML Algorithm Advantages Disadvantages Applications Use Examples
Fast convergence speed, Prone to falling into Single /multi-objective PSO within a hybrid
Suitable for optimization ~ local optimum, optimization of concrete ~ SVR/RF/XGBoost

PSO scenarios of Stability decreases under ~ mix ratio, parameter workflow [71];
continuous variables, complex constraint optimization of 3D BPNN-based mix
Low computational cost conditions printed concrete optimization [69]
Reinforcement
learning Can output complete Hieh computational Multi-objective
Pareto optimal & P collaborative R
solution set complexity, optimization of concrete NSGA-Il multi-objective
NSGA-II ’ Slow convergence speed, mix optimization vs.

GA/PSO/AEPSO [69]

Note: DBSCAN: Density-Based Spatial Clustering of Applications with Noise.

Researchers have adopted various evaluation metrics to quantitatively assess the
predictive accuracy of ML algorithms in the field of concrete engineering, including the
coefficient of determination (R?), Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and Mean Absolute Percentage Error (MAPE).

Model interpretability has become a critical issue that restricts the engineering applica-
tion of ML in concrete materials. Most ML models, especially ensemble and DL, are often
regarded as “black boxes” with poor transparency. To address this problem, interpretable
ML tools such as SHAP (SHapley Additive exPlanations) have been widely adopted to
quantify the contribution of each input feature and reveal the intrinsic relationship between
mixture parameters and concrete performance.

SHAP analysis can effectively identify the dominant factors, such as water-binder
ratio, cement content, curing age, and environmental exposure time, and visualize the
positive/negative effects of each variable, revealing the interaction mechanisms among
multiple factors. By providing transparent and physically meaningful explanations, SHAP
effectively improves the reliability and engineering acceptance of ML models, which is
essential for promoting the practical application of data-driven methods in structural engi-
neering and construction projects. Model interpretability continues to pose a substantial
challenge. Although post hoc interpretation methods such as SHAP have been increasingly
adopted, a considerable number of existing studies still lack transparent and systematic
explanations for model decision-making processes.

Nevertheless, SHAP is not without limitations that are particularly relevant to concrete
datasets. Because exact Shapley-value computation is exponential in the number of fea-
tures, practical implementations rely on approximations (e.g., KernelSHAP or TreeSHAP)
whose attributions can become unstable. More importantly, the most common variants
assume approximate feature independence, whereas concrete mixture variables are strongly
correlated—for example, water, binder, and the water-to-binder ratio, or the proportions
of different supplementary cementitious materials. SHAP may therefore distribute im-
portance among collinear inputs in a manner that is sensitive to the chosen background
distribution and that does not necessarily reflect physical causality. Reported feature rank-
ings should accordingly be interpreted with caution and, where possible, cross-checked
against domain knowledge and complementary techniques.

To provide a more complete picture, the interpretability toolbox should extend be-
yond SHAP. Local Interpretable Model-agnostic Explanations (LIME) approximate model
behavior locally with a simple surrogate and offer instance-level insight, although their
explanations can be sensitive to the sampling scheme. Partial Dependence Plots (PDP)
and Individual Conditional Expectation curves visualize the marginal effect of one or two
features, while Accumulated Local Effects (ALE) plots correct the bias that PDPs exhibit
under correlated inputs and are thus better suited to concrete mixture data. Permutation

https:/ /doi.org/10.3390/buildings16142806


https://doi.org/10.3390/buildings16142806

Buildings 2026, 16, 2806

14 of 54

feature importance provides a model-agnostic global ranking based on the loss increase
after shuffling a feature, and counterfactual explanations identify the minimal change in
inputs required to alter a prediction—information that is directly actionable for mix-design
decisions. Comparing the agreement among several of these methods yields a more robust
and trustworthy assessment of model behavior than reliance on any single technique, and
is recommended as good practice for future concrete ML studies.

3. ML to Predict Concrete Fresh Properties

Fresh concrete properties, also referred to as fresh-state concrete properties, describe
the characteristics of concrete from the completion of mixing to the onset of initial setting
and hardening. These properties are generally characterized by key indicators such as
workability, rheological properties, stability, and setting time. Fresh properties play a
critical role in determining construction quality, the mechanical performance of hardened
concrete structures, and long-term durability.

3.1. Workability

Workability is the most fundamental comprehensive property of fresh concrete, re-
ferring to the ability of concrete to resist segregation and bleeding while uniformly and
densely filling formworks during mixing, transportation, casting, and vibration processes.
At present, different testing methods are generally adopted for different types of concrete.
For NC, slump tests and flow table tests are commonly used. For SCC, tests such as the
T500 flow time test, V-funnel test, L-box test, and U-box test are widely employed. For
low-workability concrete, the Vebe consistency test is typically adopted.

These traditional field testing methods are simple to operate and highly intuitive,
making them conventional approaches for on-site quality control in engineering practice.
However, most of these methods are post-casting offline inspections with considerable
time lag, making it difficult to achieve early prediction and precise regulation. Therefore,
increasing attention has been directed toward the development of ML models capable of
predicting concrete workability before mixing or during the mixing process.

Zeng [66] collected 218 sets of workability data for High-Performance Concrete (HPC)
and developed a RF model with parameter optimization to predict the L-box ratio and
segregation rate of concrete. The results demonstrated that the proposed model exhibited
satisfactory accuracy in predicting the passing ability and segregation resistance of concrete.
Other ML methods have also been employed for predicting concrete workability. Zhang
et al. [67] developed a hybrid interpretable ML model integrating RF, XGBoost, Support
Vector Regression (SVR), and several optimization algorithms, including Sparrow Search
Algorithm (SSA), PSO, Grey Wolf Optimizer (GWO), GA, and Whale Optimization Algo-
rithm (WOA), to predict the slump flow of SCC. Among these models, the SSA-RF model
achieved the highest prediction accuracy, with R? values of 0.967 and 0.958 for the two
predicted slump-flow indicators on the test set. Furthermore, SHAP and Partial Depen-
dence Plot (PDP) analyses confirmed that the model was consistent with the mechanical
and rheological mechanisms of SCC, as illustrated in Figure 9. The results indicated that
higher fine-aggregate content and superplasticizer-to-binder ratio (SP/B) could improve
flowability through lubrication effects and rheological modification.
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Figure 9. SHAP summary plots for global feature contributions in the SSA-RF model [67].

As illustrated by the SHAP summary plots in Figure 9, SHAP quantifies the contribu-
tion of each input feature by assigning it a Shapley value—the average marginal change in
the model output when that feature is added across all possible combinations of the remain-
ing features. In the summary plot, features are ranked vertically by their mean absolute
Shapley value, which measures global importance, while each point represents one sample;
its horizontal position gives the signed effect on the prediction and its colour encodes
whether the underlying feature value is high or low. This representation simultaneously
reveals the magnitude, direction, and dispersion of each mix parameter’s influence—for the
SSA-RF model it identified the fine-aggregate content and the superplasticizer-to-binder
ratio as the dominant positive contributors to slump flow—and, by exposing how the
effect of one parameter changes with the value of another, it helps uncover the internal
interactions between mixture proportions and concrete properties.

In recent years, various Al-based prediction models have been gradually applied to
the intelligent prediction of concrete workability. By establishing high-precision nonlinear
intelligent prediction models, key workability indicators, such as slump and flowability,
can be rapidly predicted before the actual mixing process, thereby effectively preventing
construction-related problems, including segregation, bleeding, and insufficient flowability.
Nevertheless, large, standardized, and publicly accessible datasets remain scarce; apart
from a few emerging open datasets [72], most studies still rely on small, privately com-
piled datasets. The limited size and standardization of available data therefore remain
a major bottleneck that constrains the training accuracy, generalization, and cross-study
comparability of these models.

3.2. Rheological Property

Rheological behavior is a key fresh-state characteristic for evaluating the construction
adaptability and mixing uniformity of fresh concrete. It is widely used in the quality
control of pumping concrete, UHPC, and special engineering mixtures [73-75]. Flowability
characterizes the comprehensive ability of fresh concrete to overcome internal friction
under self-weight or external shear and to continuously and stably spread and fill available
space. It directly reflects the lubrication effect of the cement paste and the interlocking
degree between aggregates [76].

At present, conventional empirical tests such as slump and flow spread can only
provide a qualitative assessment of flow behavior, while failing to reveal the underlying
flow mechanisms. Therefore, refined rheological characterization has become a main-
stream research direction. Existing studies commonly model fresh concrete as a Bingham
(non-Newtonian) fluid, using yield stress (YS) and plastic viscosity as key quantitative
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parameters to accurately correlate with pumping resistance, wall slip behavior in pipelines,
and formwork filling performance [77]. In addition, recent advanced studies have incorpo-
rated multiple auxiliary parameters, including water film thickness [78], lubrication-layer
rheological effects [79], dynamic shear response [80], and flow velocity gradient compatibil-
ity [81]. These factors are further coupled with mineral admixture interaction mechanisms
and admixture synergy effects, thereby improving the refined evaluation framework of
concrete flow behavior and addressing the limitations of traditional single-test methods in
terms of accuracy and adaptability to complex conditions.

In practical engineering applications, due to the highly complex and multi-component
nature of concrete, single rheological models are often insufficient to fully capture the
evolution of flow behavior, which may lead to prediction deviations and poor construction
adaptability. To address this issue, many researchers have developed hybrid predictive
models based on multiple ML algorithms, including XGBoost [70], K-nearest Neighbors
(KNN) [64], Recurrent Neural Networks (RNN, including stacked LSTM) [68], and RF [71].
These approaches significantly improve the prediction accuracy and real-time control
efficiency of fresh concrete rheological parameters, providing reliable data-driven support
and technical guidance for the full-process construction of special concrete, including on-
site casting, continuous pumping, and precision forming. As shown in Table 2, numerous
scholars have conducted research on the rheological property of concrete.

Table 2. Examples of ML used in rheological property.

References Algorithm Input Variable Evaluation Index Main Findings
RZ
M ,AE The prediction accuracy,
W/B, MSF, PPF, ’ robustness and generalization
(701 AdaBoost, XGBoost MSEF/PPF 11;4131];/15 ability of XGBoost are all
SM AP,E superior to those of AdaBoost.
R?,
MSE - .
4 KNN model exhibited superior
[64] SGD, KNN, SVM, RSM EA, HL.’ S5, NaOH, S/B, MAE, accuracy, achieving the highest
W/B, tim RMSE Y & &
s Hme M APE, R? values of 0.98 and 0.96.
ANOVA
cement variety, W/B, FA R?,
[68] RF, XGBoost, ANN, admixture, NS variety, NS MAE, T(iefiljnlj t(}?;[f(fsetcilrfsg\c/lli)c tin
RNN(Stacked LSTM) admixture, total amount, RMSE, p . P &
shear rate MAPE time series flow curves.
The prediction accuracy of the
RF and XGBoost models
W/B, binder, Cem/B, R?, significantly increased after
[71] SVR, GPR, RF, FlyA/B, Slag/B, SF/B, MAE, incorporating shear rate features,
XGBoost, PSO OthB/B, Sand/B, Gravel/B, ¥ RMSE, and XGBoost model exhibited
WRA/B, OthA/B SHAP the highest prediction accuracy
with the R? exceeding 0.9 for the
test set.
The dynamic yield stress
R2 prediction model demonstrates
(52] SVR, XGBoost, RF, LR, cement, FA, SF, water, SP, MAE, i;fl“rea;‘f* Eégf‘iiggr})fﬁﬁﬂﬁe
CatBoost, PSO HPMC, sand RMSE, & 2
MAPE CatBoost model optimized by
PSO exhibits superior
performance.
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Table 2. Cont.

References Algorithm Input Variable Evaluation Index Main Findings
The ensemble model
demonstrated high performance
19 input parameters in predi.ctin% the rh.eo¥ogical
XGBoost, Neural (cementitious materials, R?, properties o .3D. p r1nt21ng
[83] Networks sand /cement, water/cement, SHAP concrete, achieving R” values of
! admixtures fibers etc) ’ 0.917, 0.908, and 0.959 on the test
! e dataset. After SHAP analysis,
this model is not a black box but
interpretable.
OPC, SAC, SF, FA, Sand, R?, The PICNN model can efficiently
[84] PIE-CNN (PICNN), maximum sand particle size, RMSE, match the YS, PV, ES and PS,
RF, DBO thixotropic agent, ESA, MAPE, thereby significantly improving
SP, water SHAP the printing performance.

Note: W/B: water-binder ratios; MSF: dosages of steel fiber; PPF: polypropylene fiber; MSE: mean square error;
SMAPE: symmetric mean absolute percentage error; SGD: stochastic gradient descent; RSM: response surface
methodology; HL: hydrated lime; SS: sodium silicate; S/B: sand-to-binder; ANOVA: analysis of variance; FA:
fly ash; NS: nanosilica; GPR: gaussian process regression; SF: silica fume; SP: superplasticizer; PIE: physical
information equations; DBO: dung beetle optimizer; SAC: sulphate aluminate cement; ESA: early strength agent.

To investigate the fluidity and rheological properties of fresh cement-based materials,
Liu et al. [82] employed ML algorithms including SVR, XGBoost, RF, LR and CatBoost,
coupled with the PSO algorithm, to achieve high-precision prediction of three key work-
ability indicators: fluidity, dynamic YS, and plastic viscosity. Finally, SHAP and PDPs
were adopted to quantitatively analyze the effects of each input variable on the workability
performance of cement-based materials.

Gao et al. [83] developed an ensemble model integrating XGBoost and neural networks
to predict the static yield stress, dynamic yield stress, and plastic viscosity of 3DPC using 19
mix proportion parameters. SHAP were further employed to enhance model interpretability.
The results showed that the proposed model achieved R? values of 0.917, 0.908, and 0.959
for the three rheological parameters, respectively, outperforming traditional rheological
models. In addition, the model was capable of accurately predicting rheological properties
for previously unexplored mix designs.

Geng et al. [84] proposed a dual-path framework that integrates a Physics-Informed
Equation (PIE) with ML. The PIE was embedded into a Convolutional Neural Network
(CNN) to construct a Physics-Informed CNN (PICNN) model for predicting the YS and
plastic viscosity (PV) of 3DPC. Meanwhile, a PIE-based database combined with a RF model
was used to predict extrusion speed (ES), and a formula for printing speed (PS) was further
derived. The results indicated that the PICNN model achieved R? values of 0.98 and 0.95
for predicting YS and PV, respectively, while the RF model achieved an R? of 0.98 for the
training set and 0.92 for the test set in predicting ES. Experimental validation demonstrated
that the proposed framework enabled accurate matching between material rheological
properties and printing parameters, with mean errors of only 3.53% for single-layer printing
and 4.68% for multi-layer printing. This provides a physically interpretable and efficient
approach for high-precision intelligent control of 3D concrete printing.

3.3. Setting Time

Setting time is an important time-dependent parameter that characterizes the transition
of fresh concrete from a plastic state to a hardened state. It directly affects the construction
working window;, casting continuity, and the quality of structural formation. Traditional
evaluation methods, such as the Vicat needle test or the penetration resistance method,
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are widely used; however, they often suffer from limitations such as strong subjectivity in
manual operation and the inability to achieve real-time monitoring.

From a mechanistic perspective, the setting process of concrete is primarily governed
by the hydration kinetics of cement, and is simultaneously influenced by multiple factors,
including water-to-binder ratio [85], type and content of mineral admixtures [86], chemical
admixtures (e.g., retarders and SP) [87,88], as well as environmental temperature and
humidity conditions [89,90]. Due to the strong nonlinear coupling among these factors,
traditional empirical models or single-mechanism analytical approaches are generally
insufficient to accurately predict setting time.

In recent years, various Al prediction models have been gradually applied to the
accurate prediction and mechanism analysis of concrete setting time. Anis et al. [91] devel-
oped a dataset containing mix proportion, temperature, and time parameters to investigate
the pumpability and solidification behavior of geopolymer materials used for oil well
cementing. Multiple models, including Logistic Regression, Probit Regression, DT, RF, and
SVM, were employed for both classification and regression tasks. The results showed that
the DT model achieved an AUC (Area Under the Curve) of 0.991 and an accuracy of 0.986
in classification tasks, while reaching an R? value of 0.95 in regression tasks, demonstrating
high predictive accuracy for the pumpable state of geopolymer materials. Zhang et al. [92]
focused on alkali-activated fly ash-slag cementitious materials and collected 616 sets of
uniaxial compressive strength (UCS) data and 278 sets of final setting time (FST) data. A
RF model was developed and further optimized using a GA, resulting in a GA-RF hybrid
predictive framework. The model achieved R? values of 0.932 and 0.997 for UCS and FST,
respectively, significantly outperforming Back Propagation Neural Network (BPNN), SVM,
Logistic Regression, and Multiple Linear Regression models. Feature importance analysis
indicated that curing time and water content were the dominant factors influencing CS,
while the Na/Al ratio and water content primarily governed the FST.

4. ML to Predict Concrete Hardened Properties
4.1. Compressive Strength

Compressive strength (CS) is one of the key mechanical indicators for characterizing
the hardened properties of concrete. Among the various influencing factors, the water-
to-binder ratio is widely recognized as the dominant parameter governing concrete CS.
It is also jointly affected by multiple factors, including the type and content of cemen-
titious materials, aggregate gradation, mineral admixtures, chemical admixtures, and
curing conditions.

Traditional testing methods for CS mainly include standard cube compression tests,
ultrasonic rebound methods, and core drilling tests. Although these methods are highly
reliable, they generally suffer from limitations such as long testing cycles, high cost, and
the inability to provide rapid feedback. Against this background, the development of
high-precision nonlinear predictive models based on ML algorithms has gradually become
an important technical approach for predicting and optimizing the hardened performance
of concrete. As shown in Table 3, numerous scholars have made predictions regarding CS.

Javid et al. [93] selected seven input parameters, including curing age, workability,
density, ambient temperature, internal concrete temperature, cubic mold type, and cylin-
drical mold type, to predict CS as the output variable using ML models. The results
indicated that the CatBoost model achieved the best predictive performance. Based on
the optimal model, a user-friendly web-based graphical user interface (GUI) was further
developed, providing a practical tool for mix design optimization and strength prediction
of fiber-reinforced concrete for both researchers and engineering practitioners.
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Table 3. Examples of ML used in CS.

References Algorithm Input Variable Evaluation Index Main Findings
g P g
curing time, workability, R?, The CatBoost model
Linear SVR. RBF SVR. DT density, ambient MSE, demonstrated superior
[93] RE XGBooslt Ca tBoos,t ’  temperature, concrete MAE, performance, achieving R?
’ ’ temperature, cubic mold, RMSE, scores of 0.99 during training
cylindrical mold MAPE and 0.92 during testin,
y g g
EISE The statistical evaluation
RSE ’ confirms that MEP outperforms
cement, slag, FA, water, RMéE GEP in predicting both CS and
[94] GEP, MEP WCR: W/C,W/B, SP,SP/C, MAE ! flow, exhibiting lower error
CA, sand. M APiE values, higher correlation
RRMSE coefficients, and superior
SHAP ’ efficiency scores.
R2 Compared with the WOA and
XGBoost, MéE SSA, the XGBoost model
BO-XGBoost, 4 optimized by Bayesian
93] WOA-XGBoost, hardness, age i\{/ll\?gé optimization (BO) has higher
SSA-XGBoost M APE’ prediction accuracy and smaller
prediction errors.
R2 Results showed that the GS-SVR
MéE model outperformed the original
cement, age, SP, BFS, water,  MAE, SVR. The SHAP-based a.nalysus
[96] SVR, GS-SVR FA CA FLA RMSE shows that among the eight
! ! M APE’ input variables, the two most
SHAP ’ important variables for CS are
cement and age.
GGP particle size,
substitution rate, W/C, SVR demonstrates the highest
LR, ENR, KNN, DT, RF cement, maximum aggregate R? accuracy and predictive ®
571 SVR Eg;glgizze’csif;;etfmnj fine RMSE capability with an R? value of
chemical composition 0.95 and RMSE of 3.40 MPa.
of GGP
The MLPR model has the
cement, mineral powder highest goodness-of-fit; in the
’ ! RFR model, the three factors that
.1 . 2 4
[98] RFR, SVR, MLPR ihiari’uge’ is;eel ﬁbﬁ:’ II\{/IéE have a relatively significant
d;f eame ruvcva tgerage . impact on the 28-day CS of
oamer, UHPC are the amounts of fly
ash, cement, and water.
R?,
cement, FA, water, MAE,
AdaBoost, ANN, SVM, water-reducing agent, coarse  RMSE, The AdaBoost mo.d.el can .
[99] . accurately and efficiently predict
LR, CART and fine aggregates, MAPE, the CS of concrete
age, W/B 10-fold cross '
validation

Note: GEP: Gene Expression Programming; R: Pearson’s correlation coefficient; NSE: Nash-Sutcliffe efficiency;
RSE: Relative Squared Error; RRMSE: Relative Root Mean Square Error; BO: Bayesian optimization; CA: coarse
aggregate; ENR: Elasticnet Regression.

Alqurashi [94] considered ten input variables, including cement, slag, fly ash, water,
water-to-binder ratio, water-to-cement ratio, SP content, SP-to-cement ratio (SPCR), coarse
aggregate, and fine aggregate, with concrete CS and flowability (Flow) as output targets for
ML modeling. The results showed that the Multi-Expression Programming (MEP) model
achieved the best predictive accuracy, with an R? of 0.951 and a low RMSE of 1.656 MPa for
CS prediction. Figure 10 shows the distribution chart of the prediction error of the CS of
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the MEP model. Meanwhile, SHAPanalysis identified the water-to-binder ratio and slag
content as the key influencing factors.
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Figure 10. Distribution map of the prediction error of CS for the MEP model [94].

A large number of studies have been conducted on the prediction of CS for concrete
and grouting materials using ML methods. Through algorithm comparison, hybrid-model
development, and metaheuristic optimization, these studies have demonstrated the ef-
fectiveness of various ML approaches in capturing the nonlinear relationships between
material parameters and CS. In particular, hybrid models such as XGBoost and SVR, opti-
mized using Bayesian optimization and grid search techniques, exhibit significantly higher
accuracy than traditional single models [95,96]. Meanwhile, RF and SVR generally show su-
perior overall predictive performance across most material systems [31,97-99]. In addition,
some studies have employed SHAP to quantify the influence of key variables [100,101],
and further combined model outputs to propose mix proportion optimization strategies,
providing a solid methodological foundation for accurate prediction and intelligent design
of concrete CS.

Related studies generally employ mix proportion parameters as input variables to
establish nonlinear mapping relationships for CS prediction. The results indicate that most
ML models achieve satisfactory predictive accuracy with R? values exceeding 0.80, while
ensemble models generally obtain average R? values above 0.90, demonstrating higher
reliability and robustness.

From the perspective of model comparison, traditional linear models (e.g., LR) rely
on the assumption of linear relationships between variables and therefore struggle to cap-
ture the complex multi-factor coupling effects in concrete materials, resulting in relatively
low prediction accuracy. Although nonlinear models (e.g., Nonlinear Regression, NLR)
improve fitting capability to some extent, they still fail to fully represent high-dimensional
nonlinear relationships. In contrast, models such as SVM, ANN, RF, gradient boosting
methods (e.g., XGBoost and Gradient Boosting Regression, GBR), and Gene Expression
Programming (GEP) can effectively capture complex interactions among input variables,
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achieving generally higher predictive accuracy. Among them, ensemble learning mod-
els further reduce prediction variance through multi-model fusion mechanisms, thereby
enhancing generalization capability and exhibiting lower dispersion and higher stability
across different datasets.

4.2. Flexural Strength

Flexural strength, as an important indicator reflecting the crack resistance and flexural
performance of concrete, exhibits more complex mechanical behavior and higher variability
than CS, and is often influenced by multiple interacting parameters. Therefore, ML methods,
owing to their advantages in multivariate nonlinear modeling, have become an important
technical approach for predicting flexural strength.

Existing studies on flexural strength prediction mainly focus on different concrete
systems, including NC, Steel Fiber Reinforced Concrete (SFRC), 3DPC, and UHPC. The
selection of input variables varies significantly across different concrete types. For NC,
commonly used input parameters include water-to-binder ratio, cement content, mineral
admixtures, and chemical admixtures. In SFRC [102], key variables typically include fiber
volume fraction, fiber length, diameter, and aspect ratio. For 3DPC, additional factors such
as viscosity-modifying agents (VMA), printing direction, and interlayer interface effects
must be considered. In UHPC [103,104], due to its highly complex composition, more
microstructural parameters are generally introduced, including multiple powder materials
and fiber characteristics, to improve model accuracy.

Based on 63 concrete samples containing metakaolin, Zhang et al. [105] predicted
flexural strength using four ML models: ANN, SVR, Gradient Boosting Decision Tree
(GBDT), and XGBoost. The results showed that the XGBoost model delivered the best
performance in testing.

Huang et al. [65] adopted two complementary algorithms, Ridge Regression (RR)
and Quantile Regression (QR), and performed hyperparameter tuning using the Sled Dog
Optimizer (SDO) to develop the RRSD and QRSD models. These were then integrated
via a Bayesian model averaging approach to construct a hybrid ensemble model, RSQS,
for predicting the flexural, compressive, and tensile strengths of steel-fiber-reinforced
concrete (SFRC).

Sun et al. [106] employed six ML models to predict the flexural strength of UHPC.
The results indicated that the XGBoost model achieved the best predictive performance.
Through feature importance analysis, key influencing parameters were identified. Further-
more, an Analytical Hierarchy Process (AHP) was integrated to comprehensively evaluate
50,000 randomly generated mix designs, enabling intelligent optimization of UHPC mix
proportions with objectives oriented toward low cost and low carbon emissions.

Igbal et al. [107] developed a Tree-Structured Parzen Estimator (TPE)-optimized XG-
Boost model to predict the flexural strength of fly ash-based 3DPC. The proposed model
achieved an R? greater than 0.997 for flexural strength prediction. The study also confirmed
that a fly ash content of 5-7.5% can enhance both the mechanical and durability prop-
erties of 3DPC. In addition, a SHAP-based interpretable GUI was developed to support
engineering applications, as shown in Figure 11.

Zhang et al. [108] compared five ML models for predicting the mechanical properties
of 3DPC. The results showed that the RF model achieved the best performance, with R?
values ranging from 0.96 to 0.98 for both compressive and flexural strength predictions,
significantly outperforming other models. The study also identified the water-to-binder
ratio as the most critical feature influencing strength.
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Figure 11. GUI coupled with SHAP explanation for flexural strength prediction [107].

4.3. Shear Strength

Shear strength, as one of the key indicators in structural safety assessment [109], is
directly related to the development of diagonal cracks, failure modes, and load-carrying
capacity of structural members. Existing studies mainly focus on systems such as rein-
forced concrete beams, fiber-reinforced concrete members, and high-performance concrete
structures. The selection of input variables varies considerably among different studies,
but commonly includes parameters such as concrete CS, effective height, shear-span ratio,
reinforcement configuration, and reinforcement yield strength [110-113]. In fiber-reinforced
systems [114], additional factors such as fiber volume fraction and fiber type must also
be considered.

Shear strength is primarily governed by the initiation and propagation of diagonal
cracks, and its influencing factors include concrete matrix strength, aggregate interlock
effect, reinforcement anchorage performance, and structural parameters such as shear-span
ratio. In recent years, feature importance analyses have shown that reinforcement ratio
and concrete CS are generally the dominant factors affecting shear strength [115], while
reinforcement ratio and stirrup parameters also play significant roles in enhancing shear
capacity. Compared with CS prediction, shear strength is more sensitive to structural
geometric parameters and loading conditions, which is one of the major reasons for the
higher prediction difficulty.

Yang et al. [116] established an experimental database containing 563 shear-failure
samples of UHPC beams. Parameters such as cross-sectional area, shear-span ratio, and
fiber volume fraction were selected as inputs, and the training process is illustrated in
Figure 12. The predictive performances of single models, ensemble models, and DL
models were systematically compared and evaluated. The results demonstrated that
hyperparameter-optimized ensemble models, including CatBoost, XGBoost, LightGBM,
and GBR, significantly outperformed single DT models as well as DL models such as Mul-
tilayer Perceptron (MLP), Deep Neural Network (DNN), and Residual Network (ResNet).
Among them, the CatBoost model achieved the best performance, with an R? of 0.95 on the
test dataset.

Chen et al. [117] developed a framework integrating explainable Artificial Intelligence
(XAI), probabilistic shear strength modeling, and image processing techniques. A total
of 41 damage-related features were extracted to train four different models. The results
showed that the Gaussian Process Regression (GPR) model significantly outperformed the
other three models. Furthermore, SHAP analysis revealed that median shear strength, pixel
intensity characteristics, and image-derived geometric features had a significant influence
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on the prediction results. The proposed framework enables non-contact, interpretable
shear-strength assessment of reinforced concrete beams with uncertainty quantification.

Define inputs and
outputs
20% Testing set | Data preparation »  80% Training set
|
]
Brenbie Deep Single Ensemble Deep
learning learning Regression learning learning
\ 4
Default ML models Optimized ML models

[ I

Model validation and comparision

v

Predictive models

\ 4

Figure 12. Training process of each ML model [116].

In a study on predicting the shear performance of stud connectors in steel-UHPC
composite structures, Qi et al. [35] developed prediction models using ten ML methods,
including RF, AdaBoost, KNN, and SVR. Evaluation metrics showed that RF achieved the
highest prediction accuracy, with mean R?, RMSE, and MAE values of 0.98, 5 kN, and
3.6 kN, respectively. When dealing with numerous input parameters, hybridizing multiple
models can achieve higher prediction accuracy than models relying on a single algorithm.

A large number of studies have achieved relatively high-precision prediction of con-
crete shear strength using ML methods. However, due to the complex failure mechanisms of
shear behavior, the high dispersion of experimental data, and significant differences among
various structural types, the generalization capability of existing models across different
datasets still requires further improvement. Future research should focus on expanding
standardized databases, strengthening the coupled modeling of structural and material
parameters, and promoting the deep integration of data-driven approaches with structural
mechanics theories, in order to enhance the engineering applicability and reliability of
predictive models.

5. ML to Predict Concrete Durability Characteristics

Large concrete structures are designed for service lives often exceeding one hundred
years, making durability a critical performance metric closely tied to long-term structural
integrity and lifecycle costs. ML can establish relationships among material composition,
environmental factors, and durability performance, thereby enabling the prediction and
optimization of the long-term service behavior of concrete. At present, commonly used ML
models for predicting concrete durability include ANN, SVM, RE, XGBoost, GBDT, and DL
methods. The overall modeling process typically consists of four steps: data collection and
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preprocessing, selection of input and output variables, model training and validation, and
performance evaluation.

With the development of XAI, SHAP method has been widely used to analyze the
importance of individual input variables on model outputs, thereby quantifying the con-
tribution of each factor [118]. According to existing research findings, factors such as the
water-to-binder ratio, mineral admixture content, pore structure, curing conditions, and
environmental exposure parameters have a significant influence on concrete durability.

5.1. Freeze-Thaw

Freeze-thaw cycles are one of the primary causes of durability deterioration in con-
crete structures in cold regions. Under repeated freezing and thawing actions, the pore
water within concrete expands upon freezing, leading to continuous propagation of mi-
crocracks, which ultimately results in mass loss, strength degradation, and a reduction in
dynamic elastic modulus. ML models have shown strong capability in capturing nonlinear
deterioration behavior under cyclic freeze—thaw conditions [119-122]. To investigate the
deterioration law of concrete durability under the coupled action of sulfate attack and
freeze-thaw cycles, Qin et al. [123] explored the influence mechanism of fly ash content
and salt solution concentration on concrete damage, developing a service life prediction
model for concrete based on the XGBoost algorithm. As shown in Table 4, a large number
of scholars have conducted research on the Freeze-thaw property of concrete.

Table 4. Examples of ML used in freeze—thaw.

References Algorithm Input Variable Evaluation Index Main Findings
CatBoost Model has the best
performance in all evaluation

P-wave velocity, dry density, indicators. Eigenvalue weight
- 4 ’ 2 .
DT, RF, SVM, XGBoost, saturated density, number of R%, t’malysm shows that the. order of
MAE, importance of each variable to
[119] Extreme random freeze—thaw cycles, .
. MSE, the model contribution is:
tree, CatBoost freeze—thaw period, and
streneth damage rate RMSE number of cycles > freeze-thaw
& & period > dry density > saturated
density > longitudinal
wave velocity
The PSO-BP model achieved the
LGF, curing agent content R2 highest accuracy, with R? of
SVR, GBDT, (L), S}lty clay content (S), MAE, 0.982 on the test set. .Corrglfatlon
[122] freezing temperature (T), and and SHAP analyses identified
XGBoost, PSO-BP RMSE, .
number of freeze—thaw SHAP LGF content and silty clay
cycles (N) content as the most influential
factors affecting UCS.
number of freeze—thaw Using different evaluation
- 2 : 2y
XGBoost, DT, BPNN, cycles, amount of fly ash R%, metrics (RMSE, MAE, R), it was
[123] . MAE, found that the XGBoost model
RF, SVM added, concentration of . .
. . RMSE has greater rationality than
sodium sulfate solution
other models.
Si0,, ALOs, CaO, NaOH, ) The SVM model performed the
sodium silicate modulus R4, best on the test dataset.
BP, GA-BP, SVM, RE, . ! MAE, Regarding freeze-thaw quality
[124] alkali activator dosage, water, o Py
RBF, LSTM W/B, 30-day shrinkage, mass RMSE, loss prediction, the R* was
o cey 8¢ SHAP 0.9178, with MAE and RMSE

loss in 100 freeze-thaw cycles values of 0.3139 and 0.5328.
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Table 4. Cont.

References Algorithm Input Variable Evaluation Index Main Findings
The key factors identify through
RFE provide key information for
5 the optimization of concrete
[125] RF, RFE ZZr/nB’(’):Enm;rsli” IEIA’ iﬁ’ EI\;ISE design. For the frost resistance
P 1y test data, the RMSE and R? of
the proposed model reached
0.077 and 0.9578.
number of freeze-thaw the crushing index of
BPNN cycles, crushing index of regenerated aggregate, the
RBFNN recycled aggregates, the R?, replacement rate of regenerated
[126] SVM replacement rate of recycled = MAE, aggregate, the water-cement
RF aggregates, W/C, sand ratio, MBE, ratio and sand rate are the key
PSO-BPNN cement, cement strength RMSE characteristic parameters
GA-BPNN grade, specimen size, affecting the salt-freeze
chloride concentration resistance of RAC.
thickness of the protective The 1.nterpreta.ble ML moc!e@
laver. Volume fraction. phase proYldes a rehable.z and efficient
[127] FNN yeh P SHAP continuous mapping between

transition temperature,

particle size, latent heat the design parameter space and

the resultant number of FTCs.

Note: LGF: lime-GGBS-FA; RFE: recursive feature elimination; RAC: recycled aggregate concrete; FNN: forward
neural network; FTCs: freeze—thaw cycles.

In recent years, interpretable ML has gradually become a research hotspot. To investi-
gate the freeze-thaw resistance durability of solid waste-based alkali-activated cementitious
materials, Wei et al. [124] developed and validated prediction models including BP, GA-BP,
SVM, RF, RBF, and LSTM. The results demonstrated that the SVM model achieved the
optimal predictive performance. Using the SHAP approach, the analysis revealed that
AlyO3, SiO,, and water glass modulus were critical factors governing shrinkage, whereas
CaO, water-cement ratio, water content, and Al,O3 played decisive roles in determining
freeze-thaw resistance.

Furthermore, ML has been widely applied to study concrete frost resistance [128-131].
Wau et al. [125] employed the Recursive Feature Elimination (RFE) algorithm to identify
six mix proportion factors with the most significant influence on frost resistance as input
variables. These were then integrated with an RF algorithm to construct an RF-RFE model
for predicting frost resistance. Kang et al. [126] compared six algorithms for predicting the
salt-frost resistance of recycled aggregate concrete (RAC). Their results indicated that the
PSO-BPNN algorithm performed best in predicting the CS, relative dynamic elastic modu-
lus, and mass loss rate of RAC after exposure to combined salt and freezing conditions.

With the development of ML techniques, Li et al. [127] generated a large database con-
taining 8096 data samples using ML methods and proposed the use of microencapsulated
phase change material (PCM) concrete to mitigate freeze-thaw damage, providing a new
research perspective for the optimal design of frost-resistant concrete.

5.2. Chloride Penetration

Chloride ion penetration is one of the primary causes of steel reinforcement corrosion,
thereby reducing the durability of structures, and this issue is particularly significant in
marine environments. At present, models for chloride ion penetration based on input
parameters can be generally classified into three categories. The first category uses the
proportions of mix constituents as input variables. The second category incorporates envi-
ronmental conditions as input parameters. The third category employs measured concrete
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properties as inputs, such as the chloride diffusion coefficient. Numerous researchers have
developed models for chloride diffusion and service life prediction [132-136].

Some studies have shown that SVM models can achieve higher predictive accuracy
than ANN models when the amount of training data is limited [137,138]. Mamaghani
et al. [139] applied multiple ML algorithms—including LR, RF, and XGBoost—and con-
structed a Voting Regressor that combined them to quantitatively describe the spatiotem-
poral evolution of concrete’s chloride ion content. Luo et al. [140] developed a model to
predict chloride ion concentrations using three ensemble learning algorithms (XGBoost,
LightGBM, and CatBoost) and two DL algorithms (LSTM and BiLSTM), with hyperpa-
rameters optimized via the PSO algorithm. As shown in Figure 13, the LightGBM model
achieved the best fitting performance. To predict the chloride diffusion behavior of HPC
in real marine service environments, Tang et al. [141] developed five ML models, namely
LightGBM, CatBoost, XGBoost, RE, and ANN, based on the dataset from a 10-year in situ
marine exposure test conducted in Zhanjiang. The results demonstrated that, among the
evaluated algorithms, CatBoost demonstrated superior robustness and accuracy.

XGBoost

XGBoost

—= Training set R? ~=- Training set MAE

LST™M LightGBM

—=— Training set RMSE

—= Training set MAPE
= Test set RMSE

Test set MAPE

 LightGBM LSTM LightGBM

() (d)

Figure 13. Radar charts of the five models’ evaluation indicators [140]: (a) R?; (b) MAE; (c) RMSE;
(d) MAPE.

In addition, RAC has also become a current research hotspot. Gao et al. [142] consid-
ered six influencing factors, including the carbonation of recycled coarse aggregate (RCA),
RCA replacement ratio, bending load level, carbonation time and temperature of RCA,
and recycled concrete fine aggregate replacement ratio. Electrical flux was used as the
indicator to evaluate the chloride ion penetration resistance of RAC. The results showed
that the XGBoost model exhibited the best predictive performance. Numerous studies have
demonstrated that the water-to-binder ratio, mineral admixture content, and pore structure
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are key factors influencing chloride ion penetration resistance, while the incorporation of
silica fume can significantly improve the resistance of concrete to chloride ion ingress [143].

5.3. Sulfate Attack

Sulfate attack refers to the process in which sulfate ions penetrate into the pores
of concrete and react with hydration products to form highly expansive compounds,
leading to expansion, cracking, and strength degradation. It is one of the common factors
contributing to the deterioration of concrete durability, and has been extensively studied in
the literature [144-148]. At present, the application of ML in sulfate attack research mainly
focuses on predicting the effects of different mineral admixtures and recycled materials on
sulfate resistance [149,150].

Alani et al. [151] employed the Evolutionary Polynomial Regression (EPR) method to
predict the mass loss of concrete specimens subjected to sulfate attack. Cement, aggregates,
water, admixtures, and solution pH were used as input variables, while mass loss was
taken as the output. The developed EPR model was further compared with an ANN model.
The results showed that the EPR model achieved slightly higher accuracy than the ANN
model. In addition, the optimal mix proportion range was identified based on the model,
confirming that the water-to-binder ratio is a key parameter controlling sulfate-induced
deterioration. Liu et al. [152] developed a SVM model to predict the sulfate resistance
coefficient of concrete using seven input variables. The results indicated that the average
prediction error for both training sets was below 7%, demonstrating that the SVM model
can effectively predict the sulfate resistance coefficient, even with a relatively small number
of training samples.

Currently, research on sulfate attack prediction is gradually shifting from traditional
static prediction toward intelligent monitoring and service-life assessment, providing new
technical approaches for structural health monitoring of reinforced concrete structures [153].

5.4. Corrosion of Steel in Concrete

Reinforcement corrosion leads to a reduction in steel cross-sectional area, cracking
of concrete, and a decrease in the load-bearing capacity of reinforced concrete structures.
More critically, durability deterioration of reinforced concrete structures often accelerates
steel corrosion, creating a feedback loop that further intensifies degradation. As a result,
this critical issue has attracted extensive research interest worldwide [154-157].

At present, researchers mainly predict the durability performance of concrete by esti-
mating parameters such as corrosion current density, corrosion rate, and corrosion-induced
cracking time. The input variables typically include chloride ion concentration, concrete
cover thickness, water-to-binder ratio, concrete electrical resistivity, and environmental
humidity. Salami et al. [158] developed a corrosion potential prediction model using five
ML algorithms, including LR, ANN, SVR, KNN, and RF, which can further be used to
derive the subsequent corrosion rate. Tan et al. [159] established a RF-based model to
predict the residual bond-strength ratio at the Fiber Reinforced Polymer (FRP)-concrete
interface under simulated marine environments. Using SHAP analysis, they identified
exposure duration as the most influential factor affecting durability in this context.

5.5. Dry-Wet Cycle

During repeated wetting-drying cycles, the internal pore structure of materials con-
tinuously evolves, leading to volume deformation, microcrack propagation, and strength
degradation. In particular, in harsh environments such as marine conditions and saline soils,
wet-dry cycles often act synergistically with chloride attack, sulfate attack, and freeze-thaw
actions, thereby accelerating material deterioration.
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At present, research on wet-dry cycles mainly focuses on strength degradation, crack
evolution, and micro-damage mechanisms of materials. Huang et al. [160] investigated
the effects of different dosages of lime and basalt fibers on the CS and crack evolution
characteristics of red clay. They developed four ML models, including Bidirectional Long
Short-Term Memory (BiLSTM), Gated Recurrent Unit (GRU), XGBoost, and Relevance
Vector Regression (RVR). In addition, PSO and the Sparrow Search Algorithm (SSA) were
introduced to optimize model hyperparameters and further improve prediction accuracy.
The results demonstrated that the SSA-optimized RVM model not only achieved very low
prediction errors but also effectively predicted crack propagation behavior of red clay under
wet-dry cycling conditions.

Sun et al. [161] aimed to investigate the strength characteristics and curing mechanism
of solidified marine silt (LGF-MSS) under dry-wet cycles. Based on 624 sets of experimental
data, they developed a general UCS prediction model under wet-dry cycle conditions
by integrating the XGBoost framework with five optimization algorithms, including the
WOA, PSO, SSA, GWO, and Fruit Fly Optimization Algorithm (FOA). This model was
used to predict the UCS of LGF-MSS under dry-wet cycles, and the prediction performance
of the hybrid model was evaluated using R?, RMSE, and MAE. The results showed that
SSA-XGBoost demonstrated excellent prediction accuracy and model fitting ability.

5.6. Fire Resistance

With the continuous increase in population density, the number of high-rise build-
ings and underground structures has also grown significantly, and the fire resistance
performance of concrete structures under fire exposure has gradually attracted increasing
attention from researchers [162,163]. Over the past two decades, research on fire resis-
tance performance has steadily increased [164], as shown in Figure 14. Due to the highly
nonlinear thermo-mechanical behavior of concrete under fire conditions [165], traditional
theoretical models struggle to achieve accurate predictions. Therefore, ML techniques have
been widely applied in studies of fire resistance performance. As shown in Table 5, many
scholars have conducted research on the fire resistance performance of concrete.

10009 Number of published studies from 2007 to 2025

800 -
[ high performance concrete
1 Il Al atticles

600 —
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The number of articles

200
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Figure 14. Number of publications on fire resistance research from 2007 to 2025 [164].

Currently, ML methods are mainly used to predict parameters such as residual CS,
spalling depth, and fire resistance of concrete under high-temperature conditions. Zhao
et al. [166] developed an XGBoost model to predict the fire performance of concrete-filled
steel tubular (CFST) columns, selecting nine input variables. The results showed that
cross-sectional area and load ratio are the most critical factors influencing fire resistance

https:/ /doi.org/10.3390/buildings16142806


https://doi.org/10.3390/buildings16142806

Buildings 2026, 16, 2806

29 of 54

performance. Noman et al. [167] developed an ANN model to predict the fire resistance
of reinforced concrete (RC) and CFST columns. The model achieved R values of 0.9229
and 0.9943 for RC and CFST columns, respectively, outperforming traditional empirical
models. Parameter analysis indicated that load eccentricity, applied load, cross-sectional
area, and column height significantly affect fire resistance, and CFST columns exhibit better
fire performance than RC columns.

Bhatt et al. [168] collected experimental data on fire resistance of fiber-reinforced poly-
mer (FRP)-strengthened RC beams and applied three algorithms—SVR, RF, and DNN—for
prediction. After feature selection and parameter optimization, the DNN model achieved

the highest accuracy, with R and R? values of 0.96 and 0.91, respectively.

Table 5. Examples of ML used in fire resistance.

References Algorithm Input Variable Evaluation Index Main Findings
, . The BCMO-XGBoost model
column’s cross-sectional area,
tube thickness, column R?, outgef fc.)rrris gfcherg];)g};lar ML
BCMO-XGBoost, XGBoost, length, yield strength of the GEN, ?gasosolsr’zclglz ?\%M AN/N and
[166] GBDT, AdaBoost, RF, SVM, tube, cylinder strength of the MAE, KNN Crc;ss—s,ec tionlal area, and
ANN, KNN, GLM, GEP concrete, load ratio, RMSE, o
e . . load ratio are two of the most
eccentricity ratio, section MAPE influential factors in predicting a
type, temperature curve type mntuentia , P &
CFST column’s FRR.

RC: cross-section area,

specimen height, CS of

concrete, tensile strength of

reinforcement, longitudinal

reinforcement ratio, heating Optimum ANN model

rate, test load, eccentricity of demonstrated R values of

the applied load 0.92294 and 0.99431 for RC and

CFST columns: cross-section R, CFST columns. Parametric
[167] ANN area of columns, specimen MSE, analyses further highlighted the

height, CS of concrete, steel RMSE influence of critical parameters

plate thickness, tensile such as heating rate, load

strength of steel, tensile eccentricity, and concrete

strength of reinforcement, strength on fire resistance.

longitudinal reinforcement

ratio, heating rate, test load,

eccentricity of the

applied load

length of beam, area of

concrete, total area of tensile

steel reinforcement, area of

FRP, cover to steel

reinforcement, CS of

concrete, yield strength of

steel rebars, ultimate tensile Predictive models based on SVR,

strength of FRP, glass R, RFR, and DNN algorithms can
[168] SVR, RFR, DNN transition temperature of R?, provide a reasonably accurate

FRP, thickness of insulation, = RMSE estimate fire resistance of

depth of insulation on sides
of beams, thickness of
insulation in anchorages,
density of insulation,
thermal conductivity of
insulation, specific heat of
insulation, total applied load

CFRP-strengthened RC beams.
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Table 5. Cont.
References Algorithm Input Variable Evaluation Index Main Findings
bottom cover, spacing, bar
diameter, No. Of bars,
horizontal, vertical, shape, 5
RFE, XGBoost, LightGBM, dimensions, shape, poly EI\;ISE }fiGﬁec::tSt Ség;ﬁ::;tig the
[169] CATBoost, DT, KNN, fibres, CS, W/C, max ’ ghest p . .
RR. LR a te i bient MAE, predicting spalling depth in
, ggregate size, ambien .o,
. SHAP concrete tunnel linings.
temperature, heatmg rate,
max temperature, max
temperature duration
temp erature, heatl.ng rate, R, The performance evaluation
maintenance, spec1crlnen type, MRE demonstrated that our
cement, water, sand, ’ .
[170]  CNN,DNN,ANN,SVR  aggregate, silica fume, FA,  <MSE/ CNN-based model achieved
. MAE, significant improvement in all
slag, metakaolin, SP, SF, SF .
. RRMSE, performance metrics on
length, SF aspect ratio, PPF, RMAE both datasets

PPF length, PPF aspect ratio

Note: BCMO: Balancing Composite Motion Optimization; GLM: Generalized Linear Model; GEP: Genetic
Expression Programming; RC: reinforced concrete; RR: Ridge Regression; SF: steel fiber; PPF: polypropylene fiber;
RMAE: relative mean absolute error; MRE: mean relative error.

Sirisena et al. [169] investigated fire-induced spalling in tunnel linings using ensemble
learning methods, including CatBoost, RF, LightGBM, and XGBoost, to predict spalling
depth. Among these, the XGBoost model performed best, achieving an R? of 0.815, and
polypropylene fiber content was identified as a key factor influencing fire resistance.

With the development of DL, CNNs have also been applied to high-temperature
damage identification. Chen et al. [170] successfully predicted the CS of fiber-reinforced
concrete under 900 °C using an improved CNN model, enabling automatic feature ex-
traction and fusion of multiple inputs and further enhancing prediction capability for
high-temperature performance.

ML has been widely applied to predict the durability performance of concrete under
freeze-thaw cycles, chloride and sulfate attack, fire exposure, and wet-dry cycling. How-
ever, most existing studies focus on single deterioration mechanisms, while predictions
under multiple coupled degradation conditions remain relatively insufficient.

6. Machine Learning for Mix Design and Optimization

In recent years, ML has become an important research tool in the field of concrete
mix design and performance optimization, as shown in Table 6. Traditional approaches
to optimizing mix proportions rely on extensive laboratory testing, which demands con-
siderable time, labor, and material resources [171]. Compared with traditional methods,
ML approaches significantly improve prediction efficiency, reduce test costs, and enable
multi-objective optimization.

At present, research on concrete mix proportion design using ML typically adopts
a two-stage prediction-optimization framework—which first employs ML to map mix
proportions to concrete performance and then applies optimization algorithms to search
for the optimal mixture—overcomes the limitations of conventional design methods and
offers a novel pathway for concrete production. Researchers worldwide have adopted
this ML-based approach to optimize concrete mix designs, as summarized in Table 6,
developing a series of corresponding predictive models. It systematically summarizes the
typical ML algorithms and corresponding input-output variables adopted for the intelligent
optimization of concrete materials.
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Table 6. Examples of ML used in mix design and optimization.

References Algorithm Input Variable Optimization Objective  Evaluation Index Main Findings
The optimization design of
cement, coarse and fine concrete mix ratio is carried out
BPNN aggregates, fineness by using ANN and Monte-Carlo
modulus, water, , , slump, cost e algorithms. is method has the
[69] Monte:Carlo dul FA CS, slump Igorith Thi hod has th
high-efficiency advantages of strong adaptability
water-reducing agent and full utilization of
existing knowledge.
The RF model has a very high
RE W /B, cement, sand, CS, chloride ion R2 g;:jizgﬁg ?}izlgjgl'ai‘i\i,t};egf
0721 Nsca CA, FA, water-reducing  permeability RMSE concrete, the RMSE is 0.0352, and
agent, silica fume coefficient, cost ..
when predicting the strength of
concrete, the RMSE is 0.4590.
nano-silicon, graphene The performance metrics have
oxide, carbon strength, elastic R2 ;renﬂerc()t\ezgriie%}fgﬁatnlfe main kev CS
RF, GBM, DNNs nanotubes, W/C, age, modulus, resistance to ’ pr . Y=
[173] L. . MAE, tensile strength, elastic modulus,
GA, PSO chloride ion exposure chlorides and sulfates, RMSE d durability indicat
concentration, sulfate carbon emissions and aurablity Indicators
exposure concentration including levels of chloride
P penetration and sulfate resistance.
age, cement type,
cement, FA, slags, SF,
W/B, water,
Natural/Recycled CA,
apparent density of
NA/RA CA, water R?, Sensitivity investigation reveals
[40] ANN, RT, absorption of NA/RA, cs RAE, that the cement content and the
bagging, RF replacement rate of MAE, apparent density of natural CA
recycled coarse RMSE have the greatest influence on CS.
aggregate, sand,
maximum particle size
of recycled CA,
fineness modulus of
recycled CA
R, Aggregate size (fine or coarse) has
cement, W/C, CT 04, E, a significant influence on RBAC
[174] ANNs CT 4-16,CB 04, CB 28d-CS MAE, CS: CA would cause a decrease in
4-16, NA 04, NA 4-16, RMSE, CS value twice as high as
MAPE fine aggregate.
water, Type I cement, lastic ageresate R The RF model demonstrates
[175] RE Type II cement, FA, SF, E ontent %%s tg dr Ri\/ISE notable accuracy with low MAPE
- SP, fine aggregate, CA, densit ! cs - ary M APE, for CS (7.2%) and dry
plastic aggregate ¥ density (2.8%).
The linear correlation coefficient
Linear values is 0.98317, and the RMSE is
Water, cement, sand, correlation 0.67. This indicates the feasibility
[176] SVM, NSGA-II NA, RA, steel fibers cost, CS coefficient, and effectiveness of the SVM
RMSE model in predicting the CS of
steel fiber-reinforced RAC.
The RE-AEPSO model not only
bles highly accurate prediction
cement, blast furnace R, ena sy P
[177] RF, AEPSO slag, FA, water, water CS’. CO.St’ carbon MAE, of the (;S of HPC, but'also can
emissions determine the theoretical optimal
reducer, CA, FA, age RMSE L. .
mixing ratio parameters that meet
the conditions.
By using the GA method, the
optimal quantity for LECA
ANN, DNN, RBM, W/C, SE cost R?, replacement was determined. The
[178] DBN, GA, ;e 4 MAE, cost increases with the increase in
LECA, cement strength, LCA
NSGA-II ’ st RMSE strength, environmental life cycle,

and the quantity of
LECA replacement.
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Table 6. Cont.

References Algorithm Input Variable Optimization Objective  Evaluation Index Main Findings
R2 All four models have predicted
BPNN MéE the CS and CPC of MSC
RF W/B, cement, FA, M AE/ accurately, with R2 of test set
[179] SVR machine-made sand, CS, CPC, unit cost RMSI:Z ranging from 0.85 to 0.93 after
XGBoost gravel, Water reducer 204 21 hyperparameter optimization,
NSGA-II gH AIE €x with XGBoost models achieving
the highest R? of 0.93 for both.
cement, water, sand, The GBDT model performed the
FA, aggregate ) . .
BPANN sul;s titution rate best in predicting the electrical
GPR ageregate water’ electric flux conductivity of recycled concrete,
gresa o R?, with R? of 0.989; the GPR model
[180] RF absorption rate, age, carbonization depth, .
. MSE had better performance in
GBDT volume fraction of cost S .
NSGA-TI carbon dioxide predicting the carbonation depth

of recycled concrete compared to

temperature, humidity, other models, with R? of 0.987.

carbonization duration

Note: GBM: Gradient Boosting Machines; RT: random tree, RAE: Relative Absolute Error; CT: crushed tile
ratio, CB: crushed brick ratio, NA: natural aggregate ratio; RA: recycled aggregate; R: coefficient of correla-
tion; E: Nash-Sutcliffe efficiency; AEPSO: Adaptive/Enhanced Particle Swarm Optimization; LCA: life cycle
assessment; RBM: Restricted Boltzmann Machine, DBN: Deep Belief Network; CPC: chloride permeability coeffi-
cient; MSC: manufactured sand concrete; BPANN: Backpropagation Artificial neural Network; GPR: Gaussian
Progress Regression.

This two-stage framework can be formalized as follows. Let the vector x denote the
controllable mix-proportion and process variables (e.g., the contents of cement, water,
aggregates, and admixtures, together with curing parameters), and let y denote the target
performance indicators (e.g., compressive strength, a durability index, cost, and carbon
emissions). The first (surrogate-modeling) stage establishes a data-driven model that
approximates the underlying but unknown mapping from composition to performance:

y=f(x), §=F(x0) (1)

where the model with trainable parameters 6 (here denoted with a circumflex to indicate
an estimate) approximates the true mapping. Given a dataset of N experimental samples,
the parameters are obtained by minimizing an empirical loss L (for example, the mean
squared error):

A .1 A
0= argmin ﬁZinl L (yi,f(xi; 9)) ()

In the second (optimization) stage, the calibrated surrogate replaces costly physical
experiments inside an optimization loop, in which a search or metaheuristic algorithm ex-
plores the feasible design space () to identify the mixture that best satisfies the design goals.
For a single objective—for instance, minimizing cost subject to a strength requirement—the
problem is:

X = argmin g (x,f(x)) st ¢(x) <0 3)
xeQ)
where ¢ is a scalar objective constructed from the predicted properties, and the con-
straint vector collects the engineering requirements (e.g., minimum strength, and work-
ability and dosage bounds). When several competing objectives must be balanced
simultaneously—such as strength, durability, cost, and carbon emissions—the problem
becomes multi-objective:

min (g1 (% f(9), 82 (x f(x)), - gm (% F9)] @

whose solution is not a single point but a set of Pareto-optimal mixtures, none of which can
be improved in one objective without degrading another. Algorithms such as NSGA-II are
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widely used to approximate this Pareto front, after which a decision-maker selects the final
design according to project priorities. This formulation makes explicit that the accuracy
of the first-stage surrogate directly bounds the reliability of the optimum identified in the
second stage.

At present, the most widely used ML algorithms in concrete mix proportion de-
sign and optimization include ANN, BPNN, RF, SVM/SVR, XGBoost, and DNN. Among
them, RF and XGBoost generally exhibit high predictive accuracy in most studies due
to their strong nonlinear fitting capability and superior generalization performance. In
contrast, ANN and DL models demonstrate clear advantages in handling complex high-
dimensional datasets. Meanwhile, multi-objective optimization algorithms have also been
extensively applied, including GA, PSO, NSGA-II, and Adaptive Evolutionary Particle
Swarm Optimization (AEPSO).

Liu et al. [69] first employed a BPNN to model the relationship between mix propor-
tions and concrete performance, and then introduced a Monte-Carlo direct optimization
algorithm to minimize cost. As illustrated in Figure 15, this approach successfully de-
signed a concrete mixture satisfying target requirements for slump, 7- and 28-day CS, and
cost, ultimately establishing a direct optimization design model and developing appli-
cable software. Wu et al. [172] developed a hybrid model combining RF and NSGA-I],
using the chloride permeability coefficient (CPC) and 28-day CS as performance indicators
while also incorporating cost as an optimization objective. Their experimental results
demonstrated high prediction accuracy and effective multi-objective mixture optimization,
offering valuable guidance for engineering practice. Vairagade et al. [173] integrated ML
models—including RF, Gradient Boosting Machine (GBM), and DNN—with PCA, Partial
Least Squares (PLS), and bio-inspired optimization algorithms to predict compressive and
tensile strength, elastic modulus, and durability. They subsequently employed bio-inspired
algorithms such as GA and PSO to optimize the concrete mix design.

A large number of researchers have applied ML methods to the optimization design
of recycled concrete and green concrete. Zhang et al. [40] investigated the influence of
recycled coarse and fine aggregate replacement ratios on the CS of self-compacting recycled
concrete using a RF Regression (RFR) model. Through feature importance analysis, it was
found that cement content is the key factor affecting CS. Kalman Sipos et al. [174] proposed
a quantitative mix proportion optimization model for ready-mixed recycled brick aggregate
concrete (RBAC), focusing on CS as the objective and using cement content, water—cement
ratio, and recycled aggregate replacement rate as key parameters, thereby providing a new
conceptual framework for RBAC research and application.

ML has also been widely applied in the development and optimization of novel
functional concrete. Han et al. [175] used an RF algorithm to predict the CS and dry
density of recycled plastic aggregate concrete and applied the RF model to optimize the mix
proportions. Ma et al. [176] applied a SVM model to predict the CS of steel-fiber-reinforced
recycled concrete based on raw material proportions and integrated a GA to derive an
optimal mixture set balancing CS and cost.

With the advancement of research, multi-objective optimization of mix proportions
has gradually become an important research direction in intelligent concrete design. Ren
etal. [177] proposed a HPC mix-design optimization method based on RF and an AEPSO
algorithm, targeting CS, carbon emissions, and unit production cost. This method achieved
intelligent multi-objective optimization of HPC proportions, as shown in Figure 16. Com-
pared with traditional single-objective optimization methods that focus only on extreme
values such as “maximum strength” or “minimum cost”, multi-objective optimization
places greater emphasis on balancing different performance indicators. In practical en-
gineering applications, mechanical properties, durability, production cost, and carbon
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emissions often exhibit significant trade-offs. Therefore, identifying Pareto-optimal solu-
tions has become a key research focus. Among various optimization algorithms, NSGA-II
is the most widely used due to its ability to efficiently generate Pareto front solutions and
support decision-makers in selecting optimal schemes based on engineering requirements.
Compared with traditional GA and PSO, NSGA-II demonstrates superior performance in
balancing mechanical properties, durability, economic cost, and environmental impact.

r N
Extract samples from the mix ratio database to train and test
the neural network

\ J

v

Given CoSt i, Mppay s Ay by, €t d=0

v

Randomly add points and obtain the random dosage of each
raw material according to Equation (4)

Calculate the performance of concrete using the trained
neural network

d=d+1, calculate the unit price of concrete according to
Equation (3)

NO

Cost<Cost,;,?

NO

Figure 15. Flowchart of mix proportion optimization design [69].

In recent years, Life Cycle Assessment (LCA) has been increasingly introduced into
concrete mix proportion optimization studies. Dabbaghi et al. [178] employed a Deep
Belief Network (DBN) to predict the mechanical properties of lightweight concrete (LWC),
and integrated it with an LCA-based multi-objective optimization framework. The study
simultaneously minimized environmental impact and life-cycle cost while maximizing
compressive and tensile strength, achieving a sustainable lightweight concrete design. The
optimal replacement ratio of Lightweight Expanded Clay Aggregate (LECA) was deter-
mined using a GA. The results demonstrated that the proposed method can significantly
reduce environmental burdens while maintaining satisfactory mechanical performance.
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Figure 16. Intelligent optimization design process for HPC mix proportion [177].

For the coordinated optimization of durability and low-carbon performance, Yuan
et al. [179] utilized four ML algorithms—BPNN, RF, SVR, and XGBoost—to predict the
CS and CPC of manufactured sand concrete (MSC). By integrating CPC, CS, and unit cost
into a tri-objective fitness function, they performed multi-objective optimization using the
NSGA-IL The results demonstrated that the multi-algorithm, cost-aware XGBoost-NSGA-II
optimization framework offers advantages in prediction accuracy, reliability, and produc-
tion economy. Liu et al. [180] further conducted a quantitative analysis of chloride ion
resistance and carbonation resistance of recycled concrete and developed a multi-objective
optimization framework combining NSGA-II and the Technique for Order Preference by
Similarity to Ideal Solution (TOPSIS). This approach achieved a comprehensive balance
among strength, durability, and cost.

However, most existing studies still primarily focus on short-term objectives such as
CS, workability, and economic cost, while relatively insufficient attention has been given to
long-term durability, life-cycle carbon emissions, and service environmental adaptability.
In addition, significant differences in data sources, experimental conditions, and evaluation
criteria among studies have limited the generalization capability of the developed models.

7. Other Applications
7.1. Crack Monitoring

Beyond predicting intrinsic material properties, ML is also increasingly applied to
assessing the in-service condition of concrete itself. The most direct example is the auto-
mated detection and quantification of concrete cracking, which is a primary manifestation
of material deterioration and a key determinant of durability and service life; the following
discussion is therefore confined to ML methods that characterize cracking and damage of
the concrete material, rather than to general structural health monitoring. The initiation
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and propagation of concrete cracks are generally closely associated with loading conditions,
environmental exposure, temperature variations, and material deterioration. Traditional
crack detection methods mainly rely on manual inspection and contact-based measure-
ments, which are not only inefficient but also highly influenced by subjective experience
and on-site environmental conditions. In recent years, intelligent crack monitoring based on
ML and Computer Vision (CV) technologies has gradually become an important research
direction in civil engineering [181-184].

At present, the applications of ML in crack monitoring mainly include crack detection,
segmentation, width measurement, and classification. Among them, CNNs, Transformer-
based networks, and object detection models are widely used for crack image feature
extraction and damage recognition [185].

Chen et al. [186] developed an intelligent concrete crack classification framework
integrating image preprocessing, feature extraction, model training, and safety assessment,
as shown in Figure 17. An improved OTSU threshold segmentation algorithm based on
sliding window and local statistical analysis was also proposed. The results demonstrated
that the improved OTSU method outperformed the traditional approach in both high-
resolution and low-resolution images.

Detection Labeled image
equipment dataset

Improved

~ Image ~ OTSU
algorithm ‘7’_/'

processing

i

»
»

¥ ¢
- Non-
Test Set < | Train CNN <1|—|
(compare models

SVM with { }
CNN Gray area features
) Train SVM i Extract
<__|_| models \( Gray histogram | feature values
Yes features
NO

[ Labeled ‘
Crack ’ ] Binarization »‘ Skeletonization orientation

existence set processing processing i . . .
4 X-axis grayscale }‘ ‘ ;
models
ﬁ Y-axis grayscale \A feature values

projection

Horizontal crack }
Test Set Neriical coock } Structur.al safety
} prevention plan

Inclined crack

Figure 17. Workflow of Crack Detection and Classification Using Improved OTSU and SVM [186].

In the field of crack semantic segmentation, Zhang et al. [187] proposed an improved
Coordinate Attention-enhanced SegFormer model (CA-SegFormer) for concrete crack
segmentation. The model can accurately identify fine cracks under complex background
conditions, and its segmentation performance significantly outperforms traditional CNN
models and classical semantic segmentation networks.
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In addition to two-dimensional image-based recognition, three-dimensional crack
modeling and automated measurement have also become important research hotspots.
Deng et al. [188] developed a systematic framework integrating CV and Simultaneous
Localization and Mapping (SLAM) for crack segmentation, 3D reconstruction, and auto-
mated measurement. They further proposed a 3D crack reconstruction method combining
Visual-Inertial LIDAR Fusion with SLAM optimization.

Moreover, ML has also been applied to the study of microcrack evolution and material
damage mechanisms. Zeng et al. [189] investigated the self-shrinkage-induced microc-
racking of UHPC by developing a ML-stereology-based crack quantification method. The
study examined the compensating effect of nanocellulose on the high shrinkage of UHPC,
providing a theoretical basis for shrinkage control and microcrack regulation in UHPC.

Overall, ML technologies are driving the transformation of concrete crack monitoring
from traditional manual inspection toward intelligent, automated, and digital approaches.
However, existing studies still face challenges such as limited dataset scale, poor adapt-
ability to complex field environments, and insufficient model generalization capability.
Future research should further promote the integration of multi-source sensing data and the
application of lightweight deep learning models in crack monitoring to achieve real-time
intelligent monitoring and long-term structural health management of concrete structures.

7.2. Digital Twin

The core concept of Digital Twin is to construct, in virtual space, a synchronized digital
replica of a physical entity through real-time data acquisition and monitoring enabled by Al
algorithms, thereby achieving structural state perception and performance prediction. Due
to the time-dependent characteristics of concrete structures during service, traditional finite
element analysis and empirical models are often insufficient to meet real-time monitoring
requirements. Therefore, ML, when integrated with Digital Twin technology, has gradually
been applied to construction monitoring, damage identification, pathology diagnosis, and
structural health management of concrete structures.

At present, the integration of ML and Digital Twin mainly follows three directions:
(1) real-time sensing and mapping based on sensor data; (2) rapid prediction of structural
responses using ML models; and (3) intelligent damage diagnosis combining Building
Information Modeling (BIM), image recognition, and DL techniques.

Wang et al. [190] developed a Digital Twin model for asphalt concrete compaction
by integrating Digital Twin technology with SmartRock software. They investigated the
relationship between void volume fraction (VVF) and coarse aggregate movement during
compaction and established a ML-enhanced Digital Twin framework. By inputting angular
variation signals from SmartRock into the model, real-time monitoring and prediction of
the compaction process were achieved.

Beyond construction monitoring, Digital Twin technology has also been widely applied
in structural seismic performance prediction. Kuria et al. [191] proposed a Digital Twin-
based ML framework for RC shear walls to predict nonlinear pushover responses. The
model achieved a maximum R? of 0.996 on the test set, and the prediction time for a
single specimen pushover curve was less than 2 s, significantly improving the efficiency of
traditional nonlinear seismic analysis.

Poorghasem et al. [192] developed a damage detection system based on distributed
fiber optic sensing and generative ML, enabling automatic detection and prediction of
cracks and corrosion. The system could predict crack initiation 7 min in advance and
detect reinforcement corrosion trends up to 21 h earlier. The study further integrated a BIM
visualization platform to enable real-time structural warning and dynamic optimization
of sensing parameters. However, the framework lacked real-time visualization capabili-
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ties and could not perform dynamic finite element analysis of structures. Liu et al. [193]
proposed an automatic crack interpretation method for distributed fiber optic strain data,
achieving crack detection, localization, quantification, and visualization through sliding
window segmentation and feature mapping. This method enables high-precision inter-
pretation of sensing data and supports real-time monitoring and dynamic updating of
large-scale structural cracks.

Guzman-Torres et al. [194] combined Digital Twin technology with transfer learning
to evaluate the performance of six CNN models, including VGG-16 and ResNet50, for
concrete salt damage identification. The results showed that the fine-tuned VGG-16 model
achieved an accuracy of 95%, enabling automated identification and objective assessment
of salt-induced deterioration in concrete structures.

To move beyond a superficial description, it is useful to make the integration frame-
work underlying ML-enabled Digital Twins explicit. A typical architecture comprises
four interacting layers: (i) a sensing layer, in which embedded and distributed sensors—
strain gauges, fiber-optic cables, accelerometers, and corrosion and temperature probes—
continuously acquire physical measurements from the structure; (ii) a data-transmission
and storage layer, in which IoT gateways and edge or cloud platforms aggregate, syn-
chronize, and pre-process the heterogeneous data streams; (iii) a modeling layer, in which
ML models, often coupled with BIM and finite element representations, perform state
estimation, damage identification, and response or service-life prediction, and are con-
tinuously updated as new data arrive; and (iv) a decision-support layer, in which the
resulting predictions drive visualization dashboards, automated alerts, and maintenance
or control recommendations that feed back to operators or actuators. The principal tech-
nical challenges in realizing this framework include reliable bidirectional real-time data
exchange between the physical and virtual entities, robustness to missing or noisy sensor
data, and the computational efficiency required for online updating. Making these layers
and challenges explicit distinguishes a genuine Digital Twin from a static numerical model
and frames the integration tasks that future research must address.

Overall, Digital Twin technology is driving the evolution of concrete research from
static analysis to dynamic and real-time system modeling. ML significantly enhances the
data processing capability, predictive accuracy, and real-time responsiveness of Digital
Twin systems, enabling full life-cycle intelligent management of complex structures. Fu-
ture research should further integrate ML, BIM, the Internet of Things (IoT), distributed
sensing technologies, and Digital Twin platforms, and establish a unified data-driven
framework to advance intelligent operation and maintenance of concrete structures and
smart infrastructure development.

8. Critical Discussion and Methodological Considerations
8.1. Comparative Performance of ML Algorithms Across Concrete Applications

The preceding sections summarize a large body of individual studies; this subsec-
tion synthesizes their findings into general, comparative observations. Across fresh-state,
hardened, and durability tasks, a consistent pattern emerges: gradient-boosting ensembles
(XGBoost, LightGBM, and CatBoost) and Random Forest most frequently achieve the high-
est accuracy on the tabular, mixed-scale datasets typical of concrete research, with reported
test-set R commonly in the range of 0.90 to 0.98. Among these, CatBoost and XGBoost tend
to lead on small-to-medium datasets owing to their regularization and ordered-boosting
strategies, whereas LightGBM offers comparable accuracy at lower computational cost on
larger datasets. Classical linear and ridge models remain useful as interpretable baselines
but underfit the strongly nonlinear, multi-factor coupling that governs concrete behav-
ior. Support Vector Regression is competitive on small datasets but is sensitive to kernel
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and hyperparameter choices. Neural networks and deep architectures (MLP, CNN, and
RNN/LSTM) become advantageous mainly when data are abundant or when the input is
high-dimensional or sequential—for example, time-series rheology, image-based crack data,
or sensor streams—whereas on small tabular datasets they are frequently outperformed by
ensembles and are more prone to overfitting.

Two further regularities are worth noting. First, hybrid pipelines that couple a pre-
dictor with a metaheuristic for hyperparameter tuning (e.g., PSO-, GWO-, WOA-, or
SSA-optimized models) consistently improve accuracy over their un-tuned counterparts,
although the gains are often modest relative to the additional computational cost. Second,
the best algorithm is task-dependent rather than universal: structural-scale targets such
as shear strength and fire resistance, which depend on geometry and loading and exhibit
higher data dispersion, are intrinsically harder to predict than mixture-driven targets such
as compressive strength, and the ranking of models therefore varies with the problem.
Table 7 summarizes the major algorithm families along the dimensions most relevant to
practitioners—computational cost, interpretability, data requirements, and characteristic
strengths and limitations—to support informed model selection.

Table 7. Operational comparison of major ML algorithm families for concrete applications, including

computational cost, interpretability, data requirements, key strengths, and limitations.

Key Limitations/

Algorithm Family Computational Cost Interpretability =~ Data Requirement Key Strengths When to Prefer
Fast, stable, and Cannot capture nonlinear
Linear/Ridge/ . transparent; Ridge and .
LASSO Very low High Low LASSO handle cquphng, best used asan
O . interpretable baseline
multicollinearity
Moderate to high; Effective on small, Sensitive to kernel and
SVM/SVR scales poorly with Low Low to medium high-dimensional data; hyperparameters; slow
sample size robust to outliers on large datasets
Transparent decision Unstable and prone to
Decision Tree Low High Low to medium P . overfitting; weak as a
rules; fast training -
standalone predictor
Robust resists e B T
Random Forest Medium to high Medium Medium overfitting, and provides boosti
f oosting under
feature importance . .
strong nonlinearity
. . Requires careful tuning;
XGBoost Medium Low to medium Medium ngh accuracy Wl’.[h sensitive to data
built-in regularization o
distribution
Low to medium: Fast and Leaf-wise growth may
LightGBM ’ Low to medium Medium to large memory-efficient; scales overfit small or
very fast i .
o large datasets noisy datasets
Strong on small data; Hicher training cost
CatBoost Medium Low to medium Small to medium ordered boosting limits 8 . &
. . than LightGBM
leakage; little tuning
Flexible nonlinear Overfits small data;
ANN/MLP High Low Medium to large mapping; supports opaque; computationally
multi-output demanding
. Excels on images, Data- and
Deep learning Vi . .
ery high Very low Large sequences, and compute-hungry; rarely
(CNN/RNN/LSTM)
sensor streams best on small tabular data
Metaheuristics Not apolicable Multi-objective mix corﬁl%trp;iilfégzi; omsii,na'
(GA/PSO/ Problem-dependent (© tIi)Iflizer) Not applicable optimization; generates & air with a P !
NSGA-II) P Pareto fronts P

surrogate model

Note: The qualitative ratings reflect general tendencies reported across the studies reviewed in Sections 3-7 and
may vary with dataset size and implementation. “Not applicable” denotes optimization algorithms that search
the design space rather than predict properties.
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To complement the qualitative comparison in Table 7 and to provide the quantitative
synthesis requested, Table 8 consolidates representative best-reported performance metrics
drawn from the studies reviewed in Sections 3—6. All values are reproduced as reported
in the corresponding original studies. Several patterns are evident: gradient-boosting
models (CatBoost, XGBoost, and their optimized variants) and Random Forest recur as the
best-performing methods across compressive, flexural, shear, durability, and mix-design
tasks, with test-set R? values typically between 0.90 and 0.99; physics-informed and hybrid
models achieve comparably high accuracy while improving interpretability; and the more
challenging structural-scale targets, such as shear strength and fire resistance, tend to
show somewhat lower or more variable accuracy, consistent with Section 8.1. It must
be emphasized, however, that these metrics originate from heterogeneous datasets with
differing sizes, splits, and validation protocols, so they indicate broad tendencies rather
than a controlled head-to-head benchmark; the caveats of Sections 8.2 and 8.3 apply.

Table 8. Quantitative summary of representative best-reported ML performance metrics across

concrete applications (values as reported in the cited studies).

Reported Performance (As Stated in

Application Area Study Best-Performing Model the Source)
. SSA-optimized 2
Workability-slump flow (SCC) [67] Random Forest R” =0.967 and 0.958 on the test set
Rheology-yield stress/ XGBoost—neural- 5
viscosity (3DPC) [83] network ensemble R” =0.917, 0.908, and 0.959
Rheology-YS and PV (3DPC) [84] Physics-informed CNN R2 = 0.98 (YS) and 0.95 (PV)
(PICNN)
Compressive strength [93] CatBoost R? = 0.99 (training), 0.92 (testing)
Compressive strength [94] Mult1—expre§51on R? = 0.951, RMSE = 1.656 MPa
programming
Compressive strength [97] Support vector regression R? = 0.95, RMSE = 3.40 MPa
Flexural strength (3DPC) [107] TPE-optimized XGBoost R? > 0.997
Compressive/flexural >
strength (3DPC) [108] Random Forest R* =0.96-0.98
Shear strength (UHPC beams) [116] CatBoost R? = 0.95 (test set); 563 specimens
Shear of stud connectors [35] Random Forest R2 =0.98, RMSE =5 kN, MAE = 3.6 kN
Freeze-thaw durability [122] PSO-BP neural network R? = 0.982 (test set)
Frost resistance [125] Random Forest with RFE R2 = 0.958, RMSE = 0.077
Chloride penetration (marine) [141] CatBoost Highest robustness/accuracy on
10-year exposure data
Fire resistance (RC/ - _
CFST columns) [167] Artificial neural network R =0.923 (RC) and 0.994 (CFST)
Fire-induced spalling depth [169] XGBoost R? =0.815
Mix design-strength E RMSE = 0.459 (strength),
and durability [172] Random Forest + NSGA-II 0.035 (durability)
: o _ 2 _
Mix design-manufactured [179] XGBoost + NSCA-II R” =0.93 (strength and

sand concrete

chloride coefficient)

Note: Metrics are reproduced as reported in the original studies and are not directly comparable, owing to
differences in dataset size, data splitting, and validation procedures (see Sections 8.2 and 8.3). YS: yield stress; PV:
plastic viscosity; RC: reinforced concrete; CFST: concrete-filled steel tube; RFE: recursive feature elimination.
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8.2. Dataset Size, Quality, and the Risk of Data Leakage

The reliability of any data-driven model is bounded by the quality of its training data,
and several data-related issues recur across the reviewed literature. Concrete datasets are
frequently small (often only a few hundred records), imbalanced in their coverage of the
design space, and assembled from heterogeneous sources with differing materials, curing
regimes, specimen geometries, and test standards. Missing values, measurement noise,
and inconsistent units further degrade data quality, while the absence of standardized
reporting hampers the pooling of datasets across studies. These factors inflate the risk of
overfitting and reduce the confidence that can be placed in point estimates of accuracy;
reporting confidence intervals for performance metrics (for example, through repeated
cross-validation or bootstrapping) and quantifying the sensitivity of feature-importance
rankings to data perturbations would substantially strengthen future work.

A more subtle but critical issue is data leakage, which can artificially inflate predictive
performance. In concrete studies, leakage commonly arises in three ways: (i) performing
feature scaling, imputation, or feature selection on the full dataset before splitting, so
that information from the test set influences training; (ii) treating multiple specimens cast
from the same batch, or repeated measurements on the same mixture at different ages, as
independent samples that are then split across training and test sets; and (iii) including
strongly correlated or near-redundant inputs—for example, water, binder, and the water-to-
binder ratio simultaneously, or curing age together with age-dependent derived features—
that encode the target indirectly. Such leakage helps explain some of the implausibly high
accuracies reported in the literature. Preprocessing should be fitted on the training partition
only, grouped or blocked splitting should be used when records share a common origin,
and feature redundancy should be examined explicitly.

8.3. Generalization, External Validation, and the Credibility of Reported Accuracies

Most reviewed studies evaluate models using random train-test splits or k-fold cross-
validation on a single dataset. Although appropriate for estimating in-distribution per-
formance, this practice tends to overstate real-world generalization, because engineering
deployment requires extrapolation to new materials, mixtures, and environments that may
lie outside the training distribution. Reported R? values exceeding 0.95 should therefore
be interpreted critically: when they are obtained on small datasets with random splits
and without leakage control, they often reflect favorable in-distribution fitting rather than
genuine robustness. To provide more credible evidence of generalization, future studies
should (i) reserve a truly independent external dataset—ideally from a different laboratory,
project, or time period—for final evaluation; (ii) adopt nested cross-validation so that
hyperparameter tuning does not contaminate the performance estimate; and (iii) report
performance under distribution shift, for instance by training on one material system and
testing on another. Such protocols are essential before ML predictions are relied upon for
safety-critical quantities.

8.4. Uncertainty Quantification for Safety-Critical Predictions

Conventional ML models in concrete research overwhelmingly produce deterministic
point predictions, which are insufficient for safety-critical decisions such as the shear capac-
ity of structural members or the fire resistance of columns. Modern engineering practice
increasingly requires that predictions be accompanied by a quantified measure of confi-
dence. Several complementary approaches are applicable: Gaussian Process Regression and
Bayesian neural networks yield posterior predictive distributions directly; ensemble-based
methods, including the bootstrap aggregation already inherent in Random Forest, deep
ensembles, and Monte Carlo dropout, provide practical estimates of epistemic uncertainty;
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and conformal prediction offers distribution-free prediction intervals with finite-sample
coverage guarantees that can be wrapped around any base model. Reporting calibrated
prediction intervals rather than single values would allow engineers to propagate model
uncertainty into reliability-based design and risk assessment, and is a particularly impor-
tant direction for shear-strength and fire-resistance applications, where the consequences
of error are severe.

8.5. Physics-Informed and Hybrid Modeling

A promising response to the data-scarcity and extrapolation limitations of purely
data-driven models is the integration of physical knowledge with ML. Physics-Informed
Neural Networks (PINNs) embed governing equations or constitutive constraints into the
loss function, so that predictions remain consistent with established mechanics even where
data are sparse; physics-guided feature engineering encodes mechanistic descriptors (such
as maturity functions for hydration or diffusion-based descriptors for chloride transport)
as inputs; and hybrid or residual models use ML to correct the discrepancy between a
physical model and observations. Relative to black-box models, such approaches typi-
cally offer improved data efficiency, more reliable extrapolation beyond the training range,
and greater robustness under coupled or multi-hazard conditions, while also enhancing
physical interpretability. As illustrated by the physics-informed CNN for 3D-printing rhe-
ology discussed in Section 3.2, embedding domain equations can simultaneously improve
accuracy and engineering trust; broader adoption of physics-informed strategies across
strength, durability, and structural-response prediction represents a key future direction.

8.6. Transfer Learning, Foundation Models, and Automated Machine Learning

Because high-quality experimental data are costly to obtain, techniques that reduce
data requirements are especially valuable for concrete engineering. Transfer learning reuses
representations learned on a data-rich source task to accelerate learning on a related, data-
scarce target task—for example, adapting a model trained on normal concrete to a new
mixture family, or fine-tuning vision models pretrained on large image corpora for crack
detection, as several monitoring studies already demonstrate. Looking further ahead, large
pretrained foundation models for materials and for vision-language tasks may enable
few-shot prediction and cross-domain knowledge transfer, although their application in
civil engineering remains nascent and warrants careful validation.

In parallel, Automated Machine Learning (AutoML) frameworks automate model
selection, hyperparameter optimization, and feature preprocessing, lowering the barrier to
entry for practitioners without specialized ML expertise and improving the reproducibility
and fairness of model comparisons. Applied judiciously—with the leakage and validation
safeguards discussed above—AutoML can provide strong, well-tuned baselines for concrete
property prediction and free researchers to concentrate on data quality, feature design, and
physical interpretation.

8.7. Empirical Equations, Finite Element Models, and ML: A Comparative Perspective

It is useful to situate ML alongside the two established paradigms for predicting
concrete properties. Empirical and code-based equations are transparent, computationally
trivial, and embody decades of engineering consensus, but they are calibrated to limited
datasets and lose accuracy for novel materials or coupled conditions. Finite element
and other mechanistic models capture the underlying physics and provide field-level
information such as stress, temperature, and moisture distributions, but they require
detailed constitutive parameters, are computationally expensive, and can be difficult to
calibrate for highly heterogeneous materials. ML models offer superior accuracy and speed
for interpolation within the trained domain and naturally accommodate many interacting
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variables, yet they extrapolate poorly, demand substantial data, and are often opaque. These
paradigms are therefore complementary rather than competing: ML can serve as a fast
surrogate for expensive simulations, mechanistic models can generate physically consistent
training data, and the physics-informed and hybrid schemes discussed in Section 8.5 seek
to combine the strengths of all three.

A recurring question is whether ML should be regarded as a complement to estab-
lished methods or as a standalone alternative. On current evidence, ML is best positioned as
a complementary tool that augments—rather than replaces—standardized physical testing,
code-based equations, and mechanistic simulation. Its dependence on the quantity and
representativeness of training data, its limited ability to extrapolate beyond the training do-
main, and the interpretability and accountability concerns noted above mean that it cannot
yet assume sole responsibility for safety-critical decisions, and no design code presently
sanctions purely data-driven verification. For well-bounded, data-rich tasks—such as rapid
mix-proportion screening, early-age strength estimation, and the pre-selection of candi-
date designs prior to confirmatory testing—ML can already function as a near-standalone
decision-support tool. A realistic trajectory is therefore one of staged adoption, in which
ML progressively takes on more autonomous roles as larger standardized datasets, rigorous
external validation, reliable uncertainty quantification, and supporting standards mature.

8.8. Multimodal Data and Emerging Architectures

The data modalities used in concrete research are diversifying beyond tabular mix-
ture parameters. Scanning electron microscopy and X-ray computed tomography images
characterize microstructure and pore networks; acoustic-emission and ultrasonic signals
capture damage evolution; and embedded or distributed sensors, including fiber-optic
and IoT devices, generate continuous monitoring streams. Exploiting these heterogeneous
sources calls for architectures suited to each modality—convolutional and graph networks
for images and microstructures, and recurrent and Transformer models for sequential and
sensor data—together with multimodal fusion strategies that combine them. As noted in
Section 2.2, Graph Neural Networks and Transformers are particularly well positioned for
these tasks, and their integration with multimodal data represents a significant opportunity
to move from isolated property prediction toward holistic, structure-aware models of
concrete performance.

8.9. Reinforcement Learning: Established Applications Versus Conceptual Possibilities

Reinforcement learning (RL) is frequently mentioned as a tool for mix-design and
construction-process optimization, but it is important to distinguish demonstrated ap-
plications from conceptual proposals. In practice, the great majority of reviewed mix-
optimization studies do not employ RL in its sequential decision-making sense; instead,
they couple a trained predictor with a population-based metaheuristic such as GA, PSO, or
NSGA-II to search a static design space. Genuine RL—in which an agent learns a policy
through trial-and-error interaction with an environment—has so far seen only limited,
largely exploratory use, for example in the real-time control of construction or printing
parameters, where a true sequential-decision setting and a reliable reward signal exist.
Recognizing this distinction clarifies the current state of the art: metaheuristic-assisted
optimization is well established, whereas RL for concrete remains an emerging possibility
that requires realistic simulators or instrumented processes to mature.

8.10. Generative Al, Large Language Models, and Al Agents

The methods reviewed above are predominantly discriminative models trained for
specific prediction or optimization tasks. A rapidly emerging and complementary direc-
tion is the use of generative artificial intelligence, large language models (LLMs), and
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autonomous Al agents, which are beginning to reshape research workflows across civil
and materials engineering (see, e.g., the recent perspective on large language models and
Al agents for cementitious materials [195]). Several roles can be anticipated in the concrete
context. Generative models, including generative adversarial networks, variational au-
toencoders, and diffusion models, can augment scarce experimental datasets, synthesize
plausible mixtures or microstructure images, and support inverse design by proposing
candidate mix proportions that meet target properties. LLMs can mine and structure the
vast, unstructured literature and technical reports of the field, assist in feature and hypothe-
sis generation, translate natural-language design requirements into modeling pipelines,
and lower the expertise barrier for practitioners. Building on these capabilities, Al agents
that couple an LLM reasoning core with external tools—predictive models, optimizers,
databases, and even laboratory automation—can orchestrate multi-step tasks such as re-
trieving data, training and validating a surrogate, running a multi-objective optimization,
and reporting the result. These technologies remain nascent in concrete engineering and
raise important concerns regarding factual reliability, hallucination, reproducibility, and
the need for domain-specific validation; nevertheless, they represent a significant and
fast-moving opportunity that warrants dedicated attention in future work.

8.11. Knowledge-Graph-Based Approaches

A further emerging direction is the use of knowledge graphs to represent and exploit
the structured domain knowledge of concrete science. A knowledge graph encodes entities—
materials, constituents, mix parameters, processes, properties, and mechanisms—together
with the typed relationships among them, providing a machine-readable representation
that complements purely numerical models (see, e.g., the recent knowledge-graph study for
construction materials [196]). Reported and prospective benefits for concrete engineering
include structured knowledge representation that integrates heterogeneous experimental,
literature, and standards data; mechanism discovery through link prediction and reason-
ing over composition—process—property relationships; explainable prediction, in which
graph-based reasoning yields transparent, traceable justifications that address the black-box
limitations discussed in Section 2.3; knowledge-guided material design, in which the graph
constrains and informs the search for new mixtures; and intelligent decision-making, in
which the graph underpins recommendation and question-answering systems for engi-
neers. Coupling knowledge graphs with the data-driven and physics-informed models
discussed above—and, increasingly, with the LLMs and agents of Section 8.10—offers
a promising route toward systems that combine data, mechanism, and codified expert
knowledge, and constitutes a valuable direction for enhancing both the completeness and
the trustworthiness of ML in concrete engineering.

9. Conclusions and Prospects

This paper provides a systematic review of the application of ML technologies in
the field of concrete, covering key areas such as fresh properties, hardened properties,
durability performance, mix proportion optimization and crack monitoring. Based on the
findings of this study, the following main conclusions can be drawn.

9.1. Conclusions

(1) A variety of ML techniques have been successfully applied in the field of concrete.
Ensemble learning models, due to their strong nonlinear fitting capability, high pre-
dictive accuracy, and good generalization performance, have become the most widely
used methods in concrete performance prediction and optimization.
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(2) This paper summarizes the general framework of ML applications in concrete engi-
neering, briefly introduces the principles of several commonly used algorithms, and
analyzes their applicability under different conditions.

(3) ML can effectively capture the complex relationships among concrete mix propor-
tions, environmental conditions, and performance indicators. Moreover, most ex-
isting models report an R? above 0.90 on their respective test sets; as discussed in
Section 8; however, such values should be interpreted in light of dataset size and
validation protocol.

(4) Ensemble learning models generally outperform single models in terms of prediction
accuracy and generalization ability. In addition, the integration of ML with optimiza-
tion algorithms enables multi-objective optimization of concrete strength, durability,
cost, and carbon emissions.

(5) XAl CV, and Digital Twin technologies have gradually been applied in concrete
research, significantly enhancing automated detection capabilities in both the manu-
facturing and deterioration stages of concrete structures.

9.2. Limitations

Although ML has achieved significant progress in the field of concrete, several limita-
tions still exist in current research. For instance, issues related to data quality, dataset size,
and data consistency remain major constraints that limit model performance. Meanwhile,
most ML models still suffer from the “black-box” problem, which to some extent restricts
their acceptance and reliability in engineering applications.

In addition, the majority of existing studies are based primarily on laboratory-
generated data. However, concrete performance in real engineering practice is also influ-
enced by environmental conditions, construction processes, and other complex factors.
Therefore, the generalization ability of current models across different engineering scenarios
still needs further improvement.

Furthermore, the practical application of ML in engineering still faces several chal-
lenges, including difficulties in obtaining high-quality monitoring data, high computational
resource requirements, lack of unified data standards and engineering codes, and insuffi-
cient integration with existing design and construction systems.

Beyond these technical constraints, the application of predictive modelling to concrete
also raises ethical and accountability considerations that merit explicit attention. Because
ML predictions can inform decisions affecting structural safety, the opacity of black-box
models complicates the assignment of responsibility when a prediction proves incorrect,
and over-reliance on automated outputs may erode engineering judgement. Training
data compiled from limited sources or particular regions can embed systematic biases
that propagate into predictions for materials or conditions that are under-represented,
raising fairness and reliability concerns. Transparent reporting of model assumptions,
data provenance, and uncertainty—together with interpretable explanations and human
oversight of safety-critical decisions—is therefore essential if such models are to be deployed
responsibly in engineering practice.

9.3. Future Perspectives

In the future, ML in the field of concrete still holds significant potential for develop-
ment, and several key directions deserve further attention. (1) Efforts should be made
to promote data sharing and standardization by establishing large-scale, high-quality,
standardized, and open-access databases, thereby improving model reliability and general-
ization capability. (2) Research on XAl should be strengthened to enhance the transparency
and engineering trustworthiness of ML models. (3) Since concrete structures in real engi-
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neering practice are often subjected to multiple coupled deterioration mechanisms such as
chloride attack, freeze—thaw cycles, and sulfate attack, it is necessary to develop long-term
durability prediction models under multi-factor interactions. (4) The deep integration of
ML with Digital Twin technology, IoT, and BIM should be further promoted to enable
real-time structural state updating, service life prediction, and predictive maintenance of
concrete structures.

Under the “dual-carbon” background, researchers should pay more attention to the
application of ML in low-carbon concrete, solid waste utilization, and life-cycle carbon
emission optimization, and develop multi-objective optimization frameworks that simulta-
neously consider mechanical performance, durability, cost, and carbon emissions.

In addition, further advances in DL, generative artificial intelligence, and automated
construction technologies are expected. Reinforcement learning, generative design, robotic
construction, and 3D printing technologies have the potential to significantly improve
construction efficiency and intelligence level of concrete structures, thereby promoting the
development of smart construction.

Future research should also promote interdisciplinary collaboration among Al re-
searchers, materials scientists, and structural engineers, while establishing unified industry
standards and evaluation systems. This is of great significance for advancing the integra-
tion of civil engineering, materials science, and Al, and for enabling the standardized and
engineering-oriented application of ML technologies in concrete engineering.

In summary, translating these directions into practice calls for concrete and prioritized
actions. In the near term, the field would benefit most from (i) adopting standardized
data-reporting templates and contributing to shared, version-controlled open databases;
(if) making leakage-aware validation—group-wise data splitting, training-only preprocess-
ing, and the use of independent external test sets—a default requirement rather than an
exception; and (iii) routinely reporting calibrated uncertainty intervals and multi-method
interpretability analyses alongside point predictions. In the medium term, priority should
be given to physics-informed and hybrid models that improve extrapolation, to transfer-
learning and AutoML pipelines that lower data and expertise barriers, and to benchmark
datasets and challenge problems that enable fair, reproducible comparison across studies.
Pursuing these specific steps would move the field from demonstrating that ML can fit
concrete data toward delivering models that are trustworthy, transferable, and ready for
safety-critical engineering use.
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