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ABSTRACT

As fundamental construction materials, cementitious composites face significant challenges under con-
ventional development approaches, including carbon-intensive production, resource-intensive experi-
mentation, and inefficient design processes. With the emergence of machine learning (ML) as a
transformative solution to these limitations, this study presents a state-of-the-art review of existing
research to highlight its potential in advancing the development of cementitious composites with intel-
ligent and green lifecycles. The review first provides a foundational introduction to ML concepts and then
proposes a novel four-quadrant classification framework to systematically organize current ML applica-
tions in the field. The ML-driven innovations integrate the component-structure-process—performance
relationships of cementitious composites through sustainable material selection, effective characteriza-
tion, accurate performance prediction, and optimized inverse design, collectively promoting a paradigm
shift toward intelligent and green lifecycles. Furthermore, critical implementation challenges are exam-
ined across technical, methodological, and operational dimensions, together with corresponding solution
strategies. This review ultimately offers both a conceptual framework and practical implementation

guidelines for the development of next-generation sustainable construction materials.
© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Cementitious composites are fundamental to civil engineering
development, with consumption levels second only to water [1-
3]. However, traditional research and practical approaches for
these materials are often labor-intensive, time-consuming, and
environmentally detrimental. For example, the carbon footprint
of cement, the core component of cementitious composites,
accounts for approximately 7% of global carbon emissions, primar-
ily due to the calcination process involved in clinker production
[4-6]. Moreover, current research and design practices largely rely
on experimental trial-and-error methods, resulting in inefficiencies
and increased material waste. These limitations highlight the
urgent need for intelligent strategies that can improve research
efficiency while reducing environmental impacts [7].

Current efforts to promote the development of low-carbon
cementitious composites primarily focus on reducing dependence
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on traditional cement clinker. One widely adopted strategy
involves the use of supplementary cementitious materials (SCMs),
such as fly ash, ground granulated blast furnace slag, and silica
fume, to partially replace cement clinker in composite mixtures
[8-14]. Building upon this approach, limestone calcined clay
cement (LC?), which combines both limestone and calcined clay,
enables further clinker reduction and represents a significant inno-
vation in low-carbon composite production [15]. In parallel,
numerical modeling techniques have been increasingly investi-
gated to optimize material composition and performance [16-
18]. Nevertheless, the inherent complexity of cementitious com-
posites, arising from their diverse constituents and multiscale
structural features, poses challenges for accurate data acquisition
and leads to strong interdependencies among composition, pro-
cessing, structure, and performance [19].

The rapid development of artificial intelligence (Al), particularly
machine learning (ML) [20-22], offers sustainable and efficient
solutions for advancing cementitious composite research [23-
25]. The ML employs data-driven algorithms that allow computa-
tional models to learn patterns from data, make decisions, and pre-
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dict outcomes without being explicitly programmed [26,27]. In
cementitious composite research, ML has emerged as a powerful
tool for enabling intelligent and sustainable transformations across
the material lifecycle. During raw material selection, ML optimizes
mixture formulations by maximizing the use of SCMs and recycled
constituents, thereby reducing clinker consumption and associated
carbon emissions [28]. In the design stage, ML facilitates inverse
design by leveraging well-trained predictive models to identify
optimal compositions, directly reducing material consumption
associated with trial-and-error experimentation [29-33]. During
production, ML enhances manufacturing processes and construc-
tion techniques to minimize energy consumption and waste gener-
ation while improving resource efficiency [34,35]. In performance
evaluation, ML enables efficient and nondestructive assessment
of key properties, such as mechanical behavior and durability,
which are traditionally time- and labor-intensive to measure
[36-38]. In addition, ML automates microstructural image analysis
and feature extraction, which are essential for phase identification
(e.g., solid particles and pores) and for advancing fundamental
material understanding [39-42]. For in-service monitoring, ML
supports the prediction of long-term performance and service life,
enabling proactive maintenance strategies that enhance durability
and reduce environmental impacts [43-45]. At the end-of-life
stage, ML contributes to recyclability assessment and waste val-
orization, thereby promoting circular economy principles for
cementitious materials [46-48]. Collectively, these ML-driven
innovations establish new research paradigms and foster eco-
efficient practices for cementitious composites [49]. Given these
significant advances, a comprehensive review is necessary to syn-
thesize current knowledge, identify critical research gaps, and
guide the future development of sustainable and intelligent
cementitious composites.

Several existing reviews have documented progress in ML
applications for cementitious composite research. Most studies
have focused primarily on two aspects: (D performance prediction,
such as mechanical properties and durability, based on material
composition and environmental parameters [50-52], and @
application-oriented categorizations, including material character-
ization, property prediction, and crack detection [53]. Although
ML’s capability for parameter-driven performance prediction is
widely recognized in the materials community, underlying mech-
anisms and implementation workflows are often obscured by spe-
cialized terminology and perceived “black-box” characteristics. At
the same time, rapid advances in Al-based image applications, such
as microstructural analysis and damage identification, have gained
increasing attention [54], yet systematic dissemination, particu-
larly among practitioners in civil engineering, remains limited.
Moreover, existing studies lack a holistic framework that clearly
articulates the interconnections among diverse ML applications
and their collective role in advancing green and intelligent cemen-
titious materials. These gaps underscore the need for a state-of-
the-art review that synthesizes cross-disciplinary insights, clarifies
methodological pipelines, and establishes actionable guidelines for
scalable implementation.

Accordingly, this study presents a comprehensive and system-
atic review of ML applications in cementitious composites, with
the aim of guiding the field toward an intelligent and green lifecy-
cle. This objective is achieved through four primary tasks: @ pro-
viding foundational knowledge to bridge the gap for researchers
without Al expertise; @ developing a novel classification frame-
work to systematically organize existing research; @ examining
the contributions of ML in intelligent and green design across the
material lifecycle; and @ presenting a practical challenge-solution
matrix to support real-world deployment. This review is expected
to bridge the knowledge gap between the Al and cement research
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communities while offering a roadmap for the development of
next-generation sustainable construction materials.

2. Background

This section provides a concise introduction to ML, including its
fundamental concepts, general workflows, and key terminology,
with the aim of enabling researchers from nonspecialized back-
grounds to better follow with this study. Additional details are pro-
vided in the Appendix A.

2.1. ML overview and general workflow

The ML is a core branch of Al that enables computers to learn
from data and autonomously improve their performance through
algorithms and statistical models, without explicit programming
[23,55]. Deep learning (DL), a specialized subset of ML, employs
multi-layer neural networks (NNs) to perform advanced pattern
recognition and data analysis (Fig. S1 in Appendix A) [56,57].

The fundamental principle of ML is its data-driven approach,
which differs markedly from conventional problem-solving
approaches (Fig. 1). Traditional methods typically aim to derive
an exact solution, denoted as F(x), but often suffer from ineffi-
ciency, high cost, and limited adaptability. In contrast, data-
driven approach provides a more automatic and efficient alterna-
tive by generating an approximate solution H(x) which iteratively
approaches the true solution by leveraging available data [58]. The
discrepancy between H(x) and F(x) is quantified using a loss func-
tion, and the core objective of ML is to minimize this function
through an optimization process.

A typical data-driven workflow consists of several key steps,
including data acquisition and preprocessing, model construction,
training, evaluation, and application. These steps are described in
detail in the following subsections.

2.2. Data acquisition and preprocessing

Depending on the specific objective, ML tasks can be catego-
rized into four primary types: classification, regression, clustering,
and dimensionality reduction (Section S2 in Appendix A). Accord-
ingly, ML approaches can also be classified based on learning
strategies, including supervised, unsupervised, semi-supervised,
and reinforcement learnings. Regardless of the task type, data
acquisition and preprocessing are essential steps, as both data
quantity and quality directly influence ML model performance
[59]. Data acquisition involves collecting information from diverse
sources, such as experimental measurements, numerical simula-
tions, and open-access databases. Although data may appear in
various forms to humans, including images, text, and audio, all
data are ultimately converted into numerical representations and
preprocessed before being fed into an ML model. Based on their
format and semantic meaning, data can be broadly classified as
image and non-image data. Data preprocessing aims to prepare
raw data in a form that maximizes the model’s learning efficiency.
Common preprocessing procedures include data cleaning, integra-
tion, transformation, augmentation, and feature engineering [60-
62]. A summary of data types and corresponding preprocessing
methods is provided in Table S1 in Appendix A.

2.3. ML models

The ML model constitutes the core component of the data-
driven framework, and its performance depends strongly on the
task requirements and the characteristics of the available data
[63]. A wide range of ML models based on different algorithmic
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Fig. 1. Comparison between conventional and data-driven approaches for problem solving.

principles has been developed and can be broadly categorized
according to their underlying architectures. For non-image data,
artificial neural networks (ANN), support vector machines (SVM),
and decision trees (DT) are among the most widely recognized
and commonly used algorithms. For image-based data, convolu-
tional neural networks (CNN) and generative adversarial networks
(GAN) represent two fundamental model architectures. Schematic
illustrations of these models are presented in Fig. 2. Additional
mainstream ML models, along with their principles, advantages,
limitations, and application scenarios, are summarized in
Table S2 in Appendix A.

2.4. Model training, assessment, and analysis

Dataset partitioning is a critical step in ensuring the reliability
and generalizability of ML models. Typically, datasets are divided
into three subsets: training, validation, and testing sets, each serv-
ing a unique purpose in model development [64,65]. The training
set usually comprises the largest portion of the data, often at least
60%, and is used to learn the relationships between inputs and out-
puts. The validation set is employed during training to guide model
architecture selection and hyperparameter tuning, whereas the
testing set is reserved for the final evaluation of model perfor-
mance after the training is complete.

Model evaluation is essential for assessing effectiveness and
reliability, and the choice of evaluation metrics depends on the
specific task objectives [66]. For classification tasks, evaluation
focuses on the correctness of predicted class labels, assessing the
model’s ability to distinguish among categories. Common metrics
include confusion matrices, accuracy, precision, recall, and the
F1-score. For regression tasks, evaluation emphasizes the accuracy
of continuous predictions by measuring the agreement between
predicted and observed values. Typical metrics include the coeffi-
cient of determination (R?) and mean error (ME). Detailed defini-
tions and calculation formulas are provided in Table S3 in
Appendix A.

Commonly used loss functions for regression tasks include
zero-one loss, L1 loss, mean squared error (MSE) loss, squared loss,
logarithmic loss, and exponential loss, whereas cross-entropy loss
and hinge loss are typically employed for classification tasks. It
should be noted that loss functions are primarily used during the
training process to guide parameter optimization, whereas evalua-
tion metrics are applied to assess the final model’s performance
and generalization ability on unseen data.

To enhance transparency and reliability, advanced inter-
pretability techniques are increasingly integrated into ML models
to elucidate the data-driven factors underlying predictions [67].
Common interpretability methods include Shapley additive expla-
nations (SHAP) [68,69], partial dependence plots (PDP) [70], and
the cosine amplitude method (CAM) [71,72], as summarized in

Table S4 in Appendix A. These techniques provide insights into
model decision logic and enhance the credibility and applicability
of ML models in materials science.

3. ML in cementitious composites research

This section provides a comprehensive review of ML applica-
tions in cementitious composite research. It further highlights
the critical role of ML in enabling intelligent and green innovations
in cementitious composites, underscoring its significant potential
to promote sustainability in both academic research and engineer-
ing practices.

3.1. Overview

The literature collection and analysis methodology consisted of
three sequential stages, as summarized in Table 1. Stage 1 involved
a comprehensive search of the Web of Science database to ensure
broad coverage of relevant studies. Stage 2 focused on filtering the
retrieved literature based on publication quality and year to maintain
both rigor and diversity. Stage 3 entailed a detailed screening of the
remaining studies to ensure that the selected literature was represen-
tative of current research trends. As illustrated in Fig. 3, the number of
publications addressing ML applications in cementitious composites
hasincreased steadily from 2001 to 2025. The accompanying keyword
co-occurrence network further demonstrates the broad thematic
scope of this research area, highlighting the diversity and interdisci-
plinary nature of existing ML applications.

Current ML applications in cementitious composite research
can be categorized into seven specific tasks. As shown in Fig. 4,
these tasks are traditionally classified according to ML perspectives
such as learning paradigms and model types. However, with the
rapid evolution of ML methodologies, multiple learning strategies
are often integrated within a single task, resulting in blurred
boundaries among categories. Furthermore, the increasing com-
plexity of technical terminology and algorithmic diversity can pose
challenges for materials researchers, potentially reducing readabil-
ity and accessibility.

To address these challenges, we propose an alternative catego-
rization (Fig. 5). This new approach classifies ML applications into
four distinct quadrants based on the nature of the input and output
data—specifically, whether they are image-based or non-image-
based. This refined classification provides a clearer perspective
on the diversity of ML applications in cementitious composite
research, focusing on data characteristics rather than the complex-
ity of the algorithms. Additionally, the quadrant-based approach
offers a strategic advantage in selecting the most appropriate ML
techniques for various research scenarios, thereby contributing to
the synergistic development of intelligent and green lifecycle prac-
tices in the field.
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Fig. 2. Schematic of ANN, SVM, DT, CNN, and GAN, along with their key components.

3.2. Quadrant I: from non-image to non-image

Quadrant I encompasses applications in which both input and
output data are non-image-based, with performance prediction
and inverse design representing the predominant tasks. Fig. 6 illus-
trates the classical workflow for these applications, which consists
of three main phases: data acquisition, model construction and
evaluation, and practical application. In the initial phase, a compre-
hensive database of matched input-output pairs is established.
Input variables may include material composition, environmental
conditions, or processing parameters, whereas outputs typically
correspond to performance indicators such as mechanical proper-

ties and durability. After data preprocessing and dataset partition-
ing, the data are used to train and iteratively refine ML models
through evaluation and optimization, resulting in a well-trained
predictive model.

The trained model is theoretically applicable to any combina-
tion of input variables within the defined data range and serves
two primary functions. First, it enables rapid and nondestructive
performance evaluation by predicting material properties based
on known inputs, thereby reducing the need for extensive and
costly experimental or numerical efforts [73]. Second, the model
supports inverse design by iteratively adjusting input parameters
to achieve target performance outputs, allowing the identification
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Table 1
Literature collection steps and constraints.
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Fig. 3. Growth in publication volume and keyword co-occurrence network for ML applications in cementitious composites research (2001-2025). The literature volume for

2025 represents a forecast based on current growth trends).

of optimal design strategies. Finally, the predicted results can be
validated against experimental or field data to ensure accuracy
and reliability [74].

3.2.1. Statistical results of ML applications to performance prediction

A statistical analysis was conducted based on 120 research arti-
cles published over the past five years [42,73-191] to identify pre-
vailing practices and emerging trends in ML-based performance
prediction for cementitious composites. The analysis encompasses
a broad range of aspects, including input and output parameters,
dataset characteristics, modeling approaches, and evaluation
methods, which are further supported by detailed visualization
and discussion.

Fig. 7(a) [42,73-191] presents a chord diagram illustrating the
relationships between input parameters, such as material compo-
sition and exposure conditions, and output parameters, which
include key performance indicators of cementitious composites,
such as fresh properties, mechanical properties, and durability.
Cement, water, and aggregates emerge as the most frequently used
input variables, reflecting their fundamental roles in cementitious
composite systems. Despite the diversity of constituent materials,
ML-based prediction approaches have been successfully applied
to a wide range of cementitious composites, including systems
incorporating SCMs [76,77], chemical additives such as superplas-
ticizers [78,79], nanomaterials [80], and various fiber reinforce-

ments [81], provided that their contents can be expressed as
numerical data. Prediction accuracy and robustness can be further
enhanced by incorporating additional information, such as physi-
cal properties of the components [74,82], curing regimes and envi-
ronmental conditions [83,84], and processing parameters [42,85],
even when these variables are represented in categorical form.
Fig. 7(b) [42,73-191] further classifies the output parameters into
detailed subcategories, demonstrating the wide range of perfor-
mance criteria addressed in the literature. Among these, compres-
sive strength is the most extensively studied property, not only
within the mechanical category but also overall, accounting for
nearly half of all output parameters. This is likely due to its funda-
mental importance and ease of measurement. Studies related to
structure and durability constitute 16.3% of the total, with perme-
ability (6.8%) receiving the greatest attention within this category.
Other durability-related indicators, such as creep and carbonation
depth, are also represented. In contrast, research focusing on fresh
properties (8.2%) and functional performance (4.1%) remains rela-
tively limited. Table 2 summarizes the specific output parameters
corresponding to these categories. Overall, any quantifiable and
describable characteristic of cementitious composites can serve
as an input or output parameter in ML-based approaches.

Fig. 8 [42,73-191] summarizes the key characteristics of ML
features reported in the reviewed cementitious composite studies.
Dataset sizes vary considerably, ranging from 50 to 30 000 samples
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(Fig. 8(a)), although approximately half of the datasets contain
between 100 and 400 samples. This distribution highlights several
significant challenges, including limited availability of large-scale
data, the consequent need for effective data generation strategies,
and the development of ML methods suitable for small-sample sce-
narios. As shown in Fig. 8(b), most studies employ model configu-
rations with 4-12 input variables and a single output, indicating a
tendency toward focused prediction of specific performance prop-
erties while balancing model complexity and data availability.
Regarding modeling approaches, Fig. 8(c) shows that NN-, DT-,
and SVM-based algorithms are the most frequently adopted, owing
to their robustness in capturing the nonlinear behavior of complex
material systems. Ensemble learning (EL) techniques, which inte-
grate multiple models to enhance predictive performance, have
also attracted increasing attention [91]. For a given task, compar-
isons among different models are commonly conducted to identify
the most suitable approach based on evaluation outcomes. In
terms of model evaluation (Fig. 8(d)), MSE/root mean square error
(RMSE), R?, mean absolute error (MAE), and mean relative error
(MRE)/mean absolute percentage error (MAPE) are the most
widely used metrics, while other specialized indicators are occa-
sionally applied in specific contexts. With respect to data partition-

ing, the combined training and validation set typically accounts for
70% or 80% of the dataset (Fig. 8(e)). For validation strategies (Fig. 8
(f)), k-fold cross-validation (CV) is the most commonly adopted
approach, with ten-fold CV being the most prevalent [99], followed
by five-fold CV [100] and other methods such as leave-one-out
cross-validation (LOOCV) [102,192]. Fig. 8(g) indicates that sensi-
tivity analysis remains underutilized, appearing in only about half
of the reviewed studies. When employed, SHAP (39%), tree-based
feature importance (26%), and PDP (14%) are the most commonly
used techniques [193,194]. Greater emphasis on model inter-
pretability is therefore necessary to enhance practical applicability
and to extract physically meaningful insights from ML models.
Representative examples of the three sensitivity analysis tech-
niques are shown in Fig. 9 [195-197]. The SHAP approach (Fig. 9
(a) [195]) visualizes the influence of material composition and cur-
ing conditions on the drying shrinkage of magnesium silicate
hydrate cement, ranking features by global importance using mean
absolute SHAP values, and depicting individual sample effects with
colored markers. In contrast, tree-based feature importance (Fig. 9
(b) [196]) directly ranks variable contributions to early cracking
risk in foundation slabs, identifying slab thickness (h), hardening
rate, and upper surface temperature (T,,) as dominant factors.
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The PDP method (Fig. 9(c) [197]) illustrates the global effects of
input variables on the compressive strength of stabilized soil,
revealing a nonlinear interaction between solid waste content
(P_sw) and SiO, content (C_si) via a color-mapped representation.

3.2.2. Physics-informed ML prediction
As noted previously, the core principle of ML involves iteratively
refining nonlinear parameters through data-driven approaches to

develop models that closely approximate real-world solutions.
However, the effectiveness of these models largely depends on data
quality and availability. Although ML models can achieve accurate
performance predictions, they often lack direct physical inter-
pretability, requiring additional analyses to elucidate the underly-
ing physical mechanisms. While sensitivity analysis can highlight
the relative importance of input variables, it does not inherently
explain the physical processes governing material behavior.
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Table 2
Specific output parameters corresponding to the categories shown in Fig. 7(b) [42,73-
191].

Category Specific parameters

Slump, apparent viscosity, cohesion, plastic viscosity,
and setting time

Thermal conductivity, Gamma rays’ linear attenuation
coefficient, heat flow rate, and electrical resistivity
Yield stress, relative dynamic elastic modulus, peak
strain, and bond strength

Mass loss rate, porosity, and alkali-silica reaction
expansion

Fresh property
Functionality

Mechanical
property (others)

Structure &
durability
(others)

Recent advancements, particularly physics-informed neural
networks (PINNs), have emerged as promising approaches for
cementitious composite research. The PINNs integrate physical
laws, typically expressed as partial differential equations (PDEs),
directly into the ML model architecture. This integration enables
more accurate and physically consistent predictions, even when
training data are limited [198]. For example, Zhang et al. [199]
developed a PINN-based model, RheologyNet, to predict the thixo-
tropic behavior of cementitious materials by embedding complex
rheological PDEs involving the structural parameter, shear stress,
and apparent viscosity. This framework enables efficient rheologi-
cal predictions under data-scarce conditions. Similarly, Wan et al.
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[200] applied PINNs to identify the chloride ion diffusion coeffi-
cient during unsteady-state immersion and accelerated chloride
migration tests.

By integrating governing physical principles, PINNs offer deeper
insights into material behavior under diverse conditions, which is
essential for advancing the design of intelligent and green cemen-
titious materials. As illustrated in Fig. 10 [201], Rahman and Lu
[201] proposed a PINN-based model, EcoBlendNet, that embeds
PDEs describing heat generation rates and energy consumption
during cement hydration. This model predicts hydration tempera-
ture, early-age strength, and carbon emissions for cementitious
composites with varying mixture proportions of cement, fly ash,
and slag. Quantitative analysis showed that replacing 45%-80% of
cement with fly ash and slag could reduce carbon dioxide emis-
sions during hydration by 60%-80%, demonstrating a practical
and environmentally friendly solution for the design of green
cementitious composites.

3.2.3. Inverse design based on target performance

Inverse design represents an advanced application of predictive
modeling, enabling the optimization of material properties by iter-
atively adjusting input parameters to achieve predefined target
outcomes [202]. By leveraging the predictive capabilities of ML
models, this approach enables researchers and engineers to tailor
material compositions and processing conditions to meet desired
performance metrics in an intelligent and sustainable manner,
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Fig. 8. Statistical summary of key ML features in reviewed studies [42,73-191]. (a) dataset sizes; (b) numbers of input and output variables; (c) primary ML algorithms; (d)
evaluation metrics; (e) proportions of generalized training (training and validation) and test sets; (f) validation strategies; (g) sensitivity analysis methods. LR: logistic
regression; GPR: gaussian process regression; KNN: k-nearest neighbor; VAF: variance accounted for; SI: scatter index; CPI: composite performance index.
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Fig. 9. Examples of sensitivity analysis methods. (a) SHAP (Shapley additive explanations). Reproduced from Ref. [195] with permission. (b) Feature importance [196]. (c)
PDP. Reproduced from Ref. [197] with permission. RH: relative humidity; S/C: sand-to-binder ratio; PCT: pre-curing duration; A_MgO: MgO reactivity; Type_WRA: type of
water-reducing agent; M/S: magnesium-to-silicate ratio; W/C: water-to-cement ratio; Dos_WRA: dosage of water-reducing agent; DKP: dipotassium hydrogen phosphate;
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solid waste content; C_si: SiO, content; CS: compressive strength.

thereby reducing reliance on extensive experimental testing [203].
Inverse design is particularly valuable for developing cementitious
composites that simultaneously satisfy multiple objectives, includ-
ing mechanical performance, economic constraints, and environ-
mental considerations [204].

For instance, Li et al. [205] proposed an intelligent design
framework for high-strength, low-carbon rice husk ash concrete
(RHC). A multi-objective optimization was performed considering
compressive strength, material cost, embodied carbon, and embod-
ied energy, resulting in reductions of 6.30% in the carbon footprint
and 4.71% in embodied energy for the optimized RHC mixture.
Cheng et al. [206] introduced a multi-objective optimization strat-
egy for low-carbon self-compacting concrete (SCC) by integrating a
random forest (RF) model with the non-dominated sorting genetic
algorithm II (NSGA-II). In this framework, carbon emissions, 28-
day rapid chloride penetration, and porosity were defined as pri-
mary constraints. The NSGA-II was employed to generate a
Pareto-optimal solution set (Fig. 11(a) [206]), followed by a multi-
factorial comparison of SCC mixtures designed using the Al-based
approach (Fig. 11(b) [206]). The optimized C50 SCC mixture not
only met strength requirements and improved durability but also
reduced carbon emissions by 10.1% (Fig. 11(c) [206]). This method-
ology provides an intelligent multi-objective optimization frame-
work that lays a solid foundation for the development and
application of low-carbon cementitious composites.

In summary, advancements within Quadrant I—encompassing
performance prediction and inverse design—have significantly
contributed to the intelligent and green development of cementi-
tious composites. The ML-based performance prediction models
provide efficient, data-driven insights into material behavior,

enabling rapid evaluation of key properties without extensive
experimental testing. Physics-informed approaches, such as PINNs,
further enhance predictive reliability by embedding governing
physical laws, even under data-limited conditions. Building upon
these predictive models, inverse design facilitates the systematic
optimization of material compositions and processing parameters
to meet targeted performance objectives. Collectively, these
approaches streamline material development, reduce resource
consumption, and promote the creation of eco-friendly, high-
performance cementitious composites.

3.3. Quadrant II: from image to non-image

In Quadrant II, image data serve as the input, while the outputs
are non-image data. Research in this quadrant reflects a shift from
traditionally describable non-image inputs toward image-based
data, such as microstructural images of cementitious composites.
Applications can be broadly classified into two primary
approaches, depending on whether the output is categorical or
numerical: feature identification through image classification and
performance prediction using image-based regression models.

3.3.1. Feature identification based on image classification
Microstructural features play a critical role in cementitious
composite research, as they not only reflect variations in material
composition and processing methods but also directly influence
overall material performance [207]. Conventional analyses of these
features rely heavily on expert knowledge and extensive manual
effort. Moreover, traditional analytical techniques based on prede-
fined physical descriptors and statistical functions often require
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tolerance. Reproduced from Ref. [201] with permission.
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Fig. 11. (a) Pareto-optimal solutions in three-dimensional space for C50; (b) comparison of SCC mixtures designed using the proposed Al method; (c) comparison between
optimized and reference SCC mixtures. RCP: rapid chloride permeability; Eco,: embodied carbon; SC: compressive strength; SF: slump flow; point D/E/F: concrete with

different mix proportions. Reproduced from Ref. [206] with permission.

the prior selection of attributes, such as porosity, solidity, and spa-
tial distribution, which may overlook subtle but influential charac-
teristics. In contrast, ML provides a transformative approach by
enabling the automated extraction and classification of
microstructural features directly from image data. Unlike tradi-
tional methods, ML can accommodate the diversity and complexity
of microstructures across different cementitious composites and
autonomously identify the most informative features for achieving
optimal classification performance [208].

When analyzing microstructural features, it is essential to
ensure that the studied image size adequately represents the mate-
rial, a concept referred to as the representative volume element
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(RVE). Within an ML framework, Lin et al. [209] proposed a method
for determining the RVE of cementitious composites using a
straightforward strategy (Fig. 12 [209]). In their study, binarized
backscattered electron (BSE) images of three types of cementitious
composites were used as inputs, and a CNN model was trained to
classify the materials. By preserving image geometry while sys-
tematically varying pixel resolution, the authors observed changes
in classification accuracy, with 100% accuracy indicating that the
image size was sufficiently representative. This approach estab-
lished a foundation for identifying the minimum image size
required for reliable ML-based analysis of cementitious compos-
ites. For studies in which image size is fixed, efforts have focused
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Fig. 12. Schematic illustration of (a) CNN-based classification of different cementitious composites and (b) ML-based estimation of the RVE. Control: ordinary Portland
cement (OPC); GOS-10, GOS-30: OPC reinforced by graphene oxide-silica (GOS) with thickness of 10 and 30 nm, respectively. Reproduced from Ref. [209] with permission.

on improving ML model accuracy through architectural and input
optimization. For example, Zhang et al. [210] employed modified
time-frequency spectrograms as inputs to classify damage-
induced acoustic emission signals in ultra-high-performance con-
crete (UHPC). To balance computational efficiency and classifica-
tion accuracy, a lightweight network based on ResNet18 was
developed and trained from scratch. This model achieved a higher
overall classification accuracy (93.94%) and a shorter computa-
tional response time compared with traditional approaches
(84.1%). As classification accuracy improves, ML models are
expected to capture increasingly representative and discriminative
microstructural features.

Beyond classification, visualization of features extracted by ML
models can reveal patterns and correlations that may be over-
looked by human experts, thereby enabling deeper insights into
material behavior and supporting the development of advanced,
high-performance, and environmentally sustainable cementitious
materials. For instance, Lin et al. [209] applied occlusion sensitivity
analysis to identify the most influential regions within microstruc-
tural images for classification. Their results showed that nano-
reinforced cementitious composites exhibit more complex spatial
correlations than that of the control samples and that pore spatial
arrangement is more critical than porosity alone. Similarly, Sui
et al. [211] performed microstructural analyses of LC> and ordinary
Portland cement (OPC) (Fig. 13 [211]), identifying distinct differ-
ences in spatial correlation patterns. By visualizing CNN decision-
making using deep Taylor decomposition, the study revealed that

=

(b)

LC3 exhibits lower pore connectivity and higher solid particle con-
nectivity, providing insights into its microstructural characteristics
and potential performance advantages.

Overall, automated feature identification enhances both the
accuracy and efficiency of microstructural analysis and facilitates
the exploration of correlations between microstructure and mate-
rial performance. These capabilities, in turn, inform the optimiza-
tion of material composition and processing parameters,
providing critical technical support for the development of green
and low-carbon cementitious systems.

3.3.2. Performance prediction based on image regression

This subsection focuses on the application of image-based
regression models to predict the performance of cementitious
composites using microstructural images. Unlike the approaches
discussed in Quadrant I, which rely on non-image data, image
regression leverages the rich and detailed information embedded
in microstructural images, which are more directly correlated with
material properties. By analyzing these images, researchers can
obtain deeper insights into the relationships between microstruc-
tural characteristics and macroscopic performance, thereby pro-
viding a scientific basis for material design and optimization [212].

For instance, Liang et al. [213] successfully predicted the short-
term creep modulus of cement paste using a deep convolutional
neural network (DCNN) trained on grayscale X-ray computed
tomography images (Fig. 14 [213]). By combining a microscopic
lattice model with data-augmentation techniques, the authors
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Fig. 13. Representative heatmaps illustrating shared characteristic pattern changes for (a) OPC and (b) LC>. Heatmaps were generated by iteratively analyzing the most
similar shared characteristic patterns using deep Taylor decomposition. Reproduced from Ref. [211] with permission.
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activation layer.

constructed a dataset comprising 18 920 samples, each containing
a microstructural image paired with its corresponding creep mod-
ulus. The results showed that the trained DCNN effectively cap-
tured the local importance of different microstructural phases,
particularly the contributions of unhydrated cement particles and
high-density calcium-silicate-hydrate (C-S-H) to creep behavior,
achieving R? values consistently exceeding 0.96. This study
addressed the computational inefficiency of conventional finite
element methods and demonstrated the ability of DCNNs to
extract and integrate local features from highly heterogeneous
microstructures, offering an efficient alternative for performance
prediction.

The limited ability of two-dimensional (2D) microstructural
images to capture the full spatial structure of cementitious com-
posites often leads to increased prediction errors. In contrast,
three-dimensional (3D) microstructural images provide a more
accurate representation of hydration states and phase spatial dis-
tributions, thereby offering a more comprehensive basis for perfor-
mance prediction. Guo et al. [214] proposed a method that utilizes
3D microstructural images of cement samples to predict compres-
sive strength. A deep belief network was employed for unsuper-
vised pretraining followed by supervised fine-tuning to learn the
nonlinear relationship between microstructural images and com-
pressive strength, resulting in a reduction of MAE by at least
8.49% compared with traditional 2D image-based methods. In
addition to improving predictive accuracy, recent developments
have focused on enhancing the interpretability and reliability of
DL models, which have been successfully applied to reveal intrinsic
relationships between image features and material properties.
Komninos et al. [215] introduced a transformer-based multihead
self-attention mechanism to model spatiotemporal features in
crack image sequences. This approach explicitly visualized the
model’s attention regions across both spatial and temporal
domains, thereby improving predictions of remaining useful life
for structural health monitoring applications.

In summary, ML techniques in this quadrant automate the
extraction of critical microstructural features, uncover patterns
and relationships that may be overlooked by conventional meth-
ods, and provide valuable insights for advanced material design.
Image-based regression models, in particular, enable a more accu-
rate understanding of how microstructural characteristics influ-
ence macroscopic performance. When combined with numerical
simulation images, these approaches have strong potential to
enhance material design applications. By integrating experimental
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and simulated data, researchers can more accurately predict and
optimize the performance of cementitious composites, thereby
supporting their development along intelligent and green
pathways.

3.4. Quadrant III: From image to image

In Quadrant III, both the inputs and outputs consist of image
data, with an emphasis on methods that transform images into
other forms of image-based representations. This quadrant primar-
ily encompasses two approaches: image segmentation and image
reconstruction.

3.4.1. Image segmentation

The microstructure of cementitious composites is highly com-
plex, comprising multiple solid phases, such as unhydrated parti-
cles and various hydration products, as well as intricate pore
networks. Accurate image segmentation is therefore essential for
advancing research, as it provides a detailed understanding of
material composition and its relationship to performance. Tradi-
tional image segmentation methods typically rely on manual oper-
ations or predefined algorithms that require substantial expertise
and often struggle with the inherent variability and complexity
of cementitious materials [216]. These conventional approaches
commonly involve thresholding, edge detection, and region-
growing techniques, which are limited in their ability to distin-
guish between similar phases or resolve fine structural details
[217]. In contrast, ML techniques, particularly DL models, are cap-
able of learning complex patterns and features from large datasets,
enabling more accurate and consistent segmentation outcomes
[218-220]. As a result, these methods substantially reduce reliance
on expert knowledge while improving the efficiency and scalability
of the segmentation process [221,222].

In cementitious composite research, image segmentation appli-
cations can be broadly classified into two categories: phase seg-
mentation and crack identification. The key distinction between
these applications lies in their objectives: Phase segmentation
focuses on identifying multiple microstructural components
within an image, whereas crack identification is dedicated exclu-
sively to detecting cracks.

Phase segmentation typically involves distinguishing among
hydrates, unhydrated particles, and voids, which is critical for
understanding hydration mechanisms and mechanical properties.
For instance, Sheiati et al. [223] applied DL techniques to segment
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pores, portlandite, other hydrates, and unreacted components in
cement paste (Fig. 15 [223]). In their study, a high-quality dataset
of BSE images was compiled from cement paste samples at differ-
ent hydration times. Based on prior knowledge, ground truth labels
were generated using histogram thresholding, and salt-and-pepper
noise was removed using a median filter. A total of 140 images
were randomly selected for training and validation, while 82
images were reserved for testing. A visual geometry group (VGG)
network was employed for feature extraction and downsampling,
and a U-Net architecture was used for upsampling to restore spa-
tial resolution and preserve detailed information. The model was
trained using the Adam optimizer with early stopping to mitigate
overfitting. The resulting accuracies for the training, validation,
and testing datasets were 91%, 90%, and 93%, respectively. Yu
et al. [224] performed a comparative evaluation of U-Net, DeepLab
V3+, YOLACT, and Mask R-CNN for segmenting pores, aggregates,
and paste phases in cementitious composites. Among these mod-
els, Mask R-CNN outperformed the others, achieving the highest
intersection over union (IoU) and F1-score, demonstrating superior
precision and robustness in phase segmentation tasks.

A variety of ML-based strategies have also been developed for
crack identification. Hao et al. [225] proposed a high-precision
automated semantic segmentation approach using a dual pre-
modification strategy to detect cracks in engineered cementitious
composites (ECCs) under different conditions. Their network,
inspired by U-Net, consists of five convolutional blocks and
replaces traditional fully connected layers with deconvolutional
layers (Fig. 16 [225]). This design integrates low-level geometric
features with high-level semantic information by cross-stacking
predictions from multiple layers, leading to a significant improve-
ment in mean IoU (mloU) to 98.82% and an increase in crack clas-
sification accuracy from 92.28% to 99.87%. However, this approach
requires large sample sizes and high-quality images. To address
limitations related to insufficient data and substandard image
quality, Han et al. [226] introduced an enhanced YOLOv5 model
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combined with a Wasserstein generative adversarial network
(WGAN) for concrete surface defect detection. In addition, the
CSNet strategy proposed by Liang et al. [227] demonstrated strong
competitiveness in crack identification tasks across multiple public
datasets characterized by class imbalance.

3.4.2. Image reconstruction

Image reconstruction in cementitious composite research
focuses on enhancing, refining, or fully reconstructing microstruc-
tural images to more accurately represent internal material struc-
tures. This process is essential for precise characterization and
simulation, as it enables the correction of imaging artifacts,
enhancement of image resolution, and generation of high-fidelity
representations from incomplete or low-quality data. Owing to
the multiphase and multiscale nature of cementitious composites,
traditional reconstruction methods often struggle to accurately
reproduce original microstructural characteristics [228-230]. In
contrast, advanced ML techniques, particularly DL, leverage large
volumes of image data to effectively extract features and generate
virtual images that preserve statistical properties similar to those
of the originals, thereby enabling more reliable and detailed recon-
structions [231]. With the rapid development of ML models, image
reconstruction has been successfully applied to cementitious com-
posites for multiple purposes, including reconstruction across dif-
ferent dimensions, prediction of dynamic microstructural
evolution, and data augmentation of structural images.

Microstructural reconstruction plays a critical role in accurately
representing the internal structure of cementitious composites and
is fundamental to precise material characterization. Hong et al.
[232] employed a CycleGAN framework combined with a CNN-
based autoencoder connection strategy to reconstruct cement
paste microstructures (Fig. 17(a) [232]). Their approach followed
a two-step process, involving the generation of 2D microstructures
from random noise and subsequent 3D reconstruction. The recon-
structed structures were validated using metrics such as phase
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volume fraction and continuity. Building on this work, Zhao et al.
[233] proposed a low-cost framework, CEM3DMG, to generate
realistic 3D microstructures from a single 2D BSE image. By inte-
grating multiscale learning with blockwise synthesis, this method
enabled large-scale 3D reconstruction with high structural fidelity.
However, such approaches may omit information at different
structural orders, potentially limiting comprehensive insight into
material microstructures. To address this issue, Lin et al. [234]
introduced a novel framework that successfully reconstructed the
microstructure of a central region based on surrounding neighbor-
hood information while preserving both low- and high-order fea-
tures. Quantitative analysis revealed that spatial correlations
within the microstructure significantly influenced reconstruction
accuracy.

Furthermore, image reconstruction techniques have been
extended to support the investigations of microstructural evolu-
tion. Yao et al. [235] proposed a DL-based image translation
approach to predict the in situ evolution of microporous structures
during cement hydration (Fig. 17(b) [235]). Using a CycleGAN
framework, this method achieved high-resolution bidirectional
translation between images representing low and high degrees of
hydration without requiring paired datasets or complex physical
formulations. Validation against experimental data demonstrated
high predictive accuracy (R? > 0.91), particularly for porosity, pore
size distribution, and shape characteristics. This study collectively
highlights the effectiveness of DL, especially GAN-based models, in
realistically and efficiently predicting complex microstructural
evolution in cementitious materials.

The manual acquisition of image datasets, particularly those
depicting damage in cementitious composites, is often labor-
intensive and time-consuming, posing significant challenges for
the development of efficient data-driven models. To address this
limitation, Huang et al. [236] proposed an unsupervised image-
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to-image translation method using CycleGAN to generate under-
water dam crack images from above-water images (Fig. 17(c)
[236]). Building on this concept, Li and Zhao [237] employed a con-
ditional GAN to generate high-resolution images of concrete dam-
age, focusing on cracks and spalling. The synthesized images
exhibited a high degree of realism, indicating strong potential for
substantially supporting DL-based damage detection networks
through data augmentation.

In summary, Quadrant Il emphasizes both the extraction and
representation of image features, underscoring the transformative
potential of image-to-image ML techniques in cementitious com-
posite research. Existing studies demonstrate that DL excels in
accurately segmenting complex microstructures and reconstruct-
ing high-fidelity images, even when source data are incomplete
or of low quality. These approaches not only advance the under-
standing of microstructural characteristics but also enhance visual-
ization and modeling capabilities beyond those achievable with
traditional methods. The application of DL in this quadrant pro-
vides robust and scalable solutions for analyzing and simulating
internal material structures, thereby promoting the intelligent
development of cementitious composites through improved accu-
racy, efficiency, and reduced reliance on physical experimentation.

3.5. Quadrant IV: from non-image to image

In Quadrant IV, the input is non-image data and the output is
image data. Applications in this quadrant focus on transforming
non-image data into image data, with a typical application being
image generation, a process that opens new possibilities for under-
standing and visualizing the properties of cementitious
composites.

Traditional methods for obtaining images, such as direct imag-
ing techniques (e.g., microscopy and X-ray tomography), involve
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Fig. 17. (a) Modified CycleGAN training network for reconstructing 3D cement paste microstructures. Reproduced from Ref. [232] with permission. (b) 3D microstructural
image generation framework (CEM3DMG). Reproduced from Ref. [235] with permission. (¢) DL-based image translation of microporous structure evolution during cement
hydration. Reproduced from Ref. [236] with permission. D and Dg: associated adversarial discriminators; Gg: mapping microstructures of low hydration degree (LHD) to high
hydration degree (HHD); Ga: mapping HHD to LHD; d,: equivalent pore diameter; G and F: two generators. Images of A and B domains are used as inputs to generators G and F
to generate images G(A) and F(B); F(G(A)) and G(F(B)) are images generated by inputting G(A) and F(B) into F and G, respectively.

capturing visual data directly from physical samples, which are (e.g., numerical parameters or categorical labels) to create visual
often labor-intensive and time-consuming [238]. In comparison, representations, which significantly improves efficiency at mini-
ML-based image generation leverages structured data inputs mal cost.
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variable representing the value domain in the Gaussian distribution equation; ¢: standard deviation of the distribution; u: mean of the distribution; f, f,, f: feature vectors
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Tong et al. [239] proposed a new method based on a GAN to
characterize the hydration process and microstructural features
of cement-emulsified asphalt composites (Fig. 18 [239]). The gen-
erator received the design parameters and random Gaussian noise
to generate synthetic X-ray diffraction (XRD) spectra and scanning
electron microscope (SEM) images, whereas the discriminator was
trained to optimize the quality of the generator output by distin-
guishing between the real and synthetic data. An average Eucli-
dean distance of 0.001 was achieved between the synthetic and
real XRD spectra, and the synthetic SEM images could clearly char-
acterize microstructures such as cement hydration products,
asphalt, and pores. This method of generating characterization
images from non-image data offers a new avenue for data augmen-
tation, potentially supporting other studies with additional data
resources.

The generation of material microstructures based on text
prompts has opened new avenues for intelligent designs. Zheng
et al. [240] proposed a generative DL framework called
Txt2Microstruct-Net that enables the direct generation of 3D
material microstructures from natural language descriptions
(Fig. 19 [240]). This method established a unified multimodal
embedding space. Thus, it overcomes the limitations of traditional
inverse design approaches that are based solely on structural
parameters or performance indicators. Furthermore, the generated
microstructures can be manufactured, providing direct support for
fabrication technologies such as 3D printing. Although this
approach has not yet been applied to cementitious composites,
its underlying concept of “language-driven morphology generation
with direct manufacturing linkage” offers novel insights for the
intelligent design and digital fabrication of cementitious composite
materials.

In summary, research within Quadrant IV is still in its early
stages of development. While current advancements in other fields
[241-243] demonstrate the potential of ML-based techniques to
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efficiently create visual representations from abstract data, much
work remains to be done on cementitious composites. Future
efforts should focus on refining these methods to enhance their
accuracy and applicability, expand the range of non-image inputs
that can be effectively transformed, and integrate these generated
images into broader workflows such as material design and perfor-
mance prediction. Advancing this area of research will not only
provide new insights into the properties and behaviors of cemen-
titious composites but also foster innovative approaches to mate-
rial design and optimization.

3.6. Contributions of the four quadrants in green and intelligent design

Material design involves a deep understanding and strategic
manipulation of the fundamental attributes of a material to
achieve the desired characteristics, which encapsulate four inter-
connected pillars: components, structure, process, and perfor-
mance. In the era of data-driven science, the intricate
relationship among these four cores lays a solid foundation for
the dynamic and precise design of materials, as illustrated in
Fig. 20. Specifically, the components, structures, and processes
serve as the three cornerstones, jointly forming a logical starting
point for performance prediction. Multi-objective performance, as
the ultimate goal, constitutes a feedback mechanism that ensures
continuous improvement and iterative upgrades in material
design. Furthermore, internal relationships exist among the com-
ponents, structures, and processes. Particular pairs of components
and processes can induce unique structures. In contrast, an in-
depth analysis and understanding of the structural features can
guide the selection of components and optimization of preparation
processes. This virtuous and interactive cycle propels the progress
and development of materials.

Accordingly, the entire cycle can be categorized into four quad-
rants, where ML is used to provide efficient and innovative alterna-
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tives that complement conventional approaches. The synergy of
the four quadrants contributes significantly to the green and smart
design of cementitious composites, as summarized below.

(1) The non-image data almost comprehensively encompass
aspects of the components, processes, and performance of cemen-
titious composites, as discussed in Section 3.1. By harnessing the
power of data analytics on vast datasets, ML can discern patterns
and correlations that would otherwise remain elusive when com-
pared with conventional methods. This enables the optimization
of the mix design for cementitious composites that minimizes
environmental impact while maximizing performance outcomes.
Similarly, fine-tuning process parameters leads to more efficient
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and ecofriendly manufacturing practices. The integration of ML in
Quadrant [ aligns perfectly with the principles of green design,
but the potential of this approach to drive innovation and sustain-
ability in the engineering sector remains unresolved.

(2) For any material, the structure is the fundamental determi-
nant of the performance, acting as a bridge between the compo-
nents, processes, and performance. In contrast to the simplistic
correlations between component and process performances, the
image data of structural information offer a more authentic and
evidence-based perspective. In Quadrant II, deconstruction analy-
sis of the characteristic features detected by ML enables research-
ers to visualize the structure-performance correlation, revealing
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an unprecedented level of detail. These structural insights can be
leveraged to guide the components and process parameters
instead of relying solely on trial-and-error or empirical knowledge.

(3) The structure of cementitious composites is well recognized
as exceedingly complex and is characterized by multiphase and
multiscale properties with an intricate spatiotemporal evolution
mechanism. The exploration in Quadrant III focused on the struc-
tural information of cementitious composites, aiming to enhance
the efficiency and precision of image processing. This endeavor
strives to automate and intellectualize the extraction and transfor-
mation of image information, fostering a more streamlined and
intelligent approach to understanding composite structures.

(4) The majority of image data utilized in other quadrants were
sourced from real-world photographs captured at varying scales, a
process heavily reliant on photography equipment and often time-
consuming and labor-intensive. By contrast, exploration within
Quadrant IV endeavors to overcome this limitation by leveraging
the understanding of how components, processes, and perfor-
mance factors influence structures. The objective was to generate
structural images directly based on these descriptive parameters,
thereby bypassing the need for physical photography. Although
this approach is still in its nascent stages, development in this
direction would contribute to a crucial breakthrough in the green
design of cementitious composites, ushering in an era of
experiment-free design. By eliminating reliance on resource-
intensive laboratory experiments and promoting data-driven sim-
ulations, this paradigm shift holds immense significance for realiz-
ing green and intelligent design methodologies.

3.7. Case studies in industrial applications

Despite the significant progress, ML applications in cementi-
tious composites remain largely confined to simulations. Transi-
tioning ML from theory to practice necessitates the integration of
diverse technologies and addresses real-world engineering com-
plexities. Currently, ML is pivotal in two key stages: material
design and structural health monitoring. This section reviews the
case studies that highlight the practical industrial value of ML.

In materials design, ML has significantly optimized the mix
design and production processes of cementitious composites. Ge
et al. [244] employed conditional variational autoencoders to for-
mulate low-carbon concrete and balance environmental impact
data with component properties to meet strength requirements.
This low-carbon concrete formulation has been applied in the con-
struction of Meta’s data center, reducing carbon emissions by up to
50%. Converge (London, UK) developed a strength prediction
engine that integrated local weather, curing histories, and real-
time data [245]. This tool forecasts the strength development days
in advance and provides crucial decision support. Its implementa-
tion in the London City Airport (UK) expansion project substan-
tially improved productivity, while reducing time and costs.

In the field of structural health monitoring, ML has significantly
advanced the intelligent monitoring of infrastructure. Mirzazade
et al. [246] combined computer vision and DL techniques to develop
a drone system for automated bridge damage detection. In the
health monitoring of the Pahtajokk Bridge (Sweden), the system
not only generated an accurate 3D point-cloud model but also suc-
cessfully quantified bridge damage, providing valuable maintenance
data support. Nguyen et al. [247] proposed an automatic system that
uses transfer learning and CNNs to detect concrete cracks in real
time. The model, trained with 3000 images and deployed on NVIDIA
Jetson Nano devices (NVIDIA Corporation, USA), demonstrated
robust field performance in complex environments.

In summary, these cases demonstrate the successful translation
of research and active industrial exploration, confirming the engi-
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neering value of ML in cementitious composites. Future applica-
tions are expected to span the entire lifecycle of these materials,
enhance their performance, optimize design processes, and
advance sustainable development.

4. Challenges

Despite the significant advantages of ML for enabling a green
and intelligent future for cementitious composites, several chal-
lenges remain. Four major issues are outlined below.

4.1. Data availability

The quality, quantity, and representativeness of data are critical
to the success of ML applications [248-250]. However, research on
cementitious composites is hindered by nonuniform data formats,
dimensions, and levels of precision arising from disparate experi-
mental practices and data-recording methods across institutions.
In addition, the limited availability of data for innovative research
restricts the development of high-dimensional datasets. These
inconsistencies and data shortages significantly impede the effi-
cient application of ML. Addressing these issues requires collabora-
tive efforts to establish standardized data protocols and shared
data platforms that can overcome data fragmentation and privacy
barriers. Such platforms should comprehensively incorporate
diverse data types, which can be grouped into three primary cate-
gories: data sources, material data, and ecological-economic attri-
butes. Data sources should include information about data origin
and recording conditions to ensure traceability and authenticity.
Material data should be organized around four core dimensions:
components, structure, process, and performance. Ecological-eco-
nomic attributes should capture both economic indicators and
environmental impact metrics, such as material cost, embodied
carbon, and lifecycle energy consumption.

4.2. Algorithm selection

Selecting an appropriate ML algorithm is challenging due to the
diversity of research objectives, data characteristics, and perfor-
mance requirements in cementitious composite studies [251].
Algorithm choice is often based on researcher experience, which
may lead to suboptimal outcomes, particularly when data quality
is inconsistent and certain algorithms exhibit unstable perfor-
mance. This challenge highlights the need for systematic pre-
analysis of data characteristics and careful evaluation of algorith-
mic strengths and limitations, including those of emerging meth-
ods. In addition, the adoption of hybrid or multi-model fusion
strategies should be considered to improve adaptability and pre-
dictive performance across different application scenarios.

4.3. Model interpretability

The ML models, especially DL models, are frequently criticized
as “black boxes” due to their limited transparency in decision-
making processes [252-254]. For critical engineering materials
such as cementitious composites, this lack of interpretability
undermines trust and hinders broader adoption. Without sufficient
interpretability, diagnosing model errors, identifying biases, and
understanding the mechanisms governing material systems
become difficult. Therefore, enhancing model interpretability is
essential. Existing interpretation techniques for non-image data
should be further refined to provide clearer physical meaning,
while interpretability methods for image-based models should be
improved to strengthen model credibility and facilitate practical
implementation.
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4.4. Model reliability

Model reliability is essential to ensure that ML predictions are
accurate, robust, and generalizable to unseen data. Research on
cementitious composites encompasses a wide range of experimen-
tal conditions and data distributions, depending on the specific
application context [255]. Consequently, an algorithm that per-
forms well in one scenario may fail in another due to overfitting
or limited generalizability. To mitigate these risks, rigorous hyper-
parameter optimization prior to training is required. Moreover, ML
models must undergo continuous monitoring, evaluation, and
updating through long-term data supplementation to maintain
their reliability and adaptability in practical engineering
applications.

5. Future innovations

In the future, the comprehensive integration of Al—driven by
advances in high-throughput databases, computational capabili-
ties, and algorithmic development—is expected to significantly
influence the development of cementitious composites throughout
their entire lifecycle (Fig. 21). This integrated framework enables
intelligent and green transformations at every stage.

(1) Raw materials phase. At this stage, raw material selection
can be optimized using large-scale databases that incorporate car-
bon footprint information. Ensemble models capable of predicting
engineering performance can be used to balance performance
requirements with carbon emissions, enabling the identification
of optimal low-carbon materials and promoting sustainability
from the earliest stage of the material lifecycle.

(2) New composite design phase. This phase benefits from a
fully digitalized design workflow that integrates predictive and
generative models. For example, by combining multiscale model-
ing (MD) with GNNs, structural images can be generated directly
from detailed compositional information and subsequently used
for performance prediction. Iterative improvements achieved

optimal low-carbop,

Non-gestructive &
®fiicient evaluatio®

Fig. 21. Prospects for an intelligent and green lifecycle of cementitious composites.
DRL: deep reinforcement learning; DBO: deep bayesian optimization; PSO: particle
swarm optimization; NSGA: non-dominated sorting genetic algorithm; GBT:
gradient boosting tree; MD: multiscale modeling; BIM: building information
modeling; TCN: temporal convolutional network; RNN: recurrent neural network;
LSTM: long short-term memory; IoT: Internet of things.
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through this digital loop support comprehensive data-driven
research and innovation in composite material design.

(3) Preparation and production phase. The ML models that
link preparation processes to performance metrics can guide the
optimization of manufacturing procedures. By quantifying the
influence of individual processing steps, high-impact and scalable
processes can be strategically refined. For instance, ML-assisted
building information modeling (BIM) and 3D printing can be used
to optimize printing paths and process parameters, thereby
improving production efficiency and construction quality through
intelligent methods.

(4) Performance evaluation phase. In this phase, nondestruc-
tive testing techniques enable efficient assessment of material per-
formance. Models based on CNNs and transformer architectures
with feature fusion can be trained using image data from multiple
sources. By rapidly correlating surface imagery with performance
indicators, evaluation becomes faster and more reliable, reducing
the need for destructive testing and improving overall assessment
efficiency.

(5) Service monitoring phase. Long-term performance moni-
toring can be enhanced through intelligent sensing devices that
detect signals related to material health, such as cracks or defor-
mations. When combined with models that link signal features
to performance characteristics, these systems enable continuous
and automated structural health monitoring. The integration of
long short-term memory (LSTM), recurrent neural network
(RNN), and temporal convolutional networks (TCNs) supports
real-time data analysis from Internet of things (IoT) sensors, facil-
itating proactive maintenance and extending service life.

(6) Waste disposal phase. In waste management, advanced
models capable of recognizing and evaluating particle morphology
can be developed to assess recyclability. By integrating these
insights into comprehensive material property databases, intelligent
systems can support waste classification and processing. For exam-
ple, deep reinforcement learning (DRL) and deep Bayesian optimiza-
tion (DBO) can be applied to automate waste sorting and recycling,
ensuring high-quality recycled materials and maximizing reuse
value. This approach promotes efficient waste management, sup-
ports a circular economy, and minimizes environmental impact.

Overall, this integrated Al-driven framework has the potential
to enhance the performance and sustainability of cementitious
composites across their entire lifecycle, while driving a compre-
hensive transition toward intelligent and green practices in the
construction materials industry.

6. Conclusions

This review systematically examines the potential of ML to
advance cementitious composites toward intelligent and green
lifecycles. The main contributions of this review are summarized
as follows:

(1) A foundational knowledge bridge is established by clarifying
core ML concepts, workflows, and terminology in an accessible
manner for researchers without specialized Al expertise.

(2) A novel data-centric taxonomy is proposed, organizing
existing research into a four-quadrant classification framework
based on input and output data types. This framework is supported
by a quantitative analysis of 120 representative studies, and com-
plemented by illustrative case examples.

(3) The contributions of the four quadrants in green and intelli-
gent design are examined by mapping ML advancements onto the
composition-structure-process—property paradigm.

(4) A practical challenge-solution matrix is presented, which
identifies key barriers to real-world deployment and proposes tar-
geted solutions at the technical, methodological, and practical
levels to facilitate broader implementation.
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Collectively, this review helps reduce the knowledge gap
between Al and materials science and expands the application
scope of ML in cementitious composite research.

From the perspective of the four quadrants, the main contribu-
tions of ML for cementitious composites can be summarized as
follows:

(1) Non-image to non-image: ML enables material performance
prediction and inverse design, streamlining material development,
reducing resource consumption, and supporting the creation of
sustainable, high-performance cementitious composites.

(2) Image to non-image: ML excels in automated feature extrac-
tion from microstructural images, facilitating accurate material
classification and establishing correlations between microstruc-
ture and properties. These capabilities not only guide production
processes but also enable innovative nondestructive testing
methods.

(3) Image to image: DL demonstrates accurate performance in
the segmentation of complex microstructures and image recon-
struction, enhancing the understanding of microstructural features
and supporting structural damage detection.

(4) Non-image to image: Although still at an early stage, this
quadrant shows promise in generating visual representations from
nonvisual data, enabling data augmentation and reducing reliance
on experimental testing. Across all four quadrants, ML-driven
innovations advance cementitious composites by fundamentally
integrating the component-structure-process—performance rela-
tionships. This integration, manifested as intelligent material
selection, characterization, prediction, and inverse design, collec-
tively promotes the paradigm shift toward intelligent and green
lifecycles that is central to this review.

The comprehensive integration of Al with other emerging tech-
nologies is expected to further enhance the performance and sus-
tainability of cementitious composites across their entire
lifecycles. Looking forward, the proposed frameworks, including
the four-quadrant classification, can serve as foundational refer-
ences for developing standardized protocols in data collection,
model validation, and performance benchmarking. In addition,
insights into ML-driven carbon reduction may inform future poli-
cymaking and regulatory guidelines for sustainable construction,
thereby supporting the intelligent and green transformation of
the construction industry.
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