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Abstract

Accelerated global urbanization places multiple pressures on the cement concrete industry,
including resource consumption, carbon emissions, and solid waste disposal. Convert-
ing solid waste into construction materials offers a viable path towards its large-scale,
high-value utilization, driving the green, low-carbon transition of the construction sector.
However, solid waste concrete exhibits high-dimensional, multivariable, and strongly
nonlinear characteristics owing to coupled factors such as waste type, source, substitution
rate, mix proportions, and curing conditions. Consequently, traditional empirical methods
fail to meet engineering needs, particularly in efficient mix design, performance prediction,
and quality control. In conventional concrete research, predictive modeling has evolved
from classical algorithms to ensemble and deep learning frameworks, often optimized via
Bayesian optimization or genetic algorithms. Post-hoc interpretability methods such as
SHAP and PDP are widely applied to accurately predict compressive strength, identify
critical factors, reveal micro-mechanisms, and reconstruct empirical equations. In contrast,
research on solid waste concrete has focused heavily on data challenges stemming from
varied waste sources, including data heterogeneity, small sample sizes, and noise. In
this field, swarm intelligence algorithms (such as particle swarm, grey wolf, and firefly
algorithms) are commonly combined with ensemble models to improve prediction accu-
racy and engineering usability. However, limitations remain in data availability, feature
consistency, cross-material transferability, and practical engineering application. Future
research should leverage transfer learning, physics-informed neural networks (PINNs), and
in-situ monitoring to advance models from standalone prediction tools into transferable,
interpretable decision-support systems.

Keywords: concrete; solid waste concrete; machine learning; data-driven; performance
prediction; intelligent design

1. Introduction
The expansion of modern engineering construction is inseparable from the support of

cement concrete [1]. With the continuous development of population and cities, the demand
for production is still huge in the future. This trend has also made the problem of resource
consumption and carbon emissions more prominent [2–4]. International Energy Agency
(IEA) data show that the carbon dioxide emissions of the cement industry have accounted
for about 8% of the total anthropogenic carbon emissions worldwide, becoming the third
largest industrial emission source after the energy and transportation fields [5]. Under
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the goal of “carbon peak-carbon neutrality,” the cement industry is considered to be a key
industry with both emission reduction potential and difficulty because of its high emission
intensity, difficult substitution, and strong demand rigidity [6,7]. Concrete Zero Global
Policy Priorities 2026 released in February 2026 for the concrete initiative governments and
standard-setting agencies must abolish the old compositional restrictions and fully shift to
performance-based standards. It also calls for high-quality embodied-carbon data and a
clear upper limit of carbon emissions in large-scale projects such as transportation [8].

With the deepening of industrialization, the production of solid waste has been
at a high level for a long time. Its storage and disposal have become a difficult
problem restricting the utilization efficiency of resources and the safety of ecological
environment [9,10]. In order to promote resource recycling and green low-carbon trans-
formation, the State Council of China has pointed out the route of solid waste treatment
in the next few years in the latest policy documents such as the “Comprehensive solid
waste management action plan.” and realized the annual utilization of bulk solid waste
by 4.5 billion tons by 2030 [11]. From the actual situation, China’s industrial solid waste
resource utilization still faces structural and technical constraints. How to break through
the bottleneck of low utilization value, limited utilization, and insufficient added value of
solid waste has become a key issue to realize the green transformation of industry.

Among many disposal pathways, engineering construction materials are considered
one of the most practical options. They offer a realistic way to achieve large-scale and high-
value utilization of solid waste. Concrete boasts huge consumption, diverse components,
and high adaptability to raw materials. These characteristics create vast potential for the
synergistic utilization of various solid wastes [12]. From 2024 to the present, the standard-
ization of ‘solid waste-based building materials’ has been accelerated by global standards
bodies. Global standards bodies such as the International Organization for Standardization
(ISO) and the American Society for Testing and Materials (ASTM) are also accelerating the
development of uniform performance benchmarks for solid waste-based building materials.
The preparation of low-carbon concrete with solid waste instead of clinker has become a re-
search hotspot [13,14]. The reasonable design of solid waste concrete can consider multiple
performance and emission reduction targets [15–18]. However, the source of solid waste
materials is complex, and their physical and chemical properties fluctuate greatly, resulting
in a high degree of nonlinear characteristics in the reaction mechanism and performance
evolution of solid waste concrete systems. Different types of industrial solid waste have ob-
vious differences in chemical composition, mineral phase structure, and reactivity, and their
mechanisms of action in concrete systems are also different [19–23]. With the exponential
growth of the mixture ratio variable space, traditional test methods that rely on experience
or single-factor control have exposed the problems of high costs, long cycles, the ease with
which to fall into local optimum, and the inability to achieve simultaneous optimization of
multi-objective performance. It is difficult to support its rational design simply from the
material mechanism or empirical parameters [24]. Leveraging machine learning and big
data technologies, researchers are building intelligent models that bridge “solid waste com-
position, microstructure, and macro-performance.” This approach is emerging as a frontier
in breaking through traditional research frameworks [25,26]. Although big data-driven
algorithms show promise in materials research, their application to solid waste concrete
remains fragmented. Existing models suffer from limited generalization across diverse
material systems and engineering scenarios, while their predictions are often difficult to
reconcile with underlying physical mechanisms.

From the perspective of engineering application and decision support, this study sys-
tematically reviews the progress of machine learning in traditional and multi-component
solid waste concrete. We analyze the scope and limitations of various data-driven models
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across performance prediction, mix proportion optimization, key variable identification,
and mechanism interpretation. Furthermore, we compare their data requirements, gen-
eralization capabilities, and interpretability across different solid waste concrete systems.
Based on this, the main bottlenecks in translating these models into practical applica-
tions are identified, spanning data foundations, modeling methodologies, and evaluation
frameworks. This review provides a theoretical and methodological benchmark for the
intelligent design of low-carbon concrete incorporating multi-solid waste, laying the foun-
dation for a decision-support framework featuring interpretability, transferability, and
engineering applicability.

Literature Search Strategy: To ensure a systematic and transparent literature collection,
relevant studies were searched in the Web of Science, ScienceDirect, and CNKI databases
using combinations of keywords related to “machine learning,” “artificial intelligence,”
“concrete,” “solid waste,” “recycled materials,” “prediction,” and “mix proportion opti-
mization.” The search covered publications available up to September 2026. Studies were
included if they focused on the application of machine learning or data-driven methods to
concrete performance prediction, mix proportion optimization, durability assessment, or re-
lated research. Studies unrelated to concrete or machine learning, review articles, conference
papers, and studies lacking sufficient information on the investigated materials or modeling
methods were excluded. The retrieved literature was further screened based on titles, ab-
stracts, and full texts, followed by manual screening of the reference lists of relevant studies.
The selected studies were subsequently classified according to concrete type, the role of
solid waste in concrete, key performance parameters, machine learning models, and opti-
mization strategies. Detailed literature search and screening records can be provided upon
request. In this study, CiteSpace (version 6.4.R1) was used to analyze relevant publications
from 2016 to 2022 retrieved from the Web of Science (WoS). Figures 1, 7, and 10 correspond
to three search queries: (1) “Machine learning”\“Property prediction”\“Materials design”;
(2) “Machine learning”\“Concrete”\“Prediction”\“Mechanical properties”; and (3) “Solid
waste”\“Concrete”\“Mechanical properties”. The parameters were set as follows: the time
slice was set to 1 year, and “Keywords” was chosen as the node type. Nodes were selected
using the g-index criterion with k = 25. For network pruning, both Pathfinder and Pruning
sliced networks were applied, and cluster labels were generated using the Log-Likelihood
Ratio (LLR) algorithm.

2. Theoretical Basis and Model Comparison of Machine Learning
In recent years, the application of artificial intelligence (AI) in the field of engineering

materials has been increasing. According to the keyword co-occurrence network diagram
(Figure 1) of the Web of Science literature in the past five years, it can be found that it has
been widely used in the research of machine learning material performance prediction.

By training the existing data, rules can be extracted using machine learning models,
and these rules can be used to predict new unknown data. Traditional methods based on
empirical formulas or single-factor analysis are inefficient and are no longer suitable for
addressing rapidly developing technical needs. Machine learning provides an effective
way to solve such complex nonlinear problems in materials science because of its ability to
automatically extract potential rules from data [27]. Machine learning methods can be di-
vided into three categories according to the training data forms and feedback mechanisms:
supervised learning, unsupervised learning, and reinforcement learning (Figure 2). Super-
vised learning has a mature theoretical framework and high engineering applicability and
is regarded as the most widely used mainstream method in current material performance
prediction and optimization designs. This section systematically lists several representative
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classical, ensemble learning, neural network, and deep learning algorithms in supervised
learning and their internal operating mechanisms.

Figure 1. Citespace keyword co-occurrence diagram.

 

Figure 2. Machine learning classification.

2.1. Classical Machine Learning Model

Classical machine learning is one of the most mature branches in the field of artificial
intelligence and has the most comprehensive theoretical system. With complete statistical
theory and clear mathematical rules, it can efficiently extract key patterns from limited
material feature data and establish a strong explanatory-mapping relationship. This type
of model has significant advantages, such as fewer parameters and low computational
overhead, which are more in line with the actual computing power and application require-
ments in the current engineering scenario.
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(1) As one of the most representative classical algorithms in supervised learning, linear
regression (LR) performs numerical prediction by constructing a linear mapping
relationship between independent variables and dependent variables [28,29]. Linear
regression is often used to explore the linear correlation between a single factor and
the macroscopic properties of a material. However, in the face of significant nonlinear
coupling effects in complex material systems, it is difficult to describe high-order
interactions using LR. Therefore, it is usually used as a benchmark model to promote
the evolution of research on complex nonlinear models [30].

(2) Support vector machine (SVM) is based on statistical learning theory and struc-
tural risk minimization (SRM) principle. It maps the nonlinear problem in a low-
dimensional space into a high-dimensional feature space through a kernel function
and finds an optimal hyperplane that can maximize the distance between categories,
so that different categories of data can be effectively distinguished. Figure 3a shows
the geometric distribution of SVM for finding the maximum margin hyperplane and
its core elements [31–33]. In the classification task, the algorithm is embodied as
support vector classification (SVC), and the hyperplane is used to realize the accurate
division of different types of samples. In the regression prediction task, the algorithm
evolves into support vector regression (SVR), which brings fitting data points by
establishing fault tolerance. The complexity of the model is determined by a few
support vectors, and the generalization ability and robustness are excellent when
dealing with small samples, high dimensions, and noisy data; however, in the face of
large-scale samples, the training time cost of the underlying solution is higher.

(3) K-nearest neighbors (KNN) is a non-parametric instance learning method that does
not require explicit pre-training. In the face of new data points, the algorithm filters
out the nearest K known samples by calculating the spatial distance and then attributes
them to the largest category of these K neighbors using ‘majority voting’, as shown
in Figure 3b [33,34]. In the regression task, KNN generates predictions by averaging
the output of the neighboring samples. It is logically transparent, does not require
distribution assumptions, and is good at nonlinear problems, but the prediction
accuracy strongly depends on the K value selection and data standardization. Each
prediction requires a global distance calculation, resulting in low efficiency of large-
scale data and vulnerability to dimensional disasters in high-dimensional scenarios.

(4) Decision trees (DTs) construct a tree-like structure using root nodes, decision nodes,
and branches. Through this framework, the model effectively captures nonlinear
relationships between features and targets, as shown in Figure 3c. Although a single
decision tree is highly interpretable and computationally efficient, it is easy to overfit
when dealing with complex material data; therefore, it is often used as a base learner.
It is introduced into ensemble learning frameworks such as random forest (bagging)
or gradient boosting tree (Boosting) to suppress prediction fluctuations through
hyperparameter tuning and multi-model collaboration, thus exhibiting more robust
generalization ability in complex material systems.

The classical machine learning model relies on clear underlying logic and strong
physical interpretability. It provides a solid foundation for the numerical prediction of
material properties. Real material test data are frequently constrained by complex compo-
sitions, high-dimensional features, and nonlinear interactions. Under such conditions, a
satisfactory balance between prediction accuracy, computational cost, and generalization
cannot be easily achieved by any single model. To break through the inherent performance
bottleneck of a single algorithm, the current research path of material prediction has gradu-
ally evolved from a single model to multi-model collaboration. In this context, ensemble
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learning has been gradually developed in the research on material performance prediction
and reverse design.

  
(a) SVM classification (b) KNN classification 

 
(c) Decision tree structure 

Figure 3. Schematic illustrations of SVM, KNN, and decision tree [33,35].

2.2. Ensemble Learning Model

Ensemble learning reconstructs multiple basic ‘weak learners’ into ‘strong learners”
with excellent generalization ability through specific collaborative strategies. The prediction
bias and variance of a single model are effectively suppressed, showing stronger robustness
in the prediction of complex material systems. According to the different ways of generating
individual learners, the ensemble framework is mainly divided into two categories: the
parallelization method (bagging) represented by random forest (RF); and the serialization
method (boosting) represented by AdaBoost, XGBoost, and LightGBM.

(1) Random Forest (RF) is a non-parametric supervised learning algorithm based on
ensemble learning, as shown in Figure 4. It is primarily a forest system constructed
using multiple decision trees. Its working mechanism is mainly based on Bootstrap
Aggregating (Bagging) and random feature selection. The self-help method improves
the stability and predictability of the model by constructing multiple independent
weak learners in parallel and aggregating the prediction results of each learner into
strong learners using the mean value or voting to improve the model stability and
predictability [36]. RF can implicitly mine the complex coupling relationship between
multiple variables without a preset data distribution and use the built-in feature
importance mechanism to quantify the contribution of each material component to
performance, providing an intuitive reference for the material design.
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(2) AdaBoost (adaptive boosting) is a typical and widely used boosting method. It
integrates multiple weak classifiers with slightly better performance than random
guessing and constantly adjusts their weights to construct a strong classifier with
higher prediction accuracy [37,38]. Unlike the parallel mechanism of random forest,
AdaBoost uses a serial iterative framework to dynamically update the dual weights
of samples and weak learners and outputs the final prediction results by weighted
combination. The model has excellent performance in dealing with nonlinear data,
but it is sensitive to outliers and high noise, and over-fitting is easy to cause. At
the material application level, AdaBoost can indirectly evaluate the importance of
features by weight and quantitatively analyze the contribution of each component
to the macroscopic performance, thereby enhancing physical interpretability and
guiding mix proportion optimization.

(3) Gradient Boosting Decision Tree (GBDT) is a classical ensemble learning algorithm
based on the gradient boosting framework. It constructs a high-precision strong
learner by combining multiple weak decision trees [39]. Unlike AdaBoost, which
dynamically updates sample weights, GBDT is built upon a forward stagewise al-
gorithm. During serial iterations, each newly constructed tree is trained to fit the
negative gradient (i.e., the pseudo-residual) of the loss function from the previous
model. The model shows high prediction accuracy when dealing with complex non-
linear mappings and can flexibly handle multidimensional heterogeneous features.
By selecting different robust loss functions, its ability to resist outliers and high noise
is better than that of AdaBoost. At the material application level, GBDT accurately
models nonlinear mappings between complex mix proportions and macroscopic
properties, while simultaneously evaluating feature importance. This dual capa-
bility deepens the understanding of co-evolution mechanisms among multiphase
components, providing reliable guidance for formulating new materials.

(4) XGBoost, LightGBM, and CatBoost represent the three modern engineering vari-
ants of GBDT. By introducing targeted innovations to their underlying algorithms,
these frameworks further break through the limits of prediction accuracy and com-
putational efficiency. Designed as a deep extension of GBDT, XGBoost optimizes
its objective function through two key mechanisms. A second-order Taylor expan-
sion is utilized to accelerate convergence, while a regularization term is explicitly
included to rigorously limit tree complexity [40,41]. Through this mechanism, the
generalization capability and robustness of the model are significantly enhanced.
Consequently, small-sample and highly nonlinear problems in engineering materials
can be addressed more effectively. By accurately quantifying the contribution of
features, XGBoost successfully overcomes the inherent ‘black box’ limitation of pure
data fitting. Therefore, the prediction process is transformed into a material mech-
anism analysis with important physical reference values. LightGBM (Lightweight
Gradient Boosting) introduces a histogram discretization algorithm and a leaf-wise
mechanism, which makes up for the shortcomings of computing power and memory
caused by large-scale or multidimensional data sets [42]. This local deep exploration
strategy gives the model a stronger fitting depth and extreme computational efficiency
under the same iteration scale. However, for the common small-sample characteristics
in material tests, this mechanism is easy to cause over-fitting. In actual modeling,
strict tree depth constraints and regularization penalties must be applied to achieve a
balance between efficiency and accuracy. The main breakthrough of CatBoost lies in
the original ‘Ordered Boosting’ strategy and Oblivious Trees structure. The problem
of target leakage and prediction offset often encountered in traditional algorithms is
fundamentally solved. In addition, it can also directly analyze those category features

https://doi.org/10.3390/buildings16214265

https://doi.org/10.3390/buildings16214265


Buildings 2026, 16, 4265 8 of 48

quickly, eliminating the need to deal with cumbersome one-hot coding preprocessing
steps. In the field of engineering materials, this mechanism is extremely suitable for
processing modeling tasks containing multi-source heterogeneous information and
shows excellent anti-overfitting ability while ensuring stability.

 

Figure 4. Schematic illustration of random forest construction and prediction.

As the most widely used and stable algorithm for material performance prediction,
the ensemble learning algorithm system also has some shortcomings. In the ultra-high-
dimensional data scenario, its representation ability is insufficient, and it is particularly
difficult to effectively capture the internal complex topology and mapping relationship.
Artificial neural networks (ANNs) and deep learning models have multi-layer nonlinear
transformation structures and stronger representation abilities in high-dimensional spaces;
therefore, they have gradually gained attention in research.

2.3. Neural Network and Deep Learning Model

Artificial neural networks (ANNs) and deep learning systems (including deep archi-
tectures such as DNNs and CNNs) have built one of the core frameworks for modern
data-driven computing methods. This series of network models starts from the most ba-
sic neuron topology, realizes the efficient optimization of parameters by introducing the
backpropagation mechanism (BPNN), and gradually evolves into a deep and complex ar-
chitecture with a strong feature extraction ability. Although they have the same relationship
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at the bottom of the calculation logic, there are still different emphases on the depth of the
structure, specific connection mode, and respective application scenarios.

(1) Artificial neural networks (ANNs) are mathematical models that simulate the con-
nection mechanism of brain neurons. Their theoretical prototype is largely inspired
by the biological nervous system [43]. Its typical architecture is constructed based
on highly interconnected neuron nodes in the input, hidden, and output layers, as
shown in Figure 5 [44]. Through the role of multi-layer nonlinear mapping, an ANN
can infinitely approximate complex continuous functions. As the most classic fully
connected feedforward network, the multi-layer perceptron constitutes the most basic
structural form of this type of model.

(2) BPNN, the most popular representative of classical feedforward neural networks, ap-
proximates the complex mapping relationship between the input and output through
a multi-layer feedforward neural network structure [45]. Its core operational logic
consists of two stages: forward propagation, which computes predicted values using
weighted node connections and nonlinear activation functions, and backpropagation,
which dynamically updates the network weights and biases via gradient descent
based on the prediction error, thereby progressively minimizing the loss function.
Although the prediction accuracy of BPNN is often affected by the hidden layer
structure and hyperparameters, such as the learning rate, it is widely used in the
field of engineering materials to construct the complex mapping relationship between
multi-component parameters and macroscopic mechanical properties owing to its
strong deep self-learning ability, which supports the performance prediction and mix
proportion optimization of the materials.

(3) The Deep Neural Network (DNN) is also categorized as a nonlinear supervised learning
algorithm based on artificial neural networks. Through the construction of a deep
feedforward architecture with multiple hidden layers, complex mapping relationships
between input variables and outputs are effectively modeled [46]. Compared with the
previously mentioned BP neural network, DNN can automatically extract higher-order
and more abstract features in complex data by increasing the number of hidden layers.
However, an extremely deep network topology can easily lead to the risk of gradient
disappearance and overfitting. To maintain the stability of the architecture during actual
training, mechanisms such as L2 regularization, dropout, or early stopping are often
introduced. Although DNN has high requirements for data volume and computing
power and is often used as a ‘ black box ‘ model, it often needs to use post-attribution
tools such as SHAP to enhance interpretability. However, when establishing this deep
nonlinear mapping between material composition and macro performance, it still has
very obvious advantages, which provide strong technical support for the accurate
prediction and directional optimization of complex material systems.

(4) The CNN represents a specialized deep learning framework engineered for grid-like
data topologies (e.g., images and time-series sequences). Through local connections
and convolutional operations, spatial local features within the input data are adap-
tively extracted and hierarchically represented [47]. As shown in Figure 6, compared
with traditional fully connected networks, CNN innovatively introduces convolu-
tional and pooling layers. Relying on local connectivity and parameter sharing, it
accurately captures spatial local features while significantly reducing the compu-
tational overhead. In the field of engineering materials, CNN has opened up the
processing path of unstructured data, such that the microscopic physical and chemical
characterization of materials (e.g., microscopic pore and fracture images) can be di-
rectly analyzed, thus effectively establishing the deep correlation between microscopic
morphology and macroscopic mechanical properties.
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From classical machine learning models to ensemble learning models and then to
complex deep learning models, various algorithm models show different characteristics
and are suitable for diverse application scenarios. Classical machine learning has laid the
foundation for data pattern extraction and mapping relationship construction by virtue of
complete statistical theory and clear underlying rules; however, it is often limited in dealing
with complex nonlinear interactions. Ensemble learning effectively suppresses the bias and
variance generated by a single model in prediction by combining multiple weak learners
together for collaboration. The inherent performance bottleneck of the monomer algorithm is
broken, so it shows strong generalization ability and robustness when dealing with small
samples, high noise, and nonlinear data; deep learning relies on multi-layer architectures and
the backpropagation mechanism, and the limitations of shallow models in representation
are further broken through. It has the ability to adaptively analyze deep abstract features
directly from original high-dimensional data, and grid-like topological data, such as images
or sequences, can also be directly processed. To more intuitively show the differences in the
characteristics of various underlying algorithms, Table 1 compares the core advantages and
disadvantages of the above machine learning models and typical applicable scenarios.

 
Figure 5. Working principle diagram of artificial neural network.

 

Figure 6. Convolutional neural network working principle diagram.
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Table 1. The advantages and disadvantages of each machine learning model and the comparison of applicable scenarios.

Algorithm
Category Algorithm Name Structural Complexity and Feature

Extraction Capability Advantages and Applicable Scenarios Main Disadvantages

Classical Machine
Learning

Linear Regression
(LR) [28,29]

Extremely simple structure; relies on raw input data and
manually engineered features.

Simple, interpretable, and computationally efficient; suitable
for problems with approximately linear relationships.

Can only model linear relationships;
sensitive to outliers; prone to underfitting.

Support Vector
Machine (SVM)

[31–33]

Relatively simple structure; uses kernel functions to map
low-dimensional features into a high-dimensional space for

nonlinear modeling.

Performs well in high-dimensional spaces and has strong
generalization; suitable for small- to medium-sized datasets

and high-dimensional nonlinear classification tasks.

Slow to train on large datasets; sensitive to
missing values; kernel selection is complex.

K-Nearest Neighbor
(KNN) [33,34]

No explicit training structure; directly matches features and
performs classification based on spatial distance.

Intuitive concept and no separate training stage; has some
tolerance to outliers. Suitable for simple classification tasks

and baseline comparisons.

Computationally intensive; sensitive to the
dimensionality of the feature space.

Decision Tree [35] Tree-structured branching; provides basic partitioning of
the feature space.

Intuitive and highly interpretable; does not require data
normalization and can handle missing values. Suitable when

the decision logic must be explained.

Highly prone to overfitting; sensitive to
small changes in the data.

Ensemble
Learning

Random Forest
(RF) [36]

Bagging ensemble of multiple decision trees; provides
strong parallel feature extraction and robustness

to interference.

High accuracy and noise robustness; can handle
high-dimensional features and evaluate feature importance.
Suitable for high-dimensional classification and regression.

Training becomes time-consuming when
many trees are used; less interpretable than a

single decision tree.

AdaBoost
[37,38]

Sequentially ensembles weak classifiers and dynamically
adjusts their weights; can evaluate feature importance.

Strong nonlinear modeling capability; can quantify the
contributions of material components and guide

mix-proportion optimization.

Sensitive to outliers and high noise, which
can readily lead to overfitting.

GBDT [39] Sequentially combines weak decision trees, fits residuals
iteratively, and outputs feature importance.

Effective for multidimensional nonlinear mapping; suitable
for accurate mix-proportion–performance prediction and

analysis of component synergy.

Its core mechanism relies on sequential
iterative fitting of residuals.

Boosting Family
(XGB/LGBM/Cat)

[40–42]

Sequentially deepened ensemble structure; progressively
strengthens feature learning and residual fitting.

High accuracy; can handle missing values and support
parallel computation. Suitable for structured-data prediction.

Many parameters and complex tuning; prone
to overfitting on data dominated by noise.

Neural Networks
& Deep Learning

ANN/BPNN
[43–45]

Usually has a single hidden layer or a shallow hidden-layer
structure; performs shallow nonlinear mapping and relies

on the original input features.

Strong nonlinear fitting and adaptive capabilities; suitable for
small- to medium-sized, multidimensionally coupled, or

poorly bounded problems.

Requires substantial computational resources
and data; has a black-box nature and

limited interpretability.

DNN [46]
Deep architecture with multiple hidden layers and

substantially increased network depth; automatically
extracts and represents high-level latent features.

Can extract deep abstract features; suitable for large datasets,
high-dimensional problems, and complex systems with

unclear mechanisms.

Prone to vanishing or exploding gradients;
has a very large number of parameters and is

difficult to train.

CNN [47] Stacks convolutional and pooling layers to extract spatial
features through local connectivity and parameter sharing.

Provides local perception, parameter sharing, and translation
invariance; suitable for images and spatially structured data.

Complex architecture; generally less effective
for non-spatial data.
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3. The Application of Machine Learning Model in Conventional Concrete
The above machine learning models have been applied to material performance pre-

diction and reverse design. From classical models to ensemble learning models and
neural networks, they have been widely used in the performance modeling of vari-
ous metal materials [48–50] and multi-objective reverse design of complex material sys-
tems [51–54], effectively revealing the macro- and micro-mechanisms of hydrogen storage
materials [55–57]. Owing to its powerful high-dimensional characterization ability, the
artificial neural network not only realizes the accurate prediction of polymer properties [58]
and cross-scale physical mapping [59], but also overcomes the problem of small sample
modeling by combining physical equations [60]. Based on this, frontier generation mod-
els (such as ETR and WGAN) break through the exploration boundary of existing data
and successfully reverse-generate the mix ratio of new photocatalysts and multi-principal
element alloys under a very small sample [61,62], which promotes material research to
achieve a leap from passive prediction to active creation.

In the field of concrete, the material system has always been multiphase and multi-
component, and there is a strong nonlinear mapping relationship between its macroscopic
properties and mix ratio parameters [63–71]. In the past, the method of iteration back and
forth by empirical formulas and laboratory tests was not only long in cycle and high in
cost, but also difficult to completely describe the complex coupling effect between multiple
variables, such as the water-binder ratio, admixture type and dosage, and aggregate
characteristics. Machine learning, with its ability to autonomously mine complex patterns
from data, has been widely used in the fields of concrete mechanical performance prediction,
durability evaluation, and mix proportion optimization design [72–75]. By analyzing the
keywords of Web of Science concrete and machine learning in the past five years, the
time series evolution diagram of related keywords is sorted out, as shown in Figure 7. As
illustrated in Figure 7, machine learning applications in concrete research have evolved
significantly over the past five years. The paradigm has progressively shifted from classical
machine learning and basic neural networks to ensemble learning and deep learning.

Figure 7. Citespace keyword timing evolution diagram.
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3.1. The Application of Classical Machine Learning Model in Conventional Concrete

Because of its simple structure and strong interpretability, the classical machine learn-
ing algorithm is often used as a benchmark model or to solve specific small-sample nonlin-
ear problems in the early stage of concrete research; however, its application boundary is
also gradually emerging in more complex engineering scenarios.

(1) Basic modeling and data processing

At the basic modeling level, linear regression (LR), with its clear parameter weights,
is regarded as an intuitive tool for analyzing the linear relationship between concrete
compressive strength and the mix proportion. Concrete is a multiphase composite system
in which aggregates, paste, and the interfacial transition zone (ITZ) work synergistically.
Its strength development is governed by highly nonlinear physicochemical processes,
including hydration reactions, microstructural evolution, and the propagation of defects.
Linear regression is based on the assumption of independent linear superposition between
variables, which makes it difficult to capture the above-mentioned complex mechanism.
Therefore, it has been gradually replaced by nonlinear models in recent years [76]. In the
data preprocessing stage, the k-nearest neighbor (kNN) algorithm is widely employed
for missing value imputation owing to its strong capability for local similarity learning.
For concrete datasets with complex compositions and high rates of missing data, data
integrity is effectively restored using 10-nearest neighbor (10-NN) imputation, laying a
reliable foundation for subsequent refined modeling [77]. However, the kNN algorithm
exhibits clear limitations under sparse data distributions or when new sample features
deviate significantly from the existing training patterns. In such cases, effective neighbors
can hardly be identified using the “local similarity” strategy, and the prediction confidence
is markedly reduced.

(2) Performance evaluation in specific scenarios

When the nonlinearity between the target parameters and features is controllable,
algorithms such as support vector machine (SVM) and decision tree (DT) show high
accuracy and efficiency in specific scenarios. Taking the durability evaluation as an example,
in the classification and prediction of chloride ion penetration resistance of concrete, both
SVM and DT can achieve rapid determination of chloride corrosion resistance grade with
high precision, so as to better replace the time-consuming traditional experiment and
bring an efficient method to the durability evaluation in coastal high salt environment [78].
This kind of application shows that the classical model can effectively replace the time-
consuming traditional experiments such as electric flux method or RCM method in specific
classification tasks, and provides a fast and efficient technical means for the durability
evaluation of concrete structures in coastal high salt environment. Subsequent particle
swarm optimization (PSO) [79]. This kind of application shows that the classical model
can effectively replace the time-consuming traditional experiments such as electric flux
method or RCM method in specific classification tasks, and provides a fast and efficient
technical means for the durability evaluation of concrete structures in coastal high salt
environment [80].

(3) Applicable boundary of classical model

In the face of extreme service environments or highly complex material systems, the
classical model shows its limitations. In the study of the high-temperature compressive
behavior of C120 high-strength concrete and mortar, in the face of complex physical and
chemical evolution at high temperatures, the prediction accuracy of LR and support vector
regression (SVR) is not as good as that of traditional standard tabulation data, and the
shortcomings of kNN’s serious lack of generalization performance are also exposed [81].
Similarly, in the strength prediction (compressive and flexural) of steel fiber-reinforced
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concrete (SFRC), severe underfitting is exhibited by both linear regression (LR) and support
vector regression (SVR) due to their inability to capture deep nonlinear interactions among
mix proportion variables. Meanwhile, the “local similarity” strategy relied upon by kNN
is rendered ineffective when confronted with new feature combinations, owing to the
sparsity of experimental data [82]. In such complex problems with strong nonlinearity
and multi-factor close coupling, the classical model has reached the upper limit of its own
ability in terms of fitting accuracy and generalization performance.

From the above analysis, it can be seen that the classical machine learning method
does set up an early analysis framework for the prediction of concrete performance. These
methods still have certain application value for tasks with relatively simple data char-
acteristics and controllable nonlinearity. However, once a complex system with strong
nonlinearity and multi-factor deep interweaving, such as high temperature, high strength,
or fiber reinforcement, is entered, the classical model encounters a bottleneck in both fit-
ting accuracy and generalization performance. Driven by these requirements, ensemble
learning techniques with enhanced interaction modeling and generalization performance
have gained prominence. Consequently, they are now widely implemented as standard
solutions for such problems.

3.2. Application of Ensemble Machine Learning Model in Conventional Concrete

The limitations of these classical models have prompted the ensemble learning method
to become mainstream, as it can independently capture the nonlinear interaction between
variables quickly. Ensemble algorithms, such as gradient boosting regression trees, XGBoost,
and random forest, abandon traditional linear assumptions and show extremely high
accuracy and engineering value in concrete performance prediction [83].

(1) A high-precision prediction model that breaks through the traditional linear hypothesis

Ensemble algorithms have obvious advantages in dealing with nonlinear mapping and
can accurately capture the importance of complex variables. In the compressive strength
study, random forest (RF) and (boosted tree) models were applied. The researchers found
that the important properties of inconsistent variables in these captured data were effec-
tively captured by nonlinear models, resulting in the best performance [76]. For nano-silica
fiber-reinforced concrete (NS-FRC) with a complex composition, the traditional SVM and
artificial neural network (ANN) models were greatly exceeded by the XGBoost model in
terms of prediction accuracy, robustness, and computational efficiency [84,85]. In an acidic
erosion environment, for the fracture toughness of ordinary, glass fiber, and micro-silicon
reinforced concrete, by comparing the 12 machine learning models, the limit tree regression
(ETR) finally obtained the optimal prediction results [76]. In terms of interfacial bonding
and fracture properties, the high-precision prediction of the initial, ultimate, and residual
bonding stresses was greatly improved by using four mainstream integration algorithms:
RF, AdaBoost, GBRT, and XGBoost [86,87]. A novel CatBoost-based strength prediction
framework was developed by researchers by considering the intrinsic properties of su-
perabsorbent polymers (SAP). This study not only overcame the limitations of traditional
empirical regression methods and models based only on macroscopic porosity, but also
provided a screening process for mix-design recommendations for SAP concrete based
on strength requirements. This framework provides an important tool for the intelligent
design of concrete materials with high durability and low autogenous shrinkage [88].

(2) Performance jump and fine design combined with hyperparameter optimization

To further explore the potential of the i ensemble algorithm, Bayesian and other hy-
perparameter optimization techniques were introduced, which not only improved the
prediction upper limit of the model but also provided a new path for the reverse design
of materials. In the horizontal comparison of various ensemble algorithms, a Bayesian
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optimization model was introduced to significantly improve the prediction performance of
the combined stress [86]. The Tree-structured Parzen Estimator (TPE) within the Bayesian
optimization framework was integrated with XGBoost. Through this integration, highly
reliable and accurate optimal hyperparameter configurations can be identified at a rel-
atively low computational cost. On three different datasets, the prediction accuracy of
TPE-XGBoost comprehensively and significantly exceeded that of other mainstream, unop-
timized machine learning models [89]. Similarly, the Bayesian hyper-parameter-optimized
XGBoost model successfully achieved high-precision prediction of complex properties, such
as flexural strength, compressive strength, and compactness, in ultra-high-performance
concrete (UHPC). Based on this, the researchers proposed two types of UHPC fine design
ideas based on the XGBoost model, which were combined with a physical model and
genetic algorithm [90].

(3) From Model Interpretability to Explicit Equations

Machine learning has always been criticized for the ‘black box’ problem. Combining
the ensemble algorithm with interpretable technology, such as SHAP, this situation can be
effectively improved. This method clearly displays the complex physical coupling mecha-
nism hidden in the underlying layer. In contrast, the gap between the data-driven model
and the traditional engineering experience specification is eliminated, making the model
output an explicit physical formula that is easy to use. Using interpretability techniques,
researchers can analyze the internal mechanism of the model. This method not only im-
proves the prediction accuracy to a new level but also greatly enhances the interpretability
of the model on the physical layer, which clearly explains how different characteristic
variables couple to affect the mechanical behavior of concrete [89]. Similarly, in a corrosive
environment, a convolution-based ensemble deep learning algorithm combined with SHAP
was used to quantify the relative contributions of corrosion level, transverse reinforcement
ratio, and other factors to the predicted bonding performance of corroded reinforced con-
crete, providing a more transparent basis for interpreting the predicted residual bearing
capacity of corroded structures [91]. With further extension of interpretability techniques,
innovative applications have been spawned to directly convert machine learning models
into explicit physical equations. Previously, in predicting the bond strength between FRP
and UHPC, traditional empirical equations were often constrained by insufficient accuracy.
Meanwhile, high-precision machine learning models could hardly be directly converted
into practical engineering formulas. In response to this pain point, a breakthrough ‘ ma-
chine learning-guided canonical form equation ‘ hybrid framework was proposed. After
the ensemble model is trained, SHAP is used to break down its complex nonlinear pre-
diction into independent additive contributions from each parameter. Then, a nonlinear
function that follows physical and mechanical laws is fitted and seamlessly embedded
into the traditional ACI additive equation structure. This new explicit equation greatly
improves the prediction accuracy and successfully captures the hidden physical trends. At
the same time, it also retains the core advantages of the traditional standard formula, which
is transparent, simple, and can be directly calculated without running the algorithm [92].

However, SHAP-based post-hoc interpretation has several limitations. Highly cor-
related input features may make it difficult to distinguish their individual contributions,
potentially leading to biased attribution among correlated variables. Although SHAP can
characterize feature interactions, complex nonlinear and higher-order interactions may be
difficult to interpret in concrete mixtures with multiple interacting parameters. In addi-
tion, global SHAP importance reflects the overall contribution across the dataset, whereas
local explanations may vary considerably among individual samples, limiting the direct
generalization of local patterns. SHAP analysis also introduces additional computational
costs, particularly for complex models and interaction analysis. Moreover, SHAP results are
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sensitive to the underlying model structure, hyperparameters, and training data, and dif-
ferent models may yield different feature contributions. Therefore, SHAP results should be
interpreted as model-based associations rather than direct physical or causal mechanisms.

3.3. Application of Neural Network and Deep Machine Learning Model in Conventional Concrete

Research on concrete materials is continuously expanding towards micro-morphology
analysis. Consequently, concrete intelligent analysis methods with stronger nonlinear
capabilities are urgently required when massive high-dimensional data or complex feature
extraction tasks are involved. Artificial neural networks and their derived deep learning
models have gradually become another research focus and have evolved rapidly along the
path from basic networks to deep architectures.

(1) Construction and optimization of basic neural network

In the prediction of the mechanical properties of concrete, the BPNN is one of the
earlier models. Through the error backpropagation mechanism, the ability to approximate
any complex nonlinear function is theoretically provided by this algorithm. Therefore,
natural advantages are shown when the mapping relationship between the mix proportions
and macroscopic strength is established. In early research, scholars realized the prediction
of the compressive strength of specific types of concrete by constructing a BPNN model,
which preliminarily verified the feasibility of neural networks in this field [93]. To address
the problem that traditional BP networks easily fall into local minima, genetic algorithms
(GA) were introduced in subsequent research to optimize the initial weights and thresholds
of the network. Consequently, the strength prediction accuracy for ultra-high-performance
concrete (UHPC) was greatly improved. Furthermore, a new idea was proposed for reverse
mix design based on algorithm models [94]. Based on this, the GA-BP model was further
applied to explore the internal relationships between compressive strength and multiple
parameters, including sample side length, aspect ratio, and air content. According to the
fitting results, the prediction accuracy of the model was significantly improved after GA
optimization [95]. To further improve global optimization efficiency, the Logistic chaotic
mapping and a nonlinear inertia weight were introduced into the sparrow search algorithm
(SSA) [96], developing the Logistic chaotic sparrow search algorithm (LCSSA). Subse-
quently, an RF-LCSSA-BPNN collaborative model was constructed by coupling LCSSA
with the feature screening mechanism of random forest (RF). Compared with the traditional
model, this model shows a better convergence speed and prediction accuracy in dealing
with the multi-component complex nonlinear problems of high-performance concrete
(HPC) [97]. Similarly, when dealing with extreme environments such as high temperatures,
the BP-ANN calculation framework can capture the bond strength degradation law of FRP
bars and concrete interfaces with high precision, which reflects the good generalization
ability of the neural network [98]. A machine learning prediction system was developed for
the multi-performance mechanical properties of polyethylene fiber-reinforced engineered
cementitious composites (PE-ECC). In this study, three algorithms were used to predict
the mechanical properties of PE-ECC. Among them, the BPANN model showed the best
overall performance and was able to accurately describe the nonlinear relationship between
mix proportions and the ultra-high ductile mechanical response. When high-strength and
high-ductility PE-ECC is designed, strength should not be improved only by reducing the
water-to-binder ratio, as the ultimate tensile strain may be reduced. In engineering practice,
a high-performance water-reducing agent should also be used to ensure sufficient fiber
dispersion, so that a balance between ultra-high strength and ultra-high ductility can be
achieved [99].
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(2) Convolutional neural network and image-driven analysis

The integration of deep learning technology opens a new way for intelligent detection
of concrete based on image analysis and makes the application of machine learning in this
field more diversified. Researchers have proposed an automatic microstructure analysis
method for SEM images based on the U-Net convolutional neural network, which can
accurately segment different phases, such as aggregate, anhydrous cement, hydrated
cement, and pores, and provide a reliable basis for quantitative characterization of key
microscopic parameters, such as hydration degree and porosity [100]. Similarly, researchers
have proposed a physics-guided artificial intelligence framework that tightly integrates
image segmentation with key physical metrics in materials engineering (phase evolution,
pore refinement, and particle geometric evolution) to automatically characterize cement
hydration microstructures from X-ray µCT images, as shown in Figure 8 [101].

Figure 8. Physics-guided artificial intelligence framework [101].

In terms of macroscopic non-destructive testing, the MPaConvNet-SVR model was
constructed by combining CNN and support vector regression (SVR) (Figure 9). Through
this model, compressive strength can be quickly and non-destructively predicted using
only concrete surface images, while a certain level of interpretability is provided for the
decision-making process [102].

(3) The integration trend of deep learning and other methods

The research paradigm of deep learning (DL) in the field of concrete materials is
evolving into two significant trends. First, heterogeneous fusion is achieved between
deep networks and classical machine learning, such as through cascaded CNN and SVR
architectures. In this approach, the automatic feature extraction capability of deep learning
is combined with the stable convergence of statistical learning models. Second, new
topologies, such as the attention mechanism and gated recurrent unit (GRU), have been
gradually introduced. Through these structures, the limited focus of traditional networks on
multi-source heterogeneous information is resolved, and long-range temporal dependencies
can be effectively captured. The application of this type of composite strategy greatly
expands the representation dimension and adaptability of the model in analyzing the
nonlinear behavior of multiphase complex concrete systems.
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Figure 9. Optimization of CNN Models via the MPaConvNet-SVR Architecture.

However, the deep learning architecture requires extremely high data requirements
owing to its large parameter space. In the field of material testing, especially in the eval-
uation of special mix designs or extreme service conditions, it is often necessary to incur
high time and economic costs to obtain high-quality test data. Such datasets have the
characteristics of small samples and high dispersion. It is often difficult to reach the sample
threshold that drives the convergence of deep networks, and the risk of model overfitting is
easily caused. Therefore, the current application of deep learning in concrete engineering is
mostly focused on scenes with relatively abundant unstructured data, such as microscopic
image analysis and structural health monitoring. In data-constrained conventional mechan-
ical performance prediction and mixture ratio reverse optimization tasks, the ensemble
learning framework still occupies the mainstream position with excellent generalization
ability and anti-noise robustness under small sample conditions.

In summary, in the performance prediction of conventional concrete, research often
focuses on the deep mining of relatively clear and standardized material feature space.
Therefore, in the selection of numerical optimization algorithms, researchers have been
inclined to adopt mature algorithms with deep mathematical foundations and rigorous
optimization paths, such as Bayesian optimization and genetic algorithms (GA) (as shown
in Table 2). Such algorithms show high efficiency in the face of small samples or datasets
with stable feature distributions. They not only help the model avoid local optimal traps
but also gradually reduce the prediction error to ensure the fitting accuracy and stability of
the model. With the gradual expansion of research on micro-image analysis and dynamic
service-state evaluation, convolutional neural networks (CNNs) and their improved ar-
chitectures have also been widely used. Specifically, the feature extraction capability of
CNNs is combined with classical regression models, such as SVR, in some studies. Through
this combination, the end-to-end evaluation of non-destructive testing was successfully
achieved. Some studies have also introduced gated recurrent units (GRU) and attention
mechanisms (Attention) to correct multi-source sequence deviations and alleviate gradient
anomaly problems. This ensures that the model can still make high-intensity and accurate
judgments on the whole life cycle durability and multi-objective prediction under the
condition of limited data size.
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Table 2. Comparison of the advantages of the optimized model in concrete research.

Model Category Specific Model Introduced Algorithm Optimized Model Core Advantages in Solid Waste Concrete Research

Classical
Machine Learning SVM Particle Swarm Optimization (PSO) PSO-SVM [80]

Automatically optimizes the SVR penalty factor,
improving fitting and prediction accuracy; suitable for

predicting the mechanical properties of concrete.

Ensemble Machine
Learning XGBoost Bayesian Optimization (e.g.,

TPE algorithm)
Bayesian Optimization Ensemble

Model [87–90]

Efficient search with high accuracy and strong
generalization; suitable for accurate multi-objective

performance prediction with missing data.

Neural Networks &
Deep Learning

Neural Network (BPNN)

Genetic Algorithm (GA) GA-BP [94,95]

Avoids local optima in the BP network and improves
stability and accuracy with small samples; suitable for

mix-proportion–performance modeling
and inverse design.

Sparrow Search Algorithm
(LCSSA)\Random Forest (RF)

Feature Selection
RF-LCSSA-BPNN [97]

Balances global and local optimization, providing high
accuracy and low error; suitable for high-dimensional,

noisy concrete-strength prediction and
field assessment.

Convolutional Neural
Network (CNN) Support Vector Regression (SVR) MPaConvNet-SVR [102]

Combines deep feature extraction with regression for
nondestructive, end-to-end assessment; suitable for
concrete nondestructive testing and microstructural

image analysis.
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4. The Application of Machine Learning Model in Solid Waste Concrete
The utilization of solid waste concrete is of great significance in reducing the envi-

ronmental burden and promoting the construction industry to move towards low-carbon
transformation [103,104]. The keyword co-occurrence map of literature related to solid
waste concrete from 2022 to the present is shown in Figure 10. From this map, it is revealed
that the main research efforts in academia are still focused on evaluating mechanical prop-
erties and durability through traditional methods [103–113]. The application of machine
learning in this field is still in its infancy, and it is mostly aimed at a single solid waste
system, and the modeling research of multi-solid waste collaboration is even more scarce.
Although the solid waste concrete can learn from the conventional concrete model method,
the data characteristics are completely different. In view of this, this section will sort out
the modeling application status of different solid waste systems according to the three
types of industrial solid waste concrete, construction solid waste concrete, and other solid
waste concrete, to clarify the different needs of various solid waste materials in formulating
modeling strategies.

 
Figure 10. Cite space keyword co-occurrence graph.

4.1. Classification and Data Characteristics of Solid Waste Concrete

From the perspective of source properties and material characteristics, solid waste
concrete can be divided into three categories: industrial, construction, and other solid
waste concrete (Figure 11). There are fundamental differences in the role and mechanism
of action of the three types of solid waste in concrete, resulting in completely different
data characteristics. To more intuitively sort out the differences between them, Table 3
compares the characteristics of these three types of solid waste concrete from multiple
key dimensions.
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Figure 11. Categorization of Solid Wastes and Their Applications in Concrete Materials.

Table 3. The core characteristics of the application of different solid waste categories in concrete.

Solid Waste
Category Typical Materials The Core Mechanism

of Action
Core Data

Characteristics Modeling Difficulties

Industrial Solid Waste

Cementitious
materials/mineral
admixtures: fly ash,
steel slag, slag, coal

gangue, silica fume, etc.

Chemical activation
and micro-aggregate

filling effect

High non-linear
strength; relatively

controllable dispersion.

Synergistic and
interaction mechanisms

of multi-component
active materials.

Construction solid
waste

Aggregate replacement:
recycled concrete
aggregate (RCA),

crushed brick waste,
waste glass sand, etc.;

Cementitious materials:
finely ground glass
powder, recycled
concrete fines, etc.

Skeleton support and
pozzolanic activity

Extremely high
dispersion; significant

noise level.

Robust modeling and
uncertainty

quantification under
aggregate quality

fluctuations.

Other Solid Wastes

Reinforcing fibers:
electronic waste fibers,

waste rubber,
agricultural natural

fibers, etc.;
Cementitious
replacement:

agricultural biomass
ash (e.g., rice husk ash,

bagasse ash)

Fiber toughening,
localized pozzolanic

reaction, and pore
structure densification

Insufficient data
volume; large

variations in physical
properties.

Reliable modeling
under extremely small

sample conditions.

(1) Data characteristics and modeling challenges of industrial solid waste concrete
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Industrial solid waste is mainly used as cementitious materials or active admixtures,
and its chemical composition and mineral structure can be relatively controlled. The core
feature of this type of dataset is that nonlinearity is strong, but the data dispersion is
relatively low [89]. When building the model, the main challenge is to accurately grasp the
synergistic effect of various active materials, such as fly ash, slag, and steel slag, at different
curing ages. At the same time, physical and chemical laws, such as hydration kinetics,
should be integrated into data-driven algorithms. Through this integration, the inter-
pretability and extrapolation generalization ability of the model are significantly improved.

(2) Data characteristics and modeling challenges of building solid waste concrete

Construction solid waste is mainly used as an aggregate in concrete to provide a
physical skeleton support for concrete. The most prominent feature of this kind of data
is marked by the high variability in raw material quality. For instance, waste concrete
from different sources is often characterized by large differences in attached mortar content
and water absorption, by which a large amount of noise is introduced into the dataset.
Consequently, the internal relationships between mix proportions and final performance
can easily be concealed. In addition, the use of recycled aggregates also introduces multiple
interfacial transition zones, resulting in a significant increase in the complexity of the entire
system [114]. Therefore, when carrying out modeling, the main challenge is to extract
a stable mapping relationship from such highly discrete and noisy data and to make a
reasonable quantitative assessment of the prediction uncertainty caused by the fluctuation
of aggregate quality.

(3) Data characteristics and modeling challenges of other solid waste concrete

In addition to the aforementioned solid waste types, agricultural and electronic waste
have different physical and chemical properties from those of conventional concrete compo-
nents. Consequently, the existing theoretical framework is challenged to some extent [115].
From the perspective of datasets, such research generally faces a serious shortage of sam-
ples and scattered distributions. Simultaneously, there is still a broad extension space for
the related discussion of multi-type solid waste co-mixing. When building the prediction
model, the main challenges are overcoming the limitations of very small sample data
to establish a stable and reliable model and accurately characterizing the huge physical
property differences between special solid waste and the concrete matrix.

4.2. Application of Classical Machine Learning Model in Industrial Solid Waste Concrete

Classical machine learning models are mostly used as benchmark methods or pre-
liminary explorations for small-sample scenarios in the study of solid waste concrete.
Compared with the application of conventional concrete mentioned above, the shortcom-
ings of the classical model in solid waste systems are often exposed earlier. This issue is
primarily caused by the strong heterogeneity and compositional fluctuations of solid waste
materials. Consequently, linear hypotheses and local similarity inferences are ineffective
when dealing with datasets with high noise and strong variability.

(1) Application of classical machine learning model in industrial solid waste concrete

Industrial solid waste is the most concentrated type of solid waste in the application
of classical machine learning models, among which support vector machines and decision
trees are widely used. Support vector machines (SVM) demonstrated excellent general-
ization ability and high stability in predicting the performance of fly ash machines (SVM).
When compared with other algorithms, such as BPNN, the optimal cross-dataset generaliza-
tion advantage is shown by SVM. Furthermore, feature importance analysis was combined
to quantify and reveal how key components, such as SiO2, Al2O3, and alkaline activators,
drive compressive strength [116,117]. However, with the deepening of the discussion, the
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modeling work for such complex materials is no longer limited to the direct application
of a single algorithm but is more focused on the customization of the basic model and
the integration of multiple algorithms. A composite design framework was constructed
by combining an ensemble support vector machine (SVM) with the modified Andreasen
and Andersen (MAA) particle packing model. Through this framework, a green UHPC
with a 20% steel slag powder substitution rate was successfully developed. In dealing
with this kind of small and medium-sized dataset with clear characteristic variables after
preliminary screening by MAA physics, SVM is more robust than a complex ANN neural
network, and it is not easy to over-fit [118]. In intelligent prediction, excellent nonlinear
relationship capturing capabilities are demonstrated by decision trees (DT). Through this
method, powerful data-driven support is provided for the optimized mix design and appli-
cation of waste iron slag in green concrete [119]. In the study of the resource utilization of
copper mine tailings (CMT) as an auxiliary cementitious material in concrete, researchers
constructed a new hybrid model based on support vector regression (SVR), combined
with three metaheuristic optimization algorithms, namely the firefly algorithm (FFA) [120],
grey wolf optimizer (GWO) [121], and particle swarm optimization (PSO) (Figure 12), and
compared its performance with decision tree (DT) and random forest (RF) models. The
SVR-FFA hybrid model showed the highest prediction accuracy [122].

Figure 12. SVM Algorithm Framework Based on Metaheuristic Optimization [122].

(2) Application of classical machine learning models in construction solid waste and
other solid waste concrete

The value of the independent application of classical machine learning models in
building solid waste concrete is limited, which is mainly limited by the inherent defect
of insufficient generalization ability when dealing with high dispersion and high noise
data. In the study of partial or total replacement of natural aggregate by recycled concrete
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aggregate (RCA), some studies have used decision tree, KNN, and XGBoost to predict
the compressive strength (Fc) and splitting tensile strength (STS) of RCA concrete. The
results show that the decision tree is flat, the prediction ability of KNN is limited, and the
ensemble learning model XGBoost has more advantages [123]. Classical machine learning
models, such as KNN, SVM, and DT, show limitations such as parameter sensitivity and
limited generalization ability in complex nonlinear relationship modeling. However, the
parameters of a single model can be optimized by introducing intelligent optimization
algorithms to construct a hybrid machine learning model. Through this combination, the
prediction accuracy, stability, and generalization ability were significantly improved. In
developing new sustainable ultra-high-performance concrete (S-UHPC), local and solid
waste substitute materials, including waste glass powder (Re-WGP), micronized quartz
powder, and crushed desert sand, were utilized. Based on DT and SVM models, hybrid
machine learning models (such as DT-PSO and SVR-GB) were constructed to predict
material durability. Furthermore, SHAP sensitivity analysis identified the water-to-binder
ratio, cement content, and aggregate ratio as the most influential features in the model
predictions of durability indicators [124].

In general, the application frequency of single shallow machine learning models
such as SVM and KNN for evaluating the performance of construction solid waste and
other types of solid waste concrete is not high. This is because strong heterogeneity,
composition fluctuations, and surface defects are commonly found in solid waste ma-
terials. After these materials are added to concrete, the structures of the micro-pores
and the interfacial transition zone (ITZ) become complicated. Consequently, single mod-
els are often proven insufficient when dealing with such high-noise and high-variability
datasets [125,126]. Therefore, ensemble learning frameworks with better anti-noise perfor-
mance or neural networks with stronger feature extraction capabilities have been adopted
in most subsequent studies, together with various optimization algorithms for parameter
tuning. Through these approaches, the obstacles caused by data uncertainty were overcome,
and both the accuracy and stability of prediction results were further improved.

4.3. Application of Ensemble Machine Learning Model in Solid Waste Concrete

In the current study, the ensemble learning method exhibited outstanding performance
in capturing the complex nonlinear correlation between multiple variables and was robust
to high noise data. Therefore, it has gradually become the mainstream application method
in the field of solid waste concrete performance prediction. Compared with the modeling
applications for conventional concrete in Chapter 2, hyperparameter optimization algo-
rithms and interpretability analysis tools are more required by ensemble models when
applied to solid waste systems. Through this combination, the extra uncertainty caused by
compositional fluctuations in raw solid waste materials is better suppressed. Consequently,
the reliability of the prediction results was guaranteed.

(1) Application of ensemble machine learning model in industrial solid waste concrete

To address the modeling problem of multi-component synergy in industrial solid waste
systems, the boosting ensemble model represented by XGBoost and gradient boosting de-
cision tree shows better prediction accuracy than the classical model. Some researchers
have used the gradient boosting decision tree (GBDT) model to achieve a high-precision
performance prediction. Through sensitivity analysis, the physical laws that silica fume
enhances early strength and fly ash contributes to late strength were verified. Addition-
ally, the different effects of polypropylene fibers on tensile and compressive strengths were
revealed, providing data-driven theoretical support for optimizing complex cementitious
systems [127]. A forensic-based investigation optimization algorithm was developed to
predict the working performance and multiple mechanical strength indices of sustainable
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environmental protection concrete (CCWFS) containing foundry waste sand. A large amount
of literature data were collected for model training and validation. Using this data, the hy-
perparameters of AdaBoost were effectively optimized by the Forensic-Based Investigation
Optimization (FBIO) algorithm [128], which significantly improved the prediction accuracy.
Compared with traditional or single machine learning methods, such as SVM and RF, the
AdaBoost-FBIO model demonstrated superior generalization ability and reliability [128].
For durability prediction, three hybrid models, including SCSO-GBDT, SCSO-LGBM, and
SCSO-CatBoost [129], were developed by combining the sand cat swarm optimization (SCSO)
algorithm (Figure 13). These models were specifically developed to predict the carbonation
depth of fly ash concrete. By comparing with random forest, BP neural network, k nearest
neighbor, and other models, it was proven that SCSO-optimized ensemble learning achieves
the best prediction performance and the highest efficiency [129]. Further research has intro-
duced the Artificial Bee Colony (ABC) algorithm [130], a metaheuristic method, to perform
global optimization of hyperparameters. Studies show that although the ABC-optimized
Random Forest model achieves high predictive performance, it is affected by the initial
parameter boundaries and assumptions inherent to the ABC algorithm [131]. For solid waste
concrete with multidimensional mixed component data (including 16 features such as curing
temperature, sodium silicate, fly ash, and various oxides), the researchers systematically
compared the performance of XGBoost, CatBoost, LightGBM, and support vector regression
(SVR). The evaluation results show that the ensemble algorithms based on the boosting
framework exhibit excellent ability to capture nonlinear relationships and high stability, with
the XGBoost model performing the best. This study successfully confirmed the reliability of
advanced ensemble models represented by XGBoost and CatBoost in accurately evaluating
the mechanical properties of sustainable building materials [132].

(2) Application of Ensemble Machine Learning Model in Construction Solid Waste

One of the main problems with concrete made from C&D waste is the high variability in
the quality of the recycled aggregates. The ensemble algorithm model has become the main
method and research direction for solving this problem because of its anti-overfitting ability
and robustness to data-related noise. Previous studies have explored the long-term service
performance of recycled concrete in detail and systematically evaluated the applicability
of five common machine learning algorithms for predicting the creep behavior of recycled
concrete (RAC). Traditional empirical models struggle to accurately predict the drying shrink-
age of recycled aggregate concrete (RAC). To solve this problem, a study evaluated eight
machine learning algorithms, and XGBoost achieved the best baseline. Furthermore, key
features, including drying age, elastic modulus, water-to-binder ratio, and recycled aggregate
replacement rate, were identified using the SHAP method based on their contributions to the
model predictions. Accordingly, the whale optimization algorithm (WOA) was introduced to
optimize the hyperparameters of the XGBoost model. The constructed WOA-XGBoost model
provided better prediction accuracy than traditional empirical formulas [133]. In addition to
drying shrinkage as a deformation property, traditional empirical models also face challenges
of insufficient accuracy and poor generalization when evaluating the multidimensional dura-
bility of recycled aggregate concrete (RAC) under harsh environments, which promotes the
adoption of tree-based ensemble learning algorithms: for chloride penetration resistance in
marine or deicing salt environments, multidimensional features such as mixture proportions
and aggregate water absorption were screened by dimensionality reduction, and several
algorithms were integrated; it was found that the gradient boosting decision tree (GBDT)
model achieved the best accuracy in predicting the passed electric charge, water content was
identified as the most critical factor governing ion permeability, and a performance-based
mixture design method alongside a service life prediction framework was proposed [134];
regarding carbonation damage induced by atmospheric exposure, where traditional empiri-
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cal formulas based on diffusion laws suffer from limited generalization, a gradient boosting
regression tree (GBRT) model was developed based on a large dataset of accelerated and nat-
ural carbonation tests, and its predictive performance was found to significantly outperform
classic semi-empirical models, with carbonation depth shown to be mainly dominated by
exposure time, water-to-binder ratio, and concrete compressive strength [135]; furthermore,
focusing on freeze–thaw spalling damage in cold regions, the extreme gradient boosting
(XGBoost) model was confirmed to provide the highest generalization capability in predicting
the mass loss rate among various nonlinear models, optimal ranges of aggregate proportion,
water-to-cement ratio, and air-entraining agent dosage were suggested through model in-
terpretability analysis, and a graphical user interface was developed to enable convenient
interactive prediction of freeze–thaw durability [136]. From the above studies, it can be found
that ensemble learning algorithms represented by gradient boosting can effectively overcome
the nonlinear effects caused by defects such as high porosity and high water absorption of
recycled aggregates. While the complex internal structure–property relationships of recycled
aggregate concrete (RAC) are accurately captured, high-precision predictions are achieved
for deformation and multidimensional durability properties, including drying shrinkage,
chloride penetration resistance, carbonation resistance, and freeze–thaw resistance.

 

Figure 13. Ensemble Algorithm Model Constructed Based on the Sand Cat Swarm Optimization
(SCSO) Algorithm.

Large fluctuations are often observed in the mechanical properties of steel fiber-
recycled aggregate concrete (SFR-RAC), whereas traditional empirical models show low
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applicability and reliability. To solve this problem, machine learning technologies have
been widely introduced in current research. Consequently, an accurate dual-performance
prediction framework for both compressive and splitting tensile strengths was successfully
constructed. The study covered SVM, BP-ANN, AdaBoost, GBRT, and RF models. Through
a comprehensive comparison, it was found that GBRT performs well in predicting the
splitting tensile strength and overall stability, whereas RF and AdaBoost perform well
in predicting the compressive strength and overall accuracy control, and their prediction
errors can be controlled within a lower range. By integrating SHAP values with partial
dependence plots (PDPs), the nonlinear response patterns of concrete performance predic-
tions with respect to key parameters, such as the water-to-binder ratio, recycled aggregate
replacement rate, steel fiber content, and fiber length, can be further characterized. Accord-
ing to the quantitative analysis of the deep mechanism, the study not only overcomes the
modeling problem caused by the heterogeneity of materials but also provides a scientific
and reasonable optimization ratio interval and a very important design critical value for
practical engineering applications [137–139].

Extreme gradient boosting (XGBoost) and random forest were combined with SHAP
and PDP interpretability analyses for the resource utilization of waste bricks and tiles.
From a data-driven perspective, the mechanism by which the water-to-binder ratio affects
performance was explored. Furthermore, the optimal admixture ratio was identified
and verified [140]. In the study of recycled brick and tile (RBT) aggregates, the XGBoost
model was optimized using meta-heuristic algorithms such as SFO, HGS, and HBA, which
effectively alleviated the overfitting phenomenon and achieved high accuracy and stability.
Using SHAP analysis, it was found that test age, cement content, and total coarse aggregate
made relatively large contributions to the model predictions of concrete compressive
strength [141]. In a study on replacing coarse aggregates with waste glass aggregates (WGA)
to prepare environmentally friendly self-compacting concrete (SCC), the random forest (RF)
model exhibited higher regression accuracy and reliability than other machine learning
algorithms. Consequently, scientific guidance was provided for the efficient utilization of
waste glass in high-performance concrete. At the same time, in the study of waste glass
and recycled concrete aggregate (RCA) to jointly optimize the performance of concrete, the
XGBoost model shows excellent accuracy in predicting compressive strength, and SHAP
analysis revealed that cement content, water-to-cement ratio, and natural aggregate content
were the most important features in the model predictions of concrete strength [142].

(3) The application of ensemble machine learning models in other solid wastes

Ensemble learning has become a primary means of predicting the performance of
waste concrete. Although research on different solid wastes is scattered, it is generally
found that the ensemble model has a good effect on dealing with small sample data and
discovering complex nonlinear relationships. The introduction of bagasse ash (SCBA)
and rice husk ash (RHA) into concrete systems has become a feasible way to improve the
sustainable use of materials in research and development of agricultural waste recycling
and new environmentally friendly building materials. Ensemble machine learning (EML)
technology has been introduced into such multi-component complex systems. Through this
approach, an effective method was provided for accurately predicting material properties
and optimizing mix design. When exploring the application potential of SCBA lightweight
concrete, the random forest (RF) model based on the bagging ensemble method has ob-
vious advantages. It is superior to the traditional artificial neural network in predicting
the accuracy of new mixing and mechanical properties. It was successfully and efficiently
verified that the 10% SCBA substitution rate was the best solution for both microstructure
densification and carbon emission reduction benefits [143]. For the prediction of the com-
pressive strength of RHA environmentally friendly concrete with a larger data size, the
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state-of-the-art LightGBM based on Boosting integration strategy further demonstrated
the advantages over traditional regression models. Owing to the high architecture com-
patibility of ensemble tree models, SHAP analysis was successfully integrated into the
model interpretation. The results showed that the water-to-cement ratio and rice husk ash
(RHA) content made relatively large contributions to the model predictions of concrete
strength [144]. A study was conducted to predict the slump, compressive strength, and
splitting tensile strength of betel nut shell fiber-reinforced concrete (BNHF). Five ensem-
ble machine learning models were compared. The results show that the CatBoost model
performs best in predicting slump and compressive strength, with the highest prediction
accuracy and the lowest uncertainty. The XGBoost model stands out when predicting the
splitting tensile strength, showing the best generalization ability and stability [145]. In the
latest research, amorphous silicon-rich waste (SMW) produced by the decommissioning of
photovoltaic panels was also used to optimize the mix ratio of concrete. Combined with the
XGBoost prediction model and SHAP-based interpretation, the framework simultaneously
achieved maximum compressive strength, maximum waste utilization, and minimum
cement content [146].

4.4. Application of Neural Network and Deep Learning Model in Solid Waste Concrete

Compared with ensemble algorithm models, the application of neural networks and deep
learning in solid waste concrete is still in its infancy, and the related research results are fewer
than those of conventional concrete research. However, existing studies have preliminarily
verified its potential for capturing deep nonlinear features, which is more obvious when
dealing with a large amount of data or the need to fuse various types of information.

(1) Application of neural network and deep learning model in industrial solid waste

In the field of industrial solid waste, the ANN is the earliest basic deep learning model.
Some researchers used the ANN model to predict the compressive strength of fly ash con-
crete under different fly ash compositions, water quality days, and sulfate exposure periods.
Through sensitivity analysis, the ‘applicable boundary’ of the model is clarified; that is,
when the fly ash replacement rate is within 50%, the prediction is the most reliable. At the
same time, it can be found that the model prediction results obtained after training are in
good agreement with the actual data obtained from 162 experiments, which proves that the
neural network has good accuracy for small sample and multivariable datasets [147]. For
the durability design of solid waste concrete, researchers have introduced metaheuristic
algorithms, such as the Bat Algorithm (BA), Ant Colony Optimization (ACO) [148], and
Particle Swarm Optimization (PSO), into BPNN (Figure 14). The dual predictive model
optimized by PSO can provide forward guidance for rebar corrosion and concrete damage
failure time under saline-alkali environments, and its prediction accuracy is significantly
better than that of the unoptimized base model [148]. In the study of predicting the
compressive strength of molybdenum tailings concrete, the multi-layer perceptron (MLP)
model stands out with its excellent nonlinear relationship capture ability and achieves
the best comprehensive prediction performance. SHAP analysis further identified cement
content as an important feature in the model predictions of compressive strength. The
applicability of MLP in small sample complex mix proportion data is verified [149]. This
provides a reference for the high-value utilization of molybdenum tailings. In the study
of high-performance fiber-reinforced concrete (HPFRC) prepared by industrial cable recy-
cling stainless steel fiber (SFC), a deep neural network based on an improved gray wolf
optimizer (DNN-IGWO) was constructed to demonstrate excellent generalization ability
and prediction accuracy. IGWO retains the basic framework of GWO, while the search
strategy is improved. Not only the effectiveness of SFC in HPFRC is verified; a data-driven
framework is also provided for the future large-scale design of environmentally friendly,
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high-performance, and low-cost green building materials [150]. Furthermore, researchers
proposed a hybrid deep learning regression model based on a one-dimensional convo-
lutional neural network and long short-term memory (1D-CNN-LSTM), which utilizes
mix proportion parameters and curing duration to predict the compressive strength and
carbonation depth of fly ash (FA) concrete; this hybrid framework achieved outstanding
predictive results, as illustrated in Figure 15 [151].

 

Figure 14. BPNN Model Framework Based on Metaheuristic Algorithms.

 

Figure 15. 1D-CNN-LSTM Network Model and Its Predictive Performance [151].

(2) Application of neural network and deep learning model in construction solid waste

In solid waste recycling, the complex composition and high variability of solid waste
replacement aggregate concrete pose challenges. To address these challenges, key input
features, such as physical and chemical properties, were integrated, and better robustness
was demonstrated by artificial neural networks (ANN) compared with the traditional
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response surface method (RSM). The performance evaluation system for recycled materials
was significantly optimized [152–154]. In the study of construction and demolition waste
(CDW) as an auxiliary cementitious material, researchers used recycled concrete powder
(RCP) instead of cement and combined it with a polypropylene fiber to prepare sustainable
concrete. The dynamic impact strength was accurately predicted using static measure-
ment data obtained using an artificial neural network (ANN) [155]. Simultaneously, the
incorporation of solid waste particles affects the rheological properties of concrete, and a
quantitative analysis of this microscopic mechanism is often an important step to improve
the accuracy of model prediction.

In previous studies, key indicators, including water film thickness (WFT), paste film
thickness (PFT), and interstitial fluid viscosity, were measured. Using these parameters,
the shear thickening or shear thinning behavior in solid waste systems can be accurately
evaluated. Specifically, fine particles, such as fly ash, can play a filling effect to increase the
WFT, which significantly reduces the yield stress and slurry viscosity. With the introduction
of such multidimensional key features, including space, rheology, and image attributes, the
research focus has gradually shifted from relying solely on a single numerical input in the
early stage to deep mining of multidimensional features. In this process, convolutional neural
networks (CNN) are often used to deeply mine the deep coupling characteristics between the
aggregate replacement rate and strength, which is significantly better than traditional neural
networks in dealing with complex feature mining. In this process, convolutional neural
networks (CNN) are often used for deep mining of aggregate replacement. Some researchers
have further proposed a CNN-LSTM-ATT hybrid model based on the LSTM (Long Short-
Term Memory) model, with ATT referring to the attention mechanism. Compared with
CNN-LSTM, this framework dynamically weights input features by introducing an attention
mechanism, achieving high-accuracy prediction for both compressive strength and fatigue
life. At the same time, SHAP analysis showed opposite response patterns of recycled
aggregate content in the model predictions of compressive strength and fatigue life [156].
However, as far as the current situation is concerned, the application of deep learning in the
field of construction solid waste concrete is still insufficient. In particular, the use of image
recognition technology to detect the quality of recycled aggregates remains to be explored.

(3) The application of neural network and deep learning model in other solid wastes

For other solid waste, neural network technology is mainly used in biochar and rub-
ber asphalt concrete. From traditional artificial neural networks (ANN) to deep learning
models represented by deep neural networks (DNNs) and convolutional neural networks
(CNNs), related technologies have been widely used in the field of biomass industrial waste
resource utilization, and show good performance prediction and optimization potential.
Regarding the effect of palm oil fuel ash (POFA) as a cement substitute on concrete perfor-
mance, machine learning techniques such as artificial neural networks (ANN), combined
input neural networks (ANNX), and random forest (RF) have been applied in existing
studies. Through these technologies, multiple mechanical properties of eco-friendly con-
crete mixed with POFA were predicted and optimized. Consequently, the influence of
POFA on concrete properties was comprehensively evaluated [157,158]. The ANN model
also shows excellent prediction accuracy in predicting the effectiveness of oil palm shell
(OPS) lightweight aggregate concrete uniaxial compressive strength (UCS). In the study,
the optimal ANN model with a “6-13-3-1” double hidden layer structure was adopted,
demonstrating extremely high reliability and generalization ability. Specifically, the “6–
13–3–1” architecture indicates the number of neurons in each layer of the ANN, with 6,
13, 3, and 1 representing the input layer, the first hidden layer, the second hidden layer,
and the output layer, respectively. Through this architecture, a good balance between
network depth and overfitting was effectively achieved, and the prediction error was
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reduced to the lowest level [159]. To predict the compressive strength of rubber concrete,
a new method based on a convolutional neural network and long short-term memory
network combined with an attention mechanism (CNN-LSTM-ATT) was proposed. In
this approach, an enhanced firefly algorithm (EFA) with chaotic initialization was used
for hyperparameter optimization. The resulting hybrid model achieved higher accuracy
and better stability compared to traditional machine learning methods. Further, SHAP
analysis showed that coarse aggregate content, rubber content, and concrete age made
relatively large contributions to the model predictions of compressive strength. This study
shows that deep learning and bio-inspired optimization are effective for solving complex
nonlinear material problems. The above work preliminarily verifies the high efficiency
of deep learning and bionic optimization in capturing the complex nonlinear behavior of
solid waste concrete. However, due to the small data set, the deep learning method has not
been widely expanded to more types of solid waste concrete.

Based on the above studies, the roles of different solid wastes in concrete were associ-
ated with differences in their machine learning applications. Several representative studies
were selected and are summarized in Table 4. It can be seen that the dataset sizes varied
greatly among different studies, indicating that the current machine learning research on
solid waste concrete still has an imbalance in data size. In terms of model applications,
relatively high prediction accuracy was obtained in most studies, with R2 values above
0.90 in the test sets or the reported prediction results. However, most existing studies have
focused on mechanical properties, especially compressive strength, while relatively few
machine learning studies have been conducted on key durability-related properties such
as pore structure, chloride penetration, and carbonation. Therefore, future studies should
further consider the different roles of solid waste in concrete, extend machine learning
applications to multiple performance indicators, and develop more systematic methods for
the performance prediction and optimization of solid waste concrete.

Simultaneously, it was found that, compared with conventional concrete, solid waste
concrete datasets usually show high dimensionality, strong noise, and high nonlinearity
owing to the different sources of waste materials and the variations in their composition. In
the complex feature space formed by multi-component synergies, the optimization routes
of models were altered, and heuristic swarm intelligence algorithms with global search
capabilities were widely introduced to escape local minima traps. As shown in Table 5, the
firefly algorithm (FFA), gray wolf optimizer (GWO), bat algorithm (BA), and sandcat swarm
algorithm (SCSO) are widely used in SVR, RF, GBDT, and other basic models. Owing to
the good positive feedback mechanism and anti-interference capability of these algorithms,
high-noise experimental data were processed smoothly. Meanwhile, clear applicability was
demonstrated in the global optimization of new material mix proportion spaces and the
mapping of macroscopic parameters. In the framework of deep learning, in the face of more
complex micro-morphology and long-term evolution of solid waste materials, the improved
network based on CNN reflects different emphasis directions. In conventional concrete
research, the GRU structure is commonly used. In contrast, the integration of CNN with
long short-term memory (LSTM) and attention mechanisms is more frequently preferred in
the field of solid waste concrete. In this CNN-LSTM-ATT architecture, key information was
focused on through dynamic weighting of the attention mechanism, and complex long-term
time-series dependencies were effectively handled by the fine gating mechanism of LSTM.
Through this process, the deep fusion of multiple microstructural features was successfully
achieved. Consequently, a dynamic joint high-precision prediction for multiple service
indicators was realized. The advantages of each optimized algorithm for multi-component
solid waste concrete are summarized in Table 5.
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Table 4. Machine Learning Applications of Solid Wastes with Different Roles in Concrete.

The Role of
Solid Waste

Typical Solid Waste
Materials

Optimal
Dosage/Substitution Rate Dataset Size Input Features Output Targets Optimal Model Predicted Performance

Aggregate

RCA [137] ≈30% 465 (CS); 339 (STS) Cement, W/B, Sand, CA,
r, Vf, Df, Lf CS; STS AdaBoost; GBRT

CS: R2 = 0.924, RMSE = 3.872 MPa,
MAE = 2.624 MPa, MAPE = 5.277%; STS:

R2 = 0.946, RMSE = 0.523 MPa

RCA [138] <70% 324 Cement, W/B, Sand, CA,
r, Vf, Df, Lf CS; STS RF; GBRT CS: R2 = 0.915, MAPE = 6.1%;

STS: R2 = 0.877, MAPE = 10.8%

Recycled brick and tile
[141]

Coarse aggregate ≤25%;
fine aggregate ≤50% 393

C, W, TCA, B-CA, T-CA,
O-CA, TFA, B-FiA, T-FiA,

O-FiA, Age
CS XGB R2 = 0.985, RMSE = 1.539 MPa,

MAE = 0.849 MPa, MAPE = 4%

Binder

Steel slag powder [118] <20% 168 Cement, SF, FA, Sand,
SFiber, Water, SP CS SVM R2 = 0.88, RMSE = 12.7 MPa,

MAE = 9.13 MPa;

Copper mine
tailings [122] ≈15% 1061 C, FA, BFS, W, FiA, CoA,

CMT, SP, Age CS SVR-FFA R2 = 0.96, RMSE = 1.94 MPa,
MAE = 0.94 MPa

SCBA [143] ≈10% NR SCBA replacement,
Curing age CS RF Overall: R2 = 0.989; CS: R2 = 0.9797,

RMSE = 0.926 MPa, MAE = 0.672 MPa

RHA [144] 0–66.67% 348 FiA, SP, W/C, RHA, CA CS LightGBM R = 0.998, RMSE = 1.711 MPa,
MAE = 1.188 MPa, RRMSE = 0.029

Fiber

JF [140] 0.5% NR
W/B, Cement, Waste

brick powder, Jute fiber,
CA, FiA, Water, Age

CS; STS RF R2 = 0.957

BNHF [145] 1% 119
BNHF, Fiber content,
Fiber length, W/C,

Cement, FiA, CA, W, Age
Slump; CS; STS CatBoost;

XGBoost

Slump: CatBoost, R2 = 0.989,
RMSE = 2.116 mm; CS: CatBoost,

R2 = 0.918, RMSE = 1.986 MPa; STS:
XGBoost, R2 = 0.862, RMSE = 0.406 MPa

Abbreviations: C, cement; W, water; CA, coarse aggregate; FiA, fine aggregate; TCA, total coarse aggregate; TFA, total fine aggregate; B-CA, crushed brick in coarse
aggregate; T-CA, crushed tile in coarse aggregate; O-CA, other materials in coarse aggregate; B-FiA, crushed brick in fine aggregate; T-FiA, crushed tile in fine
aggregate; O-FiA, other materials in fine aggregate; W/B, water-to-binder ratio; W/C, water-to-cement ratio; RCA, recycled coarse aggregate; CMT, copper mine
tailings; SCBA, sugarcane bagasse ash; RHA, rice husk ash; BNHF, betel nut husk fiber; FA, fly ash; SF, silica fume; BFS, blast furnace slag; SP, superplasticizer; Vf,
fiber volume fraction; Df, fiber diameter; Lf, fiber length; Age, test age; CS, compressive strength; STS, splitting tensile strength; NR, not reported.
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Table 5. Comparison of the advantages of the optimized model in the study of solid waste concrete.

Model Category Specific Model Introduced Algorithm Optimized Model Core Advantages in Solid Waste Concrete Research

Classical Machine
Learning

SVR Firefly Algorithm (FFA) SVR-FFA [122]
Automatically searches for optimal parameters and enhances

nonlinear mapping; suitable for strength prediction with
multicomponent solid waste mix proportions.

SVR Grey Wolf Optimizer (GWO) SVR-GWO [122]
Robust with strong local-search capability; suitable for durability

assessment and fine-tuning of mix proportions for noisy solid waste
concrete data.

DT/SVR Particle Swarm Optimization
(PSO)/Gradient Boosting (GB)

DT-PSO/SVR-GB
[122,124]

Improves parameter stability and generalization when base models
are used to model complex nonlinear relationships.

Ensemble Machine
Learning

RF Artificial Bee Colony (ABC) ABC-RF [131,160] Simple structure, fast convergence, and high efficiency; suitable for
predicting durability and other properties of solid waste concrete.

AdaBoost Forensic-Based Investigation
Optimization (FBIO) AdaBoost-FBIO [128]

Optimizes hyperparameters and improves generalization and
prediction reliability; suitable for evaluating the mechanical

properties of solid waste materials from new sources.

GBDT/LGBM/CatBoost Sand Cat Swarm Optimization
(SCSO)

SCSO-GBDT/SCSO-
LGBM/SCSO-CatBoost [128]

Effective for complex nonlinear degradation prediction; suitable for
long-term durability assessment and mechanism analysis of solid

waste concrete.

XGBoost Meta-heuristic algorithms such
as SFO/HGS/HBA/WOA

Heuristic-Optimized
XGBoost [133,141]

Reduces overfitting, improves accuracy, and identifies key variables;
suitable for nonlinear modeling of multiphase solid waste concrete.

Neural Networks
&Deep Learning

BPNN Bat Algorithm (BA) BA-BPNN [148,161] Enhances global search through frequency adjustment; suitable for
optimizing multidimensional solid waste concrete mix proportions.

BPNN Ant Colony
Optimization (ACO) ACO-BPNN [148,162]

Uses positive pheromone feedback for robust search; suitable for
multi-objective mix-proportion and preparation-route optimization of

solid waste concrete.

DNN Improved Grey Wolf
Optimizer (IGWO) DNN-IGWO [150]

Efficiently searches hyperparameters and network architectures, with
high stability and strong generalization; suitable for modeling large

solid waste concrete databases.

CNN Long Short-Term Memory
(LSTM)/Attention Mechanism NN-LSTM-ATT [156]

Dynamically focuses on key features through the attention
mechanism, enabling microstructural-feature fusion and joint

prediction of multiple service-related indicators.
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In conventional concrete research, a comprehensive data system and testing standards
have been accumulated. Consequently, model training was rapidly carried out in a unified
and standardized data environment. Although various solid waste materials (such as
industrial, construction, and other solid wastes) were introduced, the data organization
method of solid waste concrete databases still largely followed the traditional database
structure. In this structure, the selection of core variables (such as water-binder ratio, com-
position of cementitious materials, aggregate particle size distribution, and curing regime)
was kept consistent. Based on this, characteristic parameters of solid waste materials were
further added. Through this integration, comprehensive data coverage and the optimiza-
tion of concrete performance evaluation were successfully achieved. The application of
machine learning in the field of solid waste concrete is slower than that of conventional
concrete, but its model development is also the same as the former. From the initial simple
machine learning technology to the current ensemble machine learning, deep learning,
and integration of professional knowledge-oriented model, showing a deeper and more
complex trend.

5. Research Status Summary, Challenges and Prospects
After years of development, a relatively complete theoretical framework has been

established for applying machine learning to conventional concrete. In this framework,
ensemble models, hyperparameter optimization techniques, and SHAP value analyses
were integrated. Consequently, a smooth transition from classical algorithms to deep
learning was achieved and further improved. However, owing to the high noise levels and
scarcity of high-quality data in solid waste systems, the application boundaries of classical
models and deep learning in solid waste concrete are significantly narrowed. Instead,
ensemble models represented by XGBoost and Random Forest, combined with various
meta-heuristic algorithms, have been widely recognized as mainstream in this field. Across
both domains, most current studies have focused on evaluating the compressive strength
of materials, while long-term service performance has been largely neglected. Most current
waste management systems for intelligent analysis are designed only for single-component
treatment. Collaborative modeling among different types of waste has rarely been studied,
leaving a significant gap in practical engineering needs. A comparison of the research
depth regarding machine learning applications in traditional and solid waste concrete is
presented in Table 6.

As machine learning models are increasingly applied to solid waste concrete, several
issues also require further consideration. Due to the high data noise and limited high-
quality data in solid waste systems, the direct transfer of these models to new solid waste
concrete systems should be treated with caution. Prediction uncertainty, extrapolation risk,
and model applicability should be carefully considered. Confidence intervals, Bayesian
uncertainty analysis, and ensemble model variance can be used to assess prediction relia-
bility. When new material characteristics or experimental conditions fall outside the range
of the training data, model extrapolation may lead to unreliable predictions. Therefore,
the applicability domain should be evaluated before model transfer to avoid the blind
application of models beyond their validated range.
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Table 6. Comparison of research status of machine learning in the field of traditional and solid
waste concrete.

Conventional Concrete Field Solid Waste Concrete Field

Mainstream Model
Paradigm

Experienced three stages: classical foundation, ensemble
mainstreaming, and deep extension. The collaborative

framework of ensemble models, hyperparameter
optimization, and SHAP analysis was most mature;

Bayesian optimization and genetic algorithms were mostly
preferred for optimization algorithms.

Ensemble models served as the recognized mainstream
paradigm. Hyperparameter optimization strategies

were more heavily relied on, and meta-heuristic
algorithms were widely introduced for

global optimization.

Application Positioning
of Classical Models

Provided introductory frameworks and baseline methods.
In strong non-linear systems such as high-temperature
environments, high strength, and fiber reinforcement,
fitting capacity and generalization performance were

noticeably insufficient.

Application boundaries were narrower than in
traditional domains. Independent value remained in
industrial solid waste; in construction and other solid
wastes, coping with high noise and high variability

was difficult.

Focus of
Interpretability (SHAP)

SHAP revealed the coupled influence mechanisms of
water-binder ratio, curing age, and

component compositions.

SHAP emphasized chemical-driven mechanisms in
industrial solid waste, while physical-driven

mechanisms were prioritized in construction waste.

Application Intensity of
Deep Learning

Development was in-depth, extending automatic feature
extraction and end-to-end learning. Architectures covered

BP networks, CNN (and deep architectures integrating
attention mechanisms and GRU).

Constrained by the scarcity of high-quality
experimental data, conditions for large-scale

applications were temporarily lacking. BP networks
and MLP were dominant, while CNN and LSTM were

rarely explored.

System Coverage and
Data Foundation

Mainly built on data foundations of conventional concrete
and single- or multi-component modified concrete, leaving

room for expansion into solid waste systems.

Single solid wastes were predominant. Binary blending
of identical solid wastes, cross-category solid waste

synergy, and systems with three or more components
were relatively rare.

Performance Indicators
and Research Focus

Highly concentrated on mechanical properties. Shrinkage,
creep, and other long-term performance and service life

predictions were lacking.

Compressive strength was the mainstream. Predictions
for workability and durability were insufficient.

5.1. Potential Challenges

In conventional concrete performance evaluation and mix proportion optimization
design, machine learning technology has obvious advantages and has formed a relatively
mature design scheme. For recycled concrete from solid waste, there are increasing methods
of machine learning assistance; however, the research is still relatively small and has a
limited scope. At present, there are two main challenges in the research on waste concrete.

(1) Data insufficiency and heterogeneity

The total amount of experimental data for solid waste concrete was much smaller than
that for conventional concrete. Currently, these data are highly concentrated in two systems:
fly ash concrete and recycled coarse aggregate concrete. In contrast, data scarcity was clearly
observed for solid wastes, such as steel slag, coal gangue, waste glass, and biomass ash.
In terms of performance indicators, the compressive strength data are far more than the
durability and long-term performance data, and the laboratory data are far more than the
engineering measured data, resulting in a serious narrowing of the performance dimension
covered by the model. Significant differences were found among various solid wastes in
chemical composition, mineral structure, and physical properties. Through this diversity,
the material reactivity in cement-based systems was directly affected. Consequently, the
variation laws of macroscopic mechanical properties and durability became difficult to
grasp. Therefore, universal performance prediction models or unified mix proportion
design methods were difficult to establish across different solid waste materials. Even
for the same type of solid waste, performance fluctuations can easily occur owing to
differences in sources, processing methods, and mixed components. Through these factors,
the discreteness and uncertainty of research results were further increased. At the same
time, because raw solid waste materials come from diverse sources, consistent standards
are often lacking among research teams in material classification, experimental testing
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procedures, and data statistical methods. As a result, strong heterogeneity was observed
in the collected datasets. This difference is not only reflected in the specific numerical
distribution but also in the definition of variables. For example, the representation method
of dosage has various forms, such as mass fraction, volume ratio, and substitution rate,
which brings practical difficulties to data integration and model training.

In addition, the high heterogeneity of data sources places higher requirements on data
splitting and validation in machine learning models. Data from the same literature source,
material batch, or experimental study may have similar raw material characteristics, testing
conditions, and testing methods. If these data are randomly divided into training and
test sets, data from the same source may be included in both sets, resulting in potential
data leakage and an overestimation of model performance. Therefore, in future machine
learning studies of solid waste concrete, the grouping characteristics of data sources should
be considered. Group-based data splitting strategies based on literature source, material
batch, or experimental study should be adopted, and cross-validation methods such as
leave-one-study-out validation should be considered when appropriate. In this way, the
generalization performance of the models can be evaluated more realistically.

(2) The feature system is not unified

In recent years, transfer learning and domain adaptation have gradually been used
to address the differences in data distributions and the lack of target data in material
property prediction. Previous studies have shown that feature-based, instance-based, and
parameter-based domain adaptation methods can improve the prediction performance
for out-of-distribution materials to some extent, but their performance is affected by the
differences between the source and target domains [163]. Few-shot transfer based on
transfer component analysis (TCA) has further shown that knowledge can be transferred
between different material systems by reducing the distribution difference between the
source and target domains and using a small amount of target-domain data and material-
related features [164]. In the field of concrete, parameter transfer combined with data
augmentation has been used to transfer knowledge from conventional concrete to recycled
aggregate concrete, and improved prediction performance has been achieved under some
small-data conditions [165]. Further cross-domain transfer studies have shown that knowl-
edge learned from conventional concrete can be transferred to different recycled aggregate
concrete systems. However, the transfer performance is affected by the characteristics of
the target system and the transfer strategy, and inappropriate transfer may lead to negative
transfer [166]. Overall, transfer learning provides a new approach to address the limited
data problem in solid waste concrete, but the large differences between different solid waste
systems also increase the difficulty of knowledge transfer.

These material differences are reflected not only in the sources and compositions of
solid waste, but also in the data and feature definitions used in different studies. Due to the
lack of unified data standards and guidelines, the input variables selected in solid waste
concrete studies are also quite different. One type of research tends to use mix proportion
parameters such as the water-binder ratio and solid waste content, while the other is more
concerned with the microstructure or curing conditions. This inconsistency in feature
selection makes the existing models often rely on specific datasets to build, and it is difficult
to directly migrate applications in different research or engineering scenarios. Owing
to strong data heterogeneity and inconsistent feature definitions, strong generalization
performance is difficult to achieve using traditional models and single-source methods.
Consequently, the systematic development and engineering applications of solid waste
concrete research were restricted to a certain extent.

In view of the above problems of strong data heterogeneity and inconsistent feature
systems in the study of solid waste concrete, machine learning can be used not only for

https://doi.org/10.3390/buildings16214265

https://doi.org/10.3390/buildings16214265


Buildings 2026, 16, 4265 37 of 48

performance prediction but also play an important role in the classification of solid waste
materials. Owing to significant differences in chemical composition, physical structure,
and reactivity, different solid wastes are often simply categorized based on experience
(e.g., fly ash and slag). Through this empirical categorization, essential differences in
micro-physicochemical properties among materials are difficult to reveal scientifically. A
new technical path for the accurate classification of solid waste materials was provided
through the introduction of classification algorithms in machine learning. For example,
high-precision boosting algorithms are widely used in practical modeling. Among them,
the CatBoost algorithm has integrated an efficient processing mechanism for Categorical
Features within itself; therefore, it shows good applicability in the face of complex multiple
solid waste classification tasks. Figure 16 shows the basic logic of the algorithm. which
takes the chemical composition of solid waste (such as the specific contents of SiO2 and
CaO), the physical characteristics of particles and the activity index as multi-dimensional
feature inputs. Driven by these data, the model automatically clusters and reclassifies
materials. This allows samples with similar physical and chemical properties to be grouped
together for unified processing. Compared with the past practice of rough classification
based on sources, this data-driven classification method performs better in objectivity
and rationality. For solid waste concrete, the uncertainty caused by material diversity
is a core issue. Machine learning provides a more systematic response by starting from
the data source, first optimizing the solid waste classification results, and then using the
classified results for subsequent performance prediction. The strategy of ‘classifying first
and then predicting’ has practical application prospects in the intelligent construction of
solid waste concrete.

 

Figure 16. Schematic Diagram of CatBoost Model Application in Solid Waste Concrete [167,168].

5.2. Future Perspectives

Machine learning is reshaping the research model of performance prediction and ratio
optimization in solid waste concrete research, and Its advantages in modeling accuracy
and computational efficiency have also been shown in existing studies. There are still some
key problems to be solved if these algorithm models are to be truly applied to engineering
applications and promote the extension of basic theories. Future work can be conducted in
the following four directions.

https://doi.org/10.3390/buildings16214265

https://doi.org/10.3390/buildings16214265


Buildings 2026, 16, 4265 38 of 48

(1) Data processing and model construction of solid waste concrete

The main characteristics of solid waste concrete systems include diverse sources,
complex components, and large performance fluctuations. In addition, reaching uniform
standards for testing conditions and data formatting across different tests was difficult.
Consequently, the generalization performance of the established models was significantly
constrained. To address this limitation, future research should focus on cross-dataset
knowledge transfer and generalization improvement. Transfer learning can be introduced
to transplant modeling experience from mature material systems into new solid waste
systems, thereby improving prediction accuracy under small-sample conditions. Further-
more, generative models, such as generative adversarial networks (GAN) and variational
autoencoders (VAE), can also be employed. Existing datasets can be reasonably expanded
by generating virtual samples that conform to physical statistical distributions, fulfilling
the training demands of the models.

Owing to the relatively small size of existing datasets for solid waste concrete, direct
application of deep learning architectures with massive parameters can easily cause overfit-
ting. Therefore, a two-step training strategy can be adopted. First, a basic model can be
trained on a conventional concrete performance database to capture fundamental physical
mechanisms, such as cement hydration and aggregate gradation. Subsequently, the trained
model parameters can be transferred to the solid waste concrete database for fine-tuning.
For specific solid waste materials, prediction experience from well-researched solid wastes
(such as fly ash) can be transferred to other materials with similar physical properties
(such as stone powder or waste glass powder). Through this cross-category knowledge
sharing, reliance on experimental data for new materials can be significantly reduced, while
the generalization adaptability of the model under small-sample scenarios is enhanced.
In the future, machine learning predictions can be combined with performance-based
design standards for solid waste concrete. According to different service environments and
performance requirements, the relationships between solid waste type, replacement level,
mix proportions, and target properties can be established. This can help shift concrete mix
design from performance prediction to performance-based intelligent design.

(2) Development of Physical Information Neural Network (PINN)

Most existing models are still mainly data-driven, with limited consideration of mate-
rial physical mechanisms. This limitation may reduce the reliability of model predictions
when dealing with complex operating conditions. Because solid waste materials show
complex multiscale and multiphysical behavior, existing data-driven algorithms are still
not well integrated with these material physical mechanisms. Future research should
further embed classical mechanics, chemical reaction kinetics, and durability transport
mechanisms into machine learning algorithms, particularly through physics-informed
neural networks (PINNs). Using this approach, governing physical laws can be introduced
into the model training process and formulated as penalty residuals within a composite
loss function to constrain model outputs based on physical laws (Figure 17). For example,
hydration kinetics can be embedded into the model to constrain deviations in the degree
of hydration and reaction rate from reasonable ranges, thereby describing early-age heat
release and hydration development in mass concrete with high-volume fly ash or slag.
Under variable curing temperatures, maturity theory can be used to constrain the growth
of equivalent age, enabling in situ strength tracking of precast solid-waste members. In
addition, for durability prediction, mass conservation and Fickian diffusion equations can
be incorporated into the model, and the flux divergence residual can be constrained to
ensure continuous chloride transport and strict mass balance in marine recycled aggregate
concrete. By incorporating these constitutive relationships, reaction kinetics, and durability
transport mechanisms into multi-objective loss objectives, high prediction accuracy can
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be maintained while the physical consistency, engineering credibility, and cross-domain
extrapolation of the models can be further improved. This approach can provide a more
reliable theoretical basis for the intelligent prediction and design of complex solid waste
concrete systems.

 

Figure 17. PINN Application Framework Diagram.

(3) Intelligent modeling and design of multi-solid waste collaboration

The synergistic use of multiple solid wastes is an important pathway for the large-scale
engineering application of solid waste concrete. Traditional research on multi-solid-waste
concrete has mainly used multi-component mix proportion tests. By changing the types
and contents of different solid wastes, their effects on the macroscopic properties of concrete
have been studied, and microscopic tests have been used to explain the synergistic effects
between different solid wastes. Previous studies combined recycled aggregate with fly
ash, slag, and silica fume, and found that the proper combination of different solid waste
binders could partly compensate for the negative effects of recycled aggregate on strength,
shrinkage, and durability [169]. Similarly, the combined use of fly ash, GGBS, and silica
fume in recycled aggregate geopolymer concrete was used to improve resistance to acid
and sulfate attack. XRD, SEM, and MIP tests were also used to further reveal the densifi-
cation of the matrix and the formation of gel products [170]. These traditional studies on
multi-solid-waste concrete have shown that physical, chemical, and multiscale synergistic
effects can occur between different solid wastes. However, traditional experiments and
empirical models have limited ability to systematically describe complex relationships
among multiple components. Therefore, machine learning is needed to provide a new
approach for performance prediction and mix proportion optimization of multi-solid-waste
concrete. Faced with the dual challenges of mix design space explosion and unclear cross-
category waste interactions, a unified feature representation system needs to be constructed
for cross-category solid waste. To bridge different feature spaces between industrial and
construction wastes, graph neural networks (GNNs) or transformer architectures can be
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employed to build this multi-dimensional system, laying the groundwork for capturing
complex coupling relationships. To handle non-additive physicochemical interaction effects
among multiple solid wastes, Bayesian optimization and symbolic regression algorithms
can be utilized to extract potential mathematical relationships from limited experimental
data. Under data scarcity, the learning directions of the models can be constrained by
embedding physical prior knowledge. Finally, multi-component waste proportioning can
be formulated as a high-dimensional optimization problem. Based on generative models,
inverse intelligent design across multiple components can be realized under multi-objective
constraints, including strength, durability, cost, and carbon emissions. Future studies
should move from single-property optimization toward multi-objective design that consid-
ers mechanical performance, durability, carbon emissions, life-cycle environmental impacts,
and cost. Such models could provide a more comprehensive basis for the design and
application of multi-solid-waste concrete.

(4) Post-hoc interpretation analysis and intelligent monitoring methods

The “black-box” nature of machine learning severely limits its reliability and large-
scale adoption in demanding engineering environments. To overcome this limitation,
post-hoc explanation techniques should be widely integrated into future solid waste-
concrete research. Currently, SHAP is widely applied based on game theory, enabling
the precise quantification of positive or negative contributions from each input feature to
individual predictions. Through SHAP summary plots, nonlinear relationships between
solid waste components and macroscopic properties can be intuitively revealed. Similarly,
interpretability tools such as LIME (Local Interpretable Model-agnostic Explanations) and
partial dependence plots (PDP) can also be utilized to analyze interactions among solid
waste components and macroscopic performance, as illustrated in Figure 18.

Figure 18. Post-hoc interpretation technical work diagram [171,172].

https://doi.org/10.3390/buildings16214265

https://doi.org/10.3390/buildings16214265


Buildings 2026, 16, 4265 41 of 48

From an engineering perspective, the performance of existing machine learning mod-
els in scenarios such as real-time prediction and in situ monitoring needs to be further
improved. Future work can combine real-time data collected by online sensors with dy-
namically updated algorithms. By constructing dynamic computing architectures capable
of handling time-series data—such as stream learning or Long Short-Term Memory net-
works (LSTMs)—dynamic physical indicators measured in situ (e.g., strain, temperature,
and impedance) can be mapped to internal micro-damage evolution and residual load-
bearing capacity of concrete. Through this approach, continuous tracking and early failure
warnings for the service performance evolution of solid waste concrete can be achieved.
This provides reliable, data-driven support for structural health monitoring and digital
maintenance decision-making.

Looking ahead, machine learning for solid waste concrete will focus on better general-
ization, physical constraints, multiscale modeling, and intelligent design. As computing
capacity, data sources, and cross-disciplinary studies continue to grow, these methods will
offer broader value in the practical design of green-building materials.
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