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Table 1 Traditional AI methods for prediction and design of sustainable concrete

Reference Time/a ML algorithm Data number Feature number Concrete property Accuracy
[37] 2022 Regression 61 7 Compressive strength R?:0.88
[38] 2023 ANN 40 8 Resistance to chloride penetration R?:0.99
[39] 2023 ANN 300 7 Compressive strength R?:0.92
[40] 2022 ANN 500 5 Compressive strength R?:0.99
[41] 2021 ANN 470 7 Compressive strength R:0.94
[42] 2022 RF-LSSVM 100 13 Resistance to chloride penetration R?:0.94
[43] 2022 SVM 843 8 Chloride diffusivity R?:0.89
[44] 2024 ESOA-XGBoost 313 11 Split tensile strength R?:0.96
[45] 2023 XGBoost 230 5 Compressive strength R?:0.98
[46] 2024 TPE-XGBoost 1030 13 Compressive strength R2:0.97
[47] 2024 XGBoost 168 10 Split tensile strength R?:0.98
[48] 2023 XGBoost 852 7 Slump flow, V-funnel flow time R?:0.65/0.77
[49] 2024 XGBoost 348 12 Plastic viscosity R?:0.99
[50] 2025 XGBoost 2169 8 Sulfate resistance coefficient R?:0.95
[51] 2022 Light GBM 931 17 Rapid chloride penetration test R?:0.97
[52] 2024 CNN 1453 256x256%3 Compressive strength R?:0.99
[53] 2024 Extra trees 285 21 Shrinkage strain R?:0.96
[54] 2023 ANN, Decision tree 1611 8 Creep R?:0.99
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Table 2 Comparison and selection considerations for mainstream classical Al algorithms

Algorithm model Advantages

Limitations

Application Scenarios

Regression analysis®”!  Simple model, easy to understand

and interpret

ANNBS-41] Strong non-linear fitting capability;
high accuracy
SVMI#2-43] Strong generalization ability for

small samples; effective with
high-dimensional data
Random forest[*] High accuracy; good robustness;
resistant to overfitting
decision trees
XGBoost!#4-30]

high training efficiency

Difficult to capture non-linear
relationships; limited accuracy
Black-box model; requires large

amounts of data; prone to overfitting

Sensitive to parameters and kernel
functions; low training efficiency
with large samples

High computational cost;

interpretability is weaker than single

Extremely high prediction accuracy; Sensitive to hyperparameter tuning

When establishing simple, interpretable formulas, or
when used as a baseline model

When possessing large-scale, high-quality datasets (>
Hundreds of entries), and the primary goal is
prediction accuracy

When dataset size is limited; used for complex
classification or regression problems (e.g.,
durability)

When data quality is average or contains noise, and a

robust model resistant to overfitting is required

When pursuing maximum accuracy on tabular data,

and willing to invest time in hyperparameter tuning
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Fig. 5 Data challenges and opportunities for enhancing both data quantity and data quality
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Extended Abstract

Concrete is the most widely used construction material with an annual consumption of about 30 billion tons. However, the
production of concrete creates significant environmental problems. Cement is a key binder in concrete, and its production requires
burning limestone in high-temperature kilns, which causes approximately 8% of global carbon dioxide emissions. As urbanization and
infrastructure construction continue to grow rapidly, the demand for cement and concrete is expected to be increased by 12%—23% by
2050. If we do not develop sustainable alternatives, this will affect a climate change. To address this issue, the industry is increasingly
using supplementary cementitious materials, such as fly ash, slag, and calcined clay. In addition, using solid waste like mine tailings
and demolition waste also becomes an important strategy. These methods can reduce the use of cement clinkers and keep waste out of
landfills, providing both environmental and economic benefits. However, incorporating these diverse materials makes the design
process much harder. Conventional design methods rely on experience and trial-and-error experiments. This process is
time-consuming, consumes many resources, and cannot fully reflect the complex interactions between different materials. For
instance, mixing multiple types of waste materials creates a high-dimensional design space that is hard to manage with simple, linear
experiments.

Artificial Intelligence (AI) technology offers an effective way to solve these challenges. Machine learning models can accurately
predict key properties of concrete, such as fresh properties, mechanical strength, and durability, based on the historical experimental
data. This review systematically summarizes Al techniques for sustainable concrete. The research moves from simple data mapping to
more intelligent systems. Initially, some classic models like artificial neural networks and support vector machines are used. These
models act as a map between the ingredients (inputs) and the performance (outputs). They can be used for capturing non-linear
relationships that conventional equations cannot obtain. For instance, models like XGBoost and Random Forest can predict
compressive strength and chloride resistance with a high accuracy, even when using relatively small datasets. These models are often
used in a design loop, i.e., predicting performance and using optimization algorithms to adjust the mixture, balancing high strength
with lower cost and reduced carbon emissions.
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However, conventional Al models have a major problem, i.e., they are often "black boxes". This means engineers cannot see
how the model makes decisions, leading to a lack of trust in safety-critical projects. Also, these models depend heavily on data quality,
and the existing datasets in concrete science are often small, inconsistent, or lack standard formatting. To fix this issue, the focus is
shifting to advanced AI models. This review highlights three key improvements. First, data augmentation techniques, such as
generative adversarial networks, are used to create synthetic data. This can solve the problem of small datasets via learning the
patterns of real data and generating new, realistic samples. Second, explainable Al is used to open the "black box". Methods like
SHAP analysis can show exactly how much each ingredient contributes to the final strength, making the results easier to understand
and verify. Third, knowledge-guided learning combines data with physical laws. Al models can follow scientific principles via adding
physical constraints (like diffusion laws) or using Knowledge Graphs, making them more reliable and scientifically correct compared
to pure data-driven models.

Summary and Prospects This review concludes that Al makes a great progress in predicting performance and optimizing mixtures,
while there are still some challenges before it is widely used in real engineering. The main challenges include the lack of high-quality
open datasets, the poor ability of models to work on new materials (generalization), and the need for better trust and interpretability.
Future research needs to move from static predictions to autonomous systems.

In the future, an Al-driven autonomous system can be used for sustainable concrete. This involves building a cyber-physical
system. In this system, sensors collect real-time data during concrete production. AI models can analyze the data and automatically
adjust the mixture proportions to ensure consistent quality. This allows for adaptive manufacturing, reducing waste and ensuring that
the concrete meets the design requirements. Furthermore, Digital Twin technology can extend this to the entire life of the structure. A
digital twin is a virtual copy of the physical infrastructure. It can update itself using sensor data to monitor the health of the structure
and calculate its carbon footprint in real time. This can favor to make better decisions about maintenance and repair, extending the
service life of the infrastructure.

Finally, we need to focus on five priorities, i.e., creating open benchmark datasets for fair comparison; developing
physics-informed Al that combines data with expert knowledge; advancing multi-objective optimization to balance performance, cost,
and carbon; building cyber-physical systems and digital twins; and establishing standards and training programs. Al should not
replace human experts. Instead, it should act as an intelligent assistant, helping engineers to design greener and more durable concrete.
This human-Al collaboration is a key to achieving a carbon-neutral built environment in the future.

Keywords concrete; cyber-physical system; digital twin; explainable artificial intelligence; multi-objective optimization;
trustworthy machine learning; waste valorization



