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Abstract: The construction sector must reduce the environmental burden of its materials while keeping structures safe, durable 
and affordable. Sustainable construction materials—supplementary cementitious materials (SCMs), agricultural ashes, recycled 
aggregates, waste-derived fillers, fibres, polymer modifiers and bio-mediated self-healing systems—offer ways to cut clinker use, 
conserve natural resources and divert waste from landfill. Their performance, however, is sensitive to source variability, 
processing, dosage, curing and exposure, which makes mixture design and quality control harder than for conventional 
concrete. Machine learning (ML) can help by learning the nonlinear links between composition, processing and performance 
from experimental data. This review summarises recent advances in the main families of sustainable materials and examines 
how ML is being applied across construction technology: predicting strength and durability, optimising low-carbon mixtures, 
building fast surrogates of structural response and automating inspection. The review finds that the value of ML depends more 
on data quality, representative material variability and honest validation than on the choice of algorithm, and that sustainability 
claims should be judged on a functional, life-cycle basis rather than on waste content alone. A simple integrated framework 
linking material characterisation, testing, ML and environmental assessment is proposed, and priorities for future research are 
identified. 
Keywords: Sustainable construction materials; Supplementary cementitious materials; Recycled aggregate; Waste marble; Self-
healing concrete; Machine learning; Construction technology; Life-cycle assessment. 
 

I. INTRODUCTION 
Concrete is the most widely used construction material, and Portland cement is its most carbon-intensive ingredient. Clinker 
production releases carbon dioxide both from fuel combustion and from the calcination of limestone, so reducing clinker content is 
one of the most effective levers available to the industry [1]. At the same time, extraction of natural sand and aggregate and the 
disposal of construction and demolition waste place further pressure on resources and land [2]. Sustainable construction therefore 
involves several actions together: partially replacing cement with SCMs, reusing waste streams as aggregates or fillers, extending 
service life through better durability, and assessing impacts over the whole life of a structure. 
Many alternative materials are now available, but each brings uncertainty. Ashes, slags and recycled aggregates vary from source to 
source; fibres and polymers change fresh and hardened behaviour in ways that depend on dosage and dispersion; and self-healing 
systems depend on biological activity that is difficult to control [3, 4]. Designing with such materials traditionally requires many 
trial batches and long-term tests. Machine learning offers a complementary route. Since early neural-network models of high-
performance concrete strength [5], ML has been used to predict mechanical properties, durability indicators and structural response 
from data, and to search for mixtures that balance performance, cost and carbon [6–8]. In wider construction technology, deep 
learning is also being used for crack detection and inspection [9, 10]. 
This review brings the two themes together: Section 3 reviews sustainable material families, Section 4 examines ML applications, 
and Sections 5–7 present an integrated framework, environmental assessment and research gaps. 
 

II. REVIEW APPROACH 
This is a narrative review intended to give engineers and students an accessible overview of the field. Peer-reviewed articles and 
reviews were identified through Google Scholar and publisher databases using combinations of the terms sustainable concrete, 
supplementary cementitious material, rice husk ash, recycled aggregate, waste marble, fibre-reinforced concrete, polymer-modified 
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concrete, self-healing concrete, machine learning, compressive strength prediction, durability prediction and life-cycle assessment. 
Priority was given to review articles and to experimental studies that reported their materials and methods clearly. Only sources with 
complete and verifiable bibliographic details were retained. 
 

III. ADVANCES IN SUSTAINABLE CONSTRUCTION MATERIALS 
A. Supplementary cementitious materials and agricultural ashes 
SCMs reduce clinker demand and refine the pore structure through pozzolanic or latent hydraulic reactions. Fly ash and ground-
granulated blast-furnace slag have the longest track record. High-volume Class F fly ash concrete typically gains strength more 
slowly at early ages but can match or exceed plain concrete at later ages, with lower permeability and heat of hydration [11]. Eco-
efficient cement strategies built on such materials, together with calcined clays and limestone, are considered among the most 
practical options for lowering cement-related emissions at scale [1]. 
Agricultural ashes provide a local, low-cost alternative in regions where industrial by-products are scarce. Rice husk ash (RHA) 
burnt under controlled conditions is rich in amorphous silica and can replace part of the cement while improving later-age strength 
and resistance to chloride penetration [12]. Uncontrolled burning, however, leaves unburnt carbon and crystalline silica, increasing 
water demand and lowering reactivity [13]. The main lesson is that the benefit of an SCM depends on its chemistry, fineness and 
processing, so replacement levels from one study should not be adopted elsewhere without testing. 
 
B. Recycled aggregates and waste-derived materials 
Recycled concrete aggregate reduces demand for natural aggregate and diverts demolition waste. Its adhered mortar gives higher 
porosity and water absorption, which can weaken the interfacial transition zone and reduce strength and durability unless mixtures 
are adjusted [2]. Sustainability assessments show that the environmental benefit of recycled-aggregate concrete depends strongly on 
transport distances, processing energy and whether additional cement is needed to reach the target strength [14]. 
Waste marble from cutting and polishing is another widely available stream. Marble dust used as a partial cement replacement acts 
mainly as a filler and can maintain strength at low replacement levels [15, 16]. Sathe et al. examined waste marble as a partial 
replacement of both cement and fine aggregate and linked the mechanical and durability results to microstructural observations, 
showing that moderate replacement can densify the matrix while higher levels reduce performance [17]. Reviews confirm that 
particle size, replacement basis and dosage control the outcome [18, 19]. 
 
C. Fibres and polymer modifiers 
Fibres control cracking and improve toughness and impact resistance, although their effect depends on fibre type, geometry, volume 
fraction and dispersion [20, 21]. Polypropylene fibres are popular because they are cheap, chemically inert and effective against 
plastic-shrinkage cracking. Kudoli et al. systematically reviewed polypropylene fibre-reinforced concrete and found that low 
dosages generally improve flexural and splitting tensile strength and reduce permeability-related deterioration, whereas excessive 
dosages impair workability and compaction [3]. 
Polymer modifiers change cohesion, adhesion and water resistance by forming films within the cement paste [22]. Kudoli studied 
concrete modified with a commercial polyvinyl-acetate adhesive (Fevicol) and reported changes in workability and strength with 
dosage [23]. Such results apply to the specific product tested; other polymer formulations should be evaluated separately before 
structural use. 
 
D. Bio-mediated self-healing concrete 
Self-healing concrete uses bacteria that precipitate calcium carbonate in cracks, sealing ingress paths and potentially extending 
service life [24, 25]. Guddad et al. incorporated Bacillus subtilis into concrete and reported improvements in both mechanical 
performance and resistance to chemical attack through microbially induced calcite precipitation [4]. Practical challenges remain: 
bacterial survival in the alkaline matrix, nutrient supply, the maximum crack width that can be healed and the cost of the healing 
agent [26]. Field evidence over long periods is still limited. 
 
E. Material selection as a multi-criteria problem 
Table 1 summarises the main material families. No single material is best for every application. A mixture with the lowest cement 
content is not necessarily the most sustainable if it needs energy-intensive processing, extra transport or more frequent repair. 
Selection should therefore consider strength, durability, cost, local availability and environmental impact together. 
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Table 1. Summary of sustainable construction materials, their benefits and their main limitations. 
Material family Main benefits Main limitations Key refs. 
Fly ash, slag Lower clinker use; denser pores; lower heat Slow early strength; regional supply [1, 11] 
Rice husk ash Local, reactive silica; better chloride resistance Variable burning; higher water demand [12, 13] 
Recycled aggregate Saves natural aggregate; diverts waste High absorption; weaker transition zone [2, 14] 
Waste marble Filler effect; uses stone-industry waste Strength loss at high replacement [15, 17] 
Polypropylene fibres Crack control; toughness Lower workability at high dosage [3, 21] 
Polymer modifiers Cohesion; water resistance Product-specific results; cost [22, 23] 
Bacterial self-healing Crack sealing; longer service life Bacterial survival; limited field data [4, 25] 
 

IV. MACHINE LEARNING IN CONSTRUCTION TECHNOLOGY 
A. Algorithms and data 
The ML methods most often used for construction materials are artificial neural networks, support vector regression, decision trees, 
random forests and gradient-boosting ensembles [6, 27]. Random forests and boosted trees perform well on the small, tabular 
datasets typical of concrete research and are relatively robust to noise [28]. Inputs usually include binder and SCM contents, water–
binder ratio, aggregate proportions, admixture dosage, curing age and, increasingly, material properties such as fineness or oxide 
composition. No algorithm is universally superior; the size, quality and coverage of the data matter more. 
 
B. Predicting mechanical properties 
Compressive strength is the most common target because it is measured in nearly every study. Kudoli and Bala compared ML with 
traditional empirical and regression models for predicting the physical and mechanical properties of cement and cement mortar, and 
showed that ML captures nonlinear effects of composition and curing that classical equations miss, provided the data are sufficient 
and well documented [8]. Reviews of self-compacting and sustainable concretes report similar findings [7, 29]. Young et 
al. cautioned, using a large industrial dataset, that mixture proportions alone limit how accurately strength can be predicted, 
whatever the algorithm [30]. Reporting several error measures and testing on genuinely new mixtures is therefore essential. 
 
C. Predicting durability 
Durability is harder to model than strength because exposure conditions, test methods and timescales differ widely, and suitable 
datasets are small [31]. Vishwanath et al. combined freeze–thaw experiments on sustainable concrete with AI/ML-based prediction 
of damage, illustrating how measured deterioration mechanisms can guide the choice of model inputs [32]. Models trained on 
laboratory freeze–thaw cycles still need calibration before they are used to estimate field service life. 

 
D. Mixture optimisation for low-carbon concrete 
Once a reliable predictive model exists, optimisation algorithms can search for mixtures that meet a target strength at minimum cost 
or embodied carbon [7, 33]. This can reduce the number of laboratory trial batches. However, optimisers tend to push towards the 
edges of the data, where predictions are least reliable, so recommended mixtures must be checked against standards and confirmed 
experimentally. 
 
E. Structural response and inspection 
ML is also used beyond materials. Numerical simulations of structural response generate data from which fast surrogate models can 
be trained. Gudadappanavar et al. used explicit-dynamics analysis to map the response of reinforced-concrete frames to TNT blast 
as a function of stand-off distance, charge weight and incidence angle [34]; parametric studies of this kind provide the training data 
needed for ML surrogates of blast response [35]. In construction practice, convolutional neural networks detect cracks from images 
[9], and computer vision is being adopted for inspection and monitoring of civil infrastructure [10]. 
 
F. Interpretability and trust 
Explanation methods such as SHAP values show which inputs drive a prediction and help engineers spot implausible behaviour 
[36]. For decisions that affect safety, simpler interpretable models are often preferable to complex black-box models with similar 
accuracy [37]. A useful model should also state the range of materials for which it is valid. 
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V. AN INTEGRATED FRAMEWORK 
The greatest benefit comes from combining material science, testing and ML rather than using any one in isolation. Figure 1 shows 
a simple framework. It starts with documenting the material source and processing, followed by characterisation (particle size, oxide 
composition, microstructure), standardised testing and the assembly of a consistent dataset. Models are then trained, validated on 
independent data and explained, and candidate mixtures are compared against technical, economic and environmental criteria before 
experimental confirmation. 

 
Fig. 1. Integrated framework linking sustainable material characterisation, testing, machine learning and life-cycle assessment for 

construction-material decisions. 
 

Microstructural studies such as the waste-marble work of Sathe et al. [17] help explain why similar waste materials behave 
differently and indicate which descriptors models need. Likewise, fibre dosage, polymer content and bacterial concentration must be 
explicit model inputs if predictions are to cover those materials [3, 4, 23]. 
 

VI. ENVIRONMENTAL ASSESSMENT 
Sustainability should be demonstrated, not assumed from waste content. Life-cycle assessment accounts for raw-material extraction, 
processing, transport, construction, maintenance and end of life. Comparisons must use a common functional unit—for example, a 
volume of concrete with a defined strength and service life—otherwise a low-carbon mix with poorer durability may appear better 
than it is [14]. The availability of by-products such as fly ash and slag is also changing as coal power and steelmaking evolve, which 
affects long-term planning [1]. 
 

VII. RESEARCH GAPS AND FUTURE DIRECTIONS 
Several gaps recur in the literature: 
1) Fragmented data. Datasets differ in materials, test standards and reporting, which limits model transfer between laboratories and 

regions [27]. 
2) Overstated accuracy. Small datasets and random train–test splits can make models look more general than they are [30]. 
3) Focus on strength. Durability, service life and field performance receive far less attention than compressive strength [31]. 
4) Incomplete material description. Waste-derived materials are often characterised inconsistently, so their variability is not 

captured in models. 
5) Separate treatment of sustainability. Environmental and cost objectives are rarely linked with technical predictions. 
Future work should develop shared datasets with full material, curing and testing information; validate models across laboratories; 
combine prediction with uncertainty estimates and physical knowledge; link mechanical, durability and life-cycle objectives in 
optimisation; and confirm optimised mixtures in the laboratory and in field trials. 
 

VIII. CONCLUSIONS 
Sustainable construction materials can reduce cement use, conserve natural resources and divert waste, but their benefits depend on 
material quality, processing, dosage and service life. SCMs and agricultural ashes, recycled aggregates, waste marble, fibres, 
polymers and bacterial self-healing systems each offer clear advantages alongside practical limitations, and none is universally best. 
Machine learning is now applied across construction technology—to predict strength and durability, optimise low-carbon mixtures, 
build fast structural surrogates and automate inspection.  
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Its usefulness depends on representative data, honest validation and interpretable outputs rather than on algorithm complexity. An 
integrated approach that combines characterisation, standardised testing, validated ML and life-cycle assessment offers the most 
reliable path towards construction materials that are both high-performing and genuinely sustainable. ML should be treated as a 
decision-support tool that complements experiments and engineering judgement. 
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