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Abstract

Global infrastructure systems are critically in need of upgrading to enhance their resilience against natural
or man-made hazards exacerbated by climate change. Addressing this challenge while maintaining
planetary boundaries requires a holistic and integrated approach to the design of the primary structural
materials. Advanced Artificial Intelligence (AI) methods can aid the development of new sustainable
material systems with superior performance in targeted applications. The current research advances an
evidence-based formal and analytical framework enabling the design, optimization, and selection of
sustainable structural materials in a data-driven manner.

Consideration of embodied energy, recycling potential, and durability under extreme conditions over the
whole life cycle is equally paramount. Existing trade-offs are explored for concrete and composite
materials, where Al-based surrogate models are particularly well suited due to the abundance of local data.
For structural alloys and lightweight metallic materials, the controlled synthesis of low-dimensional phase
space clusters and Alloy Theory enable highly PID-oriented data generation for reduced-order, multi-
objective surrogate-based design.

Keywords : Sustainable infrastructure; Al-driven design optimization; machine learning; materials
science; lightweight structures; structural performance; embodied energy; ecological toxicity; end-of-life
pathways; recycling policies.

1. Introduction

Resilient infrastructure development and rehabilitation are critical for sustainable development and the
management of catastrophic riskscaused by natural or human-made threats. The AEC sector is responsible
for about 35% of greenhouse gases and is therefore expected to significantly contribute to climate
mitigation. Management of the materials economy is of utmost importance because the extraction of raw
materials and the production of primary materials generate the highest share of industry-related life-cycle
emissions and energy use. The required materials need to be durable and capable of maintaining their
original functionality throughout their service life: physical, mechanical, chemical, and biological
properties are designed not only for service loads but also for potential damage caused by extreme loading
scenarios. Considerable redundancy is consequently incorporated into the majority of structural systems
to maintain a sufficient level of safety.

Advanced Al approaches (e.g. surrogate models, optimization algorithms, generative design methods,
multi-objective optimization strategies, and uncertainty quantification methods) allow intelligent decision
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making across the property and performance space of any design/decision system. However, the majority
of materials science and engineering applications have concentrated on structural performance only,
despite the fact that infrastructure development and rehabilitation should also be supported by material
systems characterized by low embodied energy, minimal operational carbon (or carbon-equivalent)
emissions, and high recycling potential. Therefore, an Al-driven design optimization of concrete,
composite systems, high-performance alloys, and lightweight materials that relates structural performance
to sustainability metrics is presented in order to establish new solutions for safer, more liveable, and
socially just places through the effective delivery of infrastructure.

1.1. Background and Significance

While infrastructure is a key driver of economic globalization, global standards of services remain elusive.
Maladaptation of existing infrastructure can exacerbate damage in natural disasters and influence
country-level resilience. Combining Al and the design of sustainable materials for resilient infrastructure
can serve both long-term development and climate change mitigation.

Infrastructure life-cycle design and management should embrace three sustainability principles: durability,
environmental impact, and end-of-life treatment. Essential requirements are therefore high durability, low
embodied energy and CO2 emissions, recyclability, or circularity awareness. Current construction
materials can only partially meet these criteria. Considering future degradation mechanisms and the
probability of extreme loading scenarios is also essential.

Al can facilitate the design and construction of resilient infrastructure by understanding and predicting the
structural performance of tailored materials. Design optimization combines performance prediction with
surrogates for different objectives. Surrogate-assisted generative design combines multiple design stages
to predict entire design spaces. Multi-objective optimization captures trade-offs between conflicting goals.
Efficient use of data evaluation and training can be delivered by Al-driven automated workflow
orchestration tools.

1.2. Research design

The proposed investigation seeks to answer the following questions: How can the Al-assisted design
optimization of sustainable structural materials enhance the resilience of infrastructure against extreme
weather and natural disasters—including floods, earthquakes, hurricanes, and wildfires—driven by
weather and climate change? Can capital and operating expenses be reduced without compromising
safety, performance, or environmental sustainability? Answering these questions requires the combined
application of these three technological domains in the context of two expansive classes of structural-
material systems: (1) cementitious materials and composites, and (2) metallic alloys and lightweight
materials.

A formalized problem formulation with well-defined objectives is presented. The design variables,
objective functions, and constraints are specified, along with a multi-objective framework supported by
exploratory data analysis and augmented by AI methods. The data acquisition process and its
representation—combining data from multiple sources and domains—are described. Leading-edge Al-
enhanced methods for the design optimization of sustainable structural materials are outlined as identified
within the existing literature. These methods utilize embodied energy, carbon footprint, and recycling
indicators as sustainability performance metrics, recognizing that their minimization should not
compromise structural behavior under service loads or hazard scenarios, including resilience to potential
impact and damage.
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Fig 1: AI to Enhance Sustainability in Architecture and Urban Design
2. THEORETICAL FOUNDATIONS
Durability, embodied energy, and recyclability represent the primary requirements for construction
materials. Durability relates to the performance and service life of the material systems in use conditions,
primarily regarding strength, integrity, and resilience against loading scenarios (static and dynamic) and
the local environment. Embodied energy and carbon characterize the energetics and exergy of the material
systems for production from raw materials; state-of-the-art and high-performance materials tend to be
energy- and emission-intensive. Recycling defines the end-of-life pathways for material systems, ideally
empowering recovery and reuse at the same performance levels at minimum cost and with limited impact
on the environment. However, the requisite trade-offs are nontrivial and often unevenly quantified.
Concrete, cement, steel, aluminum, glass, wood, and fiber-reinforced polymer systems represent primary
candidates for structural applications.
Data-driven approaches to building new materials or modifying existing recipes begin at data generation,
but need not focus exclusively on prediction capabilities; they can also target any aspects of data-level
progress. Surrogates and embedders are critical translational systems that encode structures and properties
into a common latent space; representation learning ranks—yet remains separate from—task completion.
Generative design approaches draw on low-dimensional approximated models built from Pareto-optimal
data multiplets to produce potential solutions. Multi-objective optimization couples multiple conflicting
goals to explore the solution space, preferably in tandem with uncertainty-aware sampling and
quantification. Meta-modeling-based and other surrogate-assisted strategies remain data-hungry,
exacerbating the data acquisition-and-annotated-expansion chasm for construction materials.
Equation 1: Surrogate-model equation for property prediction
Step 1: Physical relationship
In general,

y=fx)+e
where

. f (x)is the unknown true relationship,
. €is noise or model discrepancy.
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Step 2: Replace true model with Al surrogate
Because the true function is expensive or unknown, the paper proposes an Al approximation:

y=fx6)

where fare learned parameters of the surrogate model.
Step 3: Training objective
The surrogate is trained on data {(X(k), y I by minimizing prediction error:

N
0* = arg mgn Z(y(k) — f(x(k)’ 9))2
k=1

Final Equation (2)
N
9= (67,0 = arg min » (¥ - f(x;0))’
k=1
2.1 Sustainable Materials for Structural Applications

The development of sustainable materials for structural applications is essential for reducing the global
environmental impact of the construction industry, a sector that accounts for over 40% of annual energy
consumption and GHG emissions. In this context, materials should be engineered to incorporate
significant recycled content, manufactured with minimal embodied energy and carbon, or to exhibit long
service life and low-end-of-life impact. Durability, embodied energy, recyclability, material combinations,
and possible technologies for producing environmentally sensitive materials represent the main
evaluation criteria.

Durability is a key requirement for avoiding premature scaling, cracking, spalling, corrosion, and severe
elastic deformation. Materials that are able to withstand their service conditions for long periods without
significant deterioration may logically be considered sustainable. The concept of embodied energy — a
measure of energy consumption over the life cycle of a material system, from raw materials acquisition
through production to end-of-life processing and disposal — can guide designers in minimizing energy use.
Similarly, quantifying the total GHG emission associated with the life cycle of a specific material
underpins its sustainability.

2.2, Al Methods for Material Design
Categories of Al modeling methods utilized in the design of structural materials are identified, namely
surrogate and emulation models, explicit and implicit multi-objective optimization, generative design,
active learning, value-of-information analyses, uncertainty quantification, and combinatorial
optimization. Surrogates and other data-driven models require a supporting database that is as
representative as possible, incorporates information about relevant material properties and features, and
supports multi-modal design spaces. Applications of such data-acquisition strategies are outlined together
with recommendations for data description and representation.

Data-driven approaches, whether used standalone or in concert with physics-based models, are already
well recognized in material design. The principal advantages of Al-enabled design optimization are
explicitly acknowledged: (i) faster and more efficient exploration of very high-dimensional parameter
spaces that are occult and difficult to characterize; (ii) the ability to predict properties that cannot yet be
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modeled explicitly; and (iii) support for multimodal designs comprising multiple material systems, with
(iv) more accessible discipline-specific models that lend themselves to integration and coupling.
Design of experiment AN Product quality

—=" =

Electrochemistry Artificial Intelligence Process sustainability

Fig 2: Al plots sustainable materials

3. METHODOLOGICAL FRAMEWORK

The design optimization of infrastructure materials correlating architectural properties with performance
and sustainability involves formulating the problem, specifying objectives and constraints, and identifying
the data needed to achieve them. Design variables represent the material system under consideration.
Objective functions balance targeted performance indicators (such as strength, weight, and cost) and
quantitative sustainability metrics (embodied energy, life-cycle carbon emissions, and recyclability)—
with an emphasis on embodied energy per service weight of the infrastructure. Constraints may include
additional performance indicators, common practices for raw-material selection, and parameter ranges
that bypass undesired behaviors. A multi-objective formulation readily facilitates all these considerations.
The required data may stem from historical datasets, literature mining, and first-principles simulations.
Data preprocessing, feature engineering, multimodal integration, and the choices made for data
representation—such as descriptor sets for surrogate models, graph representations for circular economy,
or tensor representations for generative design—determine the quality and coverage of the data. Al
methods that enable data-efficient searching and validation of hitherto unexplored regions of the design
space complete the framework for using Al in the design optimization of infrastructure materials. Their
application to real-life concrete and composite systems, high-performance alloys, and lightweight
structural materials is summarized.

Criterion Description Key Indicators
Durability Ability to m.a%ntain performance under service and|[Strength, integrity, damage
extreme conditions tolerance
Embodied I .
fbodie Total energy consumed over material lifecycle MJ/kg, lifecycle energy
Energy
Carb .
ar 09 Total greenhouse gas emissions (CO2e) kg CO2¢e/ton
Footprint
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Criterion Description Key Indicators

Recycling rate, circularity

Recyclability  ||Ability to recover and reuse material at end-of-life inde
X

Table 1: Core Sustainability Criteria for Structural Materials

3.1 Problem Formulation and Objectives
The objectives and formalization of the design optimization problem encompass. (i) definition of the
design variables, (ii) characterization of the objective functions—including strength, weight, cost, and a
sustainability metric—and the associated constraints, and (iii) expression of the trade-off as a multi-
objective framework. The novel approach extends concept-level optimization to include advanced
materials systems and techniques such as self-healing, shape-recovery, and metamaterials.

Common concrete mix design parameters include the ratio of mass fractions of the main ingredients and
the degree of hydrophobic impregnation. In addition to the total amount of cementitious material, fiber-
reinforcement can improve structural performance, while additives such as silica fume accelerate
hydration and ensure resistance to chloride ingress and freeze—thaw action. Different types of mixed fibers
allow dual or multiple functionalization. Curing conditions affect early-age strength and reliability, while
the incorporation of healing agents (e.g., bacteria, microcapsules, superabsorbent polymers) increases the
self-healing potential of the concrete with a negligible impact on the strength. Al-assisted optimization
identifies the optimal mix design based on desired properties, ensures economic viability by minimizing
cost, and maximizes the long-term environmental performance by minimizing embodied CO2 (CO2e) and
energy.

3.2. Data Acquisition and Representation
The Al-driven optimization strategies depend on datasets that correlate input material descriptors with
desired properties, performance parameters, and sustainability indicators. These datasets can be sourced
from well-established repositories, direct experiments, or commercial tools, covering a wide range of
candidate materials. Data representing systems with synergistic behaviours can also be integrated for
improved prediction accuracy, for example, embeddings from a large generative model can enhance
structural performance predictions of data-sparse polymer—metal hybrid systems via transfer learning.
Data preprocessing encompasses cleansing, normalisation, and augmentation, followed by feature
engineering to enable comprehensive representation of non-structural material systems. Such data
requirements moreover extend to deep-learning-based surrogate models (e.g. image-, graph-, or 3D CNNs)
enabling information-rich and interpretable endpoints, including generative design systems for self-
learning material properties and open-source multimodal transformers. The final stage integrates
multimodal datasets, followed by suitable representation choices (descriptor tabulations, graph-based
representations, adjacency tensors, etc.) aligned with the needs of downstream frameworks.
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Fig 3: Al-powered open-source infrastructure for accelerating materials
discovery

4. MATERIAL SYSTEMS AND CASE STUDIES

The material systems and Al-assisted design strategies converge towards two directions: concrete and
composites, high-performance alloys and lightweight materials. For concrete and composite systems, the
diverse matrix mixes and constituent materials that can be involved allow exploring a remarkable
combination of performance-enhancing methodologies, ranging from tailored mixtures, mineral additives
and chemical enhancers to fiber reinforcement, injection of metals or polymers and geopolymerisation.
Sufficiently performant designs must also consider long-term exposure to aggressive environments, which
is being explored also with multiscale Al-augmented simulations. The responses of particular structural
systems, such as beams, slabs and various composite arrangements, under static and dynamic loading
scenarios introduce further objectives, constraints and trade-offs. In the case of high-performance alloys
and other lightweight solutions, the focus is directed towards the composition, processing and phase design
of alloy systems (al-Mg, Ti-Al, Al-Li, Al-Sc, etc.) capable of performance breakthroughs while enabling
energy savings by small mass reduction. Several criteria—embodied energy, CO2 footprint, end-of-life
recycling, recycling economy and life-cycle impacts—must be holistically considered in every solution
and traded-off against performance.

Concrete and composite structural systems employ the same material classes yet have superior durability,
allowing for service-lifetime predictions over a hundred years. Owing to the large variety of constituents
that can enter the concrete matrix and its proven capacity of adopting additional materials in a more or
less modular fashion, several objectives can be explored concurrently. Embodiment of large amounts of
(nano)wastes or (nano)toxic materials may not be sensible for short-lived structures such as embankments
but is of paramount importance for pavements, road viaducts and coastal structures, where full lifecycle
analysis must account for the consequence of potential (re)release in the environment.

4.1. Concrete and Composite Systems
Concrete serves as the most widely produced material globally, with an estimated volume of 40 Gt in
2020. Although concrete possesses relatively good compressive strength and stiffness characteristics, it is
prone to brittle behaviour under tensile loading due to the formation of micro-cracking. The mechanical
properties of concrete can be tuned through additive manufacturing (AM) and control of the curing
process. Artificial intelligence (AI) methods can assist design optimisation by combining several
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optimising approaches. Concrete mix designs can be optimised using inductive learning by obtaining a
large dataset from literature covering compositions and their physical and mechanical properties. The
obtained models can be employed to find the optimal mix design depending on the applied constraints. To
fulfil fire, environmental, and mechanical requirements, several chemical and mineralogical additives can
be employed to tune the concrete behaviour. AM can solve most of the technological issues present in
conventional mould-based production. Al-based experimental designs can be employed to analyse how
the parameters of the AM, such as layer height, and angular position, affect the mechanical performance.
A nozzle path for the AM can be generated using deep learning approaches, and the overall road-mapping
of the AM process can be automated by using a meta-heuristic algorithm.

Composite materials with a polymeric matrix reinforced with fibbers are attractive mainly because of their
ease of processing, mechanical performance, and relatively low cost. However, the recycling of such
materials into second-life applications is currently focused on their energy recovery. Therefore, novel
composite materials allowing a second-life are in great demand. Al-based methods can be used for
knowledge discovery, and these methods can help widen the compositional design space of polymer
matrix composites. In fact, Al-based techniques can address four aspects of the design of polymer matrix
composites reinforced with fibbers. First, a glass transition temperature-reinforcement-peak strain of the
composite can be predicted to explore potential polymer alternatives for heat-resistant applications.
Second, a degradation temperature-reinforcement-peak mass loss can be obtained to identify polymers
with potentially suitable thermal stability for the incorporation of natural and synthetic fibbers. Third, the
peak tensile strength can be modelled to identify composites, including natural fibber, exhibiting low
tensile strength and dedicated to a second-life using recycled polymer. Finally, the tensile strength of the
natural fibber section in the composite can be predicted, and the aim is to develop a second-life for the
composite once the maximum tensile stress of the natural fibber is reached.

Equation 2: Weighted-sum scalarization of the multi-objective problem

Step 1: Start from the vector objective

From Equation (1),

F(x) = [F(0), (%), ..., [, (¥)]

Step 2: Introduce decision weights
Let w;, > Oand

p
ZWk =1
k=1

These weights reflect design priorities.
Step 3: Build scalar optimization objective
Then the scalarized objective becomes

p
J6) = ) wi Fe()
k=1

For this paper, a practical form is

JX) = wi[=£0] + wafiy (X) + w3 fe(X) + wafp (X) + wsfeo, (X) + we[—fr(X)]
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Final Equation (3)
min J(x) = wy [~f()] + wafuw (X) + wafe(X) + Wafe (X) + Wsfeo, (X) + we[—fr(X)]

with

6
Wy = O,ZWk =1
k=1

4.2. High-Performance Alloys and Lightweight Materials
A range of high-performance alloys and lightweight materials for demanding structural applications are
included. Alloy systems are selected for aerospace, automotive, and energy applications. Responses to key
processing routes and phase formation are defined based on a broadened representation of materials
data, and they form the basis for predictive modeling for accelerated materials development. Phase-
equilibrium relationships in Al-, Mg-, Ni-, Ti-, and Zr-based alloys are described, together with an
extensive database of mechanical-property data for structural alloys. Next-generation Ni-base

superalloys are also targeted. Enabling commercial applications demands quantifying not just mechanical
performance but also resistance to hot-cracking and damage tolerance. These attributes require durability
considerations spanning microstructure to lifecycle. For alloys that are helium-consuming in operation,
performance predictions are extended to address He generation during service.

Al-assisted methods are well-suited to optimize the performance of lightweight materials. For porous
materials, neural networks are trained to predict the mechanical response under quasistatic and dynamic
loading, taking into account relative density, porosity shape and orientation, the presence of and the
arrangement of selected reinforcement, and the ambiant temperature. Surrogate models are built, yielding
a compact representation depending on a reduced set of design variables. Design exploration is performed
for two target applications: energy absorption and vibration-damping over a wide frequency range. For
dissimilar material joints, multi-material topology optimization aims at exploiting the mechanical
properties of materials of different nature in order to reduce weight while increasing structural
performance, robustness and durability. The approach takes into consideration both adhesive bonding and
composite materials for the joints, thus extending the range of practical application of dissimilar joints.
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Fig 4: Al Design for High Entropy Alloys
5. COMPUTATIONAL INFRASTRUCTURE AND WORKFLOW
Achieving a robust data foundation is essential. Data provenance and versioning must be tracked across
sources, metadata maintained for analysis and search, and a storage schema able to accommodate sources
in many formats established. Data use must comply with provenance and licensing restrictions while
enabling reproducible experiments and subsequent integration with machine-learning pipelines.
Existing and custom tools enable reproducible experiments, supporting data management schemas
consistent with the standards of repositories such as the Materials Project. Custom scripts automate the
initialization and maintenance of standard schemas, while additional software tracks provenance. An
open-architecture design and shared data folders, metadata maintained in YAML files, and the
programming concept of a “data dictionary”, unifying different storage keys, promote collaboration and
minimize effort in accessing shared data.
Equally critical is the deployment of the appropriate software tools, target-platform setup, and integration
of software on multiple tools across multiple platforms. A wide range of software frameworks and tools
serve the underlying methodologies. Specialized codes and libraries support the scientific disciplines
underpinning data generation and simulation, but the present implementation of advanced machine-
learning and AIED techniques mainly draws on TensorFlow, Keras, OpenAl Gym, and the NVIDIA
CUDA Deep Learning SDK.
Interoperability between tools enables task redistribution across platforms, thereby minimizing run times.
Dedicated workflow engines provide the flexibility needed to address the complexities of many integration
tasks while maintaining the simplified view of users.
Equation 3: Embodied energy equation
Step 1: Break total energy into life-cycle stages
Let
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. E.,= raw material extraction energy,

J Ejroc= manufacturing/processing energy,
N E\ .ns= transportation energy,

. E,,s= construction/installation energy,

. E.in= maintenance/repair energy,

. ExoL= end-of-life energy.

Then

Eemb = Eraw + Eproc + Etrans + Econs + Emaint + EEOL

Step 2: Express stage energies from mass and intensity
If the material has components i = 1, ..., N, with mass m;and energy intensity e;, then the production-

N
Eprod = z m;e;
i=1

related part is

Adding transport and later phases gives

N
Eemb = z m;e; + Etrans + Econs + Emaint + EEOL
i=1

Step 3: Normalize per ton of product
The article explicitly mentions “embodied primary energy for every ton of product.” So if total product

mass is M,
e _ Eemb
emb M
Final Equation (4)
N
Eemb = z m;e; + Etrans + Econs + Emaint + EEOL
i=1
and per ton,
e _ Eemb
emb M
5.1 Data Management and Reproducibility

To support data-driven Al approaches, provenance tracking, version control, and semantic enrichment
fulfil critical roles in managing experimental data and computational models. Version history is
maintained for all datasets using observable and commit message-based mechanisms. Provenance
information identifies the creation method and structure. A relational database provides a persistent
storage backend and simplifies complex queries. Semantic enrichment through controlled vocabularies
addresses common data challenges by using consistent terminology and supporting data discoverability.
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Al-driven approaches benefit from the integration of data-driven methods and engineering science models
whenever possible. Al models, the training or validation of which relies on controlled experiments or
physics-based models, are stored in a relational database management system (RDBMS). This database
backend provides a persistent storage mechanism.

Component Description

Design Variables|[Material composition, processing parameters

Objectives Strength, weight, cost, sustainability metrics
Constraints Material limits, safety requirements, environmental regulations
Output Optimal material design balancing performance & sustainability

Table 2: Design Optimization Problem Framework

5.2 Software Tools and Platform Integration
The computational infrastructure integrates multiple specialized components within a cohesive design
framework. Modeling tasks rely on selected specialized tools, including OpenFOAM for fluid flow,
Salome-Meca for continuum mechanics, MBDyn for multibody dynamics, and RV'S for strength and fatigue
of rolling bearings. Automated optimization employs Dakota, which interfaces with the respective
specialized solvers. Additionally, Dakota controls multi-fidelity surrogate model construction and
optimization-by-surrogates tasks integrating methods from the SNL-NRM and SURF packages. The
machine-learning Python libraries scikit-learn and TensorFlow enable neural network training and
uncertainty quantification using the vintagged-opera-ml and GPyOpt packages. Generative modeling
utilizes TensorFlow and the Evolved-Al library.

Orchestrating the full optimization workflow requires integration of the specialized engines and libraries
via the Robot Operating System (ROS). Sensor-driven bidirectional interoperability between design-
engine components ensures data flow follows the logical sequence dictated by the design process. An
auxiliary Shiny application enables online exploration of design-parameter ranges, user-driven sampling
of multimodal data spaces, and execution of the Dakota optimization engine across the integrated design
model.
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Fig 5: Software Tools and Platform Integration
6. PERFORMANCE EVALUATION AND TRADE-OFFS
The performance of candidate materials must be critically assessed through structural analyses in
representative loading scenarios. For practical applications, static and dynamic analyses should be
performed to verify the material adequacy and specify the necessary safety factors. A thorough damage-
tolerance assessment quantifying the potential for subcritical failure is also essential, while service-life
reliability must be evaluated for materials exposed to environmental hazards throughout their intended
use.
Although adopting an Al-driven design approach typically incurs a substantial investment in terms of
required database generation, this “cost” can be offset through comprehensive life-cycle modelling and
subsequent, well-informed resource allocation. Specific sustainability metrics of primary interest include
embodied energy, embodied carbon dioxide equivalent (CO2e), end-of-life pathways, and circularity
along with other life-cycle impacts. Determining these characteristics for the subset of candidate materials
that are subjected to Al-based optimization presents vital and consultative trade-off choices between
structural performance, sustainability variables, and ultimately overall material costs.
Equation 4: Embodied carbon dioxide equivalent equation
Step 1: Sum emissions over life-cycle stages

Let

. Craw—= €missions from raw materials,
. Cproc= emissions from production,

. Cirans= transport emissions,

. C.ons= construction emissions,

. Cpnaint= Maintenance emissions,

. CgoL= end-of-life emissions.

Then

COZe,emb = Craw + Cproc + Ctrans + Ccons + Cmaint + CEOL

Step 2: Write production emissions from material quantities
If component thas emission factor c;per unit mass, then

N
Cprod = Z m; ¢
i=1

So

N
COZe,emb = Z m; ¢; + Ctrans + Ccons + Cmaint + CEOL
i=1

Step 3: Normalize per ton of product

Again, for product mass M,

_ COZe,emb
Cemb = M
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A

Final Equation (5)
N
COZe,emb = Z m; C; + Ctrans + Ccons + Cmaint + CEOL
i=1
and per ton,
_ COZe,emb
Cemb = T
6.1. Structural Performance under Loading Scenarios

Static and dynamic analyses investigate performance under representative loading scenarios using an
OpenFOAM-based computational fluid dynamics package for flow and cooling simulation. Three-
dimensional structural modeling and nonlinear material behaviour capture the effects of progressive
deterioration under service conditions. Structural system safety factors, damage tolerance, and
probabilistic risk assessments inform performance requirements.

To ensure appropriate structural performance throughout the evaluation space, safety factors addressing
ultimate and serviceability limit states inform design choice distributions during multi-objective
optimization. Projected patterns of climate change-associated hazards such as wind storms, flooding, and
earthquakes call for equitable hazard mitigation measures. Explicitly capturing system safety in relation
to a specific hazard — for instance, tornadoes in areas of high wind hazard, earthquake zones, or locations
at risk of severe flooding — therefore facilitates equity of impact. Civil engineering codes and standards
already incorporate quantitative performance criteria for extreme events, generally expressed in terms of
the Serviceability Limit State (SLS) concept, which requires minor structural damage while performing
their intended function. Actual damage tolerance of structural materials and components during extreme
loading scenarios forms the basis of their selection and hence underpins system resilience. Explicit
consideration of a pre-defined performance requirement, captured using allowable damage criteria within
a damage constitutive model, therefore enables the analysis of structural damage tolerance.

High Perfi Sustainabilit
Parameter '8 eriormance Sustamabiity Trade-off Description
Impact Impact
Strength t ! High strength often increases energy
use
Weight t t Lightweight materials reduce lifecycle
Reduction energy
Durability + + Longer life reduces environmental
1mpact
Cost ! Mixed .Sl%s.tainable materials may increase
initial cost
Recycling Moderate ) Improves circular econom
Potential P Y

Table 3: Sustainability vs Performance Trade-offs

6.2.

Sustainability

Assessment

(Embodied

Energy, Carbon,

Recycling)

Embodied energy and embodied carbon are key indicators of sustainability for materials and structures.
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Embodied energy quantifies the total energy required for the entire life cycle of a given material,
encompassing both direct and indirect energy embedded in feedstock synthesis, processing,
transportation, use, maintenance, and end-of-life procedures. The recycled content of a material, along
with its recycling pathways at the end of life, also constitute important sustainability attributes. Reduced
energy consumption and reduced COZ2 emissions lead to lower levels in the service life of structures. The
embodied energy and embodied carbon of computer-aided designs will be thereby computed in line with
the following metrics: embodied primary energy for every ton of product; embodied CO2 equivalent for
every ton of product;, embodied primary energy for every ton of product;, embodied CO2 equivalent for
every ton of product in end-of-life recycling.

Embodied CO2 equivalent (CO2e) estimates the CO2 emissions associated with the complete life cycle
of a material/product, including the production phase, use stage, and end-of-life considerations, and is
commonly calculated using the following general equation:

Automated characterization

Vo9 wo
Fig 6: Overview of sustainable materials development
7. POLICY, STANDARDS, AND IMPLEMENTATION PATHWAYS
The proposed material systems must meet established performance and resilience criteria for structural
applications. In addition, they must be aligned with regulatory requirements, permitting pathways, and
certification schemes in target regions. Knowledge of the relevant codes, such as Eurocodes, is essential.
Although many national building codes are based on Eurocode principles, there are often particularities
concerning specific materials and use cases. The recent development of ISO 22,809 on digitally designed,
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produced and constructed concrete is an important step towards the implementation of generative-design
principles. Similar efforts are required for other digital technologies, materials and structures.

As the datadriven work advances, it will be necessary to demonstrate compliance with some of the
prescribed standards or performance indicators. This information can then be mapped to certification
pathways, such as the Information Framework for Business and Institutional Investment Projects—
Certainty of Performance or ISO 1,034—it will be particularly relevant to economic considerations.

Any structurally engineered material system can only reach the market if it is beneficial and valuable for
established industry stakeholders. One point is understanding the balance between sustainability
improvements and economic performance. Even if there are significant reductions of embodied energy,
CO2e emissions, or improvements in recyclability, a clear cost-benefit analysis is essential. The
consideration of life-cycle economics offers a more holistic view, as it accounts for the entire life of the
structure, including operational phase, maintenance and end-of-life.

Equation 5: End-of-life recycling benefit / net life-cycle impact equation

Step 1: Define recovery fraction

Let

. r=recyclable fraction of the product mass, 0 < r < 1,
. M= total mass,

. M, = rM= recovered mass.

Step 2: Credit from replacing virgin material
If recycled material offsets virgin production with energy credit e...per unit mass and carbon credit c..per
unit mass, then

Ecredit = My€ree = 1Mey,

Ceredit = MyCree = TMCrec

Step 3: Net embodied metrics after recycling
So the net embodied energy becomes
Enet = Eemb - Ecredit = Lemb — rM €rec

Similarly, net embodied carbon is
COZe,net = COZe,emb - Ccredit = COZe,emb - rMCrec

Final Equation (6)
|Enet = Lemb — rMerec|
|COZe,net = COZe,emb - rMCrec|
7.1. Standards Alignment and Certification

Standards provide essential frameworks for engineering practice and ensure public safety. Many
established codes, formulated over decades, are therefore not expected to include novel materials and
systems in the near term, despite preparation. Such diffusion into the mainstream therefore relies on
approval under product certification schemes and third-party validation protocols, which are more
flexible and responsive to innovation than the standards development process itself. Among the recognized
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schemes, Contec and Eco-Label Vertical certification offer key routes for establishing a low-carbon
supply chain with potential for export market advantage.

Implementation too must therefore proceed along two main trajectories—the inclusion of material systems
into the mainstream standardization process, especially for structural applications, and activation through
third-party certification enabling initial in-situ use in bespoke applications, creating market demand and
exploration of product-system design options. A longer-term objective is the introduction of a third
funding stream—beyond infrastructure investment and private-sector financial stimulus—directed toward
capital investment in social service programs with a large construction/engineering component and
concomitant use of these new materials, systems, and design approaches.

7.2. Economic and Social Implications
Next-generation infrastructure materials should deliver clearly defined, tautological economic promises,
with cost-benefit analyses gauging adoption potential. Actionable life cycle economic investigations
enable public sector clients to project insights onto decision-making. Supported by integrated pressure,
risk, and incentive systems, such evaluation encourages economically, environmentally, and socially
motivating material design and application.

Full-cost accounting of next-generation facility materials encompasses viability metrics for various
constituent inputs and processes, balancing contribution and economic influence. Extended trade-off
studies reveal decisive life cycle leveraging opportunities via circular continuation and environmentally
compatible end-of-life pathways. Together with analysis of inherent risk mitigation attributes, such
investigations further stimulate market activation by outlining conditions that assure equitable wealth
distribution and inclusive access to the delivered protective property set.

Al-Driven Optimization Impact on Structural Materials

Impact (%)

Optimization Factors
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8. CONCLUSION
Infrastructure materials with a relatively high skill to deform plastically under compression (e.g., concrete)
and low-cost fibrous natural or synthetic materials can provide civil engineers with a great range of
potentially successful combinations. Satisfying performance-driven and cost requirements using these
candidate materials is, however, only part of the challenge. Cities with large populations spread over
territories affected by a range of natural hazards need their infrastructures to serve the community in a
reliable and resilient manner. A more sustainable civil engineering is required to respond to increasing
users’ needs and also to contribute to the global challenge of slowing down climate change and of
preserving the planet’s resources for future generations.
A tactile, Al-driven methodology addresses the optimization of novel material systems using a data-driven
approach based on the integration of multimodal data tailored to the problem at hand. Worldwide
computational resources associated with a wide range of predictive modeling tools are publicly accessible.
The present discussion identifies infrastructure materials at potential risk of failure during a service-life
cycle but also those that could benefit from Al-driven optimization on the aspect of performance, costs,
and sustainability.

Distribution of Optimization Benefits

Material Efficiency

Energy Consumption

Carbon Footprint
Cost Reduction

Durability

8.1. Future Directions

The next century will require major technological and social changes if we are to achieve the United
Nations Sustainable Development Goals while minimizing climate change. Sustainable, resilient
infrastructure is foundational to these ambitions. The proposed research contributes to addressing these
challenges by developing an evidence-based, formal, and analytical methodology to design and optimize
a broad range of sustainable structural materials adapted to modern and future infrastructures. An Al-
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driven bottom-up approach integrates data extraction, representation, and Al-tool development for
design, optimization, and characterization of high-performance materials. A focus on experimentation
and practical guidance streams the research toward synthesis, validation, and certification of the main
material systems. The methodological foundation covers the entire cycle of data generation and
application across a wide set of parameters, including structural performance, sustainability metrics
(embodied energy, carbon, end-of-life aspects), dynamic loading scenarios (impact), multi-hazard
considerations (fire, surface corrosion), damage tolerance under variable loads, and reliability.

Major knowledge gaps remain in the Al methods currently deployed for material design and in the trade-
offs governing the choice of alternative advanced structural materials. It is expected that the graphical
representation of multimodal data, encompassing compounds, mixtures, and hierarchical materials, will
support the training of generative deep-learning models. The integration of surrogate-based optimization
layers within generative approaches will lead to cost-effective performance within predefined constraints.
Further work will be directed toward synthetic and experimental pathways that adapt indicators of
embodied energy, carbon, and end-of-life inclinations for materials other than concrete and composites.
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