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ARTICLE INFO ABSTRACT

Keywords: Recent strategic plans from many governments share the same emphasis on sustainable devel-
Reliability and sustainability integrated design opment goals. The construction industry is recognized as one of the primary contributors to
optimization

greenhouse gas emissions. Stimulated by such political and practical requirements, this research
aims to develop a reliability and sustainability integrated design optimization (RSIDO) framework
for engineering structures. Statistical modelling is conducted which provides probabilistic models
for embodied carbon coefficients (ECCs). The proposed RSIDO framework contains three main
stages. The first stage solves the classical reliability-based design optimization (RBDO) problem.
The second stage conducts the reliability-based embodied carbon quantification to define the
sustainable reliability constraint. Lastly, the new sustainable probabilistic design constraint is
embedded in the design question. Furthermore, to overcome the computational difficulty, an
active-learning extended-support vector regression (AL-X-SVR) technique is proposed to improve
the computational efficiency of the proposed framework. The embedded regression algorithm is
presented with consolidated theoretical backgrounds. Further, an active learning strategy is
implemented to select the learning samples efficiently. The applicability and effectiveness of the
proposed AL-X-SVR method are demonstrated using a highly nonlinear-constrained mathematical
validation. Additionally, the RSIDO framework is demonstrated through three engineering ap-
plications. This research contributes a comprehensive framework that not only addresses reli-
ability and sustainability but also enhances computational efficiency, thereby introducing an
innovative approach to design optimization in building engineering.

Uncertainty quantification
Embodied carbon

Active learning

Machine learning technique

1. Introduction

As global warming continues to pose new challenges, sustainable engineering strategies are receiving increasing attention.
Buildings are found to be responsible for up to 39 % of the total embodied carbon globally [1]. Furthermore, the total global embodied
energy is expected to keep escalating due to a wide range of social activities. The total carbon emission for a building involves the

* Corresponding author.
** Corresponding author. Centre for Infrastructure Engineering and Safety, School of Civil and Environmental Engineering, The University of New
South Wales, Sydney, NSW, 2052, Australia.
E-mail addresses: qihan.wang@unsw.edu.au (Q. Wang), w.gao@unsw.edu.au (W. Gao).

https://doi.org/10.1016/j.jobe.2024.111480
Received 13 August 2024; Received in revised form 27 October 2024; Accepted 1 December 2024

Available online 2 December 2024
2352-7102/© 2024 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).


mailto:qihan.wang@unsw.edu.au
mailto:w.gao@unsw.edu.au
www.sciencedirect.com/science/journal/23527102
https://www.elsevier.com/locate/jobe
https://doi.org/10.1016/j.jobe.2024.111480
https://doi.org/10.1016/j.jobe.2024.111480
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jobe.2024.111480&domain=pdf
http://creativecommons.org/licenses/by/4.0/

E. Zhao et al. Journal of Building Engineering 98 (2024) 111480

construction stage and operation stage. Pomponi and Moncaster [2] point out that the operation-induced carbon emission has reduced
and the transformation to zero-energy buildings is in progress. Therefore, embodied carbon during the construction stage should be
more of a focus. According to the United Nations Environmental Programme, the embodied carbon induced by the construction sector
alone is 10 % of the total greenhouse gas emissions worldwide [3]. H.L. Gauch et al. [4] state that the embodied carbon is not only
increasing in comparison to the operational carbon but also in absolute terms. From an engineering perspective, the decision-making
process to design structures considering embodied carbon involves two main problems, the quantification of embodied carbon and
design optimization [5].

Despite the growing attention on embodied carbon quantification, current methodologies either lack comprehensive uncertainty
quantification approaches or fail to integrate structural reliability with sustainability considerations. Moreover, the life cycle as-
sessments and reliability-based design optimization (RBDO) have been explored in previous studies, but there is still a notable gap in
addressing how embodied carbon can be effectively controlled within a reliability-based framework that simultaneously considers
environmental impact and structural performance. Hence, no well-established framework to simultaneously integrate RBDO and the
concept of sustainability can be found in the literature.

This study proposes a reliability and sustainability integrated design optimization (RSIDO) framework to incorporate the concept of
both embodied carbon and structural reliability in design practice. The framework consists of three stages. Stage I involves the original
RBDO problem. Stage II is reliability-based embodied carbon uncertainty quantification and selection of the embodied carbon
reduction strategy. Lastly, the embodied carbon threshold calculated in the previous step is implemented to form an RBDO problem as
Stage III. The challenges in embodied carbon quantification and design optimization are presented next.

Regarding embodied carbon quantification, recent relevant literature is reviewed. The embodied carbon of buildings needs to be
determined by different factors such as building designs, construction methods, transportation distance, human errors. This can
potentially cause the final embodied carbon to exceed the intended volume. Quantification and control of the embodied carbon during
construction are undoubtedly becoming important under these uncertainties. To quantify the Embodied Carbon of engineering
structures, the life cycle assessment (LCA) method has been used by many practitioners [6-10]. Pan and Teng [1] systematically
assessed the impact of different methodological variables on embodied carbon. The authors obtain a more comprehensive under-
standing of the embodied carbon assessment process by analysing eleven variables from temporal differences, spatial disparities,
procedural inconsistencies, and physical diversities. It is stated that the embodied carbon assessment provides a large variation
realistically. Li et al. [11] identified the uncertainties in the LCA of buildings and their finding was that some least-influential sources of
uncertainties suggested by previous studies are the most-influential. This conflict between various researchers further highlights the
lack of standardization of the embodied carbon quantification process. As abovementioned, the quantification process for embodied
carbon is likely to confront difficulties due to the lack of sufficient statistics to systematically describe the embodied carbon coefficient
for common construction materials. Thus, uncertainty quantification and RBDO cannot be conducted effectively. To generate a
credible statistical model to represent embodied carbon coefficients, this paper first reviews and compiles existing studies to establish
statistical models of the embodied carbon coefficients for two common construction materials: concrete and steel. Based on these
statistical models, a probabilistic uncertainty quantification of embodied carbon for engineering structures made from these materials
can be achieved. The probabilistic uncertainty quantification incorporates reliability analysis, where the reliability index indicates the
likelihood that the embodied carbon remains below a set threshold, accounting for uncertainties in embodied carbon coefficients of
material. This process is applied to evaluate the embodied carbon reliability, which will later support a reliability-based design
optimization process aimed at designing within specified reliability thresholds.

As for design optimization, it is known that structural performance is often affected by inherent uncertainties including geometrical
and material imperfection, loading conditions, and environments. As a result, it is crucial to take a probabilistic approach to analyze
and optimize the structure to ensure its integrity and eliminate failures. Therefore, in the design optimization part, reliability-based
design optimization (RBDO) is used to solve for the optimal design that satisfies the reliability constraint. Different RBDO methods
have been proposed in the past. The two-level method contains two loops, where the outer loop optimizes for the design objectives, and
the inner loop checks if the probability constraints are satisfied. Structural reliability analysis methods are used for the inner loop. The
Monte Carlo Simulation (MCS) is the most straightforward approach that calculates the probability of failure by simulating a large
number of structural responses. In practice, the limit state functions are often implicit and time-consuming. Eventually, the MCS will be
operationally infeasible. Methods such as the first-order reliability method (FORM) and second-order reliability method (SORM)
utilize the definition of the most probable point (MPP) to approximate the reliability index with the first and second-order Taylor
expansion [12]. Based on the MPP, the Reliability Index Approach (RIA) and Performance Measure Approach (PMA) were proposed
[13]. Besides the two-level methods, the single-loop approach (SLA) and decoupled approaches have also been studied [14,15]. The
SLA reformulates the RBDO problem by moving the probabilistic constraints into the deterministic optimization using optimality
conditions. The decoupled approach, Sequential Optimization and Reliability Assessment (SORA) [16] separates the optimization and
reliability analysis into cycles of deterministic optimization and reliability analysis. However, these MPP-based methods can reduce
the computational costs for engineering applications but would introduce inaccuracy for highly nonlinear limit state functions.
Further, the heavy computational cost is still the biggest challenge for practical applications.

To alleviate the abovementioned problems, the surrogate-based structural reliability analysis and RBDO have been investigated
extensively in the last decade. Some popular surrogate models include artificial neural networks (ANN) [17-19], Kriging [20,21],
polynomial chaos expansion (PCE) [22,23], random forest (RF) [24,25] and support vector regression (SVR) [26-28]. Although all
these surrogate models are capable of approximating the relationship between the structural inputs and the structural response using
far fewer data points compared to the MCS, computational costs are still being wasted on some uninterested regions of the performance
function as the structural reliability analysis only requires the accuracy of the limit state boundary. Some adaptive sampling techniques
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have been developed to increase computational efficiency further. The fundamental idea is to adaptively select samples that would
generate the surrogate model with the highest accuracy around the limit state function. Many different learning functions have been
proposed including, the U-function [21], expected feasibility function (EFF) [29], least improvement function (LIF) [30], and REIF
[31]. Zhang et al. [32] proposed the use of double-loop Kriging to approximate the reliability index function (RIF) which constructs the
surrogate model between the design inputs and reliability index directly, and the RBDO can then be transferred into a deterministic
optimization problem. On the other hand, the SVR is known for its capability for high-dimensional problems.

This study proposes a novel Active-Learning Extended Support Vector Regression (X-SVR)-assisted structural reliability analysis
strategy to serve as the inner loop of the RBDO problem, namely Active-Learning X-SVR-assisted (AL-X-SVR) for RBDO. The X-SVR is
implemented as the surrogate modelling technique due to its multiple successes in structural reliability analysis including a wide range
of engineering applications including static, elastoplastic, dynamic, and polymorphic scenarios [33-35]. The problem of X-SVR can be
formulated as a convex optimization problem, specifically a Quadratic Programming (QP) problem. It means that the global optimal
solution can be achieved through any QP or convex solver. This feature of convexity theoretically supports the accuracy of the sur-
rogate model established by the X-SVR algorithm. Further, the proposed method implements the two-level RBDO approach while
conducting a double-loop global-local two-stage enrichment process to maximize the sampling efficiency. Overall, the proposed
method takes advantage of both the X-SVR technique and the active-learning strategy which improves the model accuracy and
convergence speed. This ensures that the computational cost waste on unnecessary sample points of the optimization process can be
eliminated.

The proposed RSIDO framework provides a new perspective in design methodology by integrating the aspects of embodied carbon
and structural reliability. The framework is structured into three stages, each contributing to the entire sustainable design process. In
Stage I of the RSIDO, the traditional RBDO problem is solved. The proposed AL-X-SVR technique is adopted herein to increase the
computational efficiency by approximating the complex, and computationally expensive simulations. The active learning module
ensures that the new samples are added towards the critical region of the design space, iteratively improving the accuracy without the
need to evaluate the original limit state function for space-filling samples. Stage II introduces the probabilistic uncertainty quantifi-
cation of embodied carbon and new embodied carbon constraint. By quantifying the embodied carbon within the reliability frame-
work, the RSIDO allows the design to understand the environmental impact of the primary design solution. In Stage III, the new
embodied carbon threshold calculated in the previous step is incorporated back into the RBDO problem. This implements an additional
reliability constraint which is subjected to the quantity of embodied carbon caused by the structure. This ensures the final design
adheres to the embodied carbon limit while satisfying the structural reliability requirement. Once again, the AL-X-SVR-assisted RBDO
is adopted for this design problem. The previously constructed surrogate model in Stage I is still employed. The optimal region is likely
to shift due to the impact of the new design constraint. However, the latest surrogate is still capable of predicting the response of the
limit state surface due to the earlier global enrichment process. The use of the AL-X-SVR is a key innovation of the proposed method,
which improves computational efficiency by focusing on optimal regions in the design space. This adaptive strategy reduces
computational cost while maintaining high accuracy, even when the design space shifts due to new constraints, such as those imposed
by embodied carbon threshold. The X-SVR’s capability to formulate the surrogate model construction process as a convex QP opti-
mization problem, ensures the optimal solution can be achieved. Furthermore, overfitting can be avoided by hyperparameter auto-
tuning which is supported using Bayesian optimization and cross-validation. The active learning feature is implemented to further
boost the efficiency of the surrogate modelling. Overall, the RSIDO framework provides a path for designers to design reliable
structures more sustainably. The reliability-based approach for both structural performance and embodied carbon quantity aligns with
the current design approach.

The remainder of this paper is structured as follows. In Section 2, the RBDO problem is briefly reviewed and the currently available
inventories for embodied carbon coefficients are reviewed and analysed. The proposed RSIDO framework is introduced. In Section 3,
The RBDO and X-SVR formulations are introduced in Section 3. In Section 4, the detailed proposed framework of AL-X-SVR-assisted
RBDO with embodied carbon is presented. In Section 5, a highly nonlinear constraint RBDO test function is investigated to validate the
applicability of the proposed method. In Section 6, three engineering applications have been investigated to further demonstrate the
effectiveness and computational efficiency of the proposed framework. The conclusions are drawn in Section 7.

2. Reliability and sustainability integrated design optimization
2.1. Traditional reliability-based design optimization

The traditional reliability-based design optimization (RBDO) is defined as an optimization problem with an objective and subjected
to probabilistic constraints, i.e.,

Find d” for min f(X, d)
st Prigi(X,d) < 0] < ®(—frager;) fori=1,...,n (€}
dl S d S du

where the f(X, d) denotes the objective function of the RBDO problem and the g (X, d) denotes the i-th limit state function. The X € R™
and d € N™. denote the random variable and design variables, which ng and ng denote the dimensions of design variables and random
variables, respectively. fiec; € R denotes the target reliability index for i-th failure mode, and the design variable boundaries are
defined as [d;, d,). The Pr[g;(X) < 0] denotes the probability of failure of the i-th failure mode, which can be written as a multi-
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dimensional integration problem,

Py =Prlgi(X,d) < 0] = / . / fx(X,d) dX @

&(X.d)<0

where the fx(X, d) denotes the joint probability density function (PDF) of X.

Solving this multi-integration expression analytically is extremely challenging. The Monte Carlo Simulation (MCS) method is the
most straightforward manner to handle this problem, but it requires tremendous iterations to achieve credible estimations. This may
lead the problem to be computationally infeasible, especially when a single computation of the limit state function has already been
time-consuming. Initially, approximation methods such as FORM and SORM are developed to reduce the number of function evalu-
ations required. As well as variance-reduction techniques to improve the efficiency of MCS. These two approaches still demand heavy
computational costs as reliability analysis is required for every optimization iteration.

In the past, various RBDO algorithms have been proposed including the surrogate-assisted method [20,32,36]. Adaptive sampling
or active learning strategies are gaining increasing popularity as they only sample important regions while being able to provide
accurate surrogate models for the original problem [21,37-39]. In this research, the Active-Learning Extended-support vector
regression-assisted (AL-X-SVR) is proposed for the RSIDO problem. To achieve a sustainable design solution while satisfying the
reliability constraints, the limit state function needs to be evaluated excessive times. For engineering structures with implicit limit state
function, this process is very computationally heavy. Therefore, the Extended-support vector regression (X-SVR) is selected as the
surrogate modelling technique, and it is integrated with an active learning strategy to enhance the efficiency of the X-SVR.

2.2. Statistical modelling for embodied carbon coefficient

The study of embodied carbon evaluation in the built environment has swiftly expanded as a research subject, driven by the
significance of the matter in connection to climate concerns. In this section, the up-to-date data inventory and relevant publications for
embodied carbon of common construction materials have been reviewed. It was discovered that even for the same type of material in
the same grade, uncertainty still exists in their embodied carbon coefficients (ECC). From the literature, the underlying cause is
manifold. Pan and Teng [1] investigated this variability of embodied carbon emission of buildings from temporal, spatial, procedural,
to physical. This study from 244 cases has revealed that not all assessments have been conducted completed and transparently defined,
which builds up the barrier for estimating and quantifying the EC in structures. Wu, Feng [40] suggest that selecting an appropriate
ECC s challenging for someone lacking expertise and can be a time-consuming process. Overall, this decision-making can be correlated
to different perspectives of decision-makers. Therefore, a comprehensive analysis of statistical modelling for the ECC of common
construction materials is essential.

To establish relatively credible statistical models of the ECC, the cradle-to-gate stages including raw material extraction, trans-
portation and manufacturing are taken into account for steel and concrete. The ECCs of the two most common materials in modern
construction, concrete and steel have been retrieved from the database and publications [41-65] and are summarized in Table 1. The
ECCs are expressed in kg of CO, per kg of material, i.e., kgCOy/kg.

The established database contains 120 sets of data for concrete and 197 sets for steel, respectively. The statistical information of
their ECCs is depicted in Fig. 1.

From Fig. 1, it can be noticed that the ECC inherently with large variations for both types of materials: ranging from 0.033 to 0.9
kgCO2/kg for concrete; and 0.282 to 16.155 kgCO,/kg for steel. To achieve a considerate estimation of total embodied carbon in
engineering, it is significant to introduce the concept of uncertainty quantification and establish relatively appropriate statistical
models. Herein, the maximum likelihood estimation method (MLE) is adopted to conduct the statistical modelling of the ECCs for both
concrete and steel.

A series of distribution types, including Normal, Lognormal, Gumbel, Weibull, and Gamma distributions, are used for hypothesis
testing. The fitted distributions for concrete and steel are depicted in Figs. 2 and 3, respectively, with quantile-quantile (q-q) subplots.
The g-q plots present the quantiles of the sample data versus the theoretical quantile values from a specific distribution. If the sample
data follows the theoretical distribution, the points should align along a straight line. It is often used to estimate the fitting performance
by providing a graph that indicates goodness of fit.

In Figs. 2 and 3, the histograms of ECCs for concrete and steel are plotted as well as the fitted distribution curves of the selected
distribution types. It is evident that none of the eight distribution fittings perfectly match the collected data. This is expected due to the
significant variability of data points and the limited amount of data. However, the most representable distribution-fitting results are
selected for each construction material. The g-q plots of all distribution fittings are analysed based on the Root Mean Square Errors
(RMSE),

Table 1

Number of collected datasets and their statistical features (Unit: kgCO»/kg).
Material Available datasets Covering stages Minimum Maximum Mean
Concrete 120 sets Cradle-to-gate 0.033 0.9005 2.2585
Steel 197 sets Cradle-to-gate 0.282 16.155 0.1649
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Fig. 1. The published data for (a) ECC of concrete and (b) ECC of steel [2,66-70].
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Fig. 2. The distribution fitting for the collected data of ECC of concrete against (a) Normal distribution, (b) Lognormal distribution, (c) Weibull
distribution, and (d) Beta distribution.
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where the d; = }Qmoreﬁwl,i *Qa)u;:cfed,i| denotes the absolute difference as a discrepancy measurement. The RMSE values are calculated
and presented in Table 2.

Based on the RMSE of the g-q plot for concrete and steel, it can be found that the Lognormal distribution mostly describes the ECC
distribution of concrete, and the Gamma distribution describes the ECC distribution of steel the best. Through hypothesis testing, the
ECCs of concrete and steel are fitted as y,pcree ~ Lognormal(—1.9903,0.5993%) and y. ~ Gamma(2.8155,0.05855), respectively, in
the unit of kgCO2/kg, where Lognormal (i, 6?) denotes the lognormal distribution with the location parameter y and scale parameter o,
and Gamma(a, ) denotes the Gamma distribution with the shape parameter a and rate parameter f. While it is observed that the
differences between the various ECC distributions may not be statistically significant, the selected distributions demonstrate better
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Fig. 3. The distribution fitting for the collected data of ECC of steel against (a) Normal distribution, (b) Lognormal distribution, (c) Weibull dis-
tribution, and (d) Gamma distribution.

Table 2

RMSE of the g-q plot for concrete and steel.
Material Normal Lognormal Weibull Beta Gamma
Concrete 0.0503 0.0220 0.033 0.0343 -
Steel 1.0326 0.5567 0.7924 - 0.4493

accuracies based on our analysis.

It is worth noting that the proposed RSIDO method in this paper is not dependent on the specific choice of ECC. Moreover, the ECC
values are constantly updated due to a variety of factors including material improvements, manufacturing techniques, and policy
changes. The proposed method is designed to adapt to such updates, making it applicable under evolving conditions.

2.3. Reliability and sustainability integrated design optimization

In engineering practice, the traditional cost-based and performance-based design objectives are still the primary interest of the
design process. To make a structural design with the optimized total embodied carbon, the embodied carbon must be included as a part
of the objective function. It can be achieved by applying two normalized weighing factors to form a multi-objective reliability-based
design optimization problem. This might provide many possible design outcomes. However, it will further complicate the design
process and can create conflicts between the trade-off of two design objectives. Therefore, this paper proposes a reliability and sus-
tainability integrated design optimization (RSIDO) framework. The fundamental idea of the proposed framework is to implement a
new probabilistic design constraint to the original problem which bridges the gap between traditional design optimization and sus-
tainability. The new design constraint is related to the total embodied carbon of the interested structure and is selected carefully based
on multiple factors. The three staged RSIDO is proposed in this research. The Stage I solves the traditional RBDO problem. Once the
optimal design solution is obtained, the probabilistic uncertainty quantification of embodied carbon is conducted as Stage II. Based on
the data collection, statistical modelling and Stage I design solution, the probability distribution of the embodied carbon can be
estimated. Stage III, the inverse reliability analysis is undertaken to determine the embodied carbon threshold with a set reliability
level. Afterwards, the new embodied carbon threshold is developed based on the analysis result. In this work, ¢ is defined as the
embodied carbon reduction parameter. The Qg¢ defines the embodied carbon of the structure. An inverse reliability analysis is con-
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ducted to calculate the embodied carbon threshold . Thus, the reduced threshold can be computed as Qzc = ¢ - 7. By implementing
this term as the new design constraint, the problem can be written as follows,

Find d" for min f(d)
st Prigi(X,d) < 0] < ®(—frager;) fori=1,...,n

Pr(Qec(X,d) < Qrc] < O(—fic)
dl S d S du

(€))

Eq. (4) presents the new problem formulation for the RSIDO Stage III which consists of the probabilistic constraints for both
structural performance and embodied carbon requirement. The proposed RSIDO framework facilitates a more holistic approach to
structural design by the probabilistic uncertainty quantification of embodied carbon and incorporating it into the optimization process.
By using a probabilistic design constraint related to embodied carbon, the framework offers a design method to optimize the design
objective without compromising on structural integrity or performance. The RSIDO framework provides several advantages. It in-
tegrates structural reliability and embodied carbon reduction seamlessly, addressing both performance and sustainability re-
quirements. By incorporating embodied carbon as a design constraint, the framework ensures that environmental impact is considered
in the optimization process, leading to more sustainable outcomes.

The multi-stage process of the RSIDO framework, which includes traditional RBDO, reliability-based embodied carbon quantifi-
cation, and RSIDO, ensures a comprehensive evaluation at each step. This approach assists in identifying the most efficient design
solutions that meet the predefined reliability and sustainability criteria. Additionally, the implementation of the embodied carbon
reduction parameter in the design constraint provides a clear metric for sustainability, facilitating easier communication.

Similar to the traditional RBDO for the proposed RSIDO framework, the computational cost is the major challenge as the reliability-
based constraints need to be checked for each iteration. This research proposes the use of Active-Learning X-SVR-assisted (AL-X-SVR)
RBDO to improve computational efficiency by iteratively selecting new samples and continuously improving the model accuracy of the
surrogate model. The detailed algorithms are introduced in the subsequent section.

3. Active learning extended support vector regression

In this section, the framework of the proposed AL-X-SVR for RBDO is introduced and explained in detail. The algorithm of X-SVR is
first introduced and followed by the details of the proposed technique.

3.1. Kernelized extended support vector regression

The surrogate modelling technique X-SVR is adopted in this research due to its previous success in structural reliability analysis and
uncertainty quantification. The algorithm of X-SVR is presented as follows,

mxn

The training datasets A = [X;,Xa, ...,Xn]" € ™" and y = y,y2: ym]T € N™ denote the m sets of training inputs and outputs,

respectively, where n denotes the dimension of the input A. The targeted hyperplane g(x), x € R" can be written as
g(x)=xk(x)"W+b 5)

where k(x) € 1" denotes the kernelized input vector. w = [wy,wa, ..., wm]T € N™ represents the normal to the hyperplane and b € i
represents the bias of the hyperplane.
To extend the X-SVR technique to nonlinear problems, the empirical kernel mapping is adopted, which can be expressed as follows,

(D(xl)id)(xi) Kk(X1,%;)
X = [Xi1, X2, ...,xl._n]T —K(x;) = ?(Xz) D(x;) | _ lf(xz,xi) ©
‘.I)(Xm)T(I’(Xi) K(Xm, X;)

where ®(x;) for i = 1,2, ..., m, denotes the kernelized mapping function for transferring the i — th training input vector from the
original input space R" to the high-dimensional empirical space; k(x;) denotes the i-th empirical space vector; and «(-,-) denotes
Mercer’s kernel function.

Thus, for a given kernel function, an arbitrary input vector x can be transferred into a kernelized input vector k(x) € R™, which is
defined as

K(X)=[k(X1,X) Kk(X2,X) -+ Kk(Xm,X)] (7)

Subsequently, the kernelized training input matrix can be calculated as

K(X17X1) K(X],Xz) oo K(X],Xm)
K(A) = K(Xz57 X1) K(XZ37 X3) K(xz37 Xim) @)
K(Xm, X1)  K(XmyX2) -+ K(Xmy Xim)

Therefore, by further introducing the soft margin ¢, the nonlinear X-SVR regression problem with ¢-insensitive loss function can be
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expressed as,
. (o Ty
min_: (lpll; + [lqll3) + req(p +a) + (E76+&7E)
pabs 2
K(A)(p—q) +ben, —y <eey+& (9)
st.{ k(A)(q—p)—ben,+y < een+&
P.q4>0; 88 >0,
where p and q consist of non-negative variable vectors; y is the tuning parameter; C is defined as the penalty constant; the two non-
negative vectors & € ™ and & € R™ consist of slack variables; e, = [1,1,...,1]" € %" and 0, = [0,0, ...,0]" € %" denote ones and

zeros vectors, respectively.
By manipulating Eq. (9), the constrained optimization problem can be rewritten as

1
min ; 5 (z'Cz +b*) +ya"z

(10)
s.t. (K + Lomson)x2m+2n))Z + (EL2me2m) x2ms2n) + DG)b +d > 04y
where I(om2n)x (2m-+2n) denotes the identity matrix and C, G and A € REMFIXEmE2) gre expressed as
12 5 02n><2n 02n><m 02n><m N 02n><n 02n><n 02n><2m
C= |: en C12 N :| 7G = 0mx2n Imxm Omxm 7A = _K(A) K(A) 0mx2m (11)
mesm 0m><2n Omxm 7Imxm K(A) 7K(A) Omxzm
a,b,d and z € 2™ can be written as
p
02n
a:|:ezn:|,b:|:02n:|,d: y z= q 12
02m €om _ §
y =

By solving the dual problem with the Karush-Kuhn-Tucker (KKT) conditions, the non-negative multiplier ¢ € :*""*" is introduced.

The optimization problem in Eq. (10) can be transformed into a Quadratic Programming (QP) problem, in the form of,

1
min : ¢"Qp —m'e
¢ 2

(13)
st @ > 0gpp0m
where Q € REMH2VXEME2 and m ¢ R¥2" are expressed as
Q= (7\ + Lami2n x(amr2m) )C (A + Xomsanyx amsan)) . + G bb'G a4
m= }’(K + I(2m+2n)><(2m+2n))cila —e¢b-d as)

3.2. Active learning extended-support vector regression

The proposed active learning extended-support vector regression (AL-X-SVR) consists of two main stages including global
enrichment and local enrichment for the surrogate model construction. Overall, three blocks can be modified including the initial
design of experiment (DoE) generation, learning function, and convergence criteria, which are thoroughly presented in Algorithm 1.

Algorithm 1. The proposed active-learning extended-support vector regression (AL-X-SVR)

Step 1. Initialization

1.1. Generate a small number of training inputs [x;,X,, ..., %;]" € %" using Latin Hypercube Sampling (LHS);
1.2. Compute the corresponding training outputs following the physical relationship;

1.3. Construct the initial low-fidelity surrogate model go(x) through the X-SVR technique and let i = 0;

Step 2. Global Enrichment

2.1. Global space-filling training sample generation using LHS;

2.2. Enrichment sample selection based on the learning function y = |g;(x)| /dmin;

2.3. Construct the surrogate model based on [x;,Xs, ..., X, ..4,xi]T € {eHhxn,
2.3. If ‘pf.i - Pf.i—l‘ /Pri < Estager

2.3.1 Terminate the iteration;
2.4. Else

(continued on next page)
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(continued)

2.4.1i=1i+ 1 and go back to step 2.2;

2.5. End If.

2.7. Return the last global surrogate model as g(x) = g;(x).

Step 3. Local Enrichment

3.1. Solve the RBDO problem with a two-level approach assisted by the global surrogate model and return the design solution d,.* H
3.2. Local space-filling training sample generation;

3.3. Enrichment sample selection based on the training function in Step 2.2;

3.4. Construct the surrogate model;

3.5. Exploitation of unimportant samples X & [, — 30x, i, + 30x] U [d; — 364.d; + 304];

3.6. Solve the RBDO problem with the latest surrogate model and return the design solution d; and objective value c;;
3.7.If |cri — ¢ri1| /i < Estages

3.1.1 Terminate the iteration;

3.8. Else

3.2.1i=i+1 and go back to step 3.3;

3.9. End If.

3.10. Return the final design solution as d,

Algorithm 1 illustrates the detailed procedures of the proposed AL-X-SVR-assisted RBDO method. The technique consists of three
main steps, i.e., Step 1. Initialization, Step 2. Global enrichment, and Step 3. Local enrichment.

In Step 1 the initialization, a small training sample set is generated. A low-fidelity surrogate model can be constructed based on the
limited number of training sets. This initial step consumes only a small number of training samples to catch the overall relationship
between structural inputs and response. The LHS is used as the design of the experiment (DoE) method and then the initial surrogate
model is constructed using the X-SVR technique.

Afterwards, Step 2, and Step 3 both focus on improving the accuracy of the surrogate model around the vicinity of the limit state
function. Step 2 aims to improve the accuracy of the limit state function in the global design space. Firstly, the space-filling training
samples are generated in the design space within [u, —30x, sty +30x] for random variables and [d;, d,] for design variables. These
samples are regarded as the candidate pool for selecting the future best samples for surrogate model enrichment. The AL-X-SVR
technique seeks to achieve high accuracy of the surrogate model around the vicinity of the limit state function. Fundamentally,
selecting the new point is seen as an optimization problem. A learning function is utilized herein to evaluate all the potential low-
discrepancy candidate samples and actively select the next training sample. The learning function is defined as,

_lgx)
= dmin

16)

where g(x) presents the prediction based on the latest surrogate model. dmis (x!) denotes the minimum distance between any sample
point to all existing training samples in the Euclidean space, which is selected from all distances between the samples in the candidate
pool and the existing training sample as dmpin (x;) = min||x; — A;||. This learning function optimizes two objectives which find the
sample that is closest to the limit state function and the region has not been explored thoroughly. The proposed method iteratively
enriches the accuracy of the surrogate model until the following convergence criterion is met,

’Pf,i — Pri-1 ‘

b an

The convergence criterion is selected as the error of failure events prediction between two iterations. In this work, &g, =5x 107*
is defined. It is worth noting that the high accuracy of the surrogate model is not compulsory as this step interests in the global
structural response approximation. Once the convergence criterion is satisfied, the iteration can be terminated. The method proceeds
to the next step.

In Step 2, the AL-X-SVR surrogate model has been enriched globally, which can yield an acceptable design solution. To further
improve the accuracy, Step 3 keeps adding new samples into the training datasets with a focus on the important region that is close to
the design solution. Firstly, the design solution is found by optimizing the RBDO problem based on the two-level approach assisted by
the globally enriched surrogate model. The region of the optimal solution is then selected as the centre of the sampling region for the
subsequent local enrichment strategy. The space-filling training samples are generated in the design space following the statistical
properties of random variables. For the design variables, the optimal solutions obtained from Step 3.1 are selected as the first statistical
moments. The same learning function in Step 2.2 is implemented to select new local enrichment samples. Afterwards, the exploitation
of trivial samples is undertaken. As the active-learning strategy focuses on constructing a surrogate model with high accuracy around
the limit state function, those previously explored samples far away from the optimal region become insignificant. Further, it demands
unnecessary computational costs in the training process and may affect the accuracy of what is truly concerned. Therefore, samples
that satisfy x & [, —30x, pi, +30x] U [dl —304,d; +304] is excluded. Then, the surrogate model is constructed based on the new training
datasets. The RBDO is solved using the newly updated surrogate model. This process continues until the following convergence cri-
terion is met,
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lesi —

(18)
Cri

Cri1
_fl | < Estage,

The convergence criterion is selected as the error of cost between two subsequent optimized objective function values. In this work,
Estage, = 1 x 107* is defined. Once the convergence criterion is satisfied, the iteration can be terminated and output the final design
solution.

4. Reliability and sustainability integrated design optimization with active learning extended support vector regression

With the assistance of the proposed AL-X-SVR technique, the surrogate model can be effectively constructed to replicate the un-
derlying relationship between the structural inputs and limit state function. The established surrogate model facilitates both RBDO and
RSIDO problems. Based on the established surrogate model, the original RBDO and RSIDO problem in Egs. (1) and (4) can be written as
shown in Egs. (19) and (20).

Find d’ for min f(X, d)

st Prigi(X,d) < 0] < O(—fryger;) fori=1,...,n (19)
d<d<d,

Find d” for min f(d)

st Pr(gi(X,d) < 0] < ®(—Pge,) fori=1,...n 20)

Pr{Qec(X, d) < Qrc] < O(—fgc)
dl S d S du

where g;(X,d) denotes the surrogate model for the i-th limit state function with the structural inputs X and design variables d.

The use of the proposed surrogate modelling technique offers several advantages. First, the adopted X-SVR offers outstanding
performance in regression, based on the convex optimization problem. Overfitting is prevented by the embedded hyperparameter
auto-tuning and is supported by Bayesian optimization and cross-validation. Furthermore, the use of an active learning strategy with X-
SVR increases the sampling efficiency drastically. The surrogate model is compatible with both RDBO and RSIDO. Additionally,
surrogate models can continue to be used throughout the entire process of the proposed RSIDO.

In this section, the framework of the RSIDO is presented. The proposed framework has three main stages: Stage I. The AL-X-SVR-

Stage I. Stage I. The AL-X-SVR-RBDO
Stage II. Reliability-based embodied carbon uncertainty quantification
Stage III. RSIDO
Define statistical distributions, design variables and
optimization objective function. Let & = 0. Stage III.
‘ n —>| Find 7 for Pr[Q,.(X)< 7| < ®(- AL |
| Establish the initial surrogate model g, ,(X) | LECi ) ] Prc)
| Surrogate model enrichment g, , (X) |<— | Compute QEC =g-7 |
Find d;, f in f(d -
il o a0 | Surrogate model enrichment &(X) |4—
st Pr| g, (X d)<0|<D(-B,,,) fori=1..n
d, <d<d,
Find d;, for min f(d)
st. Pr[ 8, (X,d)<0|< D(-A,,.,) fori=L...n
Pr[ QOpc (X.d) < 0y | < )
r : ) d, <d=<d,
Return design solutions d;
Stage II. l
| ECC data collection ‘
I Statistical analysis |
Bill of quantities (BoQ) based - - K
on Stage I design solution d; / Return design solutions d; /

[

Reliability-based uncertainty quantification

/l_

Fig. 4. The flowchart of the RSIDO with active learning machine learning technique.
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assisted (AL-X-SVR) RBDO, Stage II. The probabilistic uncertainty quantification of embodied carbon, and Stage III. RSIDO. The
detailed framework is illustrated in Fig. 4.

In Stage I. The AL-X-SVR-assisted RBDO, the proposed AL-X-SVR technique is used to solve the classical RBDO problem using a
double-loop approach. The first step is to define all statistical properties of random variables, design variables, optimization objectives
and probabilistic constraints. Afterwards, the machine learning technique X-SVR is adopted to construct the surrogate model between
the structural inputs and response. Different to traditional one-shot sampling strategies, an active-learning scheme is proposed to equip
the X-SVR algorithm, namely AL-X-SVR. To improve sampling efficiency, the proposed AL-X-SVR focuses on constructing a surrogate
model that is accurate around the limit state function of the RBDO problem. Initially, a small number of training inputs and outputs are
generated using the uniform design method by LHS. The first low-fidelity surrogate model can be constructed using the X-SVR
technique. To enhance the accuracy of the surrogate model around the limit state function using high-value data points, a low-
discrepancy candidate sample pool is generated using the Sobol sequence. Based on the prediction of the previous surrogate model,
the next best training point can be computed. The detailed algorithm of AL-X-SVR is introduced in section 3.

Once the RBDO has converged to a design solution, Stage II is the probabilistic uncertainty quantification of embodied carbon based
on the design solution provided by Stage I. The three steps to conduct uncertainty quantification of structures include ECC data
collection, statistical analysis and sampling of the ECCs for MCS. Afterwards, the probability density function of the interested
structure can be estimated. A level of reliability is defined to select the embodied carbon threshold. To further improve the sustain-
ability of the design and decrease the probability of the embodied carbon exceeding the threshold, a threshold reduction factor ¢ can
be defined to calculate the new threshold that forms a new RBDO problem as Stage II.

The newly formed RBDO problem is again solved using the proposed AL-X-SVR-assisted RBDO technique. The previously con-
structed surrogate model in Stage I can still be employed as the probabilistic constraint concerning the implicit limit state function does
not change. However, the surrogate model needs further enrichment as the new embodied carbon-related design constraint can cause a
shift in the feasible optimal region where the corresponding region of the surrogate model has lower accuracy. Since the surrogate
model has converged in the global enrichment stage, it is only required to conduct the local enrichment stage. Unlike the traditional
RBDO methods that need to re-run the problem, the high adaptiveness of the proposed method highlights its efficiency. Once the
surrogate model converges, the optimal design solution can be computed.

Overall, the proposed RSIDO framework introduces a comprehensive design strategy that simultaneously incorporates sustainable
goals, design requirements, and structural reliability. This approach not only combines RBDO with embodied carbon uncertainty
quantification but also leverages an innovative active-learning machine learning technique to significantly boost computational ef-
ficiency. This advancement represents a shift toward a sustainable design methodology.

5. Numerical validation
To demonstrate the applicability of the proposed AL-X-SVR-assisted RBDO method, a highly nonlinear constraint problem is

investigated [32]. This RBDO involves two limit state functions corresponding to two probabilistic constraints. The formulation of this
highly nonlinear constraint problem can be written as,

4 T T T T T 4 T T w

" True LSF
3.5 » Initial DoE
|= 4 = Global enrichment|
Stage one model
= Local enrichment
AL-X-SVR

True LSF

Initial DoE
= Global enrichment
= Local enrichment
AL-X-SVR

Fig. 5. Result of AL-X-SVR-assisted RBDO with (a) less strict global enrichment convergence criterion, and (b) strict global enrichment conver-
gence criterion.
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n}iin ce(d) = (dy — 3.7)% + (d, — 4)°

st.: Prig(X(d)) < 0] < (D(—[)’].T>i -1,2
8&1(X) = —X; sin(4X;) — 1.1X; sin(2X5)
&X) =X, +X, -3

0<d <37,0<d, <4

X; ~N(d;,0.1%),j=1,2

P =p; =2

To demonstrate the effectiveness of the proposed AL-X-SVR-assisted RBDO and the importance of two-stage enrichment, two
different convergence criteria are investigated comparably which are ¢ = 0.001 and ¢ = 0.0001. The established surrogate models,
initial Design of Experiment (DoE), local enrichment and global enrichment points are depicted in Fig. 5.

It can be observed from Fig. 5 (a) and (b), that the relatively higher error threshold for the convergence criterion does not have a
significant impact on the convergency of the RBDO problem. On the contrary, the level of error tolerance defined within the
convergence criterion is critical as utilizing unnecessary sample points not only consumes unwanted computational cost but also has no
increase in the accuracy of the design solution. Therefore, the goal of the global enrichment stage of the proposed method is to
construct a low-fidelity surrogate model at first, and as the local enrichment stage initiates, the accuracy of the interested region can be
improved iteratively.

For this highly nonlinear constraint problem, the proposed AL-X-SVR-assisted RBDO method generates 10 samples to construct the
initial surrogate model. The accuracy of the initial surrogate model is improved iteratively by adding new enrichment samples.
Different to traditional SVR and other regression techniques, the selection of the new samples is defined as an optimization problem
that seeks to find a new sample that is furthest to all existing samples and closest to the true limit state function. The new learning
samples are selected within the generated low-discrepancy sample pool with the help of the learning function. In this case, the Latin
Hypercube Sampling (LHS) is utilized to generate the sample pool. Within the framework of the proposed method, two enrichment
stages with different convergence criteria and sampling strategies are defined. The first enrichment stage strikes to approximate the
global surrogate model with acceptable prediction accuracy around the limit state function. To accelerate the convergence speed, a
not-so-strict threshold is selected. This also avoids any unnecessary computational costs being wasted on the suboptimal regions.
Subsequently, the double-loop RBDO is performed using the surrogate model. The optimal solution is found and used as the centre of
the new sample region for stage two enrichment. In this stage, the LHS is again implemented to generate the sample pool, but new
samples follow the statistical properties for all random variables. This enables the finding of the limit state function without exploring
suboptimal or unfeasible regions for the RBDO problem. The optimization objective is selected as the convergence criterion for this
stage. Once it converges, the result can be returned as the optimal solution.

The result for this highly nonlinear RBDO problem using the proposed method is presented in Table 3. The traditional double-loop
RBDO method is adopted as the reference, the Sequential Quadratic Programming (SQP) is selected as the optimization solver for the
inner loop and MCS with 1 x 107 iterations are implemented as the outer loop. Other traditional RBDO methods including PMA, and
SORA are also compared. Further, surrogate-based method SVR and active-learning Kriging with U-learning function (AK-MCS-U) are
undertaken.

As presented in Table 3, both PMA and SORA yield design solutions that do not satisfy the targeted reliability constraint after 2352
and 1539 function evaluations. For surrogate-assisted methods, the design solution given by SVR also fails the reliability constraint
after utilizing 200 training data sets. The AK-MCS-U yields a design solution that is much closer to the targeted reliability index for the
first constraint after 204 function evaluations for both limit state functions. However, it still fails the reliability requirements of the
problem. It is found that the proposed method converges only after consuming 53 function evaluations. The AL-X-SVR only requires 31
and 2 enrichment data points for the first and second limit state functions, respectively. Furthermore, the design solution achieved by
the proposed method also indicates the highest agreement with the reference solution. Thus, the applicability and effectiveness of the
proposed method is successfully demonstrated.

(21)

Table 3

Result of the highly nonlinear RBDO problem.
Method d; d; Cost /jfl"lcs ZMCS N
Reference 2.8362- 3.2384 1.3262 2.0000 Inf ~107
PMA 2.8162 3.2770 1.3038 1.8574 Inf 2352
SORA 2.8162 3.2770 1.3038 1.8574 Inf 1539
SVR 2.9772 3.0814 1.3662 1.7078 Inf 200
AK-MCS-U 2.9580 3.1524 1.2690 1.9349 Inf 204
AL-X-SVR 2.8420 3.2306 1.3281 2.0088 Inf 53
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6. Numerical investigations
6.1. Roof truss

To demonstrate the proposed reliability and sustainability integrated design optimization (RSIDO) framework, a roof truss made of
concrete and steel is investigated. The roof truss structure is illustrated in Fig. 6.

For the roof truss shown in Fig. 6, the upper part of the structure in compression is made of concrete and the lower part in tension is
made of steel. The cross-sectional area of concrete members and steel members are A, and A, respectively. The Young’s modulus for
concrete and steel are denoted as E, and E;, respectively. P denotes the equivalent concentrated nodal load which can be calculated by
gl/4. The q denotes the uniformly distributed load on the roof truss and the [ denotes the total span of the roof truss. The serviceability
limit state is defined where the maximum allowable displacement is set to be 0.03 m. The proposed RSIDO framework implements a
traditional RBDO as the first stage where the RBDO formulation can be written as,

min m(pa, #a,)
s.t. Prig(d,X) < 0] < ®(—p")
e [P 381 113
§ =003 < 2 ) (ACEC +ASES)

0.018 <y, <0.063,6x10*<p, <12x107° 5 =3

(22)

The RBDO formulation shown in Eq. (1) involves optimizing the total mass of the structure while satisfying the probabilistic
constraint. The design variables are the cross-sectional area of concrete and steel members, respectively. The targeted reliability index
is defined as 3. The statistical properties of all variables are provided in Table 4.

For the investigated roof truss, the result of the proposed AL-X-SVR-assisted RBDO is presented in Table 5. The double-loop crude
MCS with 1 x 107 iterations is selected as the reference. Additionally, results of other traditional RBDO algorithms, SVR, and AK-MCS-
U techniques are also tabulated for comparison.

As presented in Table 5, both PMA and SORA yield design solutions that do not satisfy the targeted reliability constraint.
Furthermore, the PMA and SORA utilize a much larger number of function evaluations. For surrogate-assisted methods, the SVR
trained using 200 data sets also yields a design solution that does not satisfy the reliability constraint. The AK-MCS-U provides an
acceptable design solution where the reliability constraint is met and costs 68 function evaluations. However, it is observed that the
design solution by AK-MCS-U is too conservative as it exceeds the actual targeted reliability index and makes the structure heavier than
the reference. Therefore, the optimal result is not obtained. It is found that the proposed method obtains an accurate design solution by
only consuming 91 function evaluations for this problem and yields a design solution with a reliability index of 3.0435. Furthermore,
the best design objective is achieved by the proposed method. The design solution solved using the AL-X-SVR is also the closest to the
reference value amongst the surrogate-based RBDO methods, which further highlights the effectiveness and efficiency of the proposed
method.

To incorporate embodied carbon quantification, the probabilistic uncertainty quantification of embodied carbon of the roof truss is
investigated based on the previously optimized solution. A new embodied carbon reduction threshold is determined based on the
probability distribution of the total embodied carbon of the structure. As a result, a new probabilistic constraint is added to the original
RBDO problem. The total mass of the structure is still adopted as the design objective of the roof truss structure in the following section,
and the formulation of Stage III can be written as,

| 0.2781 [ 0.2221 I 0.251 l 0.251 |

Fig. 6. The numerical model of the roof truss structure [33].
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Table 4

Statistical properties of design and random variables.
Statistical Information q(N /m) I(m) As(m?) Ac(m?) E;(GPa) Ec(GPa)
Mean 20000 12 Design variable Design variable 100 20
Standard deviation 1400 0.12 5.9852 x 107° 48 x 1073 6 1.2

Table 5

The result of the RBDO of the roof truss.
Method d; (x 1073 m?) dy (x 102 m? Mass (kg) Pucs N
Reference 1.2000 3.4768 2045.452 3 ~107
PMA 1.2000 3.4215 2017.495 2.9164 2786
SORA 1.2000 3.4215 2017.495 2.9164 721
SVR 1.2000 3.3730 1992.909 2.8417 200
AK-MCS-U 1.2000 3.7384 2177.545 3.3776 68
AL-X-SVR 1.2000 3.5073 2060.925 3.0435 91

min m (s, fa,)
s.t. Prig(X,d) < 0] < ®(—4")
Pr(Quc(X, d) < Quc) < ®(—f)
2\ /381 113
g=0.03— <‘72)<AE +AE)

0.018 < p, <0.063,6 x10* <y, <1.2x103% 5" =3

(23)

In Eq. (23), the design objective remains unchanged, where the Qgc(X, d) and QEC denote the total embodied carbon of the structure
and the new targeted embodied carbon threshold. The targeted reliability index for the embodied carbon constraint is also selected as
3. The design solutions are tabulated in Table 6.

It can be seen from Table 6, that design outcomes for Stage III of the proposed RSIDO by various methods are presented. The
traditional RBDO methods PMA and SORA provide identical design solutions. The PMA method consumes 66416 function evaluations
and SORA consumes 2627 function evaluations. The surrogate model-assisted methods utilize significantly less number of function
evaluations. The SVR method trained using 200 data sets gives a design solution with acceptable accuracy. The AK-MCS-U method
converges with 272 training samples and yields a solution. However, it does not satisfy the two reliability constraints very well. Using
the proposed AL-X-SVR technique, 10 initial training samples are generated and the surrogate model converges with only 84
enrichment iterations. Furthermore, the accuracy is demonstrated against the reference value.

From this case study, the proposed RSIDO framework is demonstrated which implements a traditional RBDO as the first stage.
Afterwards, a new probabilistic design constraint is introduced based on the embodied carbon quantification result of the previously
solved optimization problem. The optimal solution is obtained using the proposed AL-X-SVR technique whose accuracy was tested
against other RBDO methods. Then, the probabilistic uncertainty quantification of embodied carbon of the designed structures is
carried out. Based on the probability distribution of the total embodied carbon, the concept of reliability is utilized to select a reduced
threshold for the embodied carbon as a design requirement. In this case, a 5 % reduction is selected for the interested structure.

Lastly, the uncertainty quantification of the embodied carbon for Stage I and Stage III is depicted to show the embodied carbon
distribution from the two designs.

In Fig. 7, the uncertainty quantification of the three stages of the proposed RSIDO method is demonstrated. The histogram of total
embodied carbon across the three stages: Initial design values, Stage I RBDO result, and Stage III RSIDO result which provides a clear
visualization of how the design evolves to improve the embodied carbon distribution while maintaining structural performance. It can
be observed that the initial design variable poses the greatest amount of embodied carbon. Furthermore, the embodied carbon dis-
tribution of the initial stage decays more slowly in the upper tail, implying a higher probability of large embodied carbon values

Table 6

The result of the RSIDO for the roof truss.
Method d; (x 1073 m? d, (x 1072 m?) Mass (kg) Embodied Carbon (kg) Bucs Brc N
Reference 1.0610 4.0959 2325.758 912.5735 2.9992 3.0002 ~107
PMA 1.2000 3.4215 2017.495 930.9627 2.9164 2.8548 66416
SORA 1.2000 3.4215 2017.495 930.9627 2.9164 2.8548 2627
SVR 1.0740 4.0087 2284.789 912.4405 3.0034 2.9863 200
AK-MCS-U 1.2000 3.4401 2026.884 932.4974 2.9443 2.9017 272
AL-X-SVR 1.1045 4.2126 2381.017 913.7644 2.99215 3.0007 94
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Fig. 7. (a) The histogram of the total embodied carbon, and (b) the reliability index against the embodied carbon level of the roof truss for Initial
Stage, Stage I, and Stage III.

compared to the other distribution. This spread reflects that the preliminary design’s lack of optimization, leading to inefficient
material use and higher carbon emissions. The large variance suggests that the design is overly conservative, accounting for un-
certainties but at the expense of higher embodied carbon levels. After applying Stage I RBDO, the distribution of total embodied carbon
becomes more concentrated towards lower values. This indicates that the RBDO process effectively reduces the embodied carbon by
optimizing the design variables, while still satisfying reliability constraints. The shift in the distribution illustrates an improvement
over the initial design. Lastly, Stage III further sharpens the embodied carbon distribution. The histogram shows a narrower spread of
total embodied carbon values, with the distribution shifting further towards the end. This reflects the advantages provided by the
proposed RSIDO method as the new design solution reduces variance compared to the last stage.

In Fig. 7 (b), the embodied carbon threshold versus reliability index across the three stages are plotted. For the initial design, the
reliability index curve is low, indicating the design with a higher likelihood of exceeding the embodied carbon threshold. After Stage I,
itis found that the curve is shifted upwards with an increase in the reliability index. However, the probabilistic constraint regarding the
embodied carbon threshold has not been met even after Stage I. It is observed that the Stage III design perfectly satisfies the proba-
bilistic constraint of the embodied carbon. The connection between material usage and embodied carbon becomes especially evident
when the three stages are compared. While structural performance is fulfilled by all three designs, changes in the quantity of material
used have a notable effect on the distribution of embodied carbon. As the design evolves from the initial stage to the Stage I RBDO and
Stage III RSIDO, the material is utilized more efficiently, leading to a reduction in embodied carbon without compromising structural
reliability. This highlights the importance of material selection and its impact on sustainability in the design process. Throughout the
design process, the sustainability aspect is considered within the reliability constraint. The RSIDO is solved using a two-stage strategy
where the first stage executes the original RBDO problem to select the sustainability threshold and the second stage solves the newly
formed problem. In this approach, the original objective is still solely the interested value for optimization, but the concept of reli-
ability is implemented in a sustainable way to limit the probability of embodied carbon exceeding the defined threshold.

6.2. Reinforced concrete beam

To investigate the practicality of the proposed method for engineering problems, a reinforced concrete beam is studied. The model
of the reinforced concrete beam is depicted in Fig. 8.

For the reinforced concrete beam depicted in Fig. 8, the beam is simply supported on two ends. The finite element method (FEM) is
adopted for the analysis of the reinforced concrete beam. The steel reinforcement bars are modelled using truss elements to avoid
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Fig. 8. The reinforced concrete beam.
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redundant computational costs. To achieve model accuracy, a convergence study has been undertaken which indicates discretising the
structure into 4896 elements with 38896 degrees of freedom (DoF) is sufficient. The beam itself is L in length, w in width, and h in
height. The top surface is under static loading with the magnitude of P. Two layers of six steel reinforcement bars are embedded in the
bottom part of the concrete with a cover depth ¢ of 25 mm. The diameter of the rebar is denoted as d, and the Young’s modulus of
concrete and steel are denoted as E. and E;, respectively. The cross-sectional area is selected as the optimization objective. The
maximum allowable displacement of the reinforced concrete beam is selected as the limit state function in this example, which the
RBDO problem can be expressed as,

l'ndil'l A(.Mw7/’{h7”d)
s.t. Pr(g(d,X) = g(u,,. uy, g, P, Ec, Es) < 0] < d(—p")

8(d,X) = g(,. fty. g, P, e, Es) = 0.008 — A(s,,, iy, fig, P. Ee, Ey) 24
600 mm < g, <1000 mm, 800 mm < y; <1200 mm,8 mm < y; < 30 mm
pr=3

The RBDO formulation shown in Eq. (24) involves optimizing the cross-sectional area of the beam while satisfying the reliability
constraint. The design variables are the width, height of the beam and diameter of the steel reinforcement bars. The targeted reliability
index is defined as 3. The statistical properties of all variables are provided in Table 7.

For the investigated reinforced concrete beam, the result for Stage I of the proposed RSIDO is presented in Table 8. Other traditional
RBDO methods including PMA, and SORA are also compared. Additionally, surrogate-based methods including SVR and AK-MCS-U are
also conducted.

From Table 8, the double loop MCS fails to converge due to the operationally infeasible computational costs. The PMA provides a
solution with a reliability index of 2.0697 by computing the original function 1960 times. The SORA provides a solution with a
reliability index of 2.9955 and 428 original functions are evaluated. To investigate the surrogate model-based approaches, SVR, AK-
MCS-U, and AL-X-SVR are compared. The SVR takes 1000 randomly generated training data sets within the design space which yields a
design solution that fails the reliability constraint. 10 initial training samples are generated for both AK-MCS-U and AL-X-SVR. It is
found that the AK-MCS-U utilizes an additional 46 sample points to converge, whereas the proposed method takes 43 enrichment
points. It can be seen that the two methods consume very close computational costs, and the efficiency is significantly increased
compared to traditional RBDO methods. Further, the result indicates that the proposed AL-X-SVR provides a design solution with a
reliability index of 2.9314 and the AK-MCS-U provides a design solution with a reliability index of 3.3636. From the three design
solutions given by SORA, AK-MCS-U and AL-X-SVR, the AL-X-SVR gives the best outcome with optimal design objective. This again
highlights the effectiveness of the proposed AL-X-SVR technique.

To incorporate the embodied carbon, the probabilistic uncertainty quantification of embodied carbon of the reinforced concrete
beam is investigated based on the previously optimized solution. A new embodied carbon reduction threshold is determined based on
the probability distribution of the total embodied carbon of the structure. As a result, a new probabilistic constraint is added to the
original RBDO problem.

From the Stage I results, the uncertainty quantification of embodied carbon can be carried out. The reduction parameter is selected
based on the quantification result, which is 3 % for this case. Once the new embodied carbon reduction threshold is determined, it is
implemented as the probabilistic constraint to the original RBDO problem. The cross-sectional area is still adopted as the design
objective of the reinforced concrete beam in the following section, and the formulation of Stage III can be found in Eq. (A1) in the
Appendix.

For the investigated reinforced concrete beam, the result of the proposed RSIDO is presented in Table 9. Other traditional RBDO
methods including PMA, and SORA are also compared. Additionally, surrogate-based methods including SVR and AK-MCS-U are also
compared.

It can be seen from Table 9, that design outcomes for Stage III of the proposed RSIDO by various methods are presented. The
traditional RBDO methods PMA and SORA provide identical design solutions. The PMA method consumes 7342 function evaluations
and SORA consumes 1157 function evaluations. It is observed that the surrogate model-assisted methods utilized far less number of
function evaluations. The SVR model is trained using 1000 randomly generated samples, and the yielded design solution fails to satisfy
the reliability constraint. The AK-MCS-U method converges with 60 training samples and yields a solution. However, it does not satisfy
the reliability constraint as well. Using the proposed AL-X-SVR technique, the surrogate model converges with only 55 iterations.
Furthermore, the reliability index of the final design solution is close to the reliability requirement.

Table 7
Statistical properties of design and random variables.
Variable Description Distribution Mean Standard deviation
P (kN) Load Gumbel 1920 192
w (mm) Width Normal Design variable 17.5
h (mm) Height Normal Design variable 10
L (mm) Length Deterministic 8000 -
d (mm) Diameter Normal Design variable 0.4
E. (GPa) Young’s modulus Normal 25 1.25
E; (GPa) Young’s modulus Normal 200 10
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Table 8

The result of the RBDO for the reinforced concrete beam.
Method d (x 10 m) d; (x 10" m) d; (mm) Area ( x 107" m?) Prs N
PMA 6.0007e 8.7929 29.9793 5.2763 2.0697 1960
SORA 6.0164 8.8176 29.4831 5.3050 2.9955 1157
SVR 6.0000 8.0000 26.0786 4.8000 1.0606 1000
AK-MCS-U 6.0162 9.2991 20.0159 5.5945 3.3636 56
AL-X-SVR 6.0000 8.7656 30.0000 5.2593 2.9314 53

Table 9

The result of the RSIDO for the reinforced concrete beam.
Method d; ( x 107! m) d, ( x 107" m) d; (mm) Area ( x 107! m?) Embodied Carbon (kg) Prs N
PMA 6.0033 8.7969 29.8974 5.2811 1420.107 2.9725 7342
SORA 6.0033 8.7969 29.8974 5.2811 1402.109 2.9725 1157
SVR 6.0000 8.0002 25.4046 4.8012 1181.788 1.0143 1000
AK-MCS-U 6.0000 8.0000 19.0010 4.8000 995.7882 0.5497 60
AL-X-SVR 6.0000 8.8754 26.2327 5.3252 1292.684 2.9311 55

6.3. RC slab

A reinforced concrete slab is studied to investigate the effectiveness of the proposed method for engineering problems further. The
model of the reinforced concrete slab is depicted in Fig. 9.

For the reinforced concrete slab depicted in Fig. 9, the slab is fixed on all edges. The slab is analysed using the FEM. To achieve
model accuracy, a convergence study has been undertaken which indicates discretising the structure into 15160 elements with 136060
degrees of freedom (DoF) is sufficient. The two sides are L in length and h in height. The top surface is under static loading with the
magnitude of P. Two layers of reinforcement bars are embedded in the bottom part of the concrete with a cover depth c of 25 mm,
which is perpendicular to each other. The diameter of the rebar is denoted as d, and the Young’s modulus of concrete and steel are
denoted as E, and E;, respectively. Additionally, the f, and f; denote the concrete compressive strength and steel initial yield stress,
respectively. The isotropic tangent modulus is defined as E;. The mass of the investigated reinforced concrete slab is selected as the
optimization objective. The maximum allowable displacement of the structure is selected as the limit state function in this example,
which the RBDO problem can be expressed as,

mdin m(pg, fn)
s.t. Pr[g(dvx) :g(ﬂdvﬂmvamESafCufx’Et) < 0] < (D(fﬁT)

g(d,X) = 0.01 — A(d,X) (25)
8mm < y; < 20mm, 50mm < y;, < 300mm
pr=3

The RBDO formulation shown in Eq. (26) involves optimizing the mass of the slab while satisfying the reliability constraint. The
design variables are the height of the slab and the diameter of the steel reinforcement bars. The targeted reliability index is defined as
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Fig. 9. The model of the reinforced concrete slab.
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3. The statistical properties of all variables are provided in Table 10.

For the investigated reinforced concrete slab, the proposed RSIDO is presented in Table 11. Other traditional RBDO methods
including PMA, and SORA are also compared. Additionally, surrogate-based methods including SVR and AK-MCS-U are also
conducted.

The double loop MCS fails to converge due to the operationally infeasible computational costs. For Stage I, the PMA provides a
solution with 1602 times of original functions. The SORA provides a solution with 428 original functions evaluated. To investigate the
surrogate model-based approaches, SVR, AK-MCS-U, and AL-X-SVR are compared. The SVR takes 200 randomly generated training
data sets within the design space which yields a design solution. 10 initial training samples are generated for both AK-MCS-U and AL-X-
SVR. It is found that the AK-MCS-U utilizes 42 sample points to converge, whereas the proposed method takes 112 enrichment points. It
can be seen that the two methods significantly increase the computational efficiency compared to traditional RBDO methods. To
incorporate the embodied carbon, the probabilistic uncertainty quantification of the embodied carbon of the reinforced concrete slab is
investigated based on the previously optimized solution. Following the proposed framework, from the Stage I results, the uncertainty
quantification of embodied carbon can be carried out. The reduction parameter is selected based on the quantification result, which is
3 % for this case. Once the new embodied carbon reduction threshold is determined, it is implemented as the probabilistic constraint to
the original RBDO problem. The mass is still adopted as the design objective of the reinforced concrete slab in the following section,
and the formulation of Stage III can be found in Eq. (A2) in the Appendix.

It is observed from Table 11, that design outcomes for Stage III of the proposed RSIDO by various methods are presented. The
traditional RBDO methods PMA and SORA provide identical design solutions. The PMA method consumes 10087 function evaluations
and SORA consumes 593 function evaluations. It is observed that the surrogate model-assisted methods utilized far less number of
function evaluations. The SVR model is trained using 200 randomly generated samples, and the yielded design solution fails to satisfy
the reliability constraint. The AK-MCS-U method converges with 152 training samples and yields a solution. Using the proposed AL-X-
SVR technique, the surrogate model converges with only 20 iterations. The design solutions given by AK-MCS-U and AL-X-SVR highly
agree with each other. However, the performance of AL-X-SVR is slightly superior to AK-MCS-U due to the lower computational cost.

7. Discussion

The proposed reliability and sustainability integrated design optimization (RSIDO) framework presents a design approach that
addresses sustainability, design objectives and structural performance simultaneously. This work not only integrates reliability-based
design optimization (RBDO) with embodied carbon quantification but also implements a novel active learning machine learning
technique to enhance computational efficiency, signifying a development towards a sustainable methodology in design optimization
with the consideration of structural reliability.

The RSIDO framework incorporates embodied carbon as a design constraint which allows the environmental impact to be miti-
gated. The three stages approach facilitates a stepwise integration with structural performance and embodied carbon, beginning with
the established RBDO framework, followed by the embodied carbon threshold selection based on the embodied carbon uncertainty
quantification. Lastly, a new probabilistic design constraint related to embodied carbon is implemented in the original RBDO to form a
new optimization problem. To achieve accurate results for probabilistic uncertainty quantification of embodied carbon, it is important
to develop appropriate statistical models. In this study, the cradle-to-gate stages, including raw material extraction, transportation, and
manufacturing, were taken into account for the most two common construction materials, concrete and steel. Using the data gathered,
statistical models for the embodied carbon coefficients (ECCs) were developed through maximum likelihood estimation (MLE) dis-
tribution fitting, utilizing 120 and 197 data points for concrete and steel, respectively. These statistical models facilitate precise
decision-making and provide a foundation for the proposed framework. It is noteworthy that these are constantly evolving due to
changes in various factors. However, the RSIDO can adapt to different ECCs.

7.1. Embodied carbon results

The effectiveness of the proposed RSIDO has been demonstrated using the numerical investigations including roof truss, reinforced
concrete beam and reinforced concrete slab. In this section, the results of the embodied carbon using RSIDO by different RBDO al-
gorithms are compared.

In the roof truss analysis, the proposed AL-X-SVR technique achieved an embodied carbon value of 913.7644 kg, which is slightly
higher than the reference value of 912.5735 kg but significantly lower than the Performance Measure Approach (PMA) and Sequential
Optimization and Reliability Assessment (SORA) with the embodied carbon of 930.9627 kg. This result demonstrates that the RSIDO
framework, supported by the AL-X-SVR technique, achieves an embodied carbon reduction comparable to the reference design, which
represents an optimal design solution. This efficiency in embodied carbon reduction are beneficial when scaling to larger structures or
multiple roof truss components, as the RSIDO approach reduces material waste and embodied carbon without compromising the
structure’s intended functionality or safety.

For the reinforced concrete beam, the embodied carbon value by the AL-X-SVR was yielded as 1292.684 kg which is lower than the
PMA and SORA with embodied carbon of 1402.109 kg, highlighting a significant advantage compared to the traditional FORM-based
methods. In the reinforced concrete slab, both the active-learning Kriging with U-learning function (AK-MCS-U) and AL-X-SVR
methods yielded comparable results 2302.1 kg and 2296.3 kg, respectively. However, the PMA and SORA both yield 2709.8 kg
which lead to significant embodied carbon compared to design solutions given by AL-X-SVR and AK-MCS-U.

Overall, the RSIDO framework’s applicability to these structure types has been well demonstrated which showcases its capabilities
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Table 10

Statistical properties of design and random variables.
Variable Description Distribution Mean Standard deviation
P (kN) Load Gumbel 70 7
d (mm) Diameter Normal Design variable 0.4
h (mm) Height Normal Design variable 8
L (mm) Length Deterministic 8000 -
E. (GPa) Young’s modulus Normal 25 1.25
E, (GPa) Young’s modulus Normal 200 10
fe (MPa) Concrete compressive strength Normal 20 2
fs (MPa) Steel initial yield stress Normal 100 10
E, (GPa) Isotropic tangent modulus Normal 20 2

Table 11

The result of the RSIDO for the reinforced concrete slab.
Method d; (x 1073 m) d; ((x 10~ m) Mass ( x 10° kg) Embodied Carbon ( x 10° kg) N
PMA 20.0000 1.0000 9.0441 2.7098 1602 + 10087
SORA 20.0000 1.0000 9.0441 2.7098 428 + 593
SVR 8.0000 1.0000 8.7047 1.6304 200 + 200
AK-MCS-U 8.0062 1.4672 12.7416 2.2963 152 + 42
AL-X-SVR 8.0003 1.4714 12.7774 2.3021 122 + 20

to regulate embodied carbon emissions while considering structural reliability. By targeting embodied carbon as a key probabilistic
optimization constraint, RSIDO promotes more sustainable design choices that reduce the overall embodied carbon of construction
projects.

7.2. Performance of AL-X-SVR

In RBDO, the computational burden associated with reliability analysis is seen as one of the biggest challenges, especially when
time-consuming structural model is encountered. For traditional RBDO, the Monte Carlo Simulation (MCS) is employed to run the
reliability analysis for each iteration of optimization. This computational burden of performing MCS based on the original physical
model can be very costly for a single reliability analysis. Conducting for all iterations of optimization will significantly increase the
computational time and eventually become infeasible for complex physical models. To mitigate this challenge, we utilize a surrogate
model to replace the original time-consuming structural model. In this way, the RBDO remains computationally feasible for complex
structures. The active-learning extended-support vector regression (AL-X-SVR) technique is proposed in this paper which addresses
this challenge by iteratively refining the surrogate model, enhancing accuracy with fewer training samples. The two-level enrichment
strategy enables the model to focus on regions of interest and reduces computational costs.

The applicability and effectiveness of the AL-X-SVR have been demonstrated using a highly nonlinear constrained RBDO problem,
roof truss, reinforced concrete beam and reinforced concrete slab. It was observed that the AL-X-SVR outperforms traditional methods
such as MCS, PMA, SORA, and other machine learning techniques including Support Vector Regression (SVR), and AK-MCS-U.
Traditional methods struggle to overcome computational limitations as the limited state function becomes time-consuming. For the
PMA and SORA, the results are often inaccurate compared to the machine learning-assisted methods due to the nature of methods as
they utilize First Taylor Expansion to approximate the limit state function. For this reason, the design result often fails to meet the
actual probabilistic constraints for structures with highly nonlinear limit state functions. Furthermore, the AL-X-SVR technique
demonstrates better performance and accuracy than the SVR and AK-MCS-U while using fewer training samples.

The successful application of the proposed RSIDO framework inspires future research works, potentially extending beyond building
components to full-size buildings with more design variables.

8. Conclusion

In this study, the reliability and sustainability integrated design optimization (RSIDO) framework for engineering structures was
proposed. The embodied carbon coefficients (ECCs) were collected for two common construction materials: concrete and steel. Based
on the data collection, the statistical models of ECCs were established via maximum likelihood estimation (MLE) distribution fitting
based on the collected 120 and 197 data points for concrete and steel, respectively. These credible statistical models enable accurate
decision-making and lay the foundation for the proposed RSIDO. The RSIDO framework consists of three main stages. Stage I is the
classical RBDO problem. Stage II is the reliability-based embodied carbon quantification. Stage III calculates the embodied carbon
reduction threshold based on the quantification result. The reduction threshold value was adopted as a reliability-based design
constraint to form the new RSIDO problem. The optimization process is computationally expensive, especially for complex, implicit
physical problems. The Extended Support Vector Regression (X-SVR) was adopted as the surrogate modelling technique to represent
the relationship between structural inputs and interested responses. Furthermore, this study proposed an active learning strategy to
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improve the efficiency of X-SVR, namely the Active-Learning X-SVR-assisted RBDO (AL-X-SVR-RBDO). The active learning module
ensures the training samples are added to the critical region for each iteration. The proposed AL-X-SVR-RBDO was adopted throughout
the RSIDO which can drastically improve the optimization efficiency. The applicability of the proposed AL-X-SVR was validated using
a highly nonlinear constraint mathematical RBDO problem. It was observed that the proposed AL-X-SVR-RBDO method significantly
reduces the computational costs compared to the classical RBDO methods. Additionally, the two-stage global and local enrichment
strategy embedded in the AL-X-SVR-RBDO avoided sampling excessively in the sub-optimal region within the design space.

Three engineering applications were investigated to demonstrate the effectiveness and efficiency of the proposed RSIDO frame-
work. From the three engineering applications, the proposed AL-X-SVR-RBDO was used as the surrogate modelling technique and its
efficiency was also demonstrated. From the three investigations, it can be found that the three stages of the proposed RSIDO all
contribute to embodied carbon reduction. Stage I solved the RBDO which often has design objectives such as cost and mass. This step
was the foundation of the RSIDO as it provides a design solution while satisfying the structural performance. In practice, the design
objective might be strongly correlated with the total embodied carbon of the structure. Therefore, carbon reduction can be observed
within the first step for all investigated structures after Stage I. Stage II, the reliability-based embodied carbon quantification utilized
the established statistical models of ECCs and the design solution. An inverse reliability analysis problem was defined to determine the
new embodied carbon threshold for the concerned structure. Stage III implemented the new embodied carbon threshold as a prob-
abilistic constraint to form the RSIDO problem. The AL-X-SVR was adopted in both Stage I and Stage III. It was found that generally the
proposed AL-X-SVR yields accurate predictions of the limit state and consumes fewer training samples compared to other surrogate
models.

Overall, the proposed RSIDO provides a new design approach by integrating the aspects of embodied carbon and structural reli-
ability. These two parts are critical but sometimes it can be challenging to satisfy both criteria in design practice. This research used a
probabilistic approach to link them together where its effectiveness was demonstrated. Thus, the RSIDO framework offers a way of
designing reliable structures more sustainably. Furthermore, the adaptiveness of the RSIDO framework is highlighted by the newly
formed RBDO problem, solved using the proposed AL-X-SVR-RBDO technique. Here, the surrogate model constructed in Stage I re-
mains useful, as the probabilistic constraint related to the implicit limit state function does not change. However, the embodied carbon-
related design constraint can lead to a shift in the feasible optimal region, requiring local enrichment of the surrogate model to improve
accuracy in this newly focused area. Unlike traditional RBDO methods that require re-solving the entire problem, the high adap-
tiveness of the RSIDO method allows for targeted local enrichment, significantly improving efficiency. This framework also allows the
method to handle a wide range of input uncertainties, including the distribution of the ECCs. This flexibility ensures the robustness of
the method, making it applicable to constantly updating ECCs due to manufacturing advancements. In the future, the authors wish to
extend the work for more sophisticated building systems considering multiple failure modes in accordance with design codes.
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Appendix

For the overall readability and cohesion of the paper, some equations for the numerical investigation section are provided in this
appendix.
The Stage III formulation of the investigated reinforced concrete beam is written as,

l'ndil'l A(.uw7/’{hv”d)

s.t. Pr[g(X1 d) :g(/"wﬂﬂhvﬂd’P*EﬁEs) < 0] < q)(_/jT)

Pr[Qgc(X,d) < QEC] < CD(*/}EC) (A1)
g(d7X) :g(ﬂwaﬂhvﬂd>P7EuEs) =0.008 — A(”wrﬂhvﬂd>P7EﬁEs)

600 mm <y, <1000 mm,800 mm < g, <1200 mm,8 mm < y; < 30 mm

pr=3
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The Stage III formulation of the reinforced concrete slab is written as,

min m(ug, wy)

sit. Prig(d,X) = g(ug, py, P,Ec, Es. f. f5, Ee) < 0] < @(—p")

Pr{Quc(X, d) < Quc] < @(—fc) (A2)
g(d,X) = 0.01 — A(d,X)

8mm <y < 20mm, 50mm < y;, < 300mm

=3

In equations (A1) and (A2), the design objectives remain unchanged from the original RBDO problem in Stage I optimization.

However, the total embodied carbon of the optimized structure Qg (X, d) is implemented into a new probabilistic constraint where the
embodied carbon threshold Qg is determined in Stage II, probabilistic uncertainty quantification of embodied carbon.

Data availability

Data will be made available on request.
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