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Abstract

Improving the Prediction Performance (PP) of crack pipeline Failure Assessment Model
(FAM) is of great significance for the safety of pipeline structure and engineering. However,
conventional optimizations for PP always focus on either safety or accuracy, failing to
balance the overall requirements of structural applications. Therefore, this paper proposes
an optimization procedure for comprehensively improving FAM’s PP. The establishment of
the procedure can be divided into three parts: 1. setting a rational and robust optimization
target, where the Improved Guo-Ni Model (IGNM) is raised to provide an absolute score s
for fully quantifying FAM’s PP in terms of the multi-dimensional performances, including
stability and Distributional Location Characterizations (DLCs) of FAM’s prediction results;
2. determining the candidate solutions which are selected as the Critical Safety Factor (CSF)
values related to FAM’s prediction confidence level (R1) in this paper; 3. constructing the
optimization framework based on the Particle Swarm Optimization algorithm to search for
the optimal CSF (OCSF) that can maximize s. Finally, empirical verification results show
that the procedure enhances the overall s values of BS 7910:2019 and CorLAS models by
3.32% and 6.09%, respectively, through balancing DLCs, which increases the applicability
of FAM across different projects and provides a new approach for the optimization control
of FAM’s overall performance.

Keywords: Failure Assessment Model; Prediction Performance; Critical Safety Factor;
Improved Guo-Ni Model; Particle Swarm Optimization

1. Introduction
Pipelines are of great practical value in industrial construction and energy transporta-

tion [1,2]. However, during pipeline operation, the structure may develop axial cracks on
the external surface under high-pressure conditions, which destroys structural integrity
and severely threatens engineering safety [3,4]. Therefore, developing high-quality Failure
Assessment Models (FAMs) for cracked pipelines is significant for evaluating structural
reliability and reducing accident risks. Until now, many highly recognized FAMs have
been developed to assess the integrity, reliability and safety of pipelines [5], such as GB/T
2019 [6], BS 7910:2019 [7], Battelle [8], CorLAS [9], etc. However, different FAMs lead to
varying results, making it necessary to evaluate and optimize FAM’s Prediction Perfor-
mance (PP) for improving their availability.
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To assess FAM’s PP, many scholars have already conducted lots of studies with various
assessment criteria. For instance, Cosham et al. [10] used means and variance to evaluate
FAM’s accuracy. Yan et al. [8] employed means and coefficient of variation (COV) to research
the FAM error. Yan et al. [11] utilized the mean and standard deviation of 12 in-service and
63 hydrostatic test pipe ruptures to explore the distinct performance characteristics of seven
FAMs. Guo et al. [12] proposed seven indicators to comprehensively investigate FAM’s
PP based on 250 cracked pipeline experiments. Notably, in contrast to previous studies
which employed simple statistical parameters to compare PP differences among FAMs,
Guo et al.’s indicators contain stability and Distribution Location Characteristics (DLCs),
which can more fully and effectively meet the practical application requirements of FAMs.
Therefore, the subsequent PP quantification model Guo-Ni Model (GNM) proposed by
Guo et al. [13], which established an Evaluation Indicator System (EIS) based on the above
indicators, also demonstrated significant advantages in evaluation comprehensiveness
and engineering guidance. However, the GNM treats PP quantification as a multi-criteria
decision-making problem, and its evaluation results are subject to the type of decision-
making model employed, which implies that GNM fails to establish a unified performance
standard. This limits its applicability in PP optimization. Hence, the Improved Guo-
Ni Model (IGNM) is proposed in this paper to directly present PP with a single final
score, which simultaneously takes four multi-criteria decision-making models, including
Sum Weight Method (SWM) [14], Technique for Oder Preference by Similarity to the
Ideal Solution (TOPSIS) [15], Vlsekriterijumska Optimizacija I Kompromisno Resenjie
(VIKOR) [16] and Preference Ranking Organization Method for Enrichment of Evaluations
II (PROMETHEE II) [17] into account, thereby providing a robust and comprehensive
optimization objective for PP enhancement. This transition from FAM’s pure evaluation to
systematic optimization guidance constitutes the core theoretical innovation of this paper.

As for the optimization of FAM’s PP, traditional methods always rely on adjusting
prediction results by the Critical Safety Factor, i.e., the ratio of recommended predicted to
experimental values [18]. However, this way aims to control prediction risk, and it tends to
yield overly conservative results, leading to material wastage, which significantly impedes
models’ widespread acceptance and utilization within the engineering field. Moreover, to
optimize the prediction accuracy, numerous novel FAMs have been developed for failure
prediction in recent years. For instance, Kiswendsida et al. [19] corrected the prediction
results of the modified Ln-Sec mode [20] by introducing a correction factor and the effect of
correction was evaluated based on the model error standard deviation, thereby enhancing
prediction accuracy. Su et al. [21] proposed a multi-layer deep neural network (DNN)
model and analyzed the influences of DNN model parameters on the prediction accuracy
of failure pressure for defective pipelines. Sun et al. [22] employed multiple machine
learning models to predict failure modes in pipeline structures containing longitudinal
surface cracks. Ren et al. [23] developed the Genetic Algorithm-Back Propagation Neural
Network prediction model to assess pipeline safety. Huang et al. [24] built a hybrid network
model based on Convolutional Neural Network (CNN) and Bidirectional Gated Recurrent
Unit (BiGRU), while introducing the Squeeze-and-Excitation (SE) mechanism to optimize
features within the convolutional module, thereby significantly enhancing the efficacy of
structural damage identification. However, these FAMs focus on minimizing errors while
neglecting other practical requirements for PP optimization, making them fail to balance the
conservatism, riskiness and robustness of prediction results and constraining the practical
applicability of models. Essentially, the limitations of previous PP optimization studies
partly stem from basing optimization on incomplete PP assessment, which hinders the
ability to balance the overall requirements of structural applications. There is an urgent
need to propose a procedure that can fully optimize FAM’s PP.
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Therefore, this paper presents an optimization procedure for comprehensively im-
proving FAM’s PP based on IGNM and Particle Swarm Optimization (PSO) [25]. Here,
IGNM is raised to set the fitness for optimization, which can provide an absolute score s for
fully quantifying FAM’s PP by integrating the multi-dimensional performance in FAM’s
prediction results. PSO is used to build an iterative framework for searching the optimal
overall PP, consisting of candidate solutions and fitness which are defined based on CSF and
the overall s, respectively. Notably, PSO exhibits well-proven efficacy in solving continuous
single-objective optimization problems, which aligns perfectly with the one-dimensional
search requirement for optimal CSF (OCSF) in this paper. Compared to other intelligent
algorithms such as Genetic Algorithms (GA) [26], Sailfish Optimization (SFO) [27] and
Moth-Flame Optimization (MFO) [28], PSO is generally more easily implemented and con-
verges faster when dealing with low-dimensional smooth problems. Therefore, considering
both research target and computational cost, PSO is selected as the optimization tool for this
procedure. Finally, it is verified through case study that the procedure can effectively en-
hance FAM’s PP by balancing DLCs including risk, conservatism, robustness and accuracy,
which provides a new idea for the optimization control of FAM’s overall performance.

The paper is organized as follows: after introduction, the establishment principles and
flowchart of IGNM are presented in Section 2. Section 3 gives PSO’s theory and Section 4
introduces the PP optimization procedure by its basic definitions and flowchart. Section 5
gives the case study to show the rationality of fitness setting, the optimization effect and the
applicability for different preferences of the procedure. Section 6 presents the conclusions.

2. Improved Guo-Ni Model (IGNM)
Improved Guo-Ni Model (IGNM) is an enhanced quantification model for FAM’s

Prediction Performance (PP) based on the Guo-Ni Model (GNM) [13], which can present
PP directly with an overall score covering four different multi-criteria decision-making
models’ results. In this section, IGNM is presented by the establishment principles and the
flowchart to illustrate the acquisition of the final score.

2.1. Establishment Principles

The establishment principles of IGNM can be divided into three parts, including Eval-
uation Indicator System (EIS), Evaluation Mathematical Models (EMMs) and integration
processing as presented in this section.

2.1.1. Evaluation Indicator System (EIS)

Evaluation Indicator System (EIS) raised by Guo. et al. in 2022 [13] is the basis of
IGNM scoring, which provides comprehensive assessment criteria for quantifying PP. EIS
consists of two aspects: stability (correlation C1, multi-modality C2 and dispersion C3) and
Distribution Location Characterizations DLCs (risk C4, conservatism C5, robustness C6 and
accuracy C7). Note that EIS is based on the uncertainty of FAM’s Prediction Accuracy (PA)
which is defined as

PA =
Ppre

Pexp
, (1)

where Ppre is pipeline’s predicted burst pressure determined by FAM; Pexp is experimental
burst pressure.

1. Stability is the FAM’s inherent characteristic reflecting the cognitive level, which
consists of three indicators: correlation (C1), multi-modality (C2) and dispersion (C3).
C1 represents the correlation coefficient (Rn) between PA and the experimental burst
pressure Pexp. C2 represents the distributional properties of PA’s probability density.
In details, C2 = 1 when the best-fit distribution is clearly single-peaked, while C2 = 3
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when the generic single-peaked distributions are rejected or C2 = 2 otherwise. C3 is
the Coefficient of Variation (COV) of PA.

2. Distributional Location Characterizations (DLCs) are superficial properties that are
easy to observe and obtain. DLCs consist of four indicators: risk (C4), conservatism
(C5), robustness (C6) and accuracy (C7). C4 is the probability that the PA is greater
than 1, C5 is the probability that the PA is less than 0.5 and C6 is the probability that
the PA is between 0.5 and 1. C7 is the absolute difference between 1 and the meaning
of PA.

Notably, the above evaluation indicators can be divided into benefit and cost indicators.
The larger the benefit indicators and the smaller the cost indicators, the better the FAM’s
PP. Here, all indicators are cost indicators except robustness C6.

2.1.2. Evaluation Mathematical Models (EMMs)

Evaluation Mathematical Models (EMMs) used in GNM are the main components for
calculating PP’s sub-scores, which regard the quantification of FAM’s PP as a multi-criteria
decision-making problem. The specific quantification process consists of two steps.

Step 1: Determining the weights of the seven indicators in EIS by the Best-Worst
Method (BWM) [29]. In response to users’ needs, the relative degrees BO and OW between
different indicators defined in Equations (2) and (3), are determined based on the nine-
scale method [30], and then the weights of the indicators in EIS are calculated based
on the calculation steps of BWM which are not presented here because they have been
demonstrated in detail in Reference [13].

BO = (aB1, aB2, . . . , aBn), (2)

OW = (a1W, a2W, . . . , anW)T, (3)

where aBj (j = 1, 2. . ., n) represents the relative preference of the most important indicator
over the j-th indicator; ajW represents the relative preference of the j-th indicator over the
least important indicator.

Step 2: calculating FAM’s scores based on the weights and the seven indicators’ values
determined by FAM’s PA. Here, four scores s1, s2, s3 and s4 are computed by SWM [14],
TOPSIS [15], VIKOR [16] and PROMETHEE II [17], respectively. Their calculation processes
are described in detail in Reference [13]. Notably, except for s3, the larger scores mean the
better FAM’s PP.

2.1.3. Integration Processing

Distinguished from GNM, IGNM provides an overall score (s) integrating four multi-
criteria decision-making models’ scores (s1, s2, s3 and s4 computed by SWM, TOPSIS,
VIKOR and PROMETHEE II, respectively). Notably, the four models represent four classical
and complementary philosophies in multi-criteria decision-making. Specifically, SWM
provides an absolute performance reference based on linear aggregation; TOPSIS measures
proximity to the ideal solution through geometric spatial distance; VIKOR focuses on
seeking compromise solutions that maximize the group utility while minimizing individual
regret; PROMETHEE II characterizes complex superiority relationships between solutions
through pairwise comparisons and preference flows. IGNM integrates these four models
to establish a robust framework capable of evaluating PP from multiple, complementary
perspectives. This combination ensures that assessment simultaneously encompasses
the four core dimensions of ‘linear aggregation’, ‘balanced approximation’, ‘compromise
optimization’ and ‘preference ranking’, thereby effectively avoiding evaluation biases
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or perspective limitations caused by relying on a single decision model and providing
comprehensive, multidimensional guidance for subsequent PP optimization.

The challenge of the integration processing lies in the fact that different decision-
making models’ scores may differ either in their numerical ranges or in their interpretive
properties for PP quantification. To ensure that the final score s reasonably balances the
evaluation effect of each sub-score, it is essential to fully understand the mathematical
properties of si (i = 1, 2, 3, 4).

Firstly, in terms of the commonality, all si values are related to the ideal solutions,
including Positive Ideal Solution (PIS) and Negative Ideal Solution (NIS). To obtain the
scores enabling performance comparisons between different FAMs under a specific decision-
making method, the evaluated objects must be compared with the specified PIS and NIS,
whose values for all evaluation indicators can be found Reference [13].

Regarding specific characteristics, SWM’s s1 and TOPSIS’s s2 are near-absolute scores
between 0 and 1; the closer to 1, the better. Notably, s2 is not only related to PIS and NIS but
also related to the number of objects to be evaluated, which is three, including PIS, NIS and
the FAM to be evaluated in this paper. As for VIKOR’s s3, it is a relative compromise value
between 0 and 1, which can also be used for PP comparison. While the closer s3 becomes
to 0, the better, which is opposite to s1 and s2. Hence, s3 is normalized with Equation (4)
in IGNM. Compared to other scores, PROMETHEE II’s s4, which represents the relative
preference strength, is specialist because its range is variable. So s4 is normalized with
Equation (5).

After unifying the characteristics, arithmetic averaging is employed for integrating
all scores to a final score s defined as Equation (6). This approach is adopted primarily for
both enhancing the robustness of the assessment and ensuring methodological practicality.
Arithmetic averaging, as the most direct, parameter-free integration method, avoids the
subjectivity and over-fitting risks associated with introducing additional weights or com-
plex aggregation rules, ensuring transparency and objectivity in the integration process. In
addition, from an engineering practice perspective, arithmetic averaging offers excellent
explainability and usability. It maintains the simplicity and practicality of the integration
to the greatest extent possible while retaining preferences for different evaluations. In
summary, the IGNM output, based on arithmetic average integration, is able to smooth
out the random fluctuations or extreme outputs that may exist in a single model, thereby
providing a more stable and consensus-based target for subsequent optimization.

s3
′ = 1 − s3, (4)

s4
′ =

s4 − s(NIS)
s(PIS)− s(NIS)

, (5)

s =
s1 + s2 + s3

′ + s4
′

4
. (6)

2.2. Flowchart

The flowchart of IGNM is summarized in Figure 1 to demonstrate the acquisition of
PP’s overall score s, which consists of three steps as follows.

1. Step 1: Calculate the values of seven PP evaluation indicators in EIS based on experi-
mental pressure Pexp and FAM’s PA. EIS describes FAM’s PP from multiple dimensions
consisting of stability (correlation C1, multi-modality C2 and dispersion C3) and Distri-
bution Location Characterizations DLCs (risk C4, conservatism C5, robustness C6 and
accuracy C7). Therefore, the subsequent EIS-based overall score s output by IGNM
can represent the various engineering adaptability of PP to the greatest degree.



Buildings 2025, 15, 4488 6 of 21

2. Step 2: Obtain sub-scores si (i = 1, 2, 3, 4) with the weights output by the Best-Worst
Method (BWM) and four multi-criteria decision-making models acknowledged by
numerous experts, including SWM, TOPSIS, VIKOR and PROMETHEE II. Notably,
BO and OW’s settings in BWM are able to affect indicators’ weights, thereby adjusting
the contribution of each indicator to the overall score.

3. Step 3: Integration processing to obtain the overall s, where the characteristics of
si (i = 1, 2, 3, 4) output from step 2 must first be unified with Equations (4) and (5)
before integrating by the averaging method with Equation (6). Notably, IGNM’s
output s covers various core decision perspectives, ranging from absolute scoring
to relative comparison and from comprehensive capacity to weakness avoidance,
thereby significantly enhancing the credibility and acceptability of PP evaluation
and quantification.

Figure 1. IGNM Flowchart. The flowchart is divided into step 1, step 2 and step 3 separated by gray
boxes. Within each step, sub-computational modules are separated by blue dashed boxes. Notably,
the data transmission within each step is presented by black arrows, while those between steps are
indicated by green arrows.

3. Particle Swarm Optimization (PSO)
Particle Swarm Optimization (PSO) is a global optimization algorithm to search for

the optimal solution in a multidimensional space. The problem solving with PSO can be
described using Equation (7).

xopt | f
(
xopt

)
≤ f (x), ∀x ∈ RD (7)

where f (•) is defined as the fitness which quantifies the optimal degree of a candidate
solution; xopt is the optimal candidate solution which minimizes f. Notably, each candidate
solution called a particle represents a point in a D-dimensional space constrained by
minimum and maximum values (popmin and popmax). In addition, the total number of
particles is presented as N.

Obviously, optimization boils down to finding xopt. In searching for the opti-
mal solution to the problem, the particles iteratively update their positions based on
Equations (8) and (9) with a velocity within [−vmax, vmax]. And the iterative process is
repeated until the iteration number t achieves a prespecified maximum (M).
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xi(t + 1) = xi(t) + vi(t + 1), (8)

vi(t + 1) = w × vi(t) + c1 × (pi − xi(t))× r1 + c2 × (g − xi(t))× r2, (9)

vmax = k × popmax − popmin

2
, k ∈ (0, 1] (10)

where t and t + 1 indicate two successive iterations; vi is the velocity of the i-th particle
along the D dimensions within [−vmax, vmax]; vmax is the maximum speed of particles
defined in Equation (10); w is the inertia taken as 0.8; c1 is the cognitive component taken as
2; c2 is the social component taken as 2; pi and g are the local optimal particle and the global
optimal particle corresponding to the minimum f values obtained so far by the specific
individual and the swarm, respectively; popmin and popmax are minimum and maximum
particle values; k is a speed control constant taken as 0.1 in this paper.

Generally, defining an optimization problem requires two steps: step 1, defining
the fitness (f ); step 2, finding the determinants of f to determine the particles, i.e., the
candidate solutions. In addition, there are still five parameters to be defined when using
the PSO to optimize a task: the dimension of particles (D), the minimum and maximum
of particles (popmin and popmax), the number of particles (N) and the maximum number of
iterations (M).

4. Optimization Procedure
The optimization procedure for improving FAM’s Prediction Performance (PP) is

established on Improved Guo-Ni Model (IGNM) and Particle Swarm Optimization (PSO).
It maximizes the overall score s for FAM’s PP calculated by IGNM. In this section, the
basic definitions and flowchart of the optimization procedure are presented to illustrate the
working mechanism.

4.1. Basic Definition

As mentioned before, the basic definitions of optimization consist of fitness (f ) and
particles. They are presented in this section.

4.1.1. Fitness

The fitness (f ) is defined as the negative value of the FAM overall performance score
(s) calculated by IGNM in Section 2.2, i.e., f = −s. This setting is because the larger s means
the better FAM’s PP, while PSO introduced in Section 3 seeks for the minimum f value. In
summary, the optimization procedure searches for the min(−s), i.e., the max(s), to suit the
goal of optimizing PP.

4.1.2. Particles

The particle is defined as the Critical Safety Factor (CSF) whose definition formula
is shown in Equation (11). And in the optimization procedure, CSF affects f values by
correcting the predicted pressure Ppre with Equation (12), thereby modifying the input data
of IGNM, i.e., FAM’s Prediction Accuracy (PA) by Equation (13).

CSF =
Prpre

Pexp
, (11)

Ppre
′ =

Ppre

CSF
, (12)

PA′ =
Ppre

′

Pexp
=

1
Pexp

Ppre

CSF
=

1
CSF

Ppre

Pexp
=

PA
CSF

, (13)
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where Prpre is pipeline’s internal burst pressure recommended in pipeline design, i.e.,
predicted failure pressure; Pexp is the experimental burst pressure; Ppre is predicted burst
pressure determined by FAM; Ppre’ is the corrected predicted pressure; PA is the original
Prediction Accuracy of FAM; PA’ is the modified PA.

Obviously, the CSF formula Equation (11) is very similar to the PA formula presented
in Equation (1). Indeed, CSF represents a critical threshold for PA, and it is considered that
when PA does not exceed CSF, the Ppre calculated by FAM is of practical significance. This
is because, for a specific set of PA from FAM, a smaller PA implies a smaller Ppre with Pexp

being certain, while using a smaller Ppre to guide structural design is conservative and safe.
Therefore, the determination of CSF is closely related to the confidence level (R1) of FAM
prediction [31], and their relationships are shown in Equations (14) and (15) and Figure 2.
It is clear that CSF represents the upper bound of the most PA values for a FAM when R1 is
close to 1, and this paper suggests CSF falling within the range where R1 is set at [80.000%,
99.999%], i.e.,

[
CSFR1=80.000%, CSFR1=99.999%

]
.

R1 = Pr(PA ≤ CSF) =
CSF∫
0

PDF(PA)dPA , (14)

CSF = PDF−1(R1), (15)

where Pr(•) is the probability; PDF(•) is the Probability Density Function; PDF−1(•) is the
inverse function of PDF.

Figure 2. The relationship between CSF and R1 in PA distribution. The horizontal and vertical axes
represent PA and PA’s frequency, respectively. The red curve represents the PA normal distribution
and the orange dashed line is PA = 0.9 as an example. The columns below the red curve include two
parts separated by the orange dashed line: the part in green reflects Pr(PA ≤ CSF), i.e., R1; conversely,
the part in yellow means that PA values exceed CSF, which indicates FAM is failure.

Notably, CSF can be for comparison with the Safety Factor (SF) calculated by
Equation (16) in design to assess structural safety. This assessment method argues that
when SF exceeds CSF, which is equivalent to Pop being less than Pexp, the structure is
safe. The derivation process is shown in Equation (17), which excludes the influence of
predicted values.

SF =
Prpre

Pop
, (16)

Pr(SF > CSF) = Pr(
Prpre

Pop
>

Prpre

Pexp
) = Pr(

1
Pop

>
1

Pexp
) = Pr(Pop < Pexp), (17)

where Prpre is the recommended predicted pressure in design; Pop is the operational
pressure; Pr(•) is the probability.
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Ideally, Ppre should always equal Pexp, with the corresponding CSF being 1. In this
case, the structure is regarded as safe when SF exceeds 1, and unsafe otherwise. However,
due to potential prediction errors in FAM, Ppre usually does not equal Pexp. If the Prpre used
for design is less than Pexp, i.e., CSF is less than 1, it is considered that the structure fails
when SF is less than 1, while Pop has not yet reached Pexp at this time. This design tends to
be conservative. Conversely, if CSF is larger than 1, it is assumed that SF exceeds 1 and
the structure may not yet be damaged. However, in practice, when SF exceeds 1, Pop has
already surpassed Ppre, making the design risky. Therefore, to ensure the safety requirement
of structural reliability assessment, the ideal CSF value should preferably not exceed 1.
Considering the constraints imposed by the R1 of FAM prediction, this paper argues that
at least CSFR1=80.000% should be guaranteed not to exceed 1, ensuring basic 80% safety
level for structural reliability assessment. It is evident that after scaling the original PA
using CSF with Equation (13), PA’ necessarily satisfies the requirement that CSFR1=80.000%

′

is no more than 1, indicating the rationality and reliability of the optimization procedure
in mechanism.

4.2. Flowchart

The optimization procedure can be constructed based on basic definitions, which can
be divided into three parts: input, optimization and output, as shown in Figure 3.

(1) Part 1: Input. Input parameters cover six elements, including the experimental
pressure (Pexp), FAM’s Prediction Accuracy (PA), minimum and maximum CSF values
(CSFR1=80.000% and CSFR1=99.999%) and relative importance degrees among different
indicators in EIS (BO and OW). Specifically, PA is calculated by Equation (1) where the
Ppre values are determined by FAMs. CSFR1=80.000% and CSFR1=99.999% are suggested
by the values corresponding to FAM’s confidence level (R1) equaling to 80.000% and
99.999%, respectively. BO and OW are determined by users’ needs.

(2) Part 2: Optimization. The optimization is carried out by PSO. Four optimization
parameters are still required before iteration, including the dimension of particles (D),
fitness (f ), particles number (N) and the maximum number of iterations (M), as shown
in purple box of part 2 in Figure 3. Specifically, D is defined as 1, since the particle
is defined as an individual element CSF in the optimization procedure. f defined as
−s, is calculated with IGNM. N and M’s default settings are 50 and 50, respectively,
which can be adjusted by users’ needs. Next, the optimization process is divided into
the following three steps, as shown in part 2 of Figure 3.

• Step 1: Initialization. The part covers three sub-steps as indicated in the orange boxes
in part 2 of Figure 3. Firstly, the number of iterations t is set as 1. Then, the procedure
generates the initial swarm within

[
CSFR1=80.000%, CSFR1=99.999%] and calculates f, i.e.,

−s by IGNM. Finally, it initializes the local optimal particle pi of individual particle
and the global optimal particle g of the swarm. Here, pi equals the particle’s own
initial value. g is determined by the position of the minimum f value in the swarm. In
addition, the maximum speed of particles vmax is determined by Equation (10).

• Step 2: Iteration. When the judgment condition (t is less than the maximum number of
iterations M) is satisfied, the iteration is carried out, as shown in the pink area at part
2 of Figure 3. Iteration covers three sub-steps as indicated in the green boxes in part
2 of Figure 3. Firstly, the positions of particles are updated by Equations (8) and (9)
in

[
CSFR1=80.000%, CSFR1=99.999%] by a velocity in [−vmax, vmax]. Then, update the

positions of pi and g corresponding to the latest minimum f value by that specific
individual and the swarm, respectively. Finally, update t with t + 1 for next iteration.

• Step 3: Calculation. When this judgment condition (t is less than the maximum
number of iterations M) is not satisfied, the calculation begins. Calculation includes
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three aspects as presented in a blue box in part 2 of Figure 3. Firstly, the optimal CSF
(OCSF) is calculated, which equals to g value at the last iteration, i.e., the found CSF
value corresponding to the minimum f value in

[
CSFR1=80.000%, CSFR1=99.999%] . The

second one is PA’ which is the ratio of the original input PA to OCSF calculated by
Equation (13) and the last one is the maximum smax, i.e., −f (OCSF).

(3) Part 3: Output. Output includes 3 parameters: OCSF, PA’ and smax.

 

Output
max ,' , sPAOCSF

Optimization Procedure

Part 2

Part 3

t<M

No

Defining: D, f, N, M

t=1

t=t+1

Initialize pi, g and calculate vmax by 
Eq.10

Update pi and  g

Yes

Step 1

Judgment

Yes

Step 3

No
Step 2

Generate the initial swarm within                                                     
                    and calculate  f / -s values by IGNM

] ,[ 99.999%80.000% 11 == RR CSFCSF
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Figure 3. Optimization procedure flowchart. The flowchart is divided into part 1, part 2 and
part 3 separated by blue dashed boxes. Notably, part 2 is divided into five sub-parts: part 1 is
parameter settings before iteration colored in purple; part 2 is step 1 colored in orange; part 3 is the
judgment condition colored in pink; part 4 and part 5 are step 2 colored in green and step 3 colored in
blue, respectively.

5. Empirical Verification
To exhibit the validity and advantages of the procedure in improving FAM’s Predic-

tion Performance (PP), BS 7910:2019 (short in BS7910 in this paper) and CorLAS were
used as two examples for optimization, whose computational theories could be found in
Reference [12]. To conduct the optimization, six input parameters presented in Section 4.2
were set as follows.
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The Pexp values used here were collected based on 250 full-scale burst tests on cracked
pipes [32–42], with specific data provided in Reference [12]. Considering the limited
applicability of different FAMs, the number of test data sets available for BS7910 and
CorLAS is 239 and 245, respectively. The calculated original Prediction Accuracy (PA)
values were calculated with FAMs’ Ppre and the Pexp database by Equation (1). As for[
CSFR1=80.000%, CSFR1=99.999%] limited by the confidence level (R1) of FAM prediction, the

ranges for BS7910 and CorLAS were set as [0.48, 1.04] and [1.22, 2.63], respectively [31]. BO
and OW between (C1, C2, C3, C4, C5, C6, C7) varied depending on the analysis objective
and the initial values adopted for optimization were set as (1, 2, 2, 3, 4, 7, 9) and (9, 8, 8, 7, 6,
3, 1), respectively.

5.1. Rationality of Fitness Setting

The rationality of fitness (f ) setting for the optimization procedure is mainly reflected
in the convexity of f -function. Therefore, BS7910 and CorLAS have been first employed
to explore whether there is a unique solution during optimization process by analyzing
the relationship between CSF and f values with initial parameter settings. Notably, CSF
values were taken at 0.05 intervals within specific

[
CSFR1=80.000%, CSFR1=99.999%] . f has

been defined as the opposite of IGNM’s score (−s). In order to facilitate the demonstration,
s was directly used for the convexity analysis here, which could be computed with the
original Pexp and the modified Prediction Accuracy (PA’) by IGNM. Given the above
assumptions, the relationships between CSF and s for BS7910 and CorLAS were presented
in Figure 4. Note that the scores (s1, s2, s3, s4) computed by GNM have also been included
to demonstrate the superiority of the IGNM-based f setting. Except for s3, higher scores (s,
s1, s2, s4) indicate enhancer PP of FAMs.
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Figure 4. The relationship between CSF and scores. (A) BS7910. The horizontal axis represents the
Critical Safety Factor (CSF). Five vertical axes are displayed: the black axis on the left denotes the
total score (s) calculated by IGNM, while the other four on the right represent scores computed by
SWM (s1) in red, TOPSIS (s2) in blue, VIKOR (s3) in green and PROMETHEEII (s4) in orange. All
scores are presented as percentages. Note that the s3 vertical axis is inverted compared to the other
scores, decreasing from bottom to top. (B) CorLAS. The details in this figure are the same as those in
(A), apart from the different ranges of horizontal and vertical coordinates.

From Figure 4, it is evident that there is a unique max s in each sub-figure, signifying
that the fitness function is convex to CSF no matter for BS7910 or CorLAS. Specifically,
BS7910’s s sharply declines with CSF’s increase, followed by a slight variation with the CSF
over 0.67, reaching its only maximum around the minimum CSF, i.e., CSF = 0.48. This trend
is consistent with s1, s4 and −s3, whose values are positively correlated with PP. Notably, s2

varies slightly with CSF’s change, indicating a poor sensitivity to CSF. This demonstrates
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the shortcoming of single decision-making model scoring, which may lead to ineffective
optimization. In contrast, s is more suitable for PP’s comprehensive optimization, which
integrates the primary characteristics of various decision-making models. As for CorLAS,
its s increases slightly and then decreases with the increase in CSF, peaking near CSF = 1.60.
The other scores here showcase this similar pattern, except that s2 continuously increases at
a decreasing rate. This indicates that s exhibits most of the variability in sub-scores, thereby
mitigating the risk of single-method bias.

In summary, the results above illustrate the convexity of the fitness function based on
IGNM, ensuring the uniqueness of the optimization solution. More importantly, not only
can the fitness mitigate the potential biases and limitations of a single decision-making
model to some extent, improving the accuracy and generalization ability of PP’s overall
evaluation, but it can also fully integrate the characteristics of various decision-making
models, thereby enhancing the comprehensiveness and robustness of the subsequent
optimization. These findings further validate the feasibility of the IGNM’s arithmetic
averaging integration method, as well as the rationality and advantages of the optimization
procedure proposed in this study.

5.2. Optimization Effect

To prove the validity of the procedure, the optimization effects for BS7910 and CorLAS
under the initial parameter settings were both presented in two aspects: FAMs’ PP scores
and their PA distribution.

5.2.1. PP Scores

After optimization, the changes in PP’s overall score s calculated by IGNM for BS7910
and CorLAS are presented in Figure 5A. Furthermore, to analyze the optimization’s in-
fluences on the multi-dimensional characteristics of PP, the scores of indicators within
Evaluation Indicator System (EIS) before and after optimization calculated by SWM were
presented in Figure 5B. Here, SWM provided intuitive absolute scores directly correlated with
indicator changes, enabling the comparison of each indicator’s sensitivity to optimization.

From Figure 5A, it is clear that s values optimized appear to increase for both BS7910
and CorLAS, proving the validity of the procedure. Specifically, s values of BS7910 and
CorLAS are effectively improved from 51.33% to 54.65% with up to 3.32% increase and
18.54% to 24.65% with up to 6.09% increase, respectively.

Moreover, as shown in Figure 5B, the total indicator scores of the two optimized
FAMs, i.e., the s1 values calculated by SWM, also exhibit improvements consistent with
the overall s, which can be confirmed by the fact that s and s1 exhibit nearly identical
variation characteristics with CSF changes, as presented in Figure 4. Specifically, the
stability indicators’ scores for both models, including correlation C1, multi-modality C2

and dispersion C3, show no variation. Meanwhile, the scores of DLCs comprising risk
C4, conservatism C5, robustness C6 and accuracy C7 exhibit distinct significant changes.
For BS7910, the scores of C5, C6 and C7 have noticeably increased, while the score of C4

has decreased. As for CorLAS, C4 and C6 scores show significant increases, while C7 and
C5 scores exhibit decreases. Notably, although the specific score changes in DLCs differ
for different FAMs, the total values have been raised. In addition, the changes in C4 and
C5 scores for both models are more significant than those in C6 and C7. This is related
to the higher importance of C4 and C5 when setting the relative degrees BO and OW for
Best-Worst Method (BWM), resulting in their larger weights compared to C6 and C7. Hence,
C4 and C5 contribute more to the changes in PP scores.
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Figure 5. The PP scores of BS7910 and CorLAS before and after the optimization. (A) Overall s
values. The horizontal axis represents three major object groups including BS7910, CorLAS and
Reference. The vertical axis denotes the overall s values (%). In the first two FAM groups, the light
blue bars on the left and dark blue bars on the right represent the overall s values before and after
optimization, respectively. Meanwhile, the third group presented by a green bar, is the score for
Positive Ideal Solution (PIS), i.e., 100%, as a reference. (B) Indicator scores. The horizontal axis shares
the same definition as that of (A), while the vertical axis here represents the scores of indicators
(%). In addition, a different set of bar colors is employed, which includes blue and yellow portions.
Specifically, the blue portions represent stability, and the dark, medium and light blue represent
correlation C1, multi-modality C2 and dispersion C3, respectively; the yellow portions represent the
Distributional Location Characterizations DLCs, and the light, medium, orange and dark yellow
represent risk C4, conservatism C5, robustness C6 and accuracy C7, respectively.

In summary, the changes in PP scores initially reveal that the procedure achieves
overall performance enhancement by modifying DLCs whose influences on scoring are
associated with parameter settings, while not changing the stability. This may be related
to the way in which the independent variable CSF optimizes PP, i.e., overall scaling PA
values, which could not alter the numerical values of correlation C1, multi-modality C2 and
dispersion C3 from a mathematical perspective.

5.2.2. PA Distribution

The PA distributions of BS7910 and CorLAS have changed significantly before and
after the optimization as visualized in Figure 6.

From Figure 6, the optimized PA values distribute more evenly across the conservatism
C5, robustness C6 and risk C4. Both the over conservatism of BS7910’s PP and the high risk
of CorLAS’s PP have been corrected, demonstrating greater balance compared to the stage
before optimization. As for the value of accuracy C7, it may decrease or increase depending
on whether the overall distribution is closer to or farther from 1.

Specifically, for BS7910, PA values overall bias to the right because the optimal CSF
(OCSF) found is 0.4809 less than 1 and the modification for PA by Equation (13) enlarges the
values. Corresponding to the DLCs, the percentage of C5 has decreased, while that of C4

and C6 has increased after the optimization. In addition, accuracy C7 value has decreased
since the originally conservative results are scaled up to around 1. Moreover, considering
C4, C5 and C7 are cost indicators and C6 is a benefit indicator, the changes in C5, C6 and C7

are beneficial to the improvement of BS7910’s PP, which can correspond to the increases in
indicators’ scores presented in Figure 5B. Meanwhile, although the increased C4 brings a
deduction for the overall performance based on its weight calculated by BWM, the overall
PP has still been improved by accommodating comprehensive characteristics. Furthermore,
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the OCSF of BS7910 at 0.4809 is very close to the lower bound of the CSF search range at
0.4800. This is primarily because the model’s original PA values are overly conservative,
as shown in Figure 6(A1), leaving significant room for improvement in the corresponding
C5 score. The procedure tends to output larger and more balanced PA’ with Equation (13),
resulting in a smaller OCSF that approaches the lower bound.

Figure 6. The PA distributions of BS7910 and CorLAS before and after the optimization. (A1) BS7910.
Before optimization. This figure for BS7910 consists of two sub-figures, the upper and lower parts.
The upper part is the frequency distribution histogram of PA with the horizontal axis representing PA
and the vertical axis representing PA distribution frequency (%). The green, yellow and brown bars
indicate the PA interval [0, 0.5], (0.5, 1] and (1, +∞), which reflect FAM’s conservatism C5, robustness
C6 and risk C4, respectively. The lower part is the scatter plot distribution of PA with the horizontal
axis same as the upper part and the vertical axis representing Pexp (MPa). The blue line is PA = 1.
(A2) BS7910. After optimization. The details in this figure are same as those in (A1). (B1) CorLAS.
Before optimization and (B2) CorLAS. After optimization. The details are same as those of (A1),
except that the Pexp and PA are of CorLAS.

As for CorLAS, the output OCSF is 1.6071 larger than 1, resulting in an overall reduc-
tion in PA values, which differs from BS7910. This is mainly caused by the fact that CorLAS’s
PP has a high-risk level, and the performance improvement is achieved by decreasing C4
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while increasing C6. However, this modification process also involves unfavorable changes,
including the increases in C5 and C7. Nevertheless, the final comprehensive PP is still
significantly enhanced.

In summary, the optimization procedure has been proven to enhance FAM’s PP and
the improvement is achieved by modifying the DLCs of PA. Notably, the changes in C4,
C5, C6 and C7 during the optimization process often create different effects on the overall
PP score. While the preferences for specific indicators can be adjusted through parameter
settings, enabling the procedure to suit various application requirements. In addition, the
OCSF values obtained for both models through PSO correspond well with the peak values
of overall s shown in Figure 4, sufficiently demonstrating the effectiveness of PSO and the
validity of the optimization procedure.

5.3. Tests on Application Preferences

To further exhibit the generalization capability of the optimization procedure, this
section introduced three additional schemes which differed in their FAM application prefer-
ences for high conservatism, high risk and high robustness, respectively. The optimization
tests were conducted for CorLAS and the four parameter settings, together with the initial
optimization Scheme 1 discussed in Sections 5.1 and 5.2, were summarized in Table 1.
Specifically, the newly added Scheme 2 preferred prediction results with high conservatism
by reducing the importance of conservatism C5 and increasing that of risk C4. Scheme 3
prioritized high risky prediction results, which was achieved through the opposite opera-
tions of Scheme 2. Scheme 4 preferred high robustness, which was performed by increasing
the importance of C6. Here, the added schemes set the importance of non-preferred DLCs
to the intermediate value of 5, while keeping the stability unchanged relative to Scheme 1.
Based on these assumptions, the weights of each scheme’s indicators calculated by BWM
were shown in Figure 7.

Table 1. Different settings of indicators’ relative importance degrees.

Scheme BO (C1, C2, C3, C4, C5, C6,
C7)

OW (C1, C2, C3, C4, C5, C6,
C7)

Scheme 1-Initial (1, 2, 2, 3, 4, 7, 9) (9, 8, 8, 7, 6, 3, 1)
Scheme 2-Conservatism (1, 2, 2, 1, 9, 5, 5) (9, 8, 8, 9, 1, 5, 5)

Scheme 3-Risk (1, 2, 2, 9, 1, 5, 5) (9, 8, 8, 1, 9, 5, 5)
Scheme 4-Robustness (1, 2, 2, 5, 5, 1, 5) (9, 8, 8, 5, 5, 9, 5)

 

 

 

 

 

Figure 7. The weights of indicators for four schemes. The heptagonal radar chart covers the seven
indicators in EIS, and the smaller the indicator weights (%), the closer the points are to the center;
conversely, the closer they are to the chart’s vertices. In addition, the indicator weights for Schemes 1,
2, 3 and 4 are represented in black, blue, red and green, respectively.
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From Figure 7, it is evident that compared to the initial Scheme 1, each added scheme
significantly increases the weight of its high-importance indicator. Notably, Schemes
2 and 3 also significantly reduce the weights of low-importance indicators at the same
time. Hence, compared to Scheme 4, which assigns non-preferred DLCs intermediate
importance levels, Schemes 2 and 3 exhibit more significant reductions in the weights of C5
and C4, respectively, relative to the original Scheme 1, thereby better emphasizing overall
performance preferences.

After the procedure optimization, the OCSF found for each scheme and the changes
in the overall s values calculated by IGNM were presented in Figure 8. Notably, Figure 8
not only presents the PA scores before and after optimization, but also introduces an
additional score corresponding to the case where the independent variable CSF is taken
as CSFR1=80.000%, which can guarantee that the CSFR1=80.000%

′ of the optimized PA’ is no
more than 1. This is related to the previously mentioned CSF range for CorLAS, limited
by R1, which was set as [1.22, 2.63]. Obviously, the initial PA of CorLAS, corresponding to
CSF equal to 1 and less than 1.22, fails to meet the basic safety requirement for structural
reliability assessment, i.e., guaranteeing that at least 80% of the predicted results from FAM
bias towards safety in design. As shown in Figure 6(B1), CorLAS’s initial PA distribution
is mostly risk-biased, failing to achieve the requirement that at least 80% of PA values
fall within 1, while the CSF set by the optimization procedure is mechanically capable
of ensuring that the optimized prediction results satisfy the basic safety requirement for
design as presented in Section 4.1.2. Hence the functionality of the optimization procedure
can actually be subdivided into two aspects: guaranteeing basic safety requirement and
improving PP scores. Therefore, to align with the needs of practical application, this section
also presents the PP scores corresponding to CSF taken as 1.22 for simultaneous references.

Figure 8. The OCSF values and changes of overall scores for CorLAS in four schemes. The horizontal
axis represents four schemes and their corresponding OCSF. The vertical axis denotes the overall s
values (%). In each scheme, the bars in light, medium and dark blue represent the s values before
optimization, when CSF taken as 1.22, and after optimization, respectively.

As shown in Figure 8, each added preference scheme has found its own OCSF distinct
from the initial scheme and exhibits different changes in scores. Specifically, for Scheme
2, its OCSF, 1.8743, is larger than that of Scheme 1, i.e., 1.6071. This is mainly because
Scheme 2 tends to produce more conservative prediction results, while the larger OCSF
exerts a stronger reduction effect when modifying Ppre with Equation (12). In terms of the
optimization mechanism, parameter adjustments in Scheme 2 reduce the weight of C5 and
increase that of C4, thereby weakening the effect of C5’s increased proportion on lowering
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the PP score and enhancing the score improvement effect from C4’s decreased proportion.
These effects enable the optimization to prefer a smaller PA’ distribution when balancing
DLCs. As for the overall s improvement, Scheme 2 demonstrates a more significant PP
optimization effect compared to Scheme 1. On one hand, this is because the revised weights
of indicators tend to amplify the scoring contribution of cost indicator C4, resulting in
a lower initial score for the original over-risk prediction results. On the other hand, the
simultaneous adjustments for C4 and C5 have deepened the procedure’s optimization
degree to some extent.

For Scheme 3, its OCSF, 1.2376, is noticeably lower than that of Schemes 1 and 2.
Similarly, this mainly stems from Scheme 3’s preference for high risk, which tends toward
larger Ppre, naturally leading to the search of a smaller CSF for adjustment. However,
different from Scheme 2 which further optimized PP relative to Scheme 1, Scheme 3’s
score optimized even decreased compared to the original score. This is due to Scheme
3’s pursuit of high risk excessively raising the score of the original PP. While from the
application perspective, the basic safety of design guidance from the prediction results
should be ensured first, and then the scope for optimization could be considered. Thus,
the ‘initial score’, now used to assess whether PP has been improved, should be the score
31.99%, corresponding to CSF taken as 1.22, not the original 35.85%, and the procedure still
accomplishes the PP improvement task for Scheme 3.

As for Scheme 4, its OCSF is also relatively small for the preference of robustness
concentrating most PA within [0.5, 1]. Although the original PA distribution as shown in
Figure 6(B1) contains many risky points, its highest frequency cluster lies near 1. Therefore,
a CSF value slightly above 1 can achieve both data concentration and bring the densely
distributed region into the robustness range. In addition, it is evident that the robustness
preference requires less adjustment intensity for prediction results. Reflected in score
optimization, the procedure’s enhancement effect for Scheme 4 is weaker than that for
Scheme 2, while similar to that for the initial Scheme 1 with no distinct preferences.

In summary, the optimization procedure has been proven to be adaptable to various
application preference situations, demonstrating excellent adaptability. By adjusting the
importance degrees of specific indicators, the PP’s emphasis of them and sensitivity to their
changes can be altered, thereby achieving the goal of promoting or suppressing specific
performance aspects. Notably, although preference settings may be too extreme in some
cases, the optimization procedure still ensures that the output results can meet the basic
safety requirement for design, further demonstrating the reliability and engineering value
of the procedure.

6. Discussion
The optimization procedure based on Improved Guo-Ni Model (IGNM) and Particle

Swarm Optimization (PSO) proposed in this paper has been proven to effectively increase
the overall Prediction Performance (PP) of FAM by balancing Distributional Location
Characterizations (DLCs) in case applications. Notably, the optimization for the overall PP
score s essentially reflects an aggregate improvement through incorporating the variations
in four indicators, including risk (C4), conservatism (C5), robustness (C6) and accuracy (C7).
This means the practical value of the procedure lies not only in the increase in s values,
but more significantly in its adjustment and balancing of DLCs. For instance, although
BS7910 shows a seemingly modest s improvement of 3.32% under the initial optimization
parameters, this net gain results from substantial increases in C5, C6 and C7 scores, which
offset the reduction in C4. When examining the changes in indicator scores, the increases are
actually obvious (as shown in Figure 5B). Furthermore, the procedure allows users to adjust
their application preferences through parameter settings, enabling flexible modifications
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for the PA distribution range to suit different engineering requirements. However, despite
the procedure’s generalization capability and practical value, several inherent limitations
remain to be addressed in future work.

Firstly, the procedure essentially applies linear scaling to the Prediction Accuracy
(PA) via a single factor Critical Safety Factor (CSF), which mathematically fails to alter
FAM’s inherent cognitive uncertainty related to data structure and PA distribution pattern.
Consequently, the optimization could not enhance FAM’s stability indicators, including
correlation (C1), multi-modality (C2) and dispersion (C3). This limitation constrained the
depth of optimization, and subsequent research could incorporate factors related to the
intrinsic properties of FAM itself as independent variables, such as the key calculation
parameters for the predicted result Ppre and the selection of computational methods. En-
riching the dimensions of candidate solutions could enable the non-linear adjustment of
the PA and allow the fundamental optimization for FAM’s inherent characteristics.

Secondly, while the optimization procedure can flexibly adjust FAM’s prediction
results according to user preferences regarding DLCs, the overall PA offset always fails
to make all modified PA’ values less than 1 when balancing various indicators. Future
work could consider integrating physical constraints into the optimization process, such
as adding a risk penalty term to the objective function or limiting the range of PA’ in de-
terministic form. Notably, the constraints should ideally be combined with the previously
mentioned non-linear PA correction which is achieved by introducing additional indepen-
dent variables. This makes it possible for the final optimized PA’ values to be entirely less
than 1 while not being excessively conservative, thereby ensuring that the output results
fully satisfy the safety requirement for structural reliability assessment in design.

Thirdly, although PSO demonstrates high adaptability for the specific one-dimensional
optimization task of this paper, for future work that could increase the dimension of
candidate solutions, it may be preferred to compare the performance of PSO with novel
intelligent optimization algorithms better suited to high-dimensional optimization, such
as Sailfish Optimization (SFO) and Moth-Flame Optimization (MFO), and select the most
appropriate optimization tool.

Finally, the optimization procedure has adopted a static optimization framework
in the application cases, that is, all the optimal CSFs (OCSFs) are calculated based on
a fixed historical experimental dataset to calibrate the model performance. However,
in practical engineering, data evolve continuously. Real-time updates of the test sets
and corresponding prediction information in the procedure input part may affect the
evaluation and adjustment of FAM’s PP. Thus, in order to increase the robustness of
the procedure in practical applications, subsequent work could consider periodically re-
executing the optimization process based on new datasets or setting up a re-optimization
triggering mechanism based on the deviation significance of overall score s or the basic
indicators’ scores.

Acknowledging these limitations does not diminish the contributions of this research.
Rather, it serves to clearly delineate its application boundaries and chart a path for fu-
ture studies.

7. Conclusions
In this paper, an optimization procedure for improving the Prediction Performance

(PP) of FAM is presented. The procedure is established based on Improved Guo-Ni Model
(IGNM) and Particle Swarm Optimization (PSO). IGNM is raised to set fitness for opti-
mization, which can provide an absolute score s for fully quantifying FAM’s PP in terms of
the indicators in Evaluation Indicator System (EIS), including stability and Distributional
Location Characterizations (DLCs) of FAM’s prediction results. PSO builds an iterative
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framework for optimization consisting of candidate solutions and fitness. Considering
that the s values can be affected by the Critical Safety Factor (CSF), the comprehensive
optimization for PP across multiple dimensions can be achieved through searching for the
optimal CSF (OCSF), i.e., maximizing s. The conclusions are as follows:

(1) The convexity tests conducted for the fitness functions of BS7910 and CorLAS demon-
strate that the IGNM-based fitness can not only successfully avoid the problem of
ineffective optimization targeting a single decision-making model, but also effectively
integrate the characteristics of various decision-making models for enhancing the
comprehensiveness and robustness of the subsequent optimization. These findings
validate the rationality and advantages of the optimization procedure.

(2) Based on the procedure, BS7910 and CorLAS have been optimized with a set of
initial parameters showing no significant preference for DLCs. The results indicated
that, for PP’s overall scores, there is an s value improvement up to 3.32% for BS7910
and CorLAS’s s is also effectively improved with up to 6.09% increase, proving the
validity of the procedure. For the specific scores in EIS, the scores for DLCs including
risk C4, conservatism C5, robustness C6 and accuracy C7 have significantly changed,
while stability shows no variation, revealing that the procedure achieves overall
performance enhancement by modifying DLCs. As for Prediction Accuracy (PA)
distribution, the optimized PA values of both FAMs show better balance for DLCs.

(3) Three added application preference optimization tests conducted for CorLAS indicate
that the optimization results can satisfy different prediction preferences which can be
adjusted by modifying the relative importance degrees of DLCs, demonstrating the
procedure’s excellent generalization capability. Furthermore, it is noteworthy that the
procedure can guarantee that the output results always meet the basic safety require-
ment for design of the mechanism, further proving the reliability and engineering
value of the procedure.

(4) The optimization procedure has been proven to effectively increase the PP of FAM
by balancing DLCs, providing a new idea for the optimization control of FAM’s
overall performance, i.e., utilizing a comprehensive evaluation model to set the goal
about PP optimization. While the procedure has failed to change the stability of
FAM prediction by scaling PA with CSF. The future research will continue to explore
incorporating additional factors influencing the PA and other algorithms better suited
to multidimensional optimization. Enriching the candidate solution dimensions
enables non-linear adjustment of PA, thereby fundamentally optimizing the inherent
characteristics of FAM. Furthermore, adding some physical constraints during the
optimization process may allow the final optimized PA values to be fully less than
1 without being overly conservative, thus ensuring the output results fully meet the
safety requirements for structural reliability assessment in the design. Additionally,
considering the real-time nature of the input data, periodic optimization can be
considered to enhance the procedure robustness.
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