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1. Introduction to This Special Issue

The contemporary engineering frontier is defined by a paradigm shift toward hyper-
integrated systems operating within increasingly volatile environments, ranging from
precision micro-electronics to critical large-scale infrastructure and sustainable energy
ecosystems [1,2]. A pivotal challenge in this domain is the ubiquity of uncertainty—
spanning inherent physical stochasticity to epistemic modeling deficits—which poses
severe risks to structural integrity and operational continuity [3]. As traditional determinis-
tic approaches struggle to cope with these complexities, often leading to over-conservative
designs or catastrophic vulnerabilities, the development of robust modeling and opti-
mization strategies has become paramount [4]. This Special Issue underscores the critical
need to transition from static safety margins to dynamic uncertainty management, thereby
guaranteeing the long-term resilience, cost-effectiveness, and sustainability of complex
engineering systems facing real-world unpredictability.

This Special Issue, titled “Modeling and Optimization of Complex Engineering Systems
under Uncertainties”, was curated to address this critical gap by assembling a collection of
high-quality research that bridges advanced mathematical theories with practical engineer-
ing applications. The primary objective of this volume is to explore novel methodologies
that can quantify, manage, and optimize systems despite the presence of stochastic vari-
ables, material degradation, and environmental fluctuations. The contributions selected
for this issue demonstrate a convergence of disciplines, merging reliability-based design
optimization, scientific machine learning, swarm intelligence, and rigorous mechanical
analysis to solve problems that were previously intractable. By integrating probabilistic
methods with deep learning and heuristic algorithms, the researchers featured herein
provide a roadmap for the next generation of resilient engineering systems. This editorial
synthesizes the significant findings of the eight published papers, categorizing them into
design strategies, control methodologies, and practical applications, thereby highlight-
ing the multidisciplinary nature of the solutions required to navigate the complexities of
modern engineering under uncertainty.

2. Designs Proposed in This Special Issue

The establishment of robust design frameworks is the foundational step in mitigating
the risks associated with engineering uncertainties [5-8]. Two significant contributions to
this Special Issue address the fundamental challenge of design optimization and thresh-
old determination under conditions where parameters are not fixed but fluctuate within
probabilistic or interval bounds.
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The work by Yang et al. (Contribution 1) introduces a sophisticated Reliability-Based
Design Optimization strategy capable of handling hybrid uncertainties. Their research
confronts the computational inefficiency often plaguing traditional double-loop reliability
methods by constructing a decoupled framework that integrates an improved particle
swarm optimization algorithm with a simulated annealing algorithm. This hybrid ap-
proach allows for the efficient identification of the most probable point of failure without
the prohibitive computational cost usually associated with high-dimensional nonlinear
problems. By validating their method on complex mechanical components such as gear
reducers and composite cylinders, they demonstrate that decoupling the reliability analy-
sis from the optimization loop can significantly enhance both solution speed and design
accuracy. Complementing this algorithmic approach to design, the study by Hao et al.
(Contribution 2) focuses on the material-to-mechanical analysis required to establish safety
thresholds for critical infrastructure. Their investigation into the GINA gaskets used in
immersed tunnels provides a rigorous method for determining warning thresholds for
deformation. By analyzing the hyperelastic constitutive models of rubber materials and
considering the uneven settlement patterns of tunnel elements, they derive a graded warn-
ing mechanism. This design-centric research connects the material properties of the gasket,
specifically its hardness and cross-sectional shape, to the macroscopic mechanical behavior
of the tunnel joint under shear and bending loads.

These two papers collectively illustrate that effective design under uncertainty requires
a dual approach that encompasses both the algorithmic efficiency of optimization solvers
and the rigorous mechanical definition of safety limits for physical components.

3. Control Methods Discussed in This Special Issue

Beyond the initial design phase, the operational phase of complex systems requires
advanced control methods and algorithmic tools to manage uncertainties that arise during
real-time performance. The contributions in this section highlight the growing role of
artificial intelligence and deep learning in creating control mechanisms that are robust
to noise and data imperfections. Erbet et al. (Contribution 3) propose a comprehensive
methodology for uncertainty-aware Scientific Machine Learning. Their work addresses
a critical gap in the application of neural networks to physical systems by integrating
Bayesian inference via Markov Chain Monte Carlo methods with the training of soft
sensors. By rigorously quantifying the epistemic and aleatory uncertainties in the model
identification process, they provide a framework that ensures machine learning models
remain reliable even when trained on synthetic or limited data, as demonstrated in their
polymerization reactor case study. In a similar vein of enhancing algorithmic performance,
Yang et al. (Contribution 4) presents a method for the parameter optimization of analog
circuits. Their approach couples a bidirectional Long Short-Term Memory network with
an enhanced whale optimization algorithm. This combination allows for the precise
tuning of circuit parameters by leveraging the sequence processing capabilities of the
neural network to model complex dependencies, while the swarm intelligence algorithm
efficiently navigates the hyperparameter space. This method proves particularly effective
in handling the nonlinearities inherent in analog circuit design. Furthermore, the work by
Ander et al. (Contribution 5) addresses the specific control challenge of simultaneous object
localization and classification in robotic systems. They introduce a novel loss function
within a custom training loop for Convolutional Neural Networks. By balancing the cross-
entropy loss for classification with the mean squared error for regression, their method
improves the ability of robotic vision systems to accurately locate objects in unstructured
environments. This contribution is vital for the development of collaborative robots that
must operate safely alongside humans in manufacturing settings where visual data is
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often noisy or ambiguous. Together, these papers underscore the necessity of embedding
uncertainty quantification and robust optimization directly into the control algorithms that
govern modern engineering systems [9-11].

4. Applications Discussed in This Special Issue

The theoretical models and control strategies discussed above find their ultimate vali-
dation when applied to specific, high-stakes engineering problems ranging from renewable
energy to civil infrastructure and anomaly detection. The Special Issue features several
papers that demonstrate the practical utility of these advanced methods in diagnosing
faults and ensuring operational continuity. Olivier and Jung (Contribution 6) tackle the
challenge of structural health monitoring in laminated composite plates, materials that
are critical to the aerospace and automotive industries. They propose an unsupervised
anomaly detection framework that combines a self-attention autoencoder with a Gaus-
sian mixture model. This architecture is designed to learn the latent representations of
healthy Lamb wave signals and identify damages as statistical outliers. By utilizing a
generative adversarial network to augment their training data, they successfully address
the common issue of data scarcity in damage scenarios, proving that deep learning can
effectively detect delamination and cracks without extensive labeled datasets. In the renew-
able energy sector, Gao et al. (Contribution 7) investigate the reliability of wind turbine
gears under multistage random loadings. Their research develops a residual strength
degradation model that accounts for the interaction between loads and the sequence of
loading events. By integrating the rain flow counting method with the Goodman correction,
they map the seasonal variations in wind load to the fatigue life of the gear, providing
a dynamic reliability assessment that is crucial for the preventive maintenance of wind
farms. Finally, Eric et al. (Contribution 8) applies swarm intelligence to the construction
industry, a sector rife with uncertainties related to human logistics and safety. Their study
utilizes an Artificial Bee Colony algorithm to optimize the movement paths of workers on
construction sites to maintain safe physical distancing. This application demonstrates that
mathematical optimization tools can be effectively deployed to solve logistical challenges
in real time, ensuring worker safety during complex operations such as those necessitated
by the COVID-19 pandemic. These diverse applications highlight the versatility of the
proposed mathematical frameworks, showing that whether the system is a composite plate,
a wind turbine gearbox, or a construction crew, the core principles of modeling uncertainty
remain applicable and effective.

5. Conclusions

The collection of articles presented in this Special Issue “Modeling and Optimization of
Complex Engineering Systems under Uncertainties” offers a comprehensive overview of the
current state of the art in reliability engineering and applied mathematics. The research
highlights a fundamental transition in engineering design and control, moving away from
static safety factors toward dynamic, probabilistic, and data-driven frameworks. We have
observed that hybrid optimization algorithms, such as the coupled Simulated Annealing
and Particle Swarm Optimization, offer superior efficiency in navigating high-dimensional
design spaces. We have seen that Scientific Machine Learning can be made robust to
uncertainty through Bayesian inference, ensuring that soft sensors and control models
remain trustworthy in critical applications. Furthermore, the successful application of
these methods to diverse fields, including tunnel engineering, wind energy, structural
health monitoring, and construction safety, confirms the universal relevance of uncertainty
quantification. However, challenges remain, particularly in the computational cost of uncer-
tainty propagation for large-scale systems and the interpretability of deep learning models
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in safety-critical contexts. Future research must continue to refine these methodologies, per-
haps by exploring physics-informed neural networks that enforce physical laws to reduce
the data requirements for uncertainty quantification. We hope that the methodologies and
findings presented in this volume will serve as a foundation for future inquiries and inspire
researchers to further explore the intricate dynamics of complex engineering systems. We
express our sincere gratitude to all the authors for their valuable contributions and to the
reviewers for their rigorous assessment, which ensured the high scientific quality of this
Special Issue.
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Abstract: As engineering systems become increasingly complex, reliability-based design optimization
(RBDO) has been extensively studied in recent years and has made great progress. In order to achieve
better optimization results, the mathematical model used needs to consider a large number of uncer-
tain factors. Especially when considering mixed uncertainty factors, the contradiction between the
large computational cost and the efficiency of the optimization algorithm becomes increasingly fierce.
How to quickly find the optimal most probable point (MPP) will be an important research direction
of RBDO. To solve this problem, this paper constructs a new RBDO method framework by combining
an improved particle swarm algorithm (PSO) with excellent global optimization capabilities and a
decoupling strategy using a simulated annealing algorithm (SA). This study improves the efficiency
of the RBDO solution by quickly solving MPP points and decoupling optimization strategies. At
the same time, the accuracy of RBDO results is ensured by enhancing global optimization capa-
bilities. Finally, this article illustrates the superiority and feasibility of this method through three
calculation examples.

Keywords: reliability-based design and optimization; particle swarm optimization algorithm; simulated
annealing algorithm; most probable point

MSC: 60C05; 65Y04; 65Y20; 62D05

1. Introduction

The construction of engineering systems will inevitably be affected by complex un-
certain factors [1-3]. Especially with the increasing complexity of engineering systems,
various uncertainties will be mixed and difficult to distinguish [4]. If these factors cannot be
analyzed accurately, the reliability and security of the engineering system cannot be guar-
anteed [5-8]. At present, the Reliability-Based Design Optimization (RBDO) method has
been widely used to improve the reliability and safety of complex mechanical systems [9].
However, with the growth of social demand, new technology should be introduced con-
stantly to improve the development level of reliability optimization design and meet the
needs of economic development for engineering [10].

RBDO takes into account the inevitable random factors in engineering systems [11-14].
It ensures that the reliability of the object system is within an acceptable range by optimizing
the objective function [15]. It is an extension of deterministic optimization methods and
is used to solve complex uncertain engineering system optimization problems [16,17]. In
recent years, RBDO has been discussed and studied by a large number of scholars. Many

Mathematics 2023, 11, 4790. https:/ /doi.org/10.3390/math11234790 6 https:/ /www.mdpi.com/journal /mathematics
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algorithms and models have been developed to solve the RBDO problem. Liao et al. [18]
adopted an improved double-loop calculation method to improve the computational
efficiency of the RBDO model. In this method, RBDO is divided into two layers and is
calculated step by step through reliability analysis (RA) and deterministic optimization
(DO). The optimization strategy of this double-loop method usually has a low optimization
rate. Wang et al. [19] proposed an improved Modified Conjugate Gradient Approach
(MCGA) to improve the RBDO efficiency of nonlinear function functions. This method uses
the improved conjugate gradient method (CGA) to search the most probable point (MPP)
point direction, which improves the efficiency of RBDO. At the same time, unlike gradient
algorithms, metaheuristic algorithms are widely used in RBDO methods. Safaeian et al.
used the particle swarm algorithm (PSO) [20] combined with a weighted simulation-based
design method for design optimization, which improved the accuracy of the RBDO method
and the ability to solve general RBDO problems. However, this method uses a double-loop
method to solve the problem, which is less efficient. Zhong et al. used a Harris Hawks
Optimization algorithm [21], which has a higher efficiency in solving the global optimal
solution. Since the derivative of the limit state function is not required, this method has a
higher calculation speed, but its accuracy still has room for improvement. Jafar et al. [22]
improved the previous Harris Hawks Optimization algorithm and transformed the problem
of solving unit vectors with a highly nonlinear performance function into a constrained
optimization problem, which greatly improved the solution efficiency of this method.

The above algorithm does not consider mixed uncertainties. However, studies have
long found that mixed uncertainty also has a great impact on the analysis of engineering
systems [23]. In recent years, engineering problems considering mixed uncertainties have
been extensively studied. Such problems containing multiple uncertainties pose challenges
to the optimization efficiency and difficulty of RBDO. Zhang et al. [24] proposed a hybrid
uncertainty analysis method based on probability and evidence theory, which improved
the efficiency of RBDO analysis. Wang et al. [25] proposed an RBDO solution strategy that
relies on conditioning processing and convexity theorem. This method uses an improved
genetic algorithm and has a relatively good application effect on optimization tasks that
consider time-varying and time-invariant mixed variables. However, this method is only
suitable for time-related RBDO problems. Thu et al. [26] used the PSO algorithm combined
with the Gaussian process to propose a new reliability design optimization method. This
method utilizes the excellent global optimization capabilities of the PSO method, but its
optimization capabilities for engineering problems that consider uncertainty are yet to
be discussed. As shown in Figure 1, the methods used in past studies are demonstrated.
Due to space limitations, only typical algorithm strategies are selected to demonstrate the
development process.

After the literature research, it was found that the PSO method can better solve
the problem of local convergence in the analysis process than other heuristic algorithms.
Compared with the double-loop method with huge computational cost and the single-loop
method optimization algorithm with difficulty in ensuring the optimization accuracy of
high-dimensional nonlinear problems, the decoupled optimization strategy combined with
the computationally efficient simulated annealing (SA) algorithm has a higher solution
speed. This study combines these two optimization algorithms and proposes a new RBDO
method. It is used to solve the RBDO problem of high-dimensional nonlinear engineering
structures considering mixed uncertainties. This method is dedicated to solving the purpose
of improving the accuracy and computational efficiency of optimization results during the
optimization process.

The rest of the parts of this paper include: Section 2 summarizes the PSO algo-
rithm and SA algorithm; Section 3 illustrates the idea of combining the two algorithms.
Section 4 verifies and compares with other methods through examples; Section 5 provides
a summary and future work.
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In 2012, Liao et al.
[18] used inverse RA
method .

In 2023, Thu et al.

[26] combined :> ______
Gaussian process and

PSO algorithms.

Figure 1. Development history of algorithm strategies in engineering structure analysis and optimization.

2. Two Algorithms for Optimizing the Problem
2.1. Particle Swarm Optimization
2.1.1. Definition of Particle Swarm Optimization

PSO also known as the foraging algorithm, is a widely used meta-heuristic algorithm,
which is derived from the study of bird predation behavior [27,28]. The algorithm is
originally a simplified model based on swarm intelligence inspired by the regularity of bird
swarm activity. Based on the observation of the activity behavior of animal clusters, the
PSO algorithm makes use of the information sharing of each individual in the group, so that
the movement of the whole group can evolve from disorder to order in the problem-solving
space [29,30]. Finally, it can obtain the optimal solution successfully.

In PSO, the optimal solution is generated by reducing the distance between each
search individual and the target point [31]. Under this goal, the position of the particle
varies depending on two factors: the velocity of the particle and the current position of
the particle. During the search for the optimal solution, the velocity of the particle and the
current position of the particle are constantly changing. The value of velocity is determined
by the particle with the optimal current position and the particle with the optimal global
position. Its mathematical expression is

{ Vierr = wVie + 171 (Ppest — X)) + c272(Spest — Xi) 1)
Xiy1 = Xie + Vi

where Vj represents the particle velocity of k iterations; X} represents the particle position
of k iterations; w represents inertia weight; py.s; represents the optimal value of the particle
at its current position; g5 represents the global optimal value; ¢y, c2, respectively represent
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individual learning coefficient and global learning coefficient; r is a random value between
0 and 1, called the learning rate.

In the process of iteration, speed boundary detection should be carried out after each
speed update, that is, whether the maximum speed limit is exceeded. Generally, adopting
0(V > Umax) = Umax, SO as the location. The common termination conditions are reaching
the set number of iterations and keeping the fitness for n times without changing [32].

2.1.2. Optimization of PSO Algorithm

Equation (1), w describes the “inertia” of particles. In the early stage of iteration, the
value of w should be larger to ensure the independent flight of each particle and to search
the space as fully as possible. In the later stage of iteration, the value of w should be smaller
and more “learned” from other particles. Similarly, ¢; and ¢, are the maximum flight steps
toward individual and global extremes, respectively. c; should be larger in the early stage,
while ¢, should be larger in the late stage, to balance the local search ability and global
search ability of particles. In the PSO algorithm, the parameters w, c, and r jointly affect the
search direction of particles. So even if other particles find a better solution, the inertia of
the current particles is too large to fly to a better position quickly.

Against the deficiency of standard particle swarm algorithm, through the introduction
of new mechanism and parameter optimization of adaptive changes of PSO algorithm [33].
Firstly, the parameter optimization of the PSO algorithm. As mentioned above, the inertia
weight w should be larger in the early stage of search and smaller in the late stage, so that
particles can search the entire design space as much as possible in the early stage and more
carefully in the late stage. For this optimization strategy, the inertia weight w is adjusted as
follows [30]:

ger —k

ger

where wy represents the inertia weight at each iteration; Wi and wmax, respectively, denote
the lower and upper bounds of the inertia weight; k represents the number of current
iterations; ger represents the total number of iterations; as can be seen from the expression
of wy, the value of inertia weight w; decreases monotonically, realizing the function of
decreasing gradually with the process of search. Similarly, the same optimization strategy
is adopted for the learning coefficient c. The expression of the optimized ¢; and ¢, is shown
as follows:

Wk = Wmin 1 (wmax - wmin)/ )

ger
_ ger—k
Ck2 = Cmax — W(Cmax - Cmin)

Ci1 = Cmin + £ (Cmax — Cmi

{ k1 min + ( max mm) ) 3)
where ¢y represents the individual learning coefficient in each iteration; ¢y, represents the
global learning coefficient of each iteration. In addition, the learning rate r is no longer
a random value between 0 and 1, but a random variable subject to the standard normal
distribution, namely r ~ (0,1).

Secondly, to make the search process avoid falling into local optima and focus more
on global optima, an additional method of updating particle position X and velocity V are
used for reference here. The method is as follows:

X1 = Xe +VE,
VE 1 = 13(8best — Xi) + Normrand(0,1) x v , (4)
Y = /1 —k/ger

where the new position is calculated by the global optimal value and the random number
obeying the normal distribution. r3 is a random number between 0 and 1; Normrand(0, 1)
is a randomly generated vector conforming to the standard normal distribution; ; is an
adaptively variable step that changes the size of the random value.

As can be seen from the expression of VkE+1' since a random value is introduced, the
probability of falling into a local optimal when updating the position can be reduced.
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However, the efficiency of the search will decrease accordingly in the meantime. In order
to balance the two results, a new decision mechanism is introduced here:

X+ VE 7 < P

Xir1 = , 5

s { X+ Vierr, v > Py ©
where r is a random number between 0 and 1; Py represents the probability of the particle
choosing two position updating modes. The expression is

Py =02+ 0.8+/k/ger. (6)

As can be seen from the expression of Py, with the progress of iteration, the value
of P keeps increasing, which makes the probability of using VkEJrl to update the speed of
V correspondingly increase.

This mechanism for updating particle positions ensures that the particle is more
focused on the global optimal value later in the search process. This improves the efficiency
to some extent and reduces the probability of falling into local optimal.

2.2. Simulated Annealing Algorithm
2.2.1. Definition of Simulated Annealing Algorithm

The annealing process of a metal involves heating the metal to a sufficiently high
temperature and then letting it slowly cool down to give the metal some properties it
did not have before [34-36]. When the temperature increases, the particles inside the
solid become disordered as the temperature increases. An increase in internal energy then
occurs and the particles become unstable. The particles gradually become orderly when
slowly cooled. As the energy decreases, the particles become stable [37]. The simulated
annealing algorithm starts from a higher initial temperature. With the continuous decline
of temperature parameters, the algorithm combines the probability jump characteristics to
randomly find the global optimal solution of the objective function in the solution space.

2.2.2. Simulated Annealing Algorithm

The SA mechanism can avoid falling into local optimum to some extent. Different
from many intelligent optimization algorithms, the SA algorithm will jump to the solution
with a certain probability. Even if it finds a worse solution than the current solution in the
process of local search, it can avoid falling into the local optimal [38]. This way of updating
solutions requires an important judgment criterion called the Metropolis criterion:

1,Er1 <E
P = —(Epy1—Ep) (7)
e+ ,Epq > E

where P is the probability of accepting the new solution; E; is the system energy correspond-
ing to the current solution X; (objective function); k is the temperature drop coefficient,
which is a value between 0 and 1. T indicates the initial temperature. Based on this criterion,
it can be concluded that (here is to find the minimum value):

(1) When the objective function corresponding to the new solution is less than the objec-
tive function value of the current solution, it will accept the new solution. That is, the
probability of accepting the new solution is 1;

(2)  When the corresponding objective function of the new solution is greater than the
objective function value of the current solution, the new solution will be accepted
with a certain probability. When other variables are certain, the more the value of
the objective function corresponding to the new solution exceeds the value of the
objective function of the current solution, the smaller the probability of accepting the
new solution.

The steps of the SA algorithm are as follows:

10
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Step 1: Set the initial temperature T; The initial solution Xy is generated randomly and the
objective function E(Xj) is calculated;

Step 2: Make T = kT, k € (0,1);

Step 3: Make random perturbation to the current solution X;, generate a new solution
X;41 inits field, and calculate its corresponding function value E(X;1). Meanwhile, judge
whether to accept the new solution according to the Metropolis criterion above;

Step 4: At temperature T, iterate the disturbance and acceptance process for L times;

Step 5: Determine whether the terminal temperature is reached. If so, terminate; otherwise,
return to step 2.

3. The Combination of Intelligent Algorithms
3.1. First-Order Reliability Method
3.1.1. First-Order Reliability Method

The basic idea of the First-order reliability method (FORM) is to simplify the joint
probability density function f,(x) and the approximate limit state function g(x), primarily
by performing a first-order Taylor approximation expansion at MPP [39—42]. The process
of using FORM to calculate reliability includes coordinate space conversion and integral
boundary approximation [43,44].

Coordinate space conversion refers to converting random variables subject to various
probability distributions into variables subject to a standard normal distribution by the
Rosenblatt method [45]. Suppose the random variable follows the normal distribution with
mean value and standard deviation value, then the random variable transformed by the
Rosenblatt method is

_X—H
u—T. (8)

The approximation of the integral boundary is an important part of FORM. Its main
idea is to perform first-order Taylor expansion of the integral boundary g(u) = 0 to
make the integral solution of failure probability easier. The first-order Taylor expansion of
¢(u) can be expressed as

gu) = g(u*) + Vg (u™) (u —u)’, ©)

where u* represents the expansion point; Vg(u*) represents the gradient of the expansion
point. To reduce the precision loss caused by Taylor expansion, the MPP point on the
fundamental boundary g(u) = 0 is expanded. Search for MPP points on integral boundary
g(u) = 0, that is, maximize the joint probability density:

u;2

n
ma L%
LT (10)
s.t. g(u)=0

By observing Equation (10), it can be seen that the above process is a constrained
optimization problem. The deformation of Equation (10) is carried out:

R R N W 22 s
H T = e “im1 (11)
i=1V 27T AV 27
And,
ﬁ 1 uiz i 2
max e~ 2 ~min) u;". (12)
i=1 V27T i=1
Therefore, the search model of MPP points can be expressed as:
min - lul]
/ 13
{ st. gu)=0 (13)

11



Mathematics 2023, 11, 4790

where |[u| = /u12+ -+ u,? represents the magnitude of the vector u. The above
formula is solved to obtain u = u*, which is the MPP point. Let B = ||u*||, from the
perspective of two-dimensional geometry, the MPP point can be viewed as the point
g(u) = 0 tangent to a circle centered at the origin and with radius B. According to literature,
the calculation formula of reliability can be expressed as:

R=¢(p), (14)

where ¢(-) represents the cumulative distribution function obeying normal distribution.

The above are the general steps of the First-order reliability analysis method. Accord-
ing to different solving methods, FORM can be divided into the Reliability Index Approach
(RIA) [40] and the Performance Measure Approach (PMA) [46].

3.1.2. Reliability Index Method

RIA uses a reliability index instead of failure probability constraints, the mathematical
model is the MPP point search model [47-50]. It can be seen that the mathematical model
is an optimization problem. A variety of optimization algorithms, such as Sequential
Quadratic Programming (SQP), can be used to solve the optimization model.

3.1.3. Performance Measure Approach

When the failure probability is 0 or 1, the corresponding reliability index will approach
infinity or infinitesimal, resulting in RIA failure. At this time, PMA can be used to solve the
problem. Its mathematical model is [51]:

min  g(u)
, 15
{ sit. ||ul| = B (15)

where Bt represents the target reliability index. The above model indicates that un-
der the given reliability, if g(u) > 0, it means that the solution can meet the given
reliability requirements.

Through the mathematical model of RIA and PMA, it can be seen that the solution of
the two ways is a reciprocal inverse process. The difference is that the feasible region of
PMA is a sphere, while that of RIA is a hypersurface. In terms of computational efficiency,
PMA has more advantages than RIA.

3.1.4. Reliability Analysis Method Considering Stochastic and Interval Uncertainties

In the above introduction to FORM, design variables are random variables that obey a
normal distribution. However, in many practical engineering applications, the distribution
of some random variables may not be clear [52-54]. The possible values of these uncertain
variables are usually only in the specified interval without accurate distribution information.
That is, there is interval uncertainty. When dealing with such mixed uncertainty RBDO
problems, the computational complexity will be greatly increased. A simple method is to
treat the interval variables as random variables to approximate the calculation. Although
this method can simplify the reliability analysis, it cannot guarantee the accuracy of the
results [55]. To solve such problems, Du et al. [23] proposed a kind of mixed uncertainty
analysis method.

Compared with the reliability analysis considering random and interval uncertainty,
some changes should be made based on the original calculation model. The transformed
RIA model is directly presented here:

min  [Juppp(y)]|

st. gluy)=0 , (16)
yh<y<yM

12
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where y represents interval variable; y* represents the lower bound of the interval; y" is
the upper bound of the interval. Similarly, the PMA mathematical model considering
stochastic and interval uncertainty is:

min g(d,u,y)
st ull =B . (17)
yh<y <yt

It can be seen that reliability analysis considering random and interval uncertainty is
equivalent to adding a set of interval variables and changing the failure boundary based
on reliability analysis considering random uncertainty. The rest parts are the same exactly.
Therefore, when there is interval uncertainty, reliability analysis using the above method
will not bring about redundant calculation steps, so it will not significantly reduce the
calculation efficiency.

3.1.5. Method of Solving MPP Points by Improving PSO

For FORM, the main task is to solve the MPP points. According to the mathematical
models of RIA and PMA, the solution of MPP points is an optimization problem with
constraints. When solving optimization problems, intelligent optimization algorithms,
including PSO, do not need gradient information [56-60]. They can deal with discrete
variable optimization problems since they have strong global search ability [61,62]. The
detailed steps of MPP point solving using the improved PSO algorithm are as follows.

When an intelligent optimization algorithm is used to solve MPP points, the probability
constraint model in first-order reliability analysis can be processed by penalty function in
general [63], as shown below:

minf = [|U]| +ymax{0, g(X)}, (18)
where f represents fitness; # represents the penalty factor, whose expression is:

100
=1 (19)
18 (k)]
Taking fitness f as the optimization objective, the general steps of solving MPP points
by using the improved PSO algorithm are shown as follows:

Step 1: Set the initial conditions for searching MPP points, including the limit state function
g(X), the probability distribution function of the design variable X (a normal distribution
with mean value p and standard deviation o), parameters of PSO algorithm, namely:
population number N, the total number of iterations ger, inertia coefficient w, and flight
step length ¢;

Step 2: Set the boundary conditions, including the lower bound X' = y — 50 and upper
bound XY = i + 50 of the design variable; the maximum value Vmax = XY — XL /100 and
minimum value vpin = —¥max Of the speed;

Step 3: Generate the initial population. The initial position Xy = X' +r x (XY — X!) and
initial velocity Vo = Umin + ¥ X (Umax — Umin) Of the population should be calculated. The
penalty factor 57 should be set;

Step 4: Update local optimal value py,s; and global optimal value gp,g;. Firstly, the design
variable U was converted into the random variable X, which obeyed the standard normal
distribution. Then, fitness f = ||U|| + ymax{0, g(X) } was calculated. Finally, ppes; and gpes;
were screened out;

Step 5: Update the population location. The population location updating method men-
tioned above was used to update all the particles;

Step 6: Check whether convergence occurs. The convergence condition can be g(gpes;) < 0.001
or k = ger. If either condition is satisfied, the iteration can be stopped and Xyipp = Gpest 1S
output. Otherwise, do k = k + 1 and return to step (4) to continue the iteration.

13
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The above is the method of solving MPP points by using the improved PSO.

3.2. The Used PSO Algorithm

By using the enhanced PSO algorithm, each constraint function is considered sepa-
rately. During the algorithm process, the best fitness of each individual particle is updated
through the constraint function, and then the best position of the particle is obtained by
comparing the fitness of each individual. Through the optimal position of each particle
in the population, the optimal population position for the current constraint function is
finally obtained. Finally, by comparing the calculation results of each constraint function,
the optimal MPP point is obtained. The calculation steps of the used PSO algorithm are
shown in the Table 1.

Table 1. The calculation steps of the used PSO algorithm.

The PSO Algorithm

Step 1 Firstly, PSO is used to generate a set of initial solutions;
For each particle, the value of its objective function is calculated and the current

Step 2 optimal solution is recorded;
S Calculate the speed of each particle, according to the speed of updating the positions
tep 3 . . . .
of the particles in the solution space;
Step 4 Using the Metropolis criterion to decide whether to accept the new position;
The particles are updated in a certain order to make the local optimal particle
Step 5 position move to the global optimal, which improves the global search performance
of the algorithm
Step 6 Repeat Steps 2 through 5 until the termination condition is reached

By using this method, the advantages of a simple and efficient PSO algorithm can be
brought into play. The SA algorithm can keep the original performance without expending
the energy to adjust the parameters.

3.3. RBDO Decoupling Method

RBDO solution strategies can be divided into double-loop method, single-loop method,
and decoupling method [64]. The double-loop method is the most basic and direct solution
strategy [65]. Its flow is a double-layer nested cycle optimization flow. What is more,
its solving efficiency is the lowest. The single-loop method is the most efficient solution
strategy. However, it has problems such as low precision and difficult convergence [66].
Compared with the other two methods, the decoupling strategy is a very important RBDO
method, which can give consideration to both solving accuracy and solving efficiency.

Sequence Optimization and Reliability Assessment (SORA) method is an efficient
decoupling method for solving RBDO problems [67]. Based on the decoupling idea, SORA
serializes the traditional two-layer nested cycle optimization process. Forming a sequential
deterministic design optimization and controllability analysis process [68]. The main idea
of SORA is to approximate the solution of the RBDO problem. The main method is to make
the constraint gradually shift to the direction of the probability constraint, so as to quickly
get the optimal solution. Its mathematical expression is

find : Ux
min: C(ux)
s.t. gi(#X — Si) > 0(1 =1,2,--- ,m) ’ (20)
Hx < px < py
where s; = Mg?il) —xj(i=1,2,---,m) is the offset vector of the ith probability constraint;

3 was the design point of the last iteration. In SORA, each iteration cycle will construct
an offset vector based on the reliability analysis results of the previous iteration to move
the boundary of the probability constraint. According to the constraint boundary after
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moving, the DO is constructed to update the optimal design scheme. The nested RBDO is
decomposed into a series of reliability analyses and DO problems.

3.4. The Proposed RBDO Method Based on the PSO and SA Algorithm

The analysis optimization method proposed in this paper is a fusion of the meta-
heuristic algorithm RBDO method. Its main idea is that: the SA algorithm and enhanced
PSO algorithm are, respectively, used to perform reliability optimization and reliability anal-
ysis after decoupling. The purpose of improving the efficiency of analysis and optimization
is achieved.

The overall process is as follows:

Step 1: Set the probability distribution of random variables and the reliability index of the
target By;

Step 2: Set parameters of the PSO algorithm and SA algorithm;

Step 3: Enter the optimization cycle of the SA algorithm. Select the design variable set in
step (1) as the initial point to calculate the value of the objective function;

Step 4: Reliability analysis is carried out on the results obtained in step (3). The improved
PSO algorithm is used to solve the MPP points, calculate the reliability index, and judge
its reliability. If the reliability requirements are met, this solution is output as the optimal
solution. Otherwise, calculate the offset vector, update the probability constraint function,
and return to step (3) for a new round of reliability optimization.

The pseudocode is shown below:

Set initial variables
Whilel Reliability index not met
%%ODbtain the optimal solution space through annealing method
Using simulated annealing method to generate initial solution space
Random number generator initialization
While2 Does not meet Metropolis criterion Equation (7)
For From 1 to the set number of annealing times
Generate random perturbations to obtain new solutions
Check whether the Metropolis criterion Equation (7) is met, if so, exit the
current annealing
Perform annealing and save the optimal solution during the annealing process.
End for loop
Update random number generator
End the while2 loop and obtain the optimal design variable solution space
%%Using PSO algorithm to find MPP points
%%Perform the following operations for each limit state function
Initialize the population position and velocity according to the optimal solution space
obtained by the annealing algorithm
While3 The current iteration is less than the maximum number of iterations
Update the population position and velocity according to the objective function value of
each population particle
Dealing with boundary issues
End the current while3 loop
Translational failure boundary
Solve to obtain the optimal MPP point
Use this point as the initial solution space for the next cycle.
End the whilel loop

The flowchart of this method is shown in Figure 2:
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Set the probability distribution and
reliability ndex of random variables

v

Set the parameters of the
intelligent algorithm

v

Start the simulated annealing algorithm
optimization to obtain a set of solutions X

v

Use the enhanced particle swarm
optimization to analyze the reliability of X

Whether the reliability
requirements are met

Calculate the offsetvector and
update the constraint function

Yes

Output the optimization
result as the optimal scheme

End

Figure 2. Flow chart of RBDO algorithm incorporating meta-heuristic algorithm.

4. Experimental Results and Discussion
4.1. Example Verification

In order to obtain the performance of reliability analysis by using the PSO algorithm,
two mathematical examples are selected in this section for verification. The SQP method
and Monte Carlo Simulation (MCS) are selected as a comparison. The MCS is considered an
approximate solution. Therefore, its calculation error is considered to be 0. In this article, it
is represented by the symbol “——". The two examples are a convex function and a concave
function, respectively. The variables of the convex function only have random uncertainty,
while those of the concave function have both random uncertainty and interval uncertainty.

4.1.1. Convex Limit State Function

The expression of the limit state function of this example is:
g=—€1"7—-x,+10, 1)

where both x7 and x, have random uncertainty; x; ~ N(6.0,0.8),x, ~ N(6,0.8). The limit
state function is solved. Its convergence process is shown in Figure 3. Different colors in
the figure represent contour distribution. The red dot represents the optimization solution
process. The comparison of results is shown in Table 2 below:
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Figure 3. Convex function iterative solution procedure. (a) State position change—Number of
iterations: 60 (b) Optimal fitness evolution process.

Table 2. Reliability index of the convex function.

Method Reliability Index Error Solution Time (Milliseconds)
MCS 2.8445 —— 1,948,731.39
sQP 2.8782 1.2% 988.71
Improved PSO 2.8865 1.5% 47.67

It can be seen from the calculation results that the improved PSO algorithm is equiva-
lent to the SQP algorithm in solving accuracy. However, about 50% faster than the SQP
algorithm. It can be seen that the PSO algorithm has better performance in reliability
analysis under stochastic uncertainty.

4.1.2. Concave Limit State Function

In this example, the limit state function can be expressed as:

B eO.lefl.Z 4 eO‘7x270.6 -7
§= 10 ’

(22)

where variable x; has random uncertainty, x; ~ N(4.0,0.8); variable x, has interval
uncertainty, x, € [3.2,4.2]. To solve this concave limit state function, the convergence
process is shown in Figure 4. Different colors in the figure represent contour distribution.
The red dot represents the optimization solution process. The comparison of results is
shown in Table 3.

It can be seen from the table that the accuracy of PSO is about 24% higher than that
of SQP when solving the concave limit state function considering random and interval
uncertainty. It can be seen that the sequential quadratic programming algorithm is not
suitable for dealing with the reliability analysis problem of concave functions under mixed
uncertainty. The improved PSO algorithm has good fitness when dealing with the mixed
uncertainty analysis problems of convex function type and concave function type, which
proves that the performance of the PSO algorithm is good enough to solve MPP points in
first-order reliability analysis.
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Figure 4. Concave function iterative solution procedure. (a) State position change-Number of
iterations: 60 (b) Optimal fitness evolution process.

Table 3. Concave function reliability index.

Method Reliability Index Error Solution Time (Milliseconds)
MCS 2.9906 —— 1,851,997.89
SQP 2.1681 27.5% 80.32
Improved PSO 2.8891 3.4% 228.12

4.2. Mathematical Example

In this section, a nonlinear mathematical example is used to verify the RBDO method of
the proposed fusion meta-heuristic algorithm. The objective function of this mathematical
example is the sum of two normally distributed design variables x; and x;. The constraint
function consists of three nonlinear functions. The mathematical model of the optimization
problem is as follows:

find  px = [py, ps |
min  f(jx) = px; + pix, ’ (23)
s.t. Prob(g;(X) >0) > ¢(B"),i=1,2,3

where p' represents the target reliability index. Its value here is B = 3.0; jix, and jiy, are
the mean values of design variables x; and x, respectively. Their standard deviation ¢ is
0.3. The mean values range between 0 and 10, i.e.,:

{ X ~ N(ux,0.3?) 1)

0 < px <10
The limiting equation of state is

g1(X) = x12x2/20 — 1
(X)) = (x1 4 x2 —5)2/30+(x1 —x, —12)%/120 — 1 . (25)
93(X) =80/ (x12 +8xy +5) — 1

The solution space formed by the limit state equation is shown in Figure 5.
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Figure 5. Design variable feasible domain.

In order to test the performance of the RBDO method of the fusion meta-heuristic
algorithm proposed in this paper, the proposed method is compared with the results
obtained by using the optimization algorithm SQP, GA, and the theoretical solution in
the literature [69]. The results are shown in Table 4. “——" means there is no relevant
information in Table 4.

Table 4. Optimization result.

Method Optimal Solution Error Solution Time (Milliseconds)
Theoretical method 6.7318 —— ——
sQpP 7.4195 10.2% 320.5
GA 6.9754 3.6% 6975.4
The proposed method 7.0988 5.5% 211.9

As shown in Table 4, the method proposed in this study is identical to the results
obtained using two other heuristic algorithms SQP and Genetic algorithm (GA). Compared
with SQP method, the method proposed in this study is closer to the exact solution.
Compared with GA method, the time used in this study is greatly reduced, and the
solving speed is increased by 32 times. It can be seen that the method proposed in this
study has reliable accuracy and superior solving efficiency.

4.3. Volume Optimization of Gear Reducer

In the engineering example of this section, a classic case of the gear reducer is se-
lected to optimize the reliability design. In order to verify the method presented in this
paper [70,71], the original example is modified to make it a single-discipline design opti-
mization problem considering stochastic and interval uncertainty.

The structure diagram of the gear reducer is shown in Figure 6. The optimization
model has seven design variables that determine the component size of the reducer. When
only random uncertainty analysis is considered, all seven variables are set as random
variables and have a normal distribution, as shown in Table 5. At the same time, this study
also considers mixed random variables to improve the accuracy of calculation results. As
shown in Table 6, change the diameter of the axis to an interval variable. In this example,
the target reliability index is set as f; = 2.4. The corresponding reliability is R = 99.18%.
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Figure 6. Structure diagram of gear reducer.
Table 5. Random uncertainty description.
Design Variable Mean Value ]gza‘:il:;:i Dist;;li)lztion Lov(;vfell;/[]?:;ﬁnd Up(ﬂe;/[izﬁnd
Tooth width factor x; x{VI O.OIX{VI %ﬂ?ﬁ%ﬁ%ﬁc 2.63 3.57
Module of gear teeth x; xéw O.leé\/I C():lits}’;ﬁlgal;i?ilrllc 0.71 0.81
Number of teeth of gear 1 x3 M 0.01x§’I Odrlts}:z%ii}f:;c 17 23

Length of shaft 1 x4 M 0.01xM C;itskgngﬁfgﬁc 7.31 8.29
Length of shaft 2 x5 M 0.01xM Orthographic 731 8.29
Shaft 1 diameter xq xéw 0.01xé\’1 %ﬁﬁ%{;{’:ﬁc 2.93 3.87
Shaft 2 diameter xy xéVI 0.01x17vI Odiﬁﬁ%ﬁ??ﬁf 5.03 5.47

Table 6. Interval uncertainty description.

Design Variable Upper Bound of Interval Lower Bound of Interval

Shaft 1 diameter xg
Shaft 1 diameter x7

3.87
5.47

In this optimization problem, the objective is to minimize the volume V of the gear

reducer, whose mathematical expression is

V=V+V,

(26)

where V] and V; represent the volume of the gear and the volume of the bearing, respec-

tively. The volume of the gear can be expressed as

Vi = 0.7854x1x,%(3.3333x3% 4 14.9334x3 — 43.0934) — 1.508x7 (x6> + x72).

The volume of the bearing can be expressed as

Vo = 7.477(x6> + x7°) + 0.7854(x4x6° + x5X7°%).

(27)

(28)

The constraint function is the related performance index of the gear reducer, including
stress, size, displacement, etc., 11 in total.
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The optimization model of this problem is

flnd X = [xl, X2,X3,X4, X5, X6, X7]
min f=Vi+V; . (29)

The stress constraint function of the gear reducer performance is

g1 =1-27/(x1x2%x3)

g2 = 1—397.5/(x1x2%x3%)
g =12—x1/x '
ga=x1/x—-5

(30)

The dimension constraint function is

95 = 1—1.93x,3/ (x2x3x6%)

96 = 1 —1.93x53/ (x2x3x7%)

g7 = 1100 — A, /B, . (31)
g8 =1— (1.5x6 +1.9)/x4

g9 =1—(11xy4+1.9) /x5

where A = \/[745x4/(x2x3)}2 +16.9 x 10°; By = 0.1x4°.
The displacement constraint function is

{ g10 = 850 — A>/B> (32)

11 = 40 — x2x3

where Ay = \/ [745x5/ (x2x3)]% + 157.5 x 106, By = 0.1x73.

For this optimization model, the RBDO method of fusion meta-heuristic algorithm
proposed in this paper is used to solve it. Meanwhile, the case where only random
uncertainty is considered is calculated. The calculation results of the two uncertain cases
are shown in Table 7 below.

Table 7. Optimization result.

Uncertainty Description Optimal Solution Error
Comparison method(MCS) 2753.8

SQP 2851.2653 3.54%

GA 2891.1236 4.99%

The proposed method 1 2773.0126 0.69%

The proposed method 2 2814.9546 2.22%

For this algorithm, this study uses the results obtained by MCS to be approximately
regarded as the exact solution to compare other solutions. Judging from the calculation
results in Table 7, it is found that when using the optimization results (The proposed
method 1) that do not consider mixed variables, the optimization results of this article are
very close to the exact solution. Considering the complex influencing factors in engineering,
this paper also adopts complex optimization conditions that consider multiple variables.
Although the result is worse than the proposed method 1, it has higher stability. In addition,
this article also compared it with two other heuristic algorithms, SQP and GA algorithms,
and found that the results of this algorithm are basically consistent with the other two
results. This proves the feasibility of this method.
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4.4. Composite Cylinder Size Optimization

This section further illustrates the effectiveness of the proposed method by combining
cylinder size optimization cases [72]. The composite cylinder is composed of an inner
cylinder and an outer cylinder. The inner diameter of the inner cylinder is 4, the outer
diameter is b, the inner diameter of the outer cylinder is b, and the outer diameter is c. The
height of the composite cylinder is 50 mm. The cylinder body is subjected to a pressure of
size p. The structure and initial size of the composite cylinder are shown in Figure 7.

054 mm 44 mm

D36 mm

Figure 7. Composite cylinder structure diagram.

The optimization goal of the composite cylinder is to minimize the volume of the
composite cylinder while satisfying the allowable equivalent stress and tangential stress of
the inner and outer cylinders. The optimization problem includes three design variables:
x1, X2, and x3, corresponding to the inner diameter a and outer diameter b of the inner
cylinder and the outer diameter ¢ of the outer cylinder, respectively. There are 8 constraint
conditions, among which the equivalent stress and tangential stress are all implicit expres-
sions. The approximate mathematical expressions need to be established by finite element
analysis. The optimization model of the composite cylinder is as follows:

find  x = (xq,x2,x3)
max f =V =1257mx? , (33)
s.t. Prob(gi(X) >0) > ¢(B),i=1,2,---,8

where B! is the target reliability index. Here, B = 2.4.
The stress constraint and geometric constraint of the inner cylinder are

§1=5-351
Q=1-1
Gt 1 (34)
ga=b—-12a

The stress constraint and geometric constraint of the outer cylinder are

$5=5-5
_ b
§6=T—T
ot (35)
gg=c—12b
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The value range of the design variable of the composite cylinder is as follows:

31.496 < a < 40.64
381<b<508 (36)
30.48 < ¢ < 60.96

where S and T represent allowable equivalent stress and tangential stress, respectively;
S1 and S, represent the maximum equivalent stress of inner cylinder and outer cylinder,
respectively; ¥ and 7/ represent the maximum tangential stress on inside diameter a and
outside diameter b of the inner cylinder; 7 and 5 represent the maximum tangential
stresses on inside diameters b and outside diameters c of the outer cylinder. Ansys Work-
bench software was used for finite element analysis. The relevant parameters of the
composite cylinder are shown in Table 8.

Table 8. Composite cylinder-related parameters.

Name Symbol Value
Modulus of elasticity /GPa E 210
Poisson’s ratio 0 0.3
Internal pressure/MPa P 139.7
Allowable stress/MPa S 607.7
Allowable shear stress/MPa T 244.5

Three-dimensional modeling was carried out in Ansys Workbench. The inner diameter
a of the inner cylinder, outer diameter b of the inner cylinder, and outer diameter c of the
outer cylinder were set as input parameters, which were used to solve the subsequent
response surface. Tetrahedral elements are used to divide the grid. To ensure the number
of elements and nodes on the composite cylinder wall, the cell size is set as 1 mm. The
displacement constraints in the direction of X, Y, and Z are, respectively applied to the
cylinder end face of the composite cylinder. Meanwhile, the stress loading p is applied to
the inner cylinder of the inner cylinder. The contact between the inner cylinder and the inner
cylinder is selected as “no separation” in the “connection” option. The equivalent stress
and maximum shear stress were solved, respectively. The results are shown in Figure 8.
The equivalent stress and maximum shear stress were set as output parameters.

According to the results of finite element analysis, the stress of the inner cylinder
exceeds the maximum allowable value, so it cannot meet the use requirements at present.
Its size parameters need to be further optimized. In this example, the expressions of
the equivalent stress and tangential stress are approximated by polynomials. Quadratic
polynomials with cross terms are selected here. The form is that the finite element analysis
results show that the stress of the inner cylinder exceeds the maximum allowable value,
so it cannot meet the use requirements at present. Its size parameters need to be further
optimized. In this example, the expressions of equivalent stress and tangential stress are
approximated by polynomials. Here, the quadratic polynomial with cross terms is selected.
Its form is

3 3 2 3
F(x) =ag+ Z bix; + Z cl-xl-z + Z Z dl-]-xl-xj + €123X1X2X3. (37)
i=1 i=1 i=1j=i+1

The response surface module in Ansys Workbench software is used to generate design
points and calculate corresponding output values. The results are shown in Table 9.

The coefficients of the quadratic polynomial are solved in Matlab by using the above
10 groups of design points. The obtained values of each system are shown in Table 10.

By the above method, the limit state function is expressed explicitly instead of implic-
itly. In this problem, which has random uncertainty, their probability distribution is normal.
Their standard deviation is 1% of their mean. ¢ has interval uncertainty. Its value range is
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shown in Equation (36). The results are shown in Table 11 below. It can be seen from the
optimization results that the method proposed in this article can obtain a smaller objective
function value. This shows that the optimization results obtained by this method are more
superior. In order to verify the feasibility of this method, the optimization results of this
method are modeled and analyzed through finite element analysis.

Equivalent Stress

Unit: MPa Equivalent Stress

733.81 Unit: MPa
661.26 489.15
cgg.7 44227
51615 e
443,59 3485
371.04 30162
29848 &4
2253 =
153.37 1141
80.82 67.219
(a) (b)
Maximum Shear Stress Maximum Shear Stress
Unit: MPa Unit: MPa
40348 225.35
37235 204.93
341.22 184.52
310,08 164.1
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247.82 123,27
216,66 ;
18855 .
15442 62024
123.29 a
41.609
(c) (d)
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Unit: MPa
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171.71
- 154.62
13753
12044
103.35
86.262
69.171
52.081
34.99

Maximum Shear Stress

Unit: MPa
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237.73
21847
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12217
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Figure 8. Stress nephogram of the composite cylinder. (a) Equivalent stress of inner cylinder,
(b) Equivalent stress of outer cylinder, (c) Tangential stress on inner diameter of the inner cylinder,
(d) Tangential stress on outer diameter of the inner cylinder, (e) Tangential stress on inner diameter of
the outer cylinder, and (f) Tangential stress on the outer diameter of the outer cylinder.

Table 9. Design point.

a b c 51 Sz T ¥ o T
1 38.5 39.9 49.7 889.90 997.82 483.00 400.66 526.84 346.94
2 39.2 49.6 53.1 1069.30 518.25 578.87 273.39 273.69 180.97
3 33.0 49.5 55.5 589.82 252.57 324.35 130.22 133.18 89.94
4 39.3 43.8 58.0 792.55 528.81 441.83 281.42 279.47 186.87
5 37.1 47.6 50.4 751.12 438.64 414.24 234.62 230.51 177.81
6 32.8 39.7 52.7 605.15 391.49 337.28 195.88 207.00 135.23
7 34.2 43.1 52.3 811.37 436.74 442.53 218.96 231.57 170.05
8 36.4 49.0 56.8 881.32 430.42 483.57 201.98 226.71 155.63
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Table 9. Cont.

a b c S1 S, T -rf sz T5
9 39.7 47.5 49.7 1256.80 565.43 675.41 353.23 308.07 260.49
10 39.7 49.5 55.1 990.28 564.01 536.79 274.83 297.29 199.18
Table 10. Polynomial coefficient.
51 Sz Tf T{’ Té’ Tf
ap 1,306,319 41,973.2 685,669.2 116,143.7 34,266.6 —23,063.3
by —34,404 —644.3 —18,032.3 —2974.9 —663.4 748.8
by —28,761.7 —1219.7 —15,093.5 —2522.8 —894.6 502.7
b3 —24,292.4 —753.5 —12,764.2 —2184.7 —628.1 367.9
1 -5 -1.7 -3 0.8 -0.7 0.6
cp —-10.9 0.5 —5.5 -1.1 0.01 -1.7
c3 —94 -3.1 —-4.7 —-0.4 -1.5 0.3
dip 761.1 18.5 399.3 65.2 16.7 —14
dis 645.8 18.3 339 55.2 15.2 —14.6
doys 550.9 23.7 288.7 48.9 17.5 —6.8
€123 —14.1 —-04 74 —-1.2 -0.3 0.3
Table 11. Optimization result.
Variable a b c \%
GA 37.65 38.10 59.58 55,662.18
sQr 38.47 38.10 59.26 57,190.73
Result 37.40 45.72 60.96 54,929.13

In order to verify the accuracy of the results, modeling and finite element analysis were
conducted on the optimized composite cylinder again. The results are shown in Figure 9.
It can be seen from the stress program that the maximum equivalent stress and maximum
shear stress of the composite cylinder do not exceed the allowable value, which proves that

the optimization scheme is feasible.
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Figure 9. Stress nephogram of the composite cylinder after optimization. (a) Equivalent stress of inner
cylinder, (b) Equivalent stress of outer cylinder, (c) Tangential stress on inner diameter of the inner
cylinder, (d) Tangential stress on outer diameter of the inner cylinder, (e) Tangential stress on inner
diameter of the outer cylinder, and (f) Tangential stress on the outer diameter of the outer cylinder.

5. Conclusions

This study constructs a RBDO method framework for RBDO considering mixed
uncertainties, combined with a metaheuristic algorithm with superior performance. The
research contents include: (1). Through the enhanced PSO algorithm, give full play to the
global optimization ability of the algorithm to obtain better MPP points for the update
optimization of the SA algorithm; (2). Through the decoupling method, the enhanced
PSO of the algorithm is combined with the SA algorithm and put into an optimization
framework. Realize the construction of a complete reliability-based design optimization
algorithm; (3). Adopt a decoupling optimization strategy based on the SA algorithm,
taking advantage of the faster convergence characteristics of SA. Compared with the
ordinary double-loop method and single-loop method, this optimization method has
faster solution efficiency and solution accuracy. The method proposed in this paper is
dedicated to solving the RBDO problem considering mixed uncertainties. By applying the
metaheuristic algorithm to the reliability analysis and optimization process of engineering
structures, it provides new ideas to solve the problems of high computational cost and slow
solution efficiency during the design optimization of increasingly complex engineering
structures. Through the improved PSO algorithm and the decoupled convergence process
combined with the SA algorithm, on the basis of ensuring the accuracy of the convergence
results, the optimization efficiency is improved and the problem of easily falling into
local convergence is solved. At the end of the article, the feasibility and superiority of
this method are verified through a mathematical example and two complex engineering
examples. It can be seen from the optimization results that compared with the double-loop
RBDO method using the SQP method and the ordinary reliability optimization based on
the first-order Taylor formula, the results of this method are better and the calculation
efficiency is higher. Through the finite element analysis of the results and combined with
the constraint conditions, it was found that under the same load conditions, the results of
this method have smaller deformation amounts and stress and strain values. The reliability
and feasibility of this method are proved.

In order to synthesize the role of each constraint function and obtain the optimal MPP
point, this study performed equal calculations on each constraint function. However, in
actual engineering, different constraint functions play different roles for each engineering
situation, and sometimes there are even situations where the function does not play a
constraining role. Therefore, in future work, by reducing the calculation of ineffective
constraint functions in RBDO, the efficiency of optimization calculations can be further
greatly improved.

This study uses the improved PSO algorithm to solve the global optimal MPP point,
although it is compared with the SQP method and the simple FORM method. However,
heuristic algorithms include more, such as multi-objective flower pollination algorithm,

26



Mathematics 2023, 11, 4790

multi-objective bat algorithm, multi-objective multiverse optimization, and multi-objective
water cycle optimizer algorithms that are not mentioned in the article. In future work, it will
be meaningful to explore and compare the efficiency of various optimization algorithms in
solving RBDO problems considering mixed uncertainties.
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Abstract: As the first waterproof component of the immersed tunnel, it is very important to ensure the
remaining compression of the GINA gasket to resist external water intrusion. This paper proposed a
method for determining warning thresholds for the remaining compression of the GINA gasket based
on a material-to-mechanical analysis. In terms of material analysis, two factors that affect the GINA
gasket are investigated: rubber hardness and cross-sectional shape, and they are adopted as the basis
for subsequent mechanical analysis. In terms of mechanical analysis, uneven settlement during the
operation period is considered to be the major cause of joint deformation, which is further divided into
four modes: bending, shear, expansion, and torsion, with the computation model of the GINA gasket
established to obtain the warning threshold. After that, a graded early warning method is adopted,
and corresponding thresholds are given after an investigation of previous studies, which are validated
by a three-dimensional finite element analysis. The deformation monitoring data between the E28
and E29 elements of the Hong Kong-Zhuhai-Macao Bridge Immersed Tunnel are used to verify the
proposed method. The results show that the GINA gasket of the Hong Kong—Zhuhai-Macao Bridge
Immersed Tunnel is currently in a safe state, and its deformation is much lower than the minimum
warning level.

Keywords: immersed tunnel; GINA gasket; joint opening; graded warning method
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1. Introduction

The operational environment of the immersed tunnel is complex and changeable,
such as the underwater soil being soft and the siltation being serious, which easily causes
uneven settlement [1]. The uneven settlement will further lead to shear, torsion, and other
deformation at the immersed tunnel joint, resulting in the risk of leakage at the joint [2]. As
the GINA gasket is the key component to preventing leakage from the immersed tunnel
joint, the determination of its warning threshold is critical [3].

Many studies have paid attention to the leakage caused by uneven settlement of
immersed tunnel joints at the beginning of the 21st century [4,5]. Ding and Liu [6] inves-
tigated the stress-strain property of the deformation for immersed tunnel joints, and the
stresses of the GINA gasket and OMEGA gasket were both discussed. The stress-strain
curve of the GINA gasket was fitted by experimental data, and the fitting formulas for
two stages of compression deformation <80 mm and >80 mm were given, respectively.
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Liu et al. [7] proposed a mechanical model for immersed tunnel joints considering the
effect of uneven settlement and identified that there is a positive proportion between the
joint stiffness of the immersed tunnel and the compression stiffness of the GINA gasket.
Wang et al. [8] divided the uneven longitudinal settlement of immersed tunnel joints into
bending deformation and shear deformation; in addition, they discussed the longitudinal
uneven settlement development trend of immersed tunnels under periodic tidal loads.
However, the remaining compression of the GINA gasket is not considered in this study.
To date, many studies have mainly focused on the establishment of a mechanical model for
immersed tunnel joints, and there are only a few studies relating to the warning thresholds
for the remaining compression of the GINA gasket during operation.

The immersed tunnel joints can be divided into rigid joints and flexible joints according
to the stiffness ratio of the joint and element. Most immersed tunnels adopt flexible joints,
such as the Ningbo Yongjiang immersed tunnel, the Changhong immersed tunnel, the
Honggu immersed tunnel, and the Shanghai Outer-ring immersed tunnel in China [9-12].
For flexible joints, the remaining compression of the GINA gasket determines the water-
tightness of the immersed tunnel joint [13]. However, there is no uniformly recognized
specification for the monitoring of the GINA gasket during operation, and the establishment
of the monitoring system mainly depends on design experience [14]. Therefore, the warning
threshold and specification for the GINA gasket need to be further studied.

This paper intends to investigate an early warning method that can be applied to
the remaining compression of the GINA gasket during operation. Thus, the warning
thresholds of the deformation of immersed tunnel joints can be determined and guarantee
that the structural health monitoring of the immersed tunnel plays a key role in ensuring
the operational safety of the immersed tunnel.

2. Immersed Tunnel Joint and GINA Gasket
2.1. Overview of Immersed Tunnel Joint

A wide variety of immersed tunnel joints are available to provide different adaptability
to differential settlement. These joints are generally classified according to the ratio between
the stiffness of the joint itself and the stiffness of the element section: cast-in-place concrete
joints are considered rigid, joints that do not contain shear resistance are considered flexible,
and those with a stiffness ratio between the above two are considered semi-rigid and
semi-flexible to semi-rigid [15,16]. Therefore, the types of immersed tunnel joints can be
divided into four categories in detail: rigid joints, flexible joints, semi-rigid joints, and
semi-flexible to semi-rigid joints. As the rigid joints formed by cast-in-place concrete are
not considered in this study, their cross-section is not given below. The cross-sections of the
other three joints are shown in Figure 1.

GINA GINA
End of the steel

End of the steel

o [

Corrugated steel plate OMEGA Steel shear key Steel plate Concrete shear key

(a) (b)

Figure 1. Cont.
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OMEGA GINA

Filled with flexible material
Refractory material

Tensioning device

(c)

Figure 1. The different types of immersed tunnel joints (redrawn according to Wei and Lu [17] and
Xue [18]). (a) Semi-flexible to semi-rigid joint. (b) Semi-rigid joint. (c) Flexible joint.

As shown in Figure 1, the main components of the first two joints are similar, which
are the end of the steel, GINA gasket, OMEGA gasket, steel plate, and shear key. More-
over, all three types of joints adopt the GINA gasket as the first line of defense for joint
waterproofing.

2.2. GINA Gasket

Many studies have revealed that the greater the compression of the GINA gasket is,
the better the sealing performance, according to the field tests. Two factors mainly affect
the compression of the GINA gasket: one is the rubber hardness of the GINA gasket, and
the other is the cross-sectional shapes of the GINA gasket.

2.2.1. The Rubber Hardness of the GINA Gasket

The rubber hardness of the GINA gasket is proven to affect the deformation perfor-
mance of the GINA gasket. Peng et al. [19] identified three GINA gaskets with different

rubber hardness to test the deformation capacity of the GINA gasket, and the results are
shown in Figure 2.
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Deformation [mm)]

Figure 2. Stiffness—deformation curve of the GINA gasket (redrawn according to the results of
Peng et al. [19]).

The two types with the hardness of 43 and 48 Shore A show a small change in stiffness
at the same deformation, and the type with the hardness of 58 Shore A shows a large
change in stiffness, according to Figure 2. The unit Shore A is a physical measure of a
substance’s ability to deform under pressure or resist puncture. Shore A is generally used
to characterize softer rubber materials with a hardness range of 10 to 90. The higher the
value of Shore A is, the higher the hardness [20]. The influence of rubber hardness on the
stiffness is not obvious when the compression deformation is less than 90 mm, and the
stiffness changes significantly with increasing hardness when the compression deformation
is more than 120 mm. The material characteristics of the GINA gasket with an abrupt
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inflection point provide an important reference for determining the threshold of waterproof
failure.

In fact, the mechanical properties of the GINA gasket (made of rubber) are not deter-
mined by a single factor, such as hardness, but are also related to a variety of factors, such
as the size and the frequency of the load. Its constitutive model cannot be characterized
by a simple modulus of elasticity. The constitutive models of GINA gasket are mostly
derived from the phenomenology theory, which assumes that rubber is homogeneous and
incompressible in its undeformed state [21]. From the above assumptions, the constitutive
model of the GINA gasket can be expressed as a strain energy density function, and a
common model is the Mooney—Rivlin model, as shown in Equation (1).

W = Cio(l1 —3) + Co1 (2 — 3) 1)

where W is the strain energy density, and a greater density represents a greater compression
stiffness; Cp and Cy; are Rivlin constants, which depend on the rubber stiffness and are
positively related to the rubber stiffness; and I; and I, represent the first and second Green
strain invariants, respectively. Jiang, Bai, and Su [22] adopted Equation (1) to determine the
parameters in finite element simulation for obtaining the mechanical performance of the
immersed tunnel joints, including the GINA gasket and compared the results of simulation
with a 1:10 scale experimental test. The two results are basically the same, which verifies
the correctness of the above formula.

Therefore, based on a lot of numerical simulations and field test results, the compres-
sion of the GINA gaskets with different hardness is usually designed to be greater than
90 mm to ensure that the GINA gaskets have sufficient waterproof performance.

2.2.2. The Cross-Sectional Shapes of GINA Gasket

As shown in Figure 3, the traditional GINA gasket is made of rubber with a sharp rib,
main part, bottom rib, and winged edge [10]. This type of GINA gasket is widely used in
the Pearl River Immersed Tunnel and the Hong Kong—Zhuhai-Macao Bridge Immersed
Tunnel.

Sharp rib Main part

Bottom rib

Winged Edge

Figure 3. The traditional GINA gasket (redrawn according to Xiao et al. [10]).

The traditional GINA gasket has developed a variety of cross-sectional shapes based
on years of practice. The representative ones are the TRELLEBORC type, developed in
the Netherlands; the PHOENIX type, developed in Germany; the HORN type, developed
in Japan; the STIRN type; and the GINA improved type. Several types of cross-sectional
shapes of GINA gaskets are shown in Figure 4.
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VAN

GINA TRELLEBORC PHOENIX
| L]
SUPER GINA HORN STIRN

Figure 4. The different cross-sectional shapes of GINA gaskets (redrawn according to Hu et al. [23]).

The abovementioned different cross-sectional shapes of GINA gaskets are divided
into four typical types [23], and the four typical types are shown in Figure 5.

JAAY

General Bottom hole
L/
Bottom sharp rib Main part hole

Figure 5. The four typical types of GINA gaskets (redrawn according to Hu et al. [23]).

The conclusions are as follows: the type of bottom hole has the best contact with the
bottom plate, so the bottom hole can improve the waterproof performance of the bottom
plate. The type of sharp bottom rib is easy to overturn in the prophase of compression of the
GINA gasket because of the small action area with the steel plate, which will result in poor
waterproofing. The type of main part hole can significantly reduce the stress concentration
of the sharp rib, which is more beneficial to the long-term waterproofing of the GINA
gasket. The traditional type can better withstand the eccentric load.

34



Mathematics 2023, 11, 1010

3. Deformation of GINA Gasket
3.1. The Compression of GINA Gasket
3.1.1. The Minimum Compression of GINA Gasket

The minimum compression of the GINA gasket is determined by the magnitude of
the water pressure, i.e., the higher the groundwater level in the immersed tunnel is, the
higher the minimum compression needed, as shown in Figure 6.

Shore A
i - 50 .
E 40
E ] 60
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2 30F
a
g
3 20k
£
=
£
0k
E 10
=
1 1 1 1 >
0 100 200 300 400

Water pressure [kPa]

Figure 6. The relationship curve between the minimum compression and water pressure (redrawn
according to the results of Tang, Guan and Wan [24]).

The minimum compression of the GINA gasket A;; can be determined according to
Figure 6. To avoid the risk of errors and uncertainties, the actual remaining compression
in practice should exceed the calculated minimum compression by a certain number, e.g.,
20 mm, to preserve enough waterproof performance of the immersed tunnel joint during
the operation [24].

3.1.2. The Compression Characteristic of GINA Gasket

The design compression is usually not equal to the remaining compression of the
GINA gasket because the remaining compression of the GINA gasket will vary due to
external loads or deformations, e.g., uneven settlement. The relationship between each
compression characteristic is shown in Figure 7. In the design and installation phase, the
design compression A is determined according to Equation (2),

_YyxHXxS

F
C

@
where F is the pressure of the GINA gasket (kPa); y is the capacitance of the water overlying
the immersed tunnel (N/m3); H is the water depth to the section of the immersed tunnel
joint shape center (m); S is the hydraulic crimp area of the immersed tunnel joint (m?); and
C is the perimeter of the GINA gasket (m).

A, is the remaining compression during operation. As known above, to prevent
water leakage from the immersed tunnel joint, the remaining compression of the GINA
gasket should be greater than the minimum compression and should have a certain safety
reserve. Moreover, the stress relaxation of the GINA gasket will occur under long time
stress conditions because the GINA gasket is made of rubber. This is also a nonnegligible
factor affecting the warning threshold of the GINA gasket. Hence, the warning threshold
of the GINA gasket can be obtained by Equation (3),

A
UOZTM+01+C2+C3+C4 3)

A=Ay —d )
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S x Uy <A < gupr xUp(n=1,---,m) 5)

where U is the warning threshold; A, is the minimum compression; k is the relaxation
coefficient, the range is (0, 1), and the degree of relaxation increases as the relaxation coeffi-
cient decreases; c; is the safety reserve (the value is generally adopted as 20 mm); c; is the
unevenness of the surface at the joint (the value is generally 10 mm); c3 is the longitudinal
displacement of the joint caused by the temperature effect (the value is generally 10 mm);
c4 is the installation error (the value is generally 10 mm); d is the change in compression
caused by uneven settlement; g, is the graded warning coefficient, and the graded warning
is divided into m levels.

A A A
The minimum compression ! An
y
Ar
. . Aa pmmm~l e e \

Remaining compression / ~- Mg \

1 \

. A s \

1 \
; Design compression ' . v
Before compression _y ! After compression !
| i
1 1

1 1

1 1

\ 1

1 1

\ 1

=== -\ ) R
| | :

Figure 7. The relationship of compression characteristics of GINA gasket (redrawn according to
Liu et al. [25]).

The warning thresholds can be obtained by calculating the minimum compression,
relaxation coefficient, and constant term according to Equation (3). The remaining compres-
sion is calculated by the change in compression caused by uneven settlement according
to Equation (4). The graded warning can be divided into multiple levels according to
Equation (5). If the remaining compression falls into the interval of warning thresholds of
different levels, corresponding measures will be taken to ensure the safety of the immersed
tunnel during operation.

3.2. Deformation Modes and Computation Model
3.2.1. The Four Deformation Modes of Immersed Tunnel Joint

Regarding the change in compression caused by uneven settlement, i.e., d in Equation (4),
this term can be estimated by mechanical analysis of the immersed tunnel joint. Generally,
the uneven settlement of the immersed tunnel can lead to four deformation modes of the
immersed tunnel joint, as shown in Figure 8, which are bending, shear, expansion, and

torsion.
e l
7 —*— Ag
I v e 1
%

(a) (b)

Figure 8. Cont.
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(© (d)
Figure 8. The four deformation modes of immersed tunnel joint (redrawn according to Xie et al. [26]):

(a) bending; (b) shear; (c) expansion; (d) torsion.

The formulas for calculating the change in compression due to the four deforma-

tion modes of the uneven settlement are presented as follows (revised according to HP-
CLab [27]).

1.  Bending deformation

As shown in Figure 9, the change in compression can be obtained by Equations (6)—(9)
in the case of bending deformation,

W =L-sin(@ —v)+As = L-sinf (6)
di = H'siny (7)
H H/Z
a2+ - cos 6(L-sin® — As)dq + 17 (As2 —2As-L- sinG) =0 8)
/
dy = HT {sinG\/Lz — (L-sin® — As)* — (L-sinf — As) cos 9] ©)

where As is the uneven settlement in the vertical direction; /' is the design height difference
at both ends of the elements; <y is the rotation angle caused by the deviation of the elements
from the original equilibrium position; L is the length of the element; H is the vertical
height of the element; H' is the height difference for the installation centerline of GINA
gasket; 0 is the fabrication elevation of the element; and d; is the change in compression for
the GINA gasket due to bending deformation.

-y
1y 0 | A
ll/,
H ||| | H
\a -/

Figure 9. Geometric diagram of bending deformation.

The assumptions in the above geometric calculation are illustrated as follows:

(1)  The element is completely rigid, the axis of the element remains straight in the rotation,
the axial length is unchanged, and the deformation of the element is negligible.

(2) The amount of rigid body translation displacement for each element is identical, and the
element under the effect of uneven settlement only produces the corresponding rotation.
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(3) The tensile stiffness of the joint is less than the compressive stiffness, and the center
point of rotation is located on the compressive side of the end of the element.
(4) The bending deformation of the joint is small.

The bending direction determines the change in the compression of each part of the
GINA gasket. If the bending is counterclockwise, the compression of the GINA gasket
at the top of the element increases while the compression at the bottom of the element
decreases.

2. Shear deformation

As shown in Figure 10, the change in compression can be obtained by Equation (10) in

the case of shear deformation.
dzz,/Ag—kBZ—B (10)

d2
T A
v N
. |~ GINA
N

Figure 10. Geometric diagram of shear deformation.

In Figure 10 and Equation (10), B is the initial compression of the GINA gasket; A, is
the shear deformation; and d; is the change in compression for the GINA gasket due to
shear deformation.

The assumptions in the above geometric calculation are illustrated as follows:

(1) The element is completely rigid, and the deformation of the element is negligible.

(2) The element only has rigid translation in the vertical direction, and it does not produce
rotation and movement in the horizontal direction.

(3) The relative settlement is small, smaller than the shear displacement limit of the joint.
There is sufficient friction between the GINA gasket and the end of the steel.

The change in compression of the GINA gasket caused by shear deformation will
reduce the remaining compression. If the dislocation distance is large, the immersed tunnel
joint will occur leakage, which may lead to direct damage to the immersed tunnel joint in
serious situations.

3.  Expansion deformation

As shown in Figure 11, the change in compression can be obtained by Equation (11) in
the case of expansion deformation,
ds = Al (11)

where B is the initial compression of the GINA gasket; Al is the expansion deformation;
and dj is the change in compression of the GINA gasket due to expansion deformation.

Al

L,

\
)

1 —GINA

Z

Figure 11. Geometric diagram of expansion deformation.
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The assumptions in the above geometric calculation are illustrated as follows:

(1) The element only has rigid body translation along the axial direction, and it does not
produce rotation and uneven settlement in the vertical direction;
(2) The deformation along the axis of the end of steel to the end of the joint can be ignored.

4.  Torsion deformation

The torsion deformation of the joint is induced by the uneven settlement along the
cross-section of the element. Since the torsion deformation only occurs on the plane of
the cross-section of the element and does not deform in the perpendicular direction, this
minuscule torsion deformation of the joint hardly changes the compression of the GINA
gasket, which can be ignored in the calculation.

3.2.2. Formulas of Final Change of Compression

According to the analysis in Section 3.2.1, the final change in compression of the GINA
gasket caused by the uneven settlement can be calculated by Equation (12).

d=dy+dy+ds (12)

Thus, the remaining compression of the GINA gasket can be determined according
to Equations (12) and (4). This term is important because excessive change may result in
insufficient remaining compression of the GINA gasket and trigger an early warning.

3.3. Estimation of Relaxation Coefficient

According to Equation (3), the relaxation coefficient is also involved in determining
the warning thresholds of the GINA gasket. This paper reviews the test results related to
the stress relaxation of the GINA gasket, and they are summarized in Table 1.

Table 1. Testing results of the stress relaxation rate in previous studies.

i, . Accumulated Stress Estimated Stress Relaxation
Author Rubber Hardness (Shore A) Initial Compression (mm) Relaxation (kN/m) Rate after 100a

80 89.4

Lu et al. [28] (2003) 65 100 184.2 55%
110 317
30 . o of

Huang [29] (2010) / 40 approximately 20% of the 50.3%
50 total stress
50 30.6%
70 approximately 35% of the 32%

Hu et al. [30] (2020) 48 110 total stress 34.3%
125 43.1%

It can be easily estimated that the relaxation rate of the GINA gasket is positively
proportional to its rubber hardness and initial compression, based on the data in Table 1.
Furthermore, it is also revealed that the relaxation rate is positively proportional to the
service time. The stress relaxation rate of the GINA gasket is nearly 40% after 50 years and
more than 50% after 100 years [29]. Therefore, the relaxation coefficient k in Equation (3)
can be estimated by Equation (13),

k= 1_5(71, Ag) (13)

where s is the relaxation rate; 1 is the service time of immersed tunnel; and A is the design
compression.
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4. Warning Method of Immersed Tunnel
4.1. Graded Warning Method
4.1.1. Graded Warning of GINA Gasket

Using monitoring data for early warning is an important measure to ensure the
structural safety of the immersed tunnel, and the graded early warning method can pay
attention to possible problems in advance and take corresponding measures. Liu et al. [25]
gave the graded warning method for the warning threshold of each monitoring index
based on the Yongjiang immersed tunnel, as shown in Table 2. Xie et al. [26] investigated
the graded warning thresholds of the remaining compression of the GINA gasket, of which
the stress relaxation was considered in the minimum compression of the GINA gasket.

Table 2. The graded warning thresholds of Yongjiang immersed tunnel (revised according to the
results of Xie et al. [26]).

Alert Level Graded Warning Colors
v U <0.5Uy Green
I 0.5Uy < U < 0.7Uy Yellow
II 0.7Up < U < 09Uy Orange
I u > 09Uy Red

Notes: Uy is the warning threshold and U is the monitoring value.

Xu et al. [31,32] established a monitoring system for the Honggu tunnel during opera-
tion. In this study, the warning threshold of the GINA gasket was not directly obtained,
but the warning threshold of the relative displacement for the immersed tunnel joint was
given. The warning thresholds were divided into four grades, A, B, C, and D, where A was
the best and D was the worst, as shown in Table 3.

Table 3. The graded warning thresholds of Honggu tunnel (revised according to Hu et al. [31]).

Index A B C D
Joint opening (mm) <21.6 21.6-25 25-28.3 >28.3
Joint compression (mm) <20.5 20.5-23.3 23.3-33.3 >33.3
Joint horizontal displacement (mm) <25 25-30 30-35.3 >35.3
Uneven settlement (mm) <30 3040 40-50 >50

4.1.2. The Specification of Graded Warning for GINA Gasket

Currently, there is no specification of graded warning for the structural health monitor-
ing of the GINA gasket, but it is clearly stipulated that the compression of the GINA gasket
should be monitored during the operation in the Specifications for Design of Highway
Immersed Tunnel (JTG/T 3371-01—2022) [33]. The transportation administration of Jiangsu
Province of China also released the latest relevant specification involving the description of
the graded warning, which is the Technical Specification of Structure Health Monitoring
for Underwater Tunnel (DB32/T 4243-2022) [34]. This specification proposed a unified
graded warning threshold method for all monitored components, as shown in Table 4.

Table 4. The unified graded warning thresholds for monitored components of underwater tunnel
(revised according to Table 6.6.8 in [34]).

Alert Level Description Alert Status Warning Thresholds
I Particularly serious Red warning >Uy
II Serious Orange warning [0.75-1) Uy
I Relatively serious Yellow warning [0.5-0.75) U
v General Blue warning [0.25-0.5) Uy
A% Normal / <0.25 Uy

Notes: U is the warning threshold.
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In the above tables, the graded warning is divided into multiple levels, and the graded
warning coefficients are roughly similar to those in other studies. This classification method
can be used for reference. Although a general graded warning method has been given,
there is still a lack of a unified formulation method for determining the graded warning
threshold of the GINA gasket during operation.

4.2. Determining the Warning Thresholds of an Immersed Tunnel
4.2.1. Outlines of the Hong Kong-Zhuhai-Macao Bridge Immersed Tunnel

This study adopts the Hong Kong—Zhuhai-Macao Bridge (HZMB) Immersed Tunnel
as an illustrative example. The HZMB is a 55-km-long mega project spanning Lingdingyang
Bay. It includes three components: the main project of the bridge, island, and undersea
tunnel; the ports of Hong Kong, Zhuhai, and Macao; and the connecting line between the
three cities. As a part of the main project, the most challenging task is the 6.7-km-long
undersea tunnel [35,36]. As a complex sea-crossing project, the HZMB immersed tunnel has
a transition section at the head of the artificial islands where different foundation solutions
are adopted: pile foundations in the artificial island and sand compaction pile (SCP)
flexible composite foundations in the transition section. More details about the foundation
strategy of the HZMB immersed tunnel can be found in Hu et al. [37]. Additionally, the
thickness of the placed backfill is uneven [38]. Meanwhile, the deposition of sediments
should also be taken into consideration during the operation life of the structure. Load
changes in the tunnel’s longitudinal direction will also result in a larger internal force in
the tunnel [39,40]. All the above situations will make the operational safety of the GINA
gasket of the immersed tunnel a great challenge.

The immersed tunnel section has a length of 5.67 km and consists of 33 elements, as
shown in Figure 12. Among all the elements, E28-E33 is located on the flat curve with a
radius (R) of 5500 m, and the rest are located on the straight section [41]. The closure joint
is between E29 and E30, and the water depth at the bottom of the closure joint is 27.9 m.
The mechanical properties of soil layers under the HZMB-immersed tunnel were extracted
from recent publications [37], as shown in Table 5.

Hong Kong Zhuhai, Macao
[—
Elevation(m) Length of the immersed tunnel:5664m Quantity of element:33
40 1 1
20 East Artificial Island West Artificial Island

o | = =
Seabed surface pa— g

~ "“gr

-20 =
~40 Silty clay L]

-60
-80

Figure 12. Longitudinal layout of the HZMB immersed tunnel (redrawn according to Lin et al. [41]).

Table 5. Mechanical properties of soil layers under the HZMB immersed tunnel (data extracted from
Hu et al. [37]).

Direct Shear Test
Soil Layer UTEN‘?I::%M Quick Shear Consolidated Quick Shear
¢ (kPa) @ () ¢ (kPa) @ (°)
Mucky soil 17.6 8.0 7.0 10.0 16.0
Silt clay 19.3 20.0 20.0 25.0 25.0
Sand 21.4 / / / /
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The standard tunnel element is 180 m long, consisting of eight segments, each of which
stretches 22.5 m. The immersed tunnel provides a dual three-lane carriageway with a width
of 2 x 14.55 m and a vertical clearance of 8.4 m, as shown in Figure 13. The GINA gasket
between E28 and E29 is selected for analysis. The central elevation of the E29 element is
—25.5 m. The total length of the GINA gasket of each section is 92 m.

l 3795 l
Figure 13. Cross-sectional geometry of the HZMB immersed tunnel (unit: cm).

4.2.2. Estimated Values of Thresholds and Safety Assessment

According to Equation (2) and the compressive stress—deformation curve of the GINA
gasket (Figure 14), it can be estimated that the design compression of the GINA gasket of
the E29 element is approximately 140 mm.
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Compressive stress [kN/m]

0 20 40 60 80 100 120 140 160 180 200

Deformation [mm]

Figure 14. The compressive stress—deformation curve of the GINA gasket (redrawn according to Lin
and Liu [42]).

According to the elevation of the E29 element and the curve of the relationship between
the minimum compression and water pressure (Figure 6), the minimum compression is
approximately 35 mm. According to Section 3.3, the stress relaxation rate of the GINA
gasket is estimated at 40%. Thus, the relaxation coefficient is 0.6, according to Equation (13),
and the warning threshold Uy of the GINA gasket is 108 mm, according to Equation (3).

The graded warning method is a risk management tool that is related to the risk
acceptance level of managers. The HZMB is a mega-project with a low level of risk
acceptance. In order to guarantee that no leakage occurs in the immersed tunnel under
all warning grades, it is assumed that the contact pressure of the GINA gasket under
the highest level of warning still guarantees 1-2 times the water pressure. Therefore,
the warning level coefficients are initially set to 1, 0.9, 0.8, and 0.7, corresponding to
blue (lowest), yellow, orange, and red (highest) warning levels, respectively. The graded
warning thresholds of the remaining compression of the GINA gasket can be established,
as shown in Table 6. The GINA gasket’s ability to resist water pressure at the deformations
corresponding to these warning levels was verified by finite element analysis in Section 4.3.
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Table 6. The graded warning thresholds of the remaining compression of GINA gasket for the HZMB
Immersed Tunnel.

Alert Level Description Alert Status Remaining Compression (mm) Change of Compression (mm)
I Particularly serious Red warning <86.4 >53.6
I Serious Orange warning [86.4-97.2) (42.8-53.6]
I Relatively serious Yellow warning [97.2-108) (32-42.8]
v General Blue warning >108 <32

4.3. Illustrative Example of the Proposed Graded Warning Method
4.3.1. Results Identified by Simplified Formulations

Based on the uneven settlement data of E28 and E29 of the HZMB Immersed Tunnel
during the first half of 2020, the total change in compression of the GINA gasket can be
calculated by Equation (12). The mechanical decomposition of the deformation modes of
immersed tunnel joint is presented in Figure 15.

(1) The uneven settlement of the head and tail for E28 is 6.3 mm, and the uneven settle-
ment of the head and tail for E29 is 1.2 mm. According to Equation (9), d; of the E28
and E29 elements can be calculated as 0.16 mm.

(2) The differential post-construction settlement between the tail of E28 and the head of
E29 is only 0.1 mm. According to Equation (10), d; of the E28 and E29 elements can
be calculated as 3.6 x 10~> mm, which can be ignored.

(3) At the same time, there is also a compression change d3 caused by expansion de-
formation. Based on the monitoring data, the maximum value of d3 is recorded as
4.2 mm.

(a) bending

‘6-01 E29 1—13.4

(b) shear

E29 E28

Al=d3=4.2
(c¢) expansion :

E29 E28

7

Figure 15. Mechanical decomposition of the deformation modes of immersed tunnel joint between
E28 and E29 elements.
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The summation of (d + da + d3) is assumed to be equal to the total change of the
GINA gasket d. Then, the total change of the GINA gasket d varying with time is calculated
by the monitoring data, which is shown in Figure 16.
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Figure 16. Total change of the compression of GINA gasket between E28 and E29 elements varying
with time.

As shown in Figure 16, the maximum total change of the GINA gasket between E28
and E29 elements does not exceed 10 mm, which means that the remaining compression of
the GINA gasket is greater than 130 mm. According to Table 6, the GINA gasket between
E28 and E29 elements is in a safe state, and the risk of water leakage can be assessed to be
very low. The results are also consistent with the actual situation on site.

4.3.2. Results Verified by Finite Element Analysis

To further verify whether the graded warning thresholds are reasonable, a finite
element analysis of the GINA gasket between E28 and E29 elements is conducted in this
paper. The geometry and finite element mesh of the GINA gasket are shown in Figure 17.
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Figure 17. Geometry and finite element mesh of GINA gasket.

The GINA gasket adopted in the immersed tunnel of HZMB is a rubber material
including two parts, the nose and main body, which have different hardness. The simulation
was carried out by ABAQUS, using the rubber super-elastic Mooney-Rivlin constitutive
model with a C3D8H mesh and a friction factor of 0.6 between the GINA gasket and
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the concrete part of the immersed tunnel joint. The parameters in the Mooney—Rivlin
constitutive model are shown in Table 7.

Table 7. Parameters of the GINA gasket constitutive model.

Part Hardness C1o Con
(Shore A) (MPa) (MPa)
Nose 50 0.012 0.309
Main body 65 0.7405 0.1851

The design compression of the GINA gasket is 140 mm. Based on the average water
depths of E28 and E29 and the height of the pipe section, the water pressure p;, = 0.385 MPa.
The design compression of 140 mm of GINA gasket is simulated in ABAQUS, and the results
are shown in Figure 18. The stresses (pressure) at the top and bottom of the GINA gasket
both exceed 1.5 MPa, which is much higher than the water pressure 3 x p; = 1.155 MPa.
Therefore, the waterproofing capacity of the GINA gasket fully meets the requirements
under the situation of design compression.

S, Pressure

+8.632e+00
+7.919e+00
+7.205e+00
] +6.492e+00
+5.779e+00
+5.066e+00
+4.352e+00
+3.639e+00
+2.926e+00
+2.212e+00
+1.499¢+00
+7.858e-01
+7.257e-02

Figure 18. Stresses of GINA gasket under design compression (MPa).

Previous GINA gasket waterproof tests showed that the leakage parts are in the bottom
of the main body, and the bottom pressure is also much smaller than the tip of the nose from
simulation results; thus, the analysis of the bottom pressure of the GINA gasket is more
significant in practical engineering. In this study, authors set different levels of warning
thresholds (remaining compression = 108 mm, 97.2 mm, 86.4 mm, respectively) as the
actual compression to simulate the bottom pressure distributions of the GINA gasket and
compare the ratios between the bottom pressures and the water pressure. The numerical
simulation results are shown in Figure 19.

As shown in Figure 19b—d, different characteristic values of the bottom pressure of the
GINA gasket are extracted, and the results of their ratios to the water pressure are shown
in Table 8.

From Table 8, it is concluded that the average bottom pressures of the GINA gasket
are all greater than 1.5 times the water pressure at all warning thresholds of the remaining
compression, which is consistent with the assumptions in Section 4.2. In addition, the
remaining compression of 86.4 mm is the most dangerous situation, at which the minimum
bottom pressure of the GINA gasket is 0.558 MPa, which is close to the value of water
pressure, so it is reasonable to set this value as the threshold of the red warning alert, i.e.,
there is a possibility of water infiltration if the remaining compression is less than this
value.

Through the analysis of numerical simulation results, it can be obtained that the
graded warning thresholds proposed in this study have strong feasibility in practical
engineering, and the proposed method can timely determine whether there is a risk of
water leakage to provide safe operation of immersed tunnels.
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Figure 19. Bottom pressure of GINA gasket under different remaining compressions: (a) range

of bottom pressure; (b) remaining compression = 108 mm; (c) remaining compression = 97.2 mm;

(d) remaining compression = 86.4 mm.

Table 8. Ratios of bottom pressures of GINA gasket to water pressure.

Remaining Compression (mm)

Average Bottom
Pressure/Water Pressure

Pressure/Water Pressure

Minimum Bottom
Pressure/Water Pressure

Maximum Bottom

108
97.2
86.4

2.73
2.20
1.77

3.04 2.30
2.48 1.87
1.97 1.45

5. Conclusions

This study analyzed the factors affecting the compression of the GINA gasket and
summarized the computation model for the deformation of the GINA gasket due to uneven
settlement. The calculation formulas for determining the graded warning thresholds were
given, and their feasibility was verified by a real project. The following conclusions are

drawn:

)

The waterproof performance of the GINA gasket is directly related to the hardness

of the rubber material and the cross-sectional shape. Properly increasing the rubber
hardness can significantly improve the compression stiffness of the GINA gasket. The
type of main part hole can significantly reduce the stress concentration of the top rib,
which is more effective for long-term waterproofing.
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(2) Uneven settlement is the main reason for the increase (decrease) in the compression of
the GINA gasket during operation. The bending, shear, and expansion deformation
will affect the compression of the GINA gasket. Therefore, to evaluate the water-
proof status of the immersed tunnel during operation, monitoring the settlements of
elements and the joint opening is indispensable.

(3) A material-to-mechanical analysis method is proposed to obtain the warning thresh-
olds of the GINA gasket of immersed tunnels according to the material properties and
mechanical computation model. This method is validated by the monitoring data at
the joint of E28 and E29 of the HZMB Immersed Tunnel. The results show that there
is no risk of leakage at this joint, which is consistent with the actual situation on site.
The finite element analysis verified that the graded warning thresholds are feasible
for different levels of leakage risks. Therefore, the proposed graded warning method
for the GINA gasket is proven to be applicable to practical engineering.
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Abstract: Robust learning is an important issue in Scientific Machine Learning (SciML). There are
several works in the literature addressing this topic. However, there is an increasing demand
for methods that can simultaneously consider all the different uncertainty components involved in
SciML model identification. Hence, this work proposes a comprehensive methodology for uncertainty
evaluation of the SciML that also considers several possible sources of uncertainties involved in
the identification process. The uncertainties considered in the proposed method are the absence of
a theory, causal models, sensitivity to data corruption or imperfection, and computational effort.
Therefore, it is possible to provide an overall strategy for uncertainty-aware models in the SciML field.
The methodology is validated through a case study developing a soft sensor for a polymerization
reactor. The first step is to build the nonlinear model parameter probability distribution (PDF) by
Bayesian inference. The second step is to obtain the machine learning model uncertainty by Monte
Carlo simulations. In the first step, a PDF with 30,000 samples is built. In the second step, the
uncertainty of the machine learning model is evaluated by sampling 10,000 values through Monte
Carlo simulation. The results demonstrate that the identified soft sensors are robust to uncertainties,
corroborating the consistency of the proposed approach.

Keywords: scientific machine learning; robust learning; uncertainty; Markov Chain Monte Carlo

MSC: 68T01; 68T07; 65C05; 90B30

1. Introduction

Machine learning (ML) has been widespread in several application domains. Hence,
this has given birth to a new field of study: Scientific Machine Learning (SciML). This field
is concerned with the proper application of an ML model by taking into consideration
all peculiarities of a given domain. As ML becomes more popular, several concerns have
arisen [1-5]. It is possible to find recent work in the literature concerned with develop-
ing uncertainty-aware ML models [6,7]. These works seek to provide viable methods to
evaluate the prediction uncertainty of the models. However, the literature still lacks a
methodology for evaluating all the sources of uncertainty surrounding ML model identi-
fication and prediction. Uncertainty is an important topic, as developing robust models
is essential for applying an ML in a real-case scenario. Most application domains have
associated uncertainties caused by corrupted data, measurement noise, redundancies, and
instrument uncertainties. Hariri et al. [8] discuss how uncertainty can impact big data in
terms of analysis and the dataset. They show that if the learning algorithm uses corrupted
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training data, it will likely produce inaccurate results. When these issues are not consid-
ered, the ML tools may perform poorly and become inadequate. This might create general
scepticism in the general scientific community towards ML tools. Hence, robust learning
plays an essential role in the SciML literature.

Despite its increasing interest, there are still a lack of algorithms that efficiently cope
with the epistemic and aleatory uncertainties in real case scenarios [6,9]. For instance, Gal
and Ghahramani [10] present a seminal work regarding this topic. The authors proposed
evaluating reinforcement learning models using a Bayesian approximation technique. The
referred article points toward issues that still needs to be addressed in this field. Some of
these issues are addressed in the present work.

Fully understanding the uncertainty of ML models is still a complex issue, as it means
evaluating the uncertainty of predictions. Similar approaches in different fields have been
proposed to address uncertainty analysis of model prediction [11,12]. For instance, Gneiting,
Tilmann; Balabdaoui, Fadoua; Raftery [13] propose an efficient method to calibrate the
distribution of a known random variable. This work addresses the issues related to
non-deterministic variables and their effect on model prediction. Abdar et al. [14] and
Siddique et al. [15] present comprehensive reviews of this topic and reinforce the increasing
necessity for further development. Costa et al. [16] propose a novel strategy for developing
uncertainty-aware soft sensors based on a deep learning architecture. The authors mention
the need for developing methods that simultaneously evaluate the different uncertainty
components involved in an ML model identification. Table 1 compares different methods
for evaluating uncertainty in neural networks based on the work of Abdar et al. [14].

Table 1. Comparison of methods for quantifying uncertainty.

Method Advantage Disadvantage

Handle small and large Needs multiple samplings;

datasets;
Bayesian Approaches Easy to implement; Fails to find poor
convergence;
Low training complexity; Depends on the starting point
Posterior over the weights.
Robust prediction; More resource-consuming;

Ensemble Approaches Robust uncertainty estimates; Time-consuming;

Emulating the analytic Weak performance on smaller
posterior predictive. problems.

While identifying an ML model, several perspectives must be considered. For instance,
Abdar et al. [14] proposed three primary uncertainties related to an ML application, the
absence of theory and causal models, the sensitivity to data corruption or imperfection,
and the computational effort. Levi et al. [17] proposed a simple recalibration method that
significantly improves real-world applications. However, they indicate that further work is
needed to test the method’s generalizability. Levi et al. [17] also assume that the prediction
is a known distribution. As mentioned, several methodologies in the literature address
one of these listed points. However, the literature lacks methods to address them in the
same framework. Additionally, Abdar et al. [14] present some methods for quantifying
uncertainty, i.e., bootstrapping and ensemble. On the other hand, in identifying soft sensors
for real-time applications, the computational cost associated with the calculations can make
their use infeasible.

Hence, this work proposes a comprehensive methodology for uncertainty evaluation
of an ML model for SciML. The proposed method considers the epistemic and aleatory
uncertainties related to both data used to train the models and the models themselves.
Therefore, it is possible to provide an overall strategy for uncertainty-aware models in
the SciML field. This work contributes to the robust learning literature as it allows for
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an approach that considers the several sources of uncertainty involved in SciML model
identification. The proposed methodology uses Bayesian inference to evaluate non-linear
models” uncertainty propagation for ML models through Monte Carlo methods.

The following sections of this work present the proposed methodology and a case
study with soft sensors for a polymerization reactor. Thus, Section 2 presents the method-
ology, Section 3 is the results and discussions, Section 4 presents the conclusions, and
supplementary information on the results is shown in Appendix A.

2. Methodology for Monte Carlo Uncertainty Training

This paper proposes a general methodology to build surrogate models based on
artificial intelligence (AI) with uncertainty assessment. The proposed methodology is
divided into five steps to obtain the validated machine learning models with uncertainty
assessment. Figure 1 presents the general scheme of the proposed method as follows.

/ 7 / -
) )
ot
>
Markov Chain Synthetic Data Hyperparameter Monte Carlo Uncert.a Ity
Propagation and

Monte Carlo Generation Optimization e Cross-Validation

Figure 1. General methodology scheme.

The first step is to use the Markov Chain Monte Carlo method to obtain the uncertainty
of the non-linear model parameters that represent the system. Following the methodology,
the validated model is used to generate synthetic data. These synthetic data are used to
build the neural networks in two steps. The first step is to define the type and the general
architecture of the neural network before optimising the hyperparameters. After finding
the best network architecture, the second step is to perform Monte Carlo simulation train-
ing to propagate the uncertainty from the non-linear model (i.e., synthetic data) to the Al
model. The last step of the proposed methodology is to perform validation and uncertainty
assessment of the trained model. In that step, the Al model prediction and simulation are
collated with the non-linear model and experimental data when available. Further, uncer-
tainty assessment is performed with the appropriate hypothesis in that step. The following
subsections provide specific details about each stage of the proposed methodology.

2.1. Markov Chain Monte Carlo

Phenomenological and empirical models have common parameters that interfere with
their respective output behaviour. In these models, parameter estimation is a challenge
because their choice contributes to the prediction uncertainty of the model. Consider a
non-linear dynamic model written as:

y = £(t,x,u,0), 1)

where f is the relationship function between the time ¢, states x, the input vector u, pa-
rameters 6, and the output vector y. In this scenario, if 6 = [01,0,...,0,,] is a set of np
parameters. If they have a low predictive probability, the model will not provide a good
forecast or adjustment to experimental data [18]. Thence, it is essential to know the model’s
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parameter probability density function (PDF) and, consequently, the model uncertainty to
ensure that the model and the parameters are good enough.

Several methods are available in the literature to solve the inference problem and to
estimate parameters and the associated uncertainty. Bard [19] presents several tools to
obtain the variance of models from the frequentist approach, including the Least Squares
and Maximum Likelihood methods. The main drawback of the Bard [19] methods is
the hypothesis imposed to obtain the variance of the parameters, including Gaussian
distribution. However, the Bayesian approach estimates the joint probability distribution
using all available information about the system without assumptions about the target
distribution [20].

The Bayesian approach to inference allows obtaining the posterior PDF of any set
of parameters (gy(77 | D, I)) using as information the inferred data (D) and any previous
information about the system (I). Therefore, using the Bayes Theorem, it is possible to
write the following relationship between the earlier variables [20]:

go(n | D,I) < L(y | D)ge(n | I), )

where 7 represents sampled values of 6, L is the likelihood function, and gg(7 | I) is the
prior distribution of 0 that is a new observation of 8. Equation (2) allows updating the
actual knowledge of the system represented by the posterior gg(17 | D, I).

The likelihood L(# | D) is defined by Migon et al. [18] as a function that associates the
value of the probability gg(#7 | I) with each # value. By defining the estimation process as a
least square problem, the objective is to minimize a loss function that can be represented by
a weighted least square estimator (WLSE). Thus, the likelihood function can be defined as:

1 n exp m T -1 exp m
L(’7|D)°<—§i;(% —y) @7y —u), 3)
where (y;"" — y!") is the residual between the experimental data (y;" ") and that obtained

with the prediction model (y"). Further, the use of the WLSE estimator implies the use
of the variance of the residual between the y**F and y™ for the ny outputs of the system,
represented in Equation (3) as ® = diag[®1, Dy, .. ., chy]_

The posterior PDF of each 6; parameter of the vector 6, gg(7 | D, I) is obtained from
the marginal posterior density function g (61,65, ...,6sp) and is defined by Gamerman and
Lopes [20] as:

g0 | D, 1) o< [[(L(y| D)ga)(r | 1t @

Chapter 5 by Gamerman and Lopes [20] presents several methods for solving the
inference problem of Equation (4). The Markov Chain Monte Carlo methods have some
interesting features among the numerical integration methods. Among these characteristics
is convergence, because when chains are adequately constructed, after a sufficiently high
number of iterations, the chains converge to an equilibrium distribution. Thus, Figure 2
shows a schematic diagram of the solution to the inference problem using the MCMC
method. The general idea is that the MCMC uses existing information, such as experimental
data and a likelihood function, to provide a mathematical model and the associated PDF of
the estimated parameters.

On the other hand, this paper proposes using the DRAM (Delayed Rejection Adaptive
Metropolis) MCMC algorithm Haario et al. [21] presented to solve the inference problem.
The DRAM algorithm combines the Adaptive Metropolis, which provides global adapta-
tion, and the Delayed Rejection, which offers local adaptation. Further, the main idea of the
DRAM algorithm is to collect information during the chain run and tune the target PDF by
using the learned information.
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Figure 2. MCMC method.

2.2. Synthetic Data Generation

In building Al models, data quality is crucial to obtain great adjusted models. This
paper proposes a methodology to build AI models using synthetic data from a non-linear
model. Further, the methodology is based on the uncertainty propagation law established
in BIPM et al. [22], Bipm et al. [23], BIPM et al. [24]. In this sense, the quantity and quality
of data used in training must be adequate, which means the inputs must be uncorrelated
and the amount of data needs to be enough to provide information to the training process.
Then, Sections 3.1 and 3.4.2 present results that illustrate this issue by providing numerical
information regarding the adequate amount of data and distribution and input features. It
is important to highlight that the inadequate use of data can lead to underestimation of
uncertainty. Such a situation can undermine the uncertainty assessment.

This paper proposes to build a training database by drawing a sample of the param-
eters of PDF and propagating it to the outputs of the non-linear model. In this way, the
data used for training the models need to be representative of the operating conditions of
the system and characterize the uncertainties of the non-linear model. Figure 3 presents a
generic Monte Carlo Method (MCM) simulation scheme for synthetic data generation. The
scheme in Figure 3 is inspired by the algorithm for implementing the Monte Carlo Method
presented in Supplements 1 and 2 and to the “Guide to the expression of uncertainty in
measurement” [22,24].

The first step of the algorithm is to determine the number m of trials to be performed.
In general, the MCM produces better responses with a greater number of shots, and the
recommendation is to use a value m = 10° [18]. However, smaller values can be used when
evaluating complex models requiring high computational costs for numerical solutions.
This reduction in the number of tests may not allow the correct characterization of the PDF
of the output values and may produce less reliable results [22].
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Figure 3. Monte Carlo simulation method for data generation.

After defining the number of tests to be performed, a matrix ® containing m vectors
of PDF samples of gy(17 | D, I) is built:

91,1 e gl,np

0= )

Om1 - Oy

Thus, m distinct sets of model parameters are obtained such that it is possible to write

y1,..m = £(t,f,u,0), (6)

in this way, it is possible to integrate the model so that the m dynamic responses are
obtained for the output variables y.

As it is a dynamic model, it is necessary to obtain representative data from the entire
operating region. An independent Pseudo-Random Binary Sequence (PRBS) signal for each
of the inputs is generated through a Latin Hypercube Sampler (LHS). The PRBS signals are
then combined with the non-linear mathematical model of the system. A dynamic response
is received for each parameter combination obtained from the PDF of the parameters.
Additionally, the system’s dynamic response is represented by a set of curves obtained
from this MC simulation. In this scenario of propagation of uncertainties by MCM in
dynamical systems, the true value must be calculated for each sampling instant in which
the equations are solved. In this way, it is considered that for each sampling instant, a PDF
sample is obtained for each system output response y(t).

From Figure 3, it is also possible to observe that the data generated through the MC
simulation will be divided into three sets: training, testing, and validation. This division
follows the common literature guidelines for training Al models [25]. The first two sets are
used during supervised training of the models, since the algorithms need two data sets for
training and validation. The third set, the test dataset, is used for final cross-validation as
these data are “unknown” to the Al model. Thus, the ability to predict and extrapolate to
new data is evaluated. Additionally, dividing the data into three sets must consider that
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the training process has consistent information. In this sense, sets are typically divided
into: Train—70%, Validate—15%, and Test—15%.

2.3. Data Curation

A database to train a dynamic data-driven model should be systematically organized to
represent the system dynamics. Hence, the identified model can approximate the observed
dynamic phenomena. There are several ways to manage a data set to incorporate the
system’s time dependence. The most common is non-linear autoregressive with exogenous
inputs (NARX) predictors. The general NARX structure is composed of a prediction of the
actual output as:

Y = f(Xk (k1) X(k—2) 7+ -+ Xk—n) Y (k-1)r Y (k—2)r - - Y(k—p), V) T € ?)

where x(;_1), X(x_2), .-, X(x_n) is the input delay, and y 1), Yk —2), - - - Y(x—p) are the p of
past values for the output and input, respectively. The noise, €, is additive: for the NARX,
the error information is assumed to be filtered through the system’s dynamic. In its turn,
7 is a parameter that represents the model parameters” uncertainty. As observed from
Equation (7), the NARX predictor has two hyperparameters: n and p. These parameters
should be defined correctly to improve the dynamic representativeness of the data. For
this purpose, He and Asada [26] proposed the Lipschitz coefficient analysis. A Lipschitz
coefficient is then calculated for each pair of measurements. For further information about
the Lipschitz coefficient calculations, see He and Asada [26].

2.4. Building the Al Model

Figure 4 shows a methodology step responsible for finding the hyperparameters of the
network. That step defines the appropriate architecture and network format that one wants
to get before starting the training. The type of network is the first aspect to be evaluated
when building an Al model. In this way, expert knowledge must be considered to define
whether a network is to be used, e.g., recurrent, convolutional, or dense. Choosing the
network format depends on the characteristic of the system being modelled and the main
application of the model.

Validation

dataset Hyperspace

parameters

Hyperband
tuner

Vv —_—
N —
v —_
V —
Best
hyperparameters

Figure 4. Optimization procedure to find the hyperparameters of the neural network.
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Once the general format of the type of network is defined, the next step is to define its
architecture. There are some powerful algorithms available in the literature for this means.
The optimal number of layers determines the architecture of a neural network, the number
of neurons per layer, and activation functions, among other parameters [27]. Determining
these parameters is one source of uncertainty during the modelling process that needs to
be considered.

2.5. Monte Carlo Training

The fourth step of the methodology proposed in this work is the uncertainty training
of networks through Monte Carlo simulations. The stages of generating data, obtaining the
architecture of the neural network, and the hyperparameters provide the necessary infor-
mation for the uncertainty training of the networks. In this way, it is sought to characterize
the prediction region of the identified non-linear system, obtained in Section 2.1, through a
set of networks capable of representing each of the probable outputs of the model.

Figure 5 presents a simplified schematic diagram of this step in the methodology.
It is possible to observe that the MC training stage boils down to massive training on
top of the generated data. The result is a set of equally probable trained Al models that
comprehensively account for the uncertainty sources.

Validation
dataset

——

Best

Figure 5. Monte Carlo training method.

This training step follows the concepts of Monte Carlo simulations. It is the step that
has the most significant computational effort. The simulation is built to train an Al model
with pre-defined optimal architecture for each element in the training, validation, and test
datasets. In addition to the computational effort required to perform this step, the volume
of data generated is also significant. However, the amount of data generated has a less
relevant impact.

On the other hand, nowadays, SciML model training has become increasingly effi-
cient. The literature has presented algorithms that extract maximum performance from the
available hardware. Additionally, manufacturers have built hardware with specific charac-
teristics for application training and execution of artificial intelligence. In this scenario, the
available technology makes it feasible to run a Monte Carlo simulation for training neural
networks. The proposed method obtains the network uncertainty by a set of identically
retrained networks. Therefore, the predicted most likely value is obtained through the
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expectation of all networks set at each instant. Then, the Monte Carlo training step allows
for obtaining the necessary network parameters to perform the prediction.

2.6. Propagation and Cross-Validation

The methodology proposed in this article includes a supplementary validation stage
of the built Al model. In this step, the data used for cross-validation are labelled “Test
data” in Figure 3 (Note that the set called “validation” is used during training). In a
complementary way, validation in the context of dynamic models with uncertainty needs
to be evaluated to compare the coverage regions. In this context, a model is considered
validated when the coverage of regions of models is overlapping, implying that the values
are statistically equal.

The main issue involved is the method used to assess the uncertainty of the model.
For both the non-linear phenomenological model and the Al model, this article proposes to
use the Monte Carlo method. Thus, the uncertainty of the evaluated model can be obtained
assuming the same hypotheses proposed by Haario et al. [21,28]; that is: the variance is
approximated by an inverse Gamma distribution. Then:

Vy| ~T7'(x,a,pB) (8)

where the distribution is supported in x > 0 and represented by I'"!, and the « and
parameters are the shape and scale of the distribution, respectively.
In turn, to obtain the parameters « and 8, Gelman et al. [29] suggest using:

Nrior ’ Naa ‘
a(j) = p (]);‘ dat (])’ )

2
Nprior(j) : VO2 + SSE(j)/

Bl) = (10)
where j = 1,2,...,ny is the number of outputs of the model. On the other hand, VZ is the
variance of the prior, and SSE(j) is the sum of the squared errors between the prediction
and the experimental data.

Using the hypothesis of a non-informative prior, the variance of the prior and the
number of points are unknown. In this way, the previous equations can be approximated
by:

o~ Nagtalj
DC(]) _ dllta(]) (11)

(12)

The methodology of this article implies obtaining two sets of model parameters that
each have their associated uncertainty. Thus, the proposal is that the variance calculation
is performed using the SSE obtained through the estimation data when the MCMC is
performed. The SSE is obtained with the training data for the training of networks. Then,
the uncertainty of a prediction will be based on the variance of the model that will follow
the inverse gamma distribution. This methodology allows for characterizing the epistemic
uncertainty of the model.

3. Results and Discussion

This section presents the results of applying the proposed methodology in a case
study. A polymerization reactor with synthetic data is used as a case study. The detailed
polymerization model is presented in Section 3.1. Following the proposed methodology,
Section 3.2 explains network construction using the Monte Carlo method, uncertainty
propagation, and final cross-validation.
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3.1. Case Study: Polymerization Reactor

The reactor model is presented in detail by Hidalgo and Brosilow [30], Alvarez and
Odloak [31]. It is composed of a system of algebraic differential equations (DAE) with
thirteen equations as follows:

dll]  Qilif] — QulI]

== ki, (13)
dg\t/ﬂ _ Qm[Mf]V— QiM] K, [M][P), (14)
% _ QC(TCXJ;C_ ) piV(T -~ (16)
% — 0.5k[P]? — Qfo, (17)
o~ Mkylmp) - 21, 1)
D2 5Myky [M][P] + 1\4,111;5’[M]2 -2 19)
Pl = {Zﬂg[ﬂ " (20)
Qr = Qi+ Qs+ Qm, @
My = Mmg—j, @2)
PD = MmeD?O, @3)
7 = 0.0012(My)*7" (24)

In the above DAE system, Equations (13)—(16) represent the mass and energy balance
of the monomer and the initiator. Equations (17)—(19) are the moment equations of the
dead polymer, in which Dy, D, and D, represent the moments of the dead polymer.
Algebraic equations are used to describe the relationship between supplementary variables.
Equation (22) represents the weight-average molecular weight, and Equation (24) represents
the viscosity. Tables 2-4 show the model parameters general definitions, the initial condition
values of inputs, and the steady-state output system variables.

Alvarez and Odloak [31] developed this model based on seven hypotheses: the lifetime
of the radical polymer is shorter than that of other species; Long Chain Assumption (LCA)
is related to monomer consumption; the chain transfer reaction to monomer and solvent can
be neglected; operation below 373 K because greater temperatures cause monomer thermal
initiation; termination by disproportionation is not considered; the rate of termination is
dominant; and only the heat of polymerization is considered.

Alvarez and Odloak [31] discuss the polymerization reactor from the control and
optimization point of view. However, other relevant aspects are pointed out. One of these,
Alvarez and Odloak [31], uses Equation (23) as a virtual analyser for the viscosity because
this is a difficult variable to measure in the studied reactor. The authors use the temperature
and the viscosity as controlled variables, manipulating the initiator flow rate and the rate of
the cooling jacket. Therefore, this case study is used to validate the proposed methodology
for the uncertainty assessment of neural networks. Further, using an Al model reduces the
computational efforts of the control and optimization loops.
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Table 2. Parameters and initial conditions.

Nominal Process Parameters Value
Frequency factor for initiator decomposition, Az (h™1) 2.142 x 10Y
Activation energy for initiator decomposition, E; (K) 14,897
Frequency factor for propagation reaction, Ay (L - mol ! -h71) 3.81 x 1010
Activation temperature for propagation reaction, E, (K) 3557
Frequency factor for termination reaction, A; (Lmol *h™!) 4.50 x 1012
Activation temperature for termination reaction, E (K) 843
Initiator efficiency, f; 0.6
Heat of polymerization, —AH, (J - mol ™) 6.99 x 10%
Overall heat transfer coefficient, hA (J- K1 -L™1) 1.05 x 10°
Mean heat capacity of reactor fluid, pC, (JK 'L™1) 1506
Heat capacity of cooling jacket fluid, p.Cpc (JK'L™1) 4043
Molecular weight of the monomer, M, (g - mol™}) 104.14
Initial conditions Value
Reactor volume, V (L) 3000
Volume of cooling jacket fluid, V¢ (L) 3312.4
Concentration of initiator in feed, Iy (mol - L") 0.5888
Concentration of monomer in feed, My (mol - L_l) 8.6981
Temperature of reactor feed, Tr (K) 330
Inlet temperature of cooling jacket fluid, Tcf (K) 295

As no experimental data are available regarding this system, this paper proposes using
random white noise to simulate the interferences that usually occur in an experimental
setup. The system is simulated with the initial and steady-state conditions in Tables 2 and 3,
respectively.

Table 3. Steady-state input conditions and LHS region.

Variable Steady-State Minimum Maximum
Flow rate of initiator, Q; (L -h™ 1) 108 91.8 124.2
Flow rate of solvent, Qs (L-h™1) 33124 2815.5 3809.26
Flow rate of monomer, Q, (L - hfl) 0.5888 0.5005 0.6771
Flow rate of cooling jacket fluid, Q. (L-h™1) 8.6981 7.3934 10.0028
Table 4. Output variables at steady-state.
Variable Value
Concentration of initiator in the reactor, I (mol - L™1) 330
Concentration of monomer in the reactor, I (mol - L 1) 295
Temperature of the reactor, T (K) 323.56
Temperature of cooling jacket fluid, T (K) 305.17
Molar concentration of dead polymer chains, Dy (mol - L™1) 2.7547 x 1074
Mass concentration of dead polymer chains, Dy (g-L™1) 16.110

Figure 6 shows the LHS generated with £15% of the steady-state input value and
used as input in the simulation. A total of 30 steps, with 150 h of simulation each, were
developed to compose the synthetic data.
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Figure 6. LHS inputs.

Figure 7 presents the correlation heat map for the variables set by the LHS. The main
diagonal presents high correlations as it pairs the variables with themselves. In contrast, the
pairing between the other entries produces a value that allows verifying if the generated
values are uncorrelated. The lower these values, the less correlated they are. As shown

in Figure 7, the correlations are close to null, demonstrating that the LHS can efficiently
generate uncorrelated samples.
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Figure 7. Input correlation map.

The synthetic output dataset is shown in Figure 8. As mentioned, random noise with
—20 dB and 10% of the output range is included in the signal to emulate the field conditions.
All these variables are used in the likelihood function presented in Equation (3). A total of
70% of these data are used for the SciML model identification, and the rest are used for the
methodology cross-validation step, as discussed in the subsequent sections.
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Figure 8. Synthetic output data with white noise.

3.2. MCMC

The generated synthetic data allows the uncertainty assessment of the Alvarez and
Odloak [31] model, done through the MCMC methodology. Therefore, 12 model parameters
and 6 initial conditions were used as decision variables for the MCMC algorithm. The
DRAM algorithm proposed by Haario et al. [21] allows limiting the parameter search
region. Therefore, in this paper, the search region was limited to £5% of the nominal value
of the parameter. Further, all parameters were normalized to the nominal value to facilitate
the algorithm’s convergence.

Other algorithm aspects must be set. The first is the number of samples sorted to build
the joint PDE. At this point, the algorithm was configured to build a set with 30,000 samples
of the targeted joint PDF. The algorithm was also configured to use a non-informative prior.
Therefore, to estimate the variance of the parameter, the algorithm chooses 5000 samples to
update the prior and discards the chain. After the burn step, the MCMC algorithm restarts
building the chains and evaluates the parameters in the search region.

Table 5 shows the resulting normalized parameters obtained from the Markov Chains.
The MCMC algorithm does not make any assumptions about the target distribution. The
mean and median in normal distributions converge to the same number. However, it is
more conservative to assume that the distribution is not Gaussian and to use the median as
a value for the most probable value. In Table 5, it is possible to see the difference between
the parameter’s mean and median. Table 5 also shows the standard deviation (std) and the
Geweke diagnostic parameter [32]. For some parameters, the std value is relatively high.
However, the Geweke parameter indicates that the chain converges [32]. Figures A1-A11 in
the Supplementary Material (Appendix A) show the confidence region and the full Markov
Chain. Those figures compare Gaussian and unshaped regions proposed by Possolo [33].

The MCMC algorithm has the particularity of being unable to be parallelised. This
comes from the need to carry out the random walk sequentially. In this way, this pro-
cedure implies the use of few computational resources but for a long time. Then, the
algorithm sampled 72,672 sets to obtain the 30,000 samples for the posterior PDEF. It used a
computational time of about 76.10 h of processing on a computer with two AMD EPYC
7252 processors and 32 Gb of memory.
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Table 5. Normalized parameters obtained by DRAM algorithm.

Parameter Mean Median STD Geweke
Ay 1.00 x 10° 1.01 x 10° 1.96 x 1072 9.95 x 107!
E4 1.00 x 10° 1.00 x 10° 6.97 x 1074 9.99 x 107!
Ap 9.99 x 10~ 9.98 x 10~ 1.99 x 1072 9.96 x 10~
E, 9.98 x 10~ 9.98 x 107! 3.17 x 1073 9.99 x 107!
Ay 1.00 x 10° 1.00 x 10° 2.06 x 1072 9.83 x 107!
E; 991 x 107! 9.88 x 107! 242 x 1072 991 x 10!
fi 1.00 x 109 1.01 x 10° 2.33 x 1072 9.94 x 101

—AH, 9.99 x 107! 1.00 x 10° 7.93 x 1073 9.96 x 107!
hA 1.00 x 10° 1.00 x 100 8.11 x 1073 9.96 x 107!
pCyp 9.97 x 107! 9.98 x 107! 9.80 x 1073 9.96 x 107!

0cCpe 1.01 x 10° 1.01 x 10° 9.63 x 1073 9.97 x 107!
My, 9.99 x 10! 9.99 x 107! 6.41 x 107* 9.99 x 107!

1% 9.98 x 10~ ! 9.99 x 107! 3.71 x 1073 9.99 x 107!
Ve 1.00 x 10° 1.00 x 10° 1.34 x 1072 9.99 x 107!
If 1.00 x 10° 1.00 x 10° 315 x 1074 9.99 x 1071
Mf 9.99 x 10! 9.99 x 107! 2.79 x 1074 9.99 x 1071
Tf 9.99 x 101 9.99 x 107! 1.83 x 104 9.99 x 1071
Tcf 1.00 x 10° 1.00 x 10° 432 x 1074 9.99 x 1071

3.3. Synthetic Data Generation for Training

The results of the MCMC allow the construction of the parameter PDF of the phe-
nomenological model capable of representing the uncertainty of the non-linear system.
Thus, it is possible to build a set of non-linear responses by randomly selecting a set of
parameters. This work randomly selected a sample of 10,000 distinct non-linear parameters.
Subsequently, all resulting models were excited with the same LHS signal as in Figure 6,
and the result was 10,000 different dynamic responses.

With these dynamic trajectories, it was possible to establish the number of embedded
dimensions of the NARX model. The Lipschitz method is presented in Section 2.3 and was
used to define the NARX parameters. Figure 9a,b show these results. In Figure 9a,b, the
decisive factor is the slope of the surface, because when there is high variation between
two delays, the increase is considered important. However, if the slope variation is low, it
can be considered that this inclusion is not necessary. Then, it is possible to observe that a
delay of four sampling instants for the inputs and one for the variables is reasonable for
good representation, as after these values, the slope starts to be constant.

N

Order index
Order index
-—

-

15 15
34 34
56 56
7 7

Number of past inputs Number of past inputs

Number of past outputs

(a) (b)

Figure 9. (a) Lipschitz surface for reactor temperature; (b) Lipschitz surface for polymer viscosity.

Number of past outputs

3.4. Monte Carlo Training

The proposed methodology includes a step called "Monte Carlo training’, which is
composed of smaller steps. It starts with the identification of the hyperparameters. It is
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followed by defining the data needed for training. Then, finally, the final Monte Carlo
training is done.

3.4.1. Monte Carlo Training

The network’s optimal structure is found by a search in a hyperspace formed by the
structural parameters that constitute the networks. Table 6 shows the initial configuration
included in the hyperband algorithm [27].

Table 6. Hyperband hyperspace search.

Parameter Search Space

Type of layer Dense

Number of layers 2-6
Output layer 1

Activation function Relu or Tanh

Number of neurons per layer [30, 50, 70, 90, 100, 120, 130, 160]
Learning rate 0.0001, 0.001, and 0.1
Metrics MAE—Mean Absolute Error
Loss MSE—Mean Square Error

The results obtained from the hyperparameter search are presented in Table 7. It
is possible to observe that a relatively simpler network was necessary to represent the
temperature than the viscosity. This simpler architecture implies a big difference in the
computational cost. The viscosity network required 6.4 times longer to be trained than the
network for the temperature. On the other hand, the networks have the same activation
functions in the layers and the same learning rate. Table 7 also shows the MAE and MSE
values resulting from the hyperband search. The hyperband algorithm uses the training
and validation datasets during training. Then, the test dataset is used after the training to
test the final model parameters. It is noteworthy, however, that this methodology assumes
that the network’s architecture does not change to a variable. In this way, it is considered
that it is only necessary to execute the hyperparameter search process once. With the
network structure identified, it is trained for all trajectories obtained from each non-linear
model. Hence, a set of networks is identified, as described in Section 2.5.

Table 7. Resulting network hyperparameters.

Hyperparameters T 7
Number of layers 3 7
Number of neurons in the dense layers ~ [100, 90, 1] [150,90, 150,90, 150, 90, 1]
Activation function [tanh, tanh]  [tanh,tanh, tanh, tanh, tanh, tanh)
Initial learning rate 1x 1073 1x 1073
Total number of trainable parameters 11,081 71,011
MSE Test 237 x 1075 5.84 x 1074
MAE Test 430 x 1073 2.03 x 1072

3.4.2. Data Size

An important aspect to be analysed in neural network training is the guarantee of
adequate training. In this sense, assessing whether the amount of information added in
training the model is sufficient for the training algorithm to obtain a suitable model is
necessary. Figure 10 shows this analysis for the polymer viscosity and reactor temperature.
This evaluation was based on a set of independent training sets in which each one was
repeated 25 times. The first 25 training sets were carried out with 100 experiments. The
average values for MAE and the final MSE were calculated. For the next 25, 100 experiments
were added, and so on. In Figure 10, it is possible to observe that for viscosity, after about
1750 experiments, there is no significant change in the MSE; however, for MAE, this value
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is about 1500. On the other hand, when the reactor temperature is evaluated, this value
is higher, and more than 2500 experiments were needed for convergence. Thus, to ensure

convergence, 3100 were used for both networks.
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Figure 10. Training performance as a function of experiments.

3.4.3. Training

The adaptive moment estimation algorithm (ADAM) proposed by [34] was used to
train the chosen structure. ADAM is an optimization method based on the descending
gradient technique, making the ADAM algorithm efficient for problems involving extensive
data and parameters. It also requires less memory than other training algorithms because
the data are sliced into several packages and treated.

Building the networks involves an exhaustive training process called "Monte Carlo
training’”. The proposed methodology is based on the Monte Carlo method for PDF
propagation. Thus, the assumed hypothesis is that the different trajectories generated
through the non-linear model can represent the model’s uncertainty. Therefore, training
networks capable of representing these distinct trajectories imply obtaining a PDF of trained
parameters of an Al model that also represents the uncertainty of the model.

Convergence analysis of training networks via MC training can be performed by
analysing MAE and MSE values similar to conventional training. However, given the
number of trained networks, it is more convenient to evaluate in histogram format, as
in Figure 11. In the first analysis, Figure 11 shows the histograms of the MAE and MSE
indicators, both for the test and validation data. It is possible to observe that the histograms
do not follow a Gaussian distribution. Thus, the mean may not be a good reference in
statistical terms. Thus, Table 8 shows the minimum, maximum, median, and standard
deviation of the MAE and MSE. Generally, it is possible to affirm that the networks con-
verged sufficiently.
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Figure 11. Monte Carlo Training convergence evaluation.

Table 8. Training network performance.

MAE Test MAE Valid MSE Test MSE Valid
T
Min 1.49 x 1073 791 x 104 5.64 x 10~ 2.73 x 107°
Max 226 x 1073 6.30 x 1072 1.05 x 1073 482 x 1073
Median 357 x 1073 577 x 1073 2.37 x 1072 498 x 1075
STD 1.82 x 1073 372 x 1073 437 x107° 1.24 x 10~*
1
Min 2.35x%x 1073 2.06 x 1073 1.20 x 107> 1.06 x 107>
Max 7.35 x 1072 2.01 x 1071 1.82 x 102 527 x 1072
Median 555 x 103 6.79 x 1073 5.87 x 1072 7.22 x 1070
STD 338 x 1073 6.23 x 1073 455 x 1074 9.25 x 1074

In the Monte Carlo Training process, an early stopping option in MC training was
used to reduce the computational cost. Thus, training was aborted if there ewas no
decrease in the LOSS value for 100 epochs. Figure 12 shows the histograms of the number
of epochs trained during MC training for the two modelled variables. In the graph of
Figure 12, the minimum number of epochs was 50, and the maximum number was 300.
Lognormal distributions with lower or upper bounds should be the best representation
for this data type. Figure 12 also shows that the data do not fit a lognormal distribution.
Hence, no assumptions were made about the type of distribution of variables. Additionally,
Figure 12 shows the distribution of each network’s time consumption during the Monte
Carlo training process. With the early stopping option, the number of epochs trained is
variable, and the time consumption during the training differs for each Monte Carlo trail.
The training calculation through CM was performed using a computer with a dedicated
Tesla T4 16 Gb GPU, two AMD EPYC 7252 processors, and 32 Gb of memory. The MC
method can be parallelised when GPU processing is not used. Then, the training was
carried out sequentially and totalled 155 h of training, which is the sum of all values
presented in Figure 12.
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Figure 12. Trained epochs and training time of Monte Carlo training.

3.5. Uncertainty Propagation and Validation

The last step of the proposed methodology is the propagation of uncertainty and
methodology cross-validation. The proposal is based on constructing the uncertainty
regions of the neural network’s prediction and comparison with the uncertainty regions
of the non-linear phenomenological model. With the prediction values, it is possible to
calculate the variance of the networks using the same assumptions used to calculate the
uncertainty of the phenomenological model Equations (13)-(24). Figures 13 and 14 show
the comparisons between the predictions for the two modelled variables: T and 7.

Figures 13 and 14 present the entire output dataset used for training, testing, and
validation. A zoom is given to verify the variables” behaviour in each region. It is pointed
out, however, that the training and validation data sets are used during the training of the
networks. In this way, the networks” only unknown is the test data set, which is used to
certify their performance.
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Figure 13. Training and validation data of T.
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Figure 14. Training and validation data of 7.

From a statistical point of view, when two measurements have overlapping coverage
regions, they are impossible to differentiate, and they are considered equal. Therefore, vali-
dation of the Al model against the non-linear phenomenological model is achieved when
the dynamic range regions are superimposed. In this sense, the graphs of Figures 13 and 14
allow us to conclude that both models statistically produce the same dynamic response.

4. Conclusions

This work presented a novel methodology for evaluating the uncertainty of Scientific
Machine Learning Models. A comprehensive approach was proposed that considered
several uncertainties associated with the SciML model structure, the data used, and the
original data source. The proposed strategy was composed of five steps: Markov Chain
Monte Carlo method to obtain the uncertainty of the non-linear model parameters; gener-
ation of synthetic data; neural network structure identification; Monte Carlo simulation
training; and methodology validation and uncertainty assessment of the trained mode.

The proposed method considers epistemic and aleatory uncertainties. These uncer-
tainties are considered in the context of the data used to train the models and the model
itself. Therefore, it is possible to provide an overall strategy for the uncertainty-aware
models in the SciML field. The proposed approach can be applied to different ML models
for numerical data prediction. On the other hand, it is not applied to categorical or image
classification ML. This limitation exists, as it requires methods that allow quantifying the
uncertainty of categorical variables and classification. Another limitation of this method is
the computing effort required by it. This issue limits its application in online learning, as
the computational effort can make the application unfeasible. This last limitation should be
a topic of further development of the proposed methodology.

A case study demonstrated the method’s consistency. Hence, two soft sensors were
identified to provide information about the temperature and viscosity of a polymerization
reactor. The results indicated that the soft sensor predictions are statistically equal to the
validation data in both dynamic and stationary regimes. Therefore, a practical implication
of the proposed method is that, for the prediction and evaluation of uncertainty in real-
time applications, the computational cost is not high since the process of prediction and
evaluation of uncertainty is performed only by consulting and calculating the most probable
value of the prediction. This allows the use of soft sensors in real-time predictions with
uncertainty evaluation.

The proposed methodology was validated using a publicly available data set: the poly-
merization process dataset. The proposed methodology can be experimentally validated as
long as experimental data and their associated uncertainties exist. However, identifying
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the experimental uncertainties needs to be carried out in detail, which is out of the scope of
the present work. As the results of this work demonstrate the efficiency of the proposed
approach, a further natural development of this work is the application of the proposed
methodology in an experimental case.
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Abstract: The development of surrogate models based on limited data is crucial in en-
hancing the speed of structural analysis and design optimization. Surrogate models are
highly effective in alleviating the challenges between design variables and performance
evaluation. Bidirectional Long Short-Term Memory (BiLSTM) is an advanced recurrent
neural network that exhibits significant advantages in processing sequential data. However,
the training of BILSTM involves the adjustment of multiple hyperparameters (such as the
number of layers, the number of hidden units, and the learning rate), which complicates
the training process of the model. To enhance the efficiency and accuracy of neural network
model development, this study proposes an Improved Whale Optimization Algorithm-
assisted BiLSTM establishment strategy (IWOA-BiLSTM). The new algorithm enhances
the initial population design and population position update process of the original Whale
Optimization Algorithm (WOA), thereby improving both the global search capability and
local exploitation ability of the algorithm. The INOA is employed during the training
process of BILSTM to search for optimal hyperparameters, which reduces model training
time and enhances the robustness and accuracy of the model. Finally, the effectiveness
of the model is tested through a parameter optimization problem of a specific analog
circuit. Experimental results indicate that, compared to traditional neural network models,
IWOA-BiLSTM demonstrates higher accuracy and effectiveness in the optimal parameter
design of analog circuit engineering problems.

Keywords: analog circuit parameters; whale optimization algorithm; long short-term
memory neural networks

MSC: 65K10; 68T07; 90C23

1. Introduction

With the rapid development of the electronics industry, the integration level of chips
has been increasing. This has led to a rapid growth in the complexity of chips, making the
design of integrated circuits increasingly reliant on efficient optimization design methods
and design tools [1]. Therefore, the development of superior tools to assist in the design of
complex engineering structures has become increasingly important.
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With the continuous development of computer simulation technology, its powerful
computational derivation capabilities, reliability, and accuracy have gradually gained fa-
vor among scholars and engineers. However, to ensure the accuracy and reliability of
engineering optimization design and analysis results, increasingly higher precision require-
ments are being placed on simulation models [2-5]. This has led to a growing demand for
computational resources and time in engineering design and analysis based on computer
simulation technology [6]. Consequently, to reduce the high computational costs associated
with high-fidelity simulation models, surrogate model techniques based on limited data
have been widely developed and applied. In the field of optimization design for analog
circuits, commonly used surrogate model techniques include Gaussian Processes [7,8],
Artificial Neural Networks (ANN) [9-12], Support Vector Machines [13,14], and Response
Surface Methodology [15]. Sanabria-Borbon et al. [16] proposed a low-cost multi-objective
surrogate model for the automatic design of analog integrated circuits: the Gaussian
Process Regression model. Zhang et al. [17] proposed a neural network-based Bayesian
optimization method for the synthesis of analog circuits. Budak et al. [18] introduced
a novel construction method for artificial neural network models to assist in the sizing
of high-performance analog components. Wang et al. [19] proposed a semi-supervised
support vector machine to aid in feature extraction and dimensionality reduction of fre-
quency domain response data in the event of soft faults in analog circuits. Binu et al. [20]
developed a Long Short-Term Memory (LSTM)-based fault prediction model for analog
circuits, effectively addressing the challenge of tracking faults before they occur. A review
of numerous previous studies indicates that surrogate model techniques play a significant
role and hold considerable potential in the analysis and optimization design of analog
circuits [21-24]. Among these, the performance of ANN is often more competitive under
limited data conditions [25]. However, ANN models can face challenges during their
establishment, such as an excessive number of parameters that need to be adjusted, a
heavy reliance on the quality of training data, and the risk of overfitting when fitting small
datasets. Therefore, the development of new neural network surrogate models remains
highly relevant in the field of engineering applications.

Enhancing the efficiency and accuracy of surrogate model construction through the as-
sistance of optimization algorithms is an effective strategy [26-29]. Numerous optimization
algorithms have been developed in previous research, including Bayesian optimization,
genetic algorithms, simulated annealing, and other heuristic algorithms [30-34]. Among
these, many high-performing optimization algorithms have been applied in the analy-
sis and optimization of analog circuits [35-38]. However, the challenge of balancing the
global exploration capability and local exploitation ability of these algorithms persists.
He et al. [39] proposed a Bayesian optimization based on the Gaussian process model to
optimize expensive black-box functions. The experimental results show that the Bayesian
optimization based on the Gaussian process can reduce the computational cost without
sacrificing the modeling ability of the surrogate model. Liu et al. [40] applied a differen-
tial optimization algorithm to an antenna optimization algorithm based on an adaptive
Bayesian neural network model. The results show that the optimization method proposed
in this study has higher progress in convergence speed and computational cost saving. Li
etal. [41] proposed an analog circuit optimization system based on a genetic algorithm. The
study reduces the number of simulation calls through the ANN model, and the results show
that the proposed global optimization algorithm has very high computational efficiency.
Majeed et al. [42] proposed an optimization design of a Complementary Metal-Oxide-
Semiconductor (CMOS) differential amplifier circuit and a two-stage CMOS operational
amplifier circuit based on a Whale Optimization Algorithm (WOA). The research results
reflect the effect of the WOA algorithm on improving the efficiency and accuracy of opti-
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mization design. The above research reflects the important role of excellent optimization
algorithms in the parameter optimization of analog circuits. However, these optimization
algorithms still face challenges when dealing with complex engineering problems. As the
dimensionality of the problem increases, the volume of the search space grows exponen-
tially. This results in the population of the optimization algorithm becoming sparse in space,
hindering effective exploration. Second, when confronted with highly complex optimiza-
tion objectives, traditional optimization algorithms are prone to premature convergence
to local optima. Third, traditional algorithms are sensitive to parameter settings. In the
context of high-dimensional problems, multiple trials and adjustments may be necessary
to find suitable parameter combinations. Therefore, the development of more advanced
optimization methods remains a significant challenge.

To this end, this study proposes a reliable method for constructing surrogate models.
Considering that the establishment of a neural network model is prone to over-fitting or
under-fitting and lack of memory ability, a new Bidirectional Long Short-Term Memory
(BiLSTM) network is proposed. The proposed surrogate model improves the accuracy and
robustness of the prediction results by capturing the aspects ignored by the early model. In
addition, this study proposes an improved WOA optimization algorithm. Although the
WOA optimization algorithm has the advantages of being able to balance exploration and
development, is simple and efficient, and is suitable for a variety of optimization problems,
it is sensitive to parameter settings has difficulty dealing with high-dimensional problems.
Therefore, this study proposes an improved WOA algorithm for automatically adjusting the
parameter values of BILSTM. It is noteworthy that this study evaluates the effectiveness of
the proposed Improved Whale Optimization Algorithm-assisted BILSTM (IWOA-BiLSTM)
solely through the parameter optimization problem of complex analog circuits. However,
the proposed model construction method is equally applicable to other engineering prob-
lems, including simulations of different types of analog circuits or numerical simulation
analyses (such as finite element analysis) and other engineering challenges.

The rest of this article is organized as follows. In Section 2, the original WOA algo-
rithm and LSTM are introduced. In Section 3, the improved WOA algorithm is described,
and the proposed optimization algorithm is compared with the latest optimization algo-
rithms. Section 4 provides a detailed explanation of the proposed IWOA-BiLSTM model
construction method. In Section 5, a common optimization problem related to analog circuit
parameters is selected to evaluate the stability and accuracy of the IWOA-BiLSTM model.
In Section 6, the work done in this study and the outlook for the future are described.

2. Relevant Theory Review
2.1. Whale Optimization Algorithm

S. Mirjalili and A. Lewis proposed a novel intelligence optimization technique inspired
by the instinctive hunting techniques of humpback whales, which is called “The WOA” [43].
This algorithm simulates the whale pods” hunt for prey, which is composed of three parts:
seeking prey, a spiral movement of positions, and encircling shrinkage.

The WOA is inspired by two hunting behaviors of humpback whales, exhibiting highly
effective global exploration and local search capabilities. It has shown impressive perfor-
mance in a variety of numerical optimization and engineering problems. Compared to Ant
Colony Optimization [44] and Particle Swarm Optimization [45], the WOA demonstrates
better convergence capability and optimization speed.

During the hunting process, whales identify an optimal location, known as the best
spot discovered. They employ two possible strategies, either encircling and shrinking
their position around the best whale or searching for prey in the immediate vicinity. The
first strategy enables movement closer to the optimal location, while the second ensures
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exploration of nearby areas without overlooking potential opportunities. When a better
location is found, the optimal position is updated, and this process continues until no
further improvements are observed. Simulating this can achieve global optimization
efficiently. The foraging mechanism can be expressed by Equations (1) and (2).

—
D =

- — =

’C'Xrand _X’ (1)
— —_ = >
X(t+1) = Xrand —A-D 2)

5
where t represents the current iteration count. D indicates the distance vector that measures

—
the space between the current whale and the randomly selected whale. The vector X;,nq
represents the position of a randomly selected whale from the existing whale populatlon

The vector X (t+1) shows the position of the next generation of whales. A and C are
coefficient vectors which are specified in Equations (3) and (4).
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where 7 is a random vector which is distributed between [0, 1], and the vector a is a
control parameter which gradually drops from 2 to 0 in a linear fashion as the iterations
move forward.

The definition of the contraction enclosure strategies in mathematical terms is pre-
sented below:

— - — —

D=|C-X"(t)— X(t) (5)
— — - =

X(t+1) = X"(t) —A-D ©6)

—

where X* (t) represents the position of the individual whale in the current population that
—

has the best function value. D indicates the distance factor for surrounding the current

—
whale. A smaller value of A leads to shorter steps in the whale’s movement.
The mathematical model for the spiral update position stage can be represented as

— - —

X(t4+1) = D" - - cos(27l) + X* (t) (7)
— —* —
D' = ‘X (1) —X(t)‘ ®)

_)
where D’ is a vector representing the distance between the optimal-position whale and the

whale under consideration. The shape of the spiral is determined by the constant coefficient
b as the process continues. When b equals 1, it generates a standard logarithmic spiral. [ is
a random value chosen within the range [-1, 1].

The changes in the positions of the whales in the WOA do not interfere with each other,

5
which means that the components of X(t) are updated individually when the population
updates to represent the whales’ positions.
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As the whale circles its prey in a tighter loop, it simultaneously follows a spiral path,
emulating its hunting behavior. A 50% probability decides whether the spiral model or the
contraction enclosure method will be applied to update the whale’s position during the
optimization process, thereby replicating this dual behavior.

As demonstrated in the examination conducted in Section 3.4, the WOA often exhibits
significant competitiveness compared to algorithms such as the Honey Badger Algorithm
(HBA) [46], Sparrow Search Algorithm (SSA) [47], and Osprey Optimization Algorithm
(O0A) [48].

2.2. Long Short-Term Memory

Neural network models can be divided into two types: The first one is the Backpropa-
gation Neural Networks, which have simplistic architecture [49].

However, it is likely to trap in overfitting and local minima problems, and it doesn’t
represent effective utilization of dependency relationship. The remaining models are more
advanced and efficient deep neural networks, leading the way in predictive modeling
that can fit complicated nonlinear relationships [50]. In conventional neural networks,
Recurrent Neural Networks (RNNs) and LSTMs are two famous algorithms that deal
with the problem of the shortage of capabilities of memory, thereby enhancing proficient
learning and predictive accuracy grounded in past data.

LSTMs, introduced by Sepp Hochreiter and Jiirgen Schmidhuber, are built to tackle
the issue of vanishing gradients [51] upon RNNs. They excel in long-distance dependencies
tasks. While both LSTMs and RNNSs share a similar operational framework, LSTMs
incorporate more intricate inner processing components that enhance their ability to store
and update contextual information. Ai et al. [52] developed an effective tunnel anomaly
detection method based on LSTM combined with the Autoregressive Integrated Moving
Average strategy. The results of this study demonstrated that LSTM possesses excellent
early prediction capabilities and the ability to capture long-term performance trends.

During the development of LSTMs, Hochreiter and his colleagues introduced cells
with memory capability and gating mechanisms to retain historical information and man-
age long-term states effectively. These gates control the flow of information, improving
performance. Additionally, researchers such as Graves contributed to the design by inte-
grating a forget gate, which helps mitigate the vanishing and exploding gradient problems
often encountered with lengthy sequences of data. LSTM, a key component of the proposed
hybrid approach, is structured with three main gates: the input gate, the forget gate, and
the output gate. Each gate is a wholly connected layer that enables LSTM to store and
update information within itself. These gates rely on gating mechanisms that use the
sigmoid function and point-wise multiplication to effectively control data flow and update
the internal state.

As is shown in Figure 1, the input gate, the forget gate, and the output gate are
represented by the letters i, f, and o, respectively. O is the element-wise multiplication,
and the weight matrices of the network are represented by W. b denotes the bias vector,
and c represents the memory cell. x and & stand for the LSTM hidden layer’s input and
output vectors, respectively. The logistic function (¢) and Tanh function (tanh) belong to
the sigmoid function.

e The input gate manages the number of current input data (x) that are fed into the
memory cell to determine the amount of information that can be stored in cell c. Its
value is as in Equations (9)—(11).

o (x) = ©)
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et —e "

ir = c(Wyixt + Wyihy 1 + b;) = c(W;V + b;) (11)

e  The forget gate contributes to coping with problems of gradient vanishing and explo-
sion that can happen in the framework of the backpropagation process. It effectively
manages the data retention process, determining which information to preserve and
which to discard. This allows the forget gate to assess the importance of past data and
make informed decisions about what should be removed, ensuring that only the most
relevant information ¢;_1 is maintained for the new data c;.

ft = O'(foxt-i-whfht,l—l-bf) :O'(va—‘rbf) (12)
Ct = tunh(chxt + Wpehi 1+ bl) = tanh(WCV + bc) (13)
Ct = fr X cr_1+1ip X Gt (14)

e  The output gate is responsible for controlling how ¢ impacts / by selecting the output
portion of the memory cell at time step t. The hidden layer’s output o; and the output
gate’s value h; are denoted as in Equations (15) and (16).

0y = O'(onxt + Wioht—1 + bo) = O'(WOV + bo) (15)

hy = oy X tanh(cy) (16)

e  LSTMs still face challenges with hyperparameter settings like iterations, learning rates,
and the number of neurons in hidden layers, which can significantly affect the model’s
accuracy of prediction.

Cr1 ' ,?\t C
S L - tanh
9 c tanh c —OL>®
+bf +b,' +bc +bo
Wy Wi . W,
]
hyg v
X

Figure 1. Structure of LSTM.

3. Improved Whale Optimization Algorithm

The WOA is a novel algorithm that distinguishes itself in its new structure and its
fewer control parameters when compared to other optimizations [53]. Furthermore, the
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WOA converges very quickly, which is quite impressive, and performs better than other
intelligent algorithms in many numerical optimization and engineering problems.

However, the WOA still needs to break some barriers. When navigating intricate
problems with multiple variables, it searches slowly and is likely to get stuck in local
optima, with a poor convergence ability. To this end, this study enhances the filling of the
initial population positions of the algorithm through chaotic mapping. Subsequently, it
balances the global search capability and local search capability during the convergence
process of the algorithm, thereby improving the convergence speed. First, a nonlinear
convergence factor is introduced to promote higher global search capability in the early
stages and greater local exploitation capability in the later stages of the algorithm. Second,
dynamic inertia variables are introduced to further enhance the global search capability
of the population in the initial iterations. Finally, the concept of simulated annealing is
incorporated to assist the whale population in escaping local optima in the early iterations
and to improve the local exploitation capability and convergence rate in the later iterations.
Following are the details of the improvements made.

3.1. Chaotic Inverse Learning for Population Initialization

Achieving optimal search performance relies heavily on the proper initialization of
swarm algorithms. In the case of the WOA, its random setup can lead to an unequal
spread of whales across the search space. Thus, if the fortune does not permit, most of the
whales will generate in locations away from the optimal point, which may increase the
time to search for the optimal point and slower convergence rates. To achieve diversity
in algorithmic searches, we employ chaotic mapping, utilizing the advantages of these
two initialization methods.

There are two chaotic perturbation equations: The Logistic map and the Tent map,
which are mostly used by people. The Logistic map tends to distribute points more evenly
around the middle values, but it is significantly more likely to generate points at the
extremes. The Tent map is structurally easier, which still provides better uniform traversal,
giving the algorithm a higher search speed. What is more, if we use reverse learning to
improve the population initialization, we can greatly enhance the convergence speeds,
and the mapping point diagrams of three different methods are shown in Figure 2. Thus,
to leverage the benefits of both initialization methods, this paper generates the initial
population using reverse learning principles and chaotic mapping.

Improved Tent

Logistic
LY ) T

Figure 2. Different maps.
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In population optimization algorithms, although a larger N enhances the global
search capability of the algorithm, it significantly reduces the convergence speed. The
application of chaotic mapping to process the initial whale population in the WOA aims to
reduce the correlation among sample individuals, thereby effectively improving the global
search capability of the algorithm without adversely affecting the convergence speed. The
mathematical model definition is defined as follows:

2x; +rand(0,1) x &

0 1
2i=1,...,N (17)
2(1—x)+rand(0,1) x & 1 <x<1

Xip1 ==

where N represents the number of individuals in the population set for the IWOA. x;
represents the individual whale entities in the IWOA. The random variable helps prevent
the iterations from settling into unstable or small periodic patterns, which inherited the
advantages of the Tent map, which has good ergodicity, regularity, and randomness. The
improvement makes a great difference in boosting its robustness and efficiency.

After that, we use the chaotic sequence to generate the corresponding initial population.

Xij = Xmin j + ij(xmaxj - xminj) (18)

x:‘;‘ - xminj + xmaxj - xij (19)

where xl’fj represents the inverse population. Xpin; and xpm,yj represent the minimum and
maximum whale individuals in the j-th column, respectively.
Finally, we compare the inverse population with the initial population, which is made

up of the top N individuals chosen according to their best fitness.

3.2. Nonlinear Convergence Factor and Dynamic Inertia Weight

In the WOA, it is universally acknowledged that A and B are the two important
parameters. A is mostly dependent on 4, while C is mostly influenced by r. For the WOA, A
plays a significant part in the WOA'’s exploration and local exploitation abilities. To enhance
its capacities of global exploration, we use three strategies: altering the variation curve
of A, introducing a dynamic inertia weight, and combining the WOA with the simulated
annealing operation and adaptive mutation perturbation.

3.2.1. Nonlinear Convergence Factor

We employ a nonlinear convergence factor to modify the variation curve. According to
Equation (3), as a increases, A also increases. From Equations (5) and (6), it can be observed
that as A becomes larger, the iteration step size of the optimization algorithm increases,
making it easier for the algorithm to traverse the entire design space, and thus enhancing its
global convergence performance. However, as the step size increases, the algorithm'’s focus
on the local region diminishes. Therefore, by reducing the value of a4, and consequently
decreasing the step size, the local exploitation capability of the algorithm can be enhanced.

Typically, A decreases linearly from 2 to 0 in the WOA, but in some complex optimiza-
tion problems, this may cause the algorithm to prematurely converge to local exploitation.
Then we need a nonlinear convergence factor to keep the A remain at a relatively high rate
to keep its good global exploration abilities.

2

E’ _ E’ e tan ((1.2% =) (20)

0

where t represents the current iteration count. Tmax represents the maximum iteration
count. ;0 represents the initial control factor, as shown in Equation (3). At the start of the
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iteration, the value of a is higher than the original, reducing the likelihood of becoming
stuck in local optima and enhancing global search capability, as shown in Figure 3. During
the later stages of iteration, the curve sharply decreases to a low value, to enhance its local
exploitation capabilities, making it convergence quickly. Consequently, when faced with
nonlinear complex optimization problems, its performance can be largely enhanced.

T T

—®— Improved Parameter a
—&— Initial Parameter a 7

08

06

041

02

0 20 40 60 80 100
iterations

Figure 3. Different nonlinear convergence factors.

3.2.2. Dynamic Inertia Weight

According to document [54], we could use a dynamic inertia weight to update the
whales’ positions. The formula is as follows:

. 7Tt . 7Tt
w(t) = Wmax - (1 — Sm(ZTmax)> + Win - Sm(ZTmax> (21)

where w represents the dynamic inertia weight. wmax and wpin represent the maximum

and the minimum of the dynamic inertia weight. Thax represents the maximum number
of iterations, while t stands for the current iteration count. At last, the formula below
represents the adjustment of the spiral position:

E——
X(t + 1) = Xbes’t (t) - X(t) : ebl : COS(ZTCZ) + Xbest (t) 'w(t) (22)

where [ is a random value chosen within the range [—1, 1]. w is relatively high at the
beginning of the iteration, which makes the algorithm have better capacities in global
exploring, preventing early convergence to local optima. As the iteration goes on, it
decreases to enhance its local search abilities and to make the convergence quicker.

3.2.3. Simulated Annealing Operation and Adaptive Mutation Perturbation

In 1953, Metropolis introduced the simulated annealing algorithm Metropolis [55].
This algorithm distinguishes itself because of its good capacity to escape local optima. Thus,
we can incorporate the principles of simulated annealing into the WOA.

Furthermore, because all individuals are likely to converge towards the optimal
solution in the later stages of iteration, this optimal individual may still not be the global
optimum. Thus, we use the formula from the literature [54].

t t
Xt =———. X 1—— )X 23
Brews Maxiter Dgaussian + < Maxiter > Beauchy (23)
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At the beginning of the iteration, we use the Cauchy mutation for large and sharp
changes. The weight for Cauchy mutation becomes high when the count f is low, which
can help the WOA escape from the local optima. When the iteration goes on, f becomes
bigger, making the Gaussian mutation dominant, which can enhance the algorithm'’s local
search ability.

3.3. Algorithm Diagram

The improved IWOA computational process is illustrated in Figure 4. The specific
computational steps are described as follows:

Setting algorithm parameters and
generating initial individuals.

l

Calculating individual fitness and
recording the fittest individual

etermining if the algorithm has
concluded

N

Output the optimal solution ‘ ’ Generate random number P

Accept new solutions according to the
Metropolis criterion.

Update ‘a’ and update A and C based
onn the formula

Adaptive mutation

Update individual positions
based on spiral mechanism

Update individual
position based on
enclosure strategy

Update individual positions based on
adaptive mutation perturbation

\L hd

Figure 4. IWOA Structure.

Step 1: Initialize the whale population using a chaotic mapping approach;

Step 2: Select 50% of the individuals from the total whale population and update their
positions using the method shown in Equation (22);

Step 3: For the remaining individuals, perform position updates based on the enclosure
mechanism as described in Equation (6) or the adaptive mutation perturbation as shown in
Equation (23), using the parameters A and C calculated from Equations (3) and (4);

Step 4: Determine whether the maximum number of iterations has been reached. If
the maximum iteration count is reached, output the optimal solution; otherwise, proceed
to update the positions of the whale population again;
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Fitness

Fitness

3.4. Test

The study compares some test results from the literature [56] with those of other
algorithms. The population size for each heuristic algorithm is set to 20, and the maximum
number of iterations is set to 100. A total of 30 repeated experiments were conducted for
each algorithm across various test functions to evaluate their robustness.

The relationship of different algorithms between fitness and the number of iterations
is shown in Figures 5 and 6. From the average iteration processes of the various heuristic
algorithms shown in Figure 5, it can be observed that the IWOA converges to the optimal
solution across different test functions, exhibiting the fastest convergence speed in all test
cases except for F8 and F9. Figure 6 presents a box plot of the optimal solutions obtained
by different heuristic algorithms, using F4 as an example. It is evident from the figure that
the IWOA algorithm yields a smaller optimal solution and demonstrates higher stability
compared to the other algorithms.

Figure 6. Algorithm Performance Comparison Across F4.

Tables 1 and 2 list the data of the results. These results indicate that the IWOA
has strong optimization capabilities compared to other algorithms. Although the INOA
requires a slightly longer time for optimization, the computational results demonstrate
higher accuracy and robustness.
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Table 1. Data of different algorithms in F4.

F4 Standard Deviation =~ Mean Value Optimal Solution Run Time
HBA 0.029714 —0.98087 -1 0.058833
SSO 0.026751 —0.95073 -1 0.10554
O0A 1.0242 x 1075 -1 -1 0.060213
WOA 0.028675 —0.95325 -1 0.02126

IWOA 41233 x 10~V -1 -1 0.2793

Table 2. Data of different algorithms in F5.

F7 Standard Deviation Mean Value Optimal Solution Run Time
HBA 55.46 —887.57 —959.64 0.063235
5SSO 95.003 —866.84 —959.64 0.11575
OO0A 58.605 —920.64 —959.64 0.058733

WOA 97.23 —851.37 —959.64 0.022593
IWOA 34.966 —949.03 —959.64 0.29416

4. IWOA-BiLSTM Establishment Strategy
4.1. BILSTM

Although LSTMs have superior memory capabilities compared to traditional neural
networks, they do not consider the future context. To address this limitation, Graves
and others developed a new algorithm called BiLSTM, which combines backward feature
computation with LSTM [57]. This bidirectional approach allows the algorithm to utilize
future information and capture aspects that earlier models might overlook, significantly
enhancing both the accuracy and robustness of predictions.

To illustrate how BiLSTM works, we first compare it to traditional LSTM. Since
traditional LSTM is unidirectional, it cannot account for the effect of subsequent data on the
current data. In contrast, BILSTM includes a backward-propagating LSTM layer, allowing
it to consider both past and future data for forecasting. The architecture of BiLSTM is
shown in Figure 7.

Output Layer

LSTM Backward Layer

LSTM Forward Layer

Input Layer

Figure 7. Structure of BiLSTM.

In the architecture of BILSTM, two distinct LSTM networks process inputs in opposite
directions: one forward and one backward. This bidirectional approach allows BiLSTM
to learn from the same input sequence in both directions. By combining the outputs of
these two networks, BiLSTM effectively takes into account both past and future context,
enhancing its predictive capabilities.

In this framework, the forward and backward layers produce their respective outputs
X and y, which are then combined to determine the values transmitted to the hidden layer
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—
h. This integration of outputs from both directional layers ultimately results in the final
BiLSTM output. The mathematical representation of this process is as below:

N —

ht = LSTM(xt, htfl) (24)

. —

]’lt = LSTM(Xt, ht,1 ) (25)
— =

yt = Why + Why + b]/ (26)

Correspondingly, some hyperparameters can be optimized in the BiLSTM model.
Relying exclusively on the trial-and-error method or empirical approaches may result in
suboptimal parameter combinations and increased time expenditures. To address this
issue, we can employ optimization techniques that utilize random generation as well as
iterative refinement of hyperparameter combinations to discover the optimal solutions.
The algorithms enhance the speed of finding the optimal solution and improve the overall
performance of the BiLSTM, making them a practical choice for adjusting neural networks.

In the BiLSTM, four key hyperparameters can be optimized: dropout rate, learning
rate, the number of iterations, and number of neurons. Among these, the learning rate
is the most critical, followed closely by the dropout rate and the number of iterations, as
demonstrated by Greff in his experiments. Consequently, this article primarily focuses
on optimizing these three hyperparameters, which may significantly influence the per-
formance of the BiLSTM by targeting the key parameters. By using the mean squared
error of the model on the test set as the optimization objective, the predictive capability of
the BiLSTM is enhanced. Compared to traditional methods of establishing BiLSTM, the
assistance of the IWOA significantly improves both the efficiency of model construction and
its predictive performance. Particularly in the absence of prior information, IWNOA-BiLSTM
provides a faster and more accurate approach for building surrogate models.

e Neuron count

The number of neurons can significantly impact both the learning ability and speed of
the model. A larger number of neurons may lead to increased complexity, substantially
extending the training time. Conversely, a smaller number of neurons may result in poor
learning capacity, possibly leading to the network failing to optimize a satisfactory solution.

e Amount of iterations

The number of times the model iterates over the whole training data set is reflected by
its value.

e  Learning rate

The learning rate indicates the speed of parameter updates. A smaller learning rate
allows for more precise updates, but it slows down the overall training process. Conversely,
a learning rate that is too high can hinder convergence. Therefore, it is essential to select an
appropriate learning rate.

4.2. INOA-BILSTM

The process flowchart of the algorithm is shown in Figure 8. By combining the IWOA
and BiLSTM, we can leverage their respective strengths: the IWOA is used to optimize
the hyperparameters, while BiLSTM provides accurate predictions. As shown in Figure 8,
during the iterative process, the current trained model is evaluated on the test set based
on the data loss. Simultaneously, the INOA is employed to optimize the hyperparameters
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of the model, which will be used for parameter settings in the subsequent iteration of
model training.

Set the algorithm parameters and
generate initial individuals.

¥

Calculating individual fitness and
recording the fittest individual

Error
calculation P >
etermining if the algorith: P
T has concluded N
Training BiLSTM )
data network training
T T Accept new solutions
. Generate random number P according to the
Original | | Data BiLSTM y Yes 1 Metropolis criterion
data set preprocessing hyp:q;z?:eter Output the Update * a’ and update
P £ optimal A and C based on the . .
Test data solution formula Adaptive mutation
Y
IWOA-
BiLSTM Update individual
model positions based on
spiral mechanism Update individual Update individual
positions based on positions based on
search mechanism recycling mechanism

Figure 8. Overall structure of INOA-BiLSTM.

5. Optimization of Analog Circuit Parameters

The following details the experimental setup for the optimization of simulated circuit
parameters based on INOA-BiLSTM. It is noteworthy that the proposed IWOA-BiLSTM is
applicable to this type of simulated circuit experiment, but is not limited to it. Furthermore,
IWOA-BIiLSTM is also suitable for other types of numerical simulation analyses, such as
finite element analysis. It should be noted that the computer used in this study is an Intel
(R) Core (TM) i9-9900K CPU @ 3.60GHz, operating on a 64-bit operating system.

5.1. Problems Need to Be Solved

Self-biasing amplifiers are commonly used to enhance the stability and performance
of amplifiers, particularly when facing temperature variations or changes in component
parameters. Their characteristic feature is the ability to automatically set and maintain the
bias point through an internal feedback mechanism, ensuring that the amplifier operates
under optimal conditions. Self-biasing amplifiers are widely applied in various electronic
devices, especially in scenarios that require high stability and reliability. However, certain
specific application environments impose stricter size requirements on such circuits, such
as in medical devices used for diagnosing neurological disorders related to epilepsy, where
the circuit space must be sufficiently compact.

In these specialized application environments, it is crucial to ensure that the self-
biasing amplifier minimizes the potential for reliability issues while guaranteeing the
required power output. In the optimization process based on surrogate models, obtaining
accurate approximations of simulation results is crucial. For this case study, this research
tested the stability and accuracy of the proposed INOA-BiLSTM. Key circuit parameters
to be considered during the experimental process include slew rate, power consumption,
load capacitance, minimum and maximum input voltages, reference voltage, and gain-
bandwidth product.
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5.2. Modified Recycling Folded Cascade Amplifier

In their work, Devi and colleagues introduced an amplifier configuration [58], which
is illustrated in Figure 9. The configuration adopts adaptive bias methodologies within an
enhanced cyclic folding architecture. Transistors M5 and M6, together with M15 and M16,
contribute to the enhancement of input drive capability. To achieve this, we established a
cross-coupling between M7-M16 and M6-M15. The transformation into a single-ended con-
figuration is achieved by the incorporation of transistors M17 and M18, enabling @Ibms
to flow unimpededly through it, where I};,; represents the bias current. Within this struc-
ture, each component operates in the weak inversion regime. Upon the introduction of a
substantial signal V,,r, M4 enters the deep triode region of weak inversion when M1 and
M2 cease conduction. This biasing current flowing through M3 is redirected first from
k and (k — 1) to M9 and M10, then from M17 and M18 towards the load capacitance C;.
In contrast to the conventional structure, this design improves the transition rate by a
factor of (2k — 1). Comprehensive improvements are realized in terms of transconductance,
gain-bandwidth product, and slew rate. As the value of k increases along with instability,
the phase margin of the design contracts. A compensating resistor is positioned at the
gate junctions of the current mirrors to mitigate this effect, with transistors Mc 1 and Mc 2
working in the deep triode area, assisting.

v{f
— B J
I® Mz mas 3 | mis m1s
ﬁuu L
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Vin CL ==

mo 4 1 M S | ¥ m1w0
B HEep Y5 A=

Figure 9. The structure of the circuit.

5.2.1. The Drain Current Equation in Weak Inversion

The weak inversion region enhances both low power consumption and high gain. The
particular current (Is) in the weak inversion region is given by the following expression:

w w
Is = Kwycox(f)VTz = 2qyc0x(f)VT2 (27)

The thermal voltage is V1 = %T , 1] is the aspect ratio, the mobility is y, and C,yx denotes
the oxide capacitance. k represents the Boltzmann constant, T stands for the temperature in
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Kelvin, and g shows the elementary charge. W represents the power. As a result, the drain
current in the weak inversion conduction can be represented by the following expression:

5 Ye Vo Vs “Vp o Yo Vo Vs Vb
Ip =KuBVre "r [eVmr —e VT | =2yBVr7e T [eVT —e VT ] (28)

where 77 and V;,, represent the subthreshold slope factor and threshold voltage respectively;
Vb, Vs, and V; denote the drain, source, and gate voltages respectively. The formula has
been modified as follows, following these term changes:

V6—Vino —Vs ) Yo Vs Vb
Ip=1Ise " [eVT —e VT | =Ippe"T[e"T —e VT ] (29)

Within the domain of subthreshold studies, Vpg =2 104 mV, and Vpg > 4V7.

—Vps 4
eV =t 20018 <1, (30)
Thus,
el Yo Vos W 5 YGsVin
Ip = Ippe™t = Ige "1 eV = 2yuCox(—)Vr-e "1 . (31)

L
By adopting this method, Vpg remains unaffected by Vg, thereby facilitating the
maintenance of the MOSFET in its saturated state. The following equation shows the slew

rate Sg:
Biascurrent
R = Toadeapacitors ~ 20 BWiVT (32)
Im1 = 2nGBWCy, (33)

where GB represents the gain bandwidth product.

5.2.2. Adaptive Biasing Technique

To achieve high gain, bandwidth, and slew rate performance, the design incorporates
an adaptive biasing circuit within an enhanced cyclic folding cascade. The current flowing
through the input transistors M1 to M4 is shown below:

_ Yid
I =2 IbeUVT (34)
_U:
Iy = 2I,e—2 35
) g7 (35)
SR = w(k = 3,Cy is the load capacitance) (36)

Cr

5.2.3. Design Procedure

The load capacitance and the slow rate determine I,,which represents the bias current.

o SRXCL

b= 2(2k—1)

(37)

To avoid a zero-current condition, the transistors’” cascade bias current is distributed
with a ratio of k:1, making sure that the bias current remains lower than the current flowing
through M8 and M5. The current passing through M8 and M5 and the circuit’s minimum
output voltage can determine the cascade transistors’ width. You may use the formulas
W7 = % and W6 = % to find M7’s and M6’s widths. The dimensions of W10 and W9
can be approximated given that the current flowing through M8 is (2k — 1) times lower
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than that through M10. Transistors M11 and M12 each have a width that is twice that of
transistors M11, M10 and M9. To determine the transistors M14 through M16’s aspect
ratios, one must consider the circuit’s maximum output voltage and utilize the equation
of transistor drain current. The transistors M15 and M16’s aspect ratios are k times those
of W17-W20. The formula shows how the input transistors M1-M4's aspect ratios are
determined by the load capacitance and gain-bandwidth product.

I
gm1 = 2TGBWC| = U—‘I;T (38)

where g,,1 represents the transconductance coefficient of the input transistor. The aspect
ratios of cascade and bias transistors are determined by the maximum and minimum input
common-mode voltage ranges V;, ,,x) and Vi (min)- Use Equation (39) to explore the total
area filled by the transistors, where L; represents the nth transistor’s length and i denotes
the transistors” maximum number involved.

Area =) WiL; (39)
i

Table 3 presents the range of values for the key parameters of the analog circuit. In
our study, we explored numerous configurations of metaheuristic optimization techniques
and machine learning frameworks to augment the optimization process in applied tests
related to this matter. These encompassed, but were not restricted to, Genetic Algorithms,
Grey Wolf Optimizers, and Grey Wolf Optimizers in conjunction with BiLSTM and LSTM
models. Finally, it was determined that the refined IWOA-BiLSTM model consistently
delivered superior outcomes within the given constraints.

Table 3. Design variables ranges.

Parameters Ranges
Load capacitance Cy. (pF) 5-10
Slew rate Sg (V/us) 1-10
Power consumption in weak inversion region (uW) 1-5
Minimum input voltage Vj;iin) (V) —0.4-0.2
Gain bandwidth product GB (MHz) 1-10
Maximum input voltage Vi, (4x) (V) 0.2-0.4
Reference voltage (mV) 1-2
Input voltage V;,, (1V) 500-600

In the practical application stage, the IWOA-BiLSTM model provides a variety of
parameters that are adjustable to adapt to variable datasets. Through meticulously adjust-
ing these parameters, consistent enhancements in performance can be observed across a
variety of datasets. In the specific dataset under investigation, modifying the threshold
value for p from 0.5 to 0.4 elevates the likelihood of whales utilizing the tactics of encircling
and searching to update their positions, while diminishing the probability of utilizing the
mechanism of spiral. Such a refinement makes the model of INOA-BiLSTM attain superior
fitness. Following shows the test results:

MaxIt = 20;

Popsize = 10;

ub = [200 200 200 0.01];

Ib=111100.0001];

It can be seen from Figure 10, in almost every evolution generation, the INOA-BiLSTM
shows superior fitness.
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Figure 11 presents the performance of the surrogate models established under different

strategies on the prediction dataset. Figure 12 provides the evaluation metrics for the

various surrogate models, including Root Mean Square Error (RMSE), Mean Absolute

Error (MAE), and R;, among others. We cannot yield satisfactory results if we apply the

initial parameters to this dataset, as the predicted outcomes deviated significantly from

the actual values. This issue stems from the excessively stringent limits established for

the neuron counts in both concealed layers, which hindered effective fitting. Additionally,

a bad learning rate and an inadequate iterations amount may have contributed to the

suboptimal performance. As a result, in the next round of testing, these parameters would

be adjusted.
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Figure 12. The first test’s evaluation.

It is clear that the settings of the initial parameter are not conducive to effectively fitting
the dataset, indicating the necessity of a new parameter combination to attain improved
results. To expedite testing, the maximum number of iterations was set to 10, and the
population size was reduced to 5 in the later tests.

MaxIt =10;

Popsize = 5;

ub = [500 500 500 0.2];

Ib =[50 50 50 0.05];

Figure 13 illustrates the variation in data loss during the training process of the
BiLSTM model combined with different optimization algorithms. It can be observed from
the figure that the convergence speed of INOA is faster than that of WOA, resulting in
better optimization performance.
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Figure 13. Second test’s curve of algorithm iterative evolution.

Figure 14 presents the performance of the surrogate models established under different
strategies on the test dataset. As illustrated, both LSTM and BiLSTM models struggle to
recognize the features represented by the real data. With the assistance of optimization
algorithms, the BiLSTM achieves higher predictive capability, with the effect of IWOA
being particularly pronounced, resulting in a more significant reduction in error. Figure 15
provides the evaluation metrics for the models established using various strategies. The
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results clearly indicate that optimization algorithms have a substantial impact on improving
the accuracy of the BiILSTM model.

In the latest test round, the value of p has been adjusted to 0.5. Compared to the
previous round, it is clear that not only IWOA-BiLSTM but also WOA-BiLSTM represented
improved fitting outcomes. However, with this specific parameter configuration, the WOA

outperformed the IWOA.
MaxIt =10;
Popsize = 5;

ub = [500 500 500 0.2];

Ib =[505050 0.1];

As shown in Figure 16, the data loss of the BILSTM model gradually converges
during the training process under different optimization algorithms. However, the INOA
demonstrates a higher optimization efficiency.
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Figure 16. Final test’s curve of algorithm iterative evolution.
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As shown in Figure 17, the LSTM and BiLSTM models without the assistance of

optimization algorithms exhibit significant differences in accuracy compared to the BiL-
STM model supported by heuristic algorithms. By comparing the R, values, the BILSTM
assisted by IWOA achieved higher accuracy, demonstrating a stronger ability to capture
the characteristics of the real data. As illustrated in Figure 18, the INOA-BiLSTM obtained

superior evaluation metrics.
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Although the time consumed by the proposed INOA-BiLSTM is still influenced by
the population size of the heuristic algorithm and the maximum number of iterations, it
ensures higher accuracy and stability. Figures 10, 13 and 16 illustrate the iterative process
of data loss during the construction of the BILSTM model assisted by the INOA and WOA
algorithms, respectively. It is evident from the figures that the INOA algorithm reduces data
loss at a faster rate, resulting in models that achieve higher accuracy. Figures 11, 14 and 17
present the relative errors of the BILSTM models constructed using different methods
on the test set, as well as the prediction results at the selected sample points. It can be
observed that before employing optimization algorithms to search for the optimal BILSTM
parameters, the model exhibits significant prediction errors. After assistance from either
the WOA or IWOA, the accuracy of the model shows a marked improvement. Furthermore,
the accuracy of the BILSTM model assisted by the INOA outperforms that of the WOA,
demonstrating the superiority of the IWOA. Figures 12, 15 and 18 provide metrics such as
MAE, RMSE, and prediction variance for the BILSTM models constructed using different
methods on the prediction dataset. These results indicate that optimization algorithms
significantly enhance the efficiency of network model construction. Additionally, the
figures also reflect a slight advantage in accuracy for INOA-BiLSTM.

6. Conclusions

The research indicates that the INOA-BiLSTM model demonstrates excellent perfor-
mance in the optimization of analog circuit parameters, showing significant improvements
in accuracy and efficiency compared to traditional surrogate models. Not only does this
hybrid method decrease the time required for design, but it also bolsters robustness by
diminishing the likelihood of getting stuck in local optima and by augmenting the op-
timization process’s ability to explore. The combination of deep learning frameworks
and metaheuristic algorithms, as evidenced by this study, proves to be a highly effective
solution for addressing the growing complexity of circuit design. These findings under-
score the potential of this hybrid model as a powerful tool for achieving optimal design
parameters, paving the way for further advancements in analog circuit optimization and
beyond. Therefore, future work will focus on leveraging more advanced optimization
algorithms to unlock the potential of deep learning frameworks, thereby playing a more
significant role in the optimization of simulated circuits and other engineering domains.
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Abstract: Robots play a pivotal role in the manufacturing industry. This has led to the development of
computer vision. Since AlexNet won ILSVRC, convolutional neural networks (CNNs) have achieved
state-of-the-art status in this area. In this work, a novel method is proposed to simultaneously detect
and predict the localization of objects using a custom loop method and a CNN, performing two
of the most important tasks in computer vision with a single method. Two different loss functions
are proposed to evaluate the method and compare the results. The obtained results show that the
network is able to perform both tasks accurately, classifying images correctly and locating objects
precisely. Regarding the loss functions, when the target classification values are computed, the
network performs better in the localization task. Following this work, improvements are expected to
be made in the localization task of networks by refining the training processes of the networks and
loss functions.

Keywords: image classification; object detection; deep learning; deep convolutional neural networks;
computer vision; custom training loop
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1. Introduction

Nowadays, robots are essential for the manufacturing industry. The use of robots has
helped the manufacturing industry to manufacture products more efficiently, saving both
costs and time. Despite the fact that an increasing need for robots has been observed in
all industrial sectors in recent years, the electronics industry has been the main customer
of industrial robots since 2020, when it overtook the automotive industry. However, the
latter still demands 80,000 robots a year; hence, it is still an important sector for robot
manufacturers. Industrial robot manufacturers are making every effort to design and
develop safe and human-friendly robots. This is spurred on by the fact that small- and
medium-sized companies are increasing their use of industrial robots due to the availability
of affordable solutions and easy-to-use collaborative robots. Hence, collaborative solutions,
where humans and robots work together, are becoming the new frontier in industrial
robotics [1,2]. The use of collaborative robots is also supported by the current trend of
automation and data exchange in manufacturing industries, also called Industry 4.0 [3].

In the case of the automotive industry, robots are used mainly in the manufacturing
process. At the beginning of the 20th century, when chain production was introduced by the
Ford Model T, cars were handmade. Nowadays, this process is mainly automatic. However,
there are still tasks where humans need to intervene. In this context, collaborative robots
can help workers improve the efficiency and reduce the manufacturing faults of production
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lines [4]. Robots also help in other areas, such as neurosurgery [5]. Since collaborative
robots need to be aware of their surroundings, computer vision can help robots to detect
their environment and object positions.

Image classification, object detection and semantic segmentation are the main tasks in
computer vision. Since LeCun et al. [6] proposed LeNet-5 in 1998 for document recognition,
convolutional neural networks (CNNs) have become the state-of-the-art techniques for
these tasks. The explosion of deep learning has led to the need for high-quality, diverse and
structured image datasets. In 2010, ImageNet [7] was presented as a solution to this problem.
Following the path that started LeNet-5, in 2012, AlexNet [8] won the ImageNet Large-Scale
Visual Recognition Challenge (ILSVRC) [9] by outperforming previous image-classifying
state-of-the-art techniques. This success led researchers to improve the performance of
CNNs. Following this trend of making deeper and larger networks, Zeiler et al. [10]
proposed ZFNet to understand and improve the results obtained by Krizhevsky et al. [8].
In 2014, Simonyan et al. [11] proposed a CNN with very small convolution filters to
evaluate the effect of the convolutional network depth on its accuracy in the large-scale
image recognition setting.

To tackle the difficulty of training very deep neural networks, He et al. [12] presented
a residual learning framework called Residual Network (ResNet), which allows for an
increase in the depth, while maintaining the complexity of the network. ResNet cross-
layer connections try to solve the gradient diffusion problem that very deep convolutional
networks, such as VGGNet and ZFNet, have. However, training very deep residual
networks is extremely costly. Thus, Zagoruyko et al. [13] conducted an experimental
study on the architecture of ResNet blocks. Based on this study, they proposed a novel
architecture, where they decreased the depth and increased the width of residual networks.
The resulting network structures, called wide residual networks (WRNSs), overperformed
their thin and very deep counterparts.

GoogLeNet [14], also called Inception-v1, combines inception modules with conven-
tional convolution modules to improve the utilization of the computing resources inside
the network, hence increasing the depth and width of the network, while keeping the com-
putational budget constant by varying the sizes of the convolution filters. Inception-v4 [15]
aggregates residual connections to the inception architecture to accelerate training, while
maintaining the accuracy of similarly expensive inception networks. Huang G. et al. [16]
proposed the Dense Convolutional Network (DenseNet), which connects each layer to
every other layer downstream, reusing the features of all previous layers to strengthen fea-
ture propagation and reduce the vanishing gradient problem. Following the trend of dense
connectivity, with CondenseNetV2, Yang et al. [17] ensured that each layer simultaneously
learned to carry out the following;:

1. Selectively reuse the set of the most important features from preceding layers;

2. Actively update the set of preceding features to increase their utility for later lay-
ers, achieving promising performance in image classification (ImageNet) and object
detection (MS COCO) in terms of both theoretical efficiency and practical speed.

In recent years, large advancements have been made in image classification tasks [18].
Therefore, CNNs have great value when there is a need to identify images. However,
normally, this feature is not useful when it is used alone. It can be combined with a region
proposal network (RPN) and perform traditional object detection.

The traditional object detection method consists of generating region proposals first
using an RPN and then classifying each proposal into different object categories [19]. This
is the case of R-CNN [20]. Nevertheless, this process is normally very computationally
costly. In order to tackle this issue, different iterations of R-CNN have been proposed.
Girshick et al. [21] improved their original R-CNN to be faster and more accurate.
Ren et al. [22] improved this by introducing an RPN that shares full-image convolutional
features with the detection network, thus enabling nearly cost-free region proposals. The
Faster R-CNN architecture has achieved good results in object detection tasks. For example,
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Fu et al. [23] and Song et al. [24] used the Faster R-CNN based on ZFNet and VGG16,
respectively, to detect kiwifruits in order to enable robots to pick them up.

The other object detection method with regard to the task of regression or the classi-
fication problem adopts a unified framework to achieve the final results (categories and
locations) directly. Redmon et al. [25] predicted bounding boxes and their associated class
probabilities directly from full images in one evaluation. They called this new approach to
object detection You Only Look Once (YOLO). The Single-Shot Multibox Detector (SSD) [26]
discretizes the output space of bounding boxes into a set of default boxes, adjusting them
by the scores generated for the presence of each object category in each default box in order
to better match the object shape. CenterNet, proposed by Duan et al. [27], presents an
efficient solution based on the detection of each object as a triplet of key points rather than
a pair, improving both precision and recall.

However, each of these methods has its own issues: the traditional object detection
techniques require a high computational power, whereas the single-stage methods do not
have the same level of accuracy as the traditional techniques. In 2017, Li et al. [28] proposed
a two-stage object detector based on ResNet-101 [12] to address the shortcomings of these
types of detectors, that is, the slow speed of these networks due to their heavy-head designs.
In 2018, Zhang et al. [29] proposed a novel single-shot-based detector that achieves a better
accuracy than the two-stage methods and maintains an efficiency comparable to that of the
one-stage methods. Examples of the advancements that have been made in object detection
tasks in recent years are in reference [30].

In 2019, EfficientDet [31] proposed a new family of object detectors based on Effi-
cientNet backbones and optimized the weighted bi-directional feature pyramid network
(BiFPN) and the compound scaling method. In particular, the model EfficientDet-D7
achieved state-of-the-art results at MS COCO. Another example of this appeared in 2022,
when Liu et al. [32] presented a network called ConvNeXts, constructed entirely from
standard ConvNet modules. These modules are ResNet modules modernized towards the
design of a vision transformer, and they compete favorably with transformers in terms of
accuracy and scalability.

Additionally, the networks observed in the literature focus on single-task problems:
image classification, object detection, image recognition, etc. To the best of our knowledge,
there are no or very few examples of CNNs that have been used to simultaneously perform
different tasks. Therefore, we see the need for exploring image classification and object
localization tasks using the same CNN. The objective of this article is to determine whether
both tasks can be performed accurately with a single CNN. Therefore, we propose a custom
evaluation loop that merges the cross-entropy loss (Ex) for the classification task and the
half mean square error (mse) for the regression task (object localization). We also compare
two different loss functions using different Ex and mse loss proportions and determine
which method is the best.

2. Materials and Methods
2.1. Convolutional Neural Network

A CNN is a type of deep neural network that uses convolutional layers to extract
feature maps from the input image. Usually, the network consists of one input layer,
one or more convolutional layers, one fully connected layer and one output layer [33].
In this case, the network has two fully connected layers at the end of the convolutional
layers, separating each one from the main branch. This allows the network to perform
two different tasks using the same convolutional layers. At the end of one fully connected
layer, a softmax layer is connected. This branch performs the classification task, while the
other performs the detection task. In Figure 1, the structure of the network can be seen.
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Figure 1. Structure of the proposed CNN.
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The input layer in has a dimension of 100 x 100 x 1. Therefore, the input data consist
of a single matrix with dimensions of 100 x 100, which contain the value of each pixel in
gray-scale from 0 (black) to 255 (white).

The convolutional layer is the specific layer of the CNN. The convolutional equation
used is that shown in Equation (1):

yj =) (wijx;) +b; 1)

where Y is the result, wij is the filter matrix, X; is the input of the convolutional layer, and bj
is the bias term. In this case, the network features three convolutional layers. The first one
has 16 filters with a 5 x 5 size. The second one has 32 filters with a 3 x 3 size. Finally, the
third one also has 32 filters with a 3 x 3 size, although it has a stride of one, instead of two
like the second layer. Furthermore, the output of this network uses a nonlinear activation
function (ReLU), as shown in Equation (2):

x, x>0

0 ={5 520 @

In order to speed up the training and reduce the sensitivity to network initialization,
a batch normalization layer is included between each convolutional layer and the ReLU
layer. This is achieved by normalizing a mini-batch of data across all observations for each
channel independently. The parameters of the model are listed in detail in Table 1.
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Table 1. Parameters and output shapes of the proposed CNN model.

Layer Previous Function Weight Filter Size Padding Stride Outpu.t Tensor  Learnable
Name Layer /Kernels Size Parameters
in - - - - 100 x 100 x 1 -
convl in conv2d 5x5x1/16 same 1 100 x 100 x 16 416
bnl convl - - - 100 x 100 x 16 32
relul bnl ReLU - - 100 x 100 x 16 -
conv2 relul conv2d 3x3x16/32 same 2 50 x 50 x 32 4608
bn2 conv2 - - - 50 x 50 x 32 64
relu2 bn2 ReLU - - 50 x 50 x 32 -
conv3 relu2 conv2d 3x3x32/32 same 1 50 x 50 x 32 9216
bn3 conv3 - - - 50 x 50 x 32 64
relu3 bn3 ReLU - - 50 x 50 x 32 -
fcl relu3 - - - 1x1x2 160 k
softmax fcl softmax - - 1x1x2 -
fc2 relu3 - - - 1x1x2 160 k

The proposed neural network contains 334.4 k parameters and has a model size of
1.22 MB after training. This network was used because it showed good results in similar
tasks. It was considered valuable to use other types of convolutional neural networks, such
as VGG-16 and ZFNet, but these networks had too many parameters for this application,
and, thus, training would take too long to evaluate the performance of the proposed custom
training loop with a custom loss function.

We analyzed the basic structure of the proposed convolutional neural network; in the
next subsection, the learning process of the network is discussed.

2.2. Learning Process

The learning process of a deep learning network consists of three steps: data acquisi-
tion, data preparation and model training. In the current work, the first step consists of
capturing images of the surroundings of the pin. The images are taken using a camera that
captures images of 612 x 512 pixels. The images are in gray-scale and are saved as a tiff file.

The second step consists of preparing the data to train the network. The first task is
to label the images. After manually identifying the pin in each image, the data are used
to generate images starting from the seed images. The identification is made by drawing
a rectangle surrounding the pin. The center pixel of the marked rectangle is taken as the
location of the pin, which is then used in the training process as the target value. Then,
from each seed image, 5 images are obtained. In these images, the position of the pin
is the same, but the contrast and the brightness of the images are randomly modified
using Equations (3)-(5):

Contrast factor : Cf =1—0.2-rand, 3)
Brightness factor : Bf = 0.3-(rand — 0.5), 4)
lij = Cf-Isijj + Bf ®)

where rand is a random value between 0 and 1, Lsjj is the seed pixel value, and Ij; is the
resulting pixel value. This is applied to all seed images to obtain 1620 images.

These images, however, still have a size of 612 x 512. In order to train the network,
the images need to be transformed so that their size is 100 x 100. Therefore, each image
receives a random transformation, where a 100 x 100 size region is chosen from each
image. This is carried out by randomly selecting whether the image has a pin, the chance
of which is 50/50. At the end of the transformation, there are 810 images with a pin and
810 without a pin.

The final step of the training consists of the model training itself. In this case, a custom
training loop is used. MATLAB is the software chosen to develop the different algorithms
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that are involved in this work. This software has different tools to develop and train deep
neural networks. One of these functionalities is to train custom training loops, updating
the learnable parameters of the network using different solvers. In this case, the Adam
(adaptative moment estimation) solver is used [34].

In this process, each mini-batch of data is evaluated using the modeloGradients
function. The modeloGradients function takes the following as inputs: the network and a
mini-batch of input data, with the corresponding targets T1 and T2 containing the labels
and positions, respectively. Then, it returns the gradients of the loss with respect to the
learnable parameters, the updated network state and the corresponding loss.

The loss for each mini-batch 6 is calculated by adding the cross-entropy loss of the
classification task and the half mean squared error, with the latter multiplied by factor
A = 0.1, following Equation (6):

lossg = l0ssEy g + A-10SSyse 0 (6)

The cross-entropy loss (Ex) for each mini-batch 8 is calculated using Equation (7):

ngks

1 N
lossgyg = N Yo ) tuilnyy, )
n=1

i=1

where N is the number of samples, K is the number of classes, t,; is the indicator showing
that the n'" sample belongs to the i’ class, and y,,; is the output for sample n for class i.
That is, y,,; is the probability that the network associates the n input with class i.

The half mean squared error (mse) operation computes the half mean squared error
loss between the network predictions and target values for regression tasks. The loss for
each mini-batch 0 is calculated using the following Equation (8):

1 M
l05Ssep = 535 3 (Xi = i)’ (8)
i=1

where X; is the network prediction, T; is the target value, M is the total number of responses
in X (across all observations), and N is the total number of observations in X.

Afterwards, the calculated gradients are used to update the learnable parameters of
the network. This process continues until the training ends, which is when the training
reaches 200 epochs. Each mini-batch consists of 60 elements. Therefore, 5400 iterations are
performed. The parameters of the Adam solver are listed in Table 2.

Table 2. Parameter values of the Adam solver.

Parameter Value
Learn rate 0.001

Gradient decay factor 0.9
Squared gradient decay factor 0.999
Epsilon * 10-8

* Small constant for preventing divide-by-zero errors.

During the training, a validation evaluation is performed. This is carried out to ensure
that the training is performing well and that the results are converging. To perform this
task, a new dataset is created following the same steps as those used for the training data.
In this case, 3 images are obtained from each seed image in order to speed up the validation
process. This dataset is evaluated as the training dataset in groups of 60 data samples. At
the end of each training epoch, all the validation data are evaluated, and the average loss
value is returned by the algorithm.

The first loss function is based on a constant ratio between the two different losses.
Regarding the second loss function, we only want to perform the localization task when
the network detects an object in order to evaluate whether this approach improves the
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effectiveness of the network. This new loss function is also based on the cross-entropy loss
of the classification task and the half mean square error of the regression task. However,
the combination of both is not a simple constant ratio, as with the first loss function. At
first, we thought that the loss function only needed to take into account the cross-entropy
loss when the classification was not performed correctly, because trying to locate a pin in
an image that does not have one would not be correct. Therefore, the loss function that
was proposed included the target values of the classification task, as well as the network
prediction. However, the use of the predictions to calculate the loss led the network
to classify all images in one group due to the learnable parameters being related to the
predictions. Because of this, it was decided that the network predictions should not be
used. Consequently, only the target values of the classification task are used. In the images
where there is no pin, only the cross-entropy loss is used to calculate the overall loss. In
the other case, the half mean squared error is also computed. This is carried out with the
objective of only taking into account the localization task when there is a pin to locate. All
this is performed in each image y of the mini-batch 0 using Equation (9):

1
lossg = lossgyg + N Ztgc1~lossmsw 9)

where tz .1 is the target probability that image y contains a pin, lossg, ¢ is the cross-entropy
loss of the mini-batch 6 (Equation (7)), l0sSse,u is the half mean square error loss of the
image y (Equation (8)), and N is the number of images in the mini-batch 6.

As with the first proposed loss in this article, this loss is used to calculate the gradi-
ents of the loss with respect to the learnable parameters in order to update the latter to
improve the predictions of the network. The same base network is used to compare the
obtained results.

After finalizing the training, the same validation data are used to evaluate the training.
At this point, 10 randomly selected images are chosen to evaluate the network performance.
The same images are used to evaluate the training of the second loss function. Therefore,
both results are directly comparable and allow one to conclude whether the proposed
method is effective and which loss function has the best performance.

3. Results

In this section, the results of the investigation are presented. First, the network is
trained using the presented loss function. The loss during the training and the average
validation loss are presented in Figure 2. The quick drop that appears in the first iterations
suggests that the classification of the images is optimized early in the training. The values
obtained at the end of the training are collected in Table 3.

Table 3. Training properties values.

Property Value
Epoch 200
Iteration 5400
Training time 54 min 37 sec
Loss 211
Classification loss 0
Regression loss 21.087
Validation loss 1.87
Validation classification loss 2x 1074
Validation regression loss 18.699
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Epoch: 200, Elapsed: 00:54:37
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Figure 2. The loss during the training process (red) and the average validation error obtained for
each epoch of the training data (blue) of the first proposed loss function. In this figure, the downward
trend of the loss value can be seen. The loss value continues to drop at a low but constant rate after
the quick drop of the early iterations.

Looking at the results in Table 4, it can be seen that the network achieves very good
results in the classification task, labeling most of the images correctly. After analyzing
all the images in the validation dataset, 10 images were randomly selected to expose the
training results. Regarding the pin localization, the results can be improved. Most of the
time, the network is able to locate the pin with decent precision. However, the localization
task fails when there is no pin in the image, for example, as shown in images 816, 165 and
836 in Figure 3. It can also be noted that image 357 is not classified correctly, although the
localization task is performed accurately.

Table 4. The values of the analyzed validation images.

Image T1 Y1 T2 Y2 o R .

Index NoPin Pin NoPin Pin X y X y Loss Classification cgression
774 0 1 0 1 47 25 44.19 26.49 0.505 0 5.053
34 1 0 1 0 0 0 —0.40 —2.47 0.314 0 3.142
816 1 0 1 0 0 0 29.24 33.41 98.58 0 985.8
869 0 1 0 1 43 55 37.63 47.26 4.438 0 44.384
11 0 1 0 1 60 66 55.52 64.16 1.173 0 11.728
165 1 0 1 0 0 0 10.94 15.25 17.624 0 176.24
836 1 0 1 0 0 0 10.53 7.06 8.036 0 80.364
357 0 1 1 0 31 25 21.04 16.74 44.416 36.044 83.724
697 0 1 0 1 28 31 33.59 40.84 6.401 0 64.014
827 0 1 0 1 28 29 21.69 22.37 4.193 1.59 x 1074 41.93

T1 and T2 are the target values of each image. Y1 and Y2 are the predictions made by the network. Loss is the
total loss; Classification is the cross-entropy error; Regression is the half mean square error. All the values smaller
than 10~ are considered null.
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Figure 3. Images used to analyze the performance of the network. The red marking shows the real
position of the pin (manually labeled), whereas the blue marking shows the prediction of the network.

The same observation can be made with the second proposed loss. In Figure 4, the
loss during the training and the average validation loss are presented.

Epoch: 200, Elapsed: 00:52:17
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Figure 4. The loss during the training process (red) and the average validation error obtained for each
epoch of the training data (blue) of the second proposed loss function. In this figure, the downward
trend of the loss value can be seen. Comparing the values with those in Figure 2, the loss value is
higher at the beginning, although at the end of the training process, the values converge, as can be

seen in Table 5.

Table 5. Training properties values.

Property Value
Epoch 200
Iteration 5400
Training time 52 min 17 sec
Loss 4.497
Classification loss 0
Regression loss 8.431
Validation loss 6.461
Validation classification loss 0
Validation regression loss 12.922
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After analyzing all the images in the validation dataset, 10 images were randomly
selected to present the training results. Looking at the results in Table 6, as well as those of
the first network, this network performs well on the classification task, thus improving its
performance in the location task. In images 816 and 836 in Figure 5, it can be seen that the
network predicts the positions of the pins, although they are not in the images. However,
in the other images, the network predicts the positions of the pins more accurately than the
previous network. This can be the result of giving the regression task more influence when
there is a pin. This can also provide an explanation for the overall /oss values being higher
than those in the first network.

Table 6. The values of the analyzed validation images.

111111135: No Pirl: ! Pin No Pi: ! Pin X 1 y X YZ y Loss Classification Regression
774 0 1 0 1 47 25 41.62 23.61 15.414 0 15.414
34 1 0 1 0 0 0 3.35 1.84 0 0 7.295
816 1 0 1 0 0 0 17.07 21.18 0 0 370.07
869 0 1 0 1 43 55 40.28 45.80 46.019 0 46.019
11 0 1 0 1 60 66 59.09 65.53 0.521 0 0.521
165 1 0 1 0 0 0 —-2.39 3.31 0 0 8.315
836 1 0 1 0 0 0 10.77 4.42 0 0 67.727
357 0 1 0.991 0.009 31 25 17.13 13.61 196.74 35.736 161
697 0 1 0 1 28 31 25.48 28.55 6.170 0 6.170
827 0 1 0 1 28 29 2591 29.84 2.533 0 2.533

T1 and T2 are the target values of each image. Y1 and Y2 are the predictions made by the network. Loss is the
total loss; Classification is the cross-entropy error; Regression is the half mean square error. All the values smaller
than 10~ are considered null.

idx=774 idx=34 idx=816 idx=869

idx=165 idx=836 idx=357 idx=697 idx=827

B2l
=

Figure 5. Images used to analyze the performance of the network. The red marking shows the real

position of the pin (manually labeled), whereas the blue marking shows the prediction of the network.

4. Discussion

The improvements of convolutional neural networks in image classification [18] and
object detection [19,30] have positioned CNNSs as the best solution to perform these tasks.
Most of the reviewed literature suggests that a single task is performed by each network.
Although single-stage object detectors, such as YOLO [25] and SSD [26], perform both the
region proposal task and the detection task as a single task, they do not classify the input
image. In this work, the objective was to first classify the input image into two groups,
namely, images that contain a pin and images that do not contain a pin, and to then position
the pin inside the image, all while using the same simple network.

In this work, we proposed two different approaches to perform a custom training
loop. The two approaches differ from each other in the loss function that is used in each
case. After analyzing the results, we could see that the classification task was performed
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accurately in both trained networks. Regarding the localization of the pin, the second
network achieved better results. The differences in the approaches of the two methods led
us to think that the second network performed better in the localization task because it
gives more weight to the half mean squared error when it needs to perform the localization
task. However, both networks underperformed in the localization task when there was
no pin in the image. Therefore, in following iterations of this network, we will attempt
to improve the localization task of the network by refining the training processes of the
network and the loss function.

5. Conclusions

The objective of this research is to determine whether image classification and object lo-
calization tasks can be performed using a single CNN. In this work, two new loss functions
are added to a custom training loop. Both loss functions combine the cross-entropy loss
(Ex) for the classification task and the half mean square error (mse) for the regression task
(object localization). The main differences in both networks are as follows:

1. The first network always computes the loss by adding the classification task loss and
the localization task loss (Equation (6)), whereas the second only takes into account
the localization task loss when there is a pin in the image (Equation (8)).

2. In the first network, the localization task loss is multiplied by factor A (Equation (6)),
reducing the importance that this loss has in the overall loss of the network.

The first loss function is very simple, allowing for the results to be more easily analyzed
and for the network to be finetuned more accurately. However, the second loss function
introduces differentiation between the two types of losses that computes the total loss
depending on the image localization task. By doing this, only the half mean square error is
computed when an object is detected in the image. This is the key aspect of this second
loss, because the first loss does not make any differentiation in the computing of the total
loss, which, in our humble opinion, is the biggest contribution of this work. Based on the
results, this approach shows better performance than the first loss function, paving the way
forward for future research.

These results show that computer vision can benefit the manufacturing industry.
The tasks that require some type of visual recognition, detection or classification can
now be performed efficiently using neural networks. This can lead to more automated
manufacturing processes. Therefore, workers can focus less on automatic tasks and more
on their efforts in other tasks, such as problem solving and organizational tasks.
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Abstract

Composite laminates are widely used in aerospace, automotive, construction, and luxury
industries, owing to their superior mechanical properties and design flexibility. However,
detecting manufacturing defects and in-service damage remains a vital challenge for
structural safety. While traditional unsupervised machine learning methods have been used
in structural health monitoring (SHM), their high false positive rates limit their reliability
in real-world applications. This issue is mostly inherited from their limited ability to
capture small temporal variations in Lamb wave signals and their dependence on shallow
architectures that suffer with complex signal distributions, causing the misclassification
of damaged signals as healthy data. To address this, we suggested an unsupervised
anomaly detection framework that integrates a self-attention autoencoder with a Gaussian
mixture model (SAE-GMM). The model is solely trained on healthy Lamb wave signals,
including high-quality synthetic data generated via a generative adversarial network
(GAN). Damages are detected through reconstruction errors and probabilistic clustering
in the latent space. The self-attention mechanism enhances feature representation by
capturing subtle temporal dependencies, while the GMM enables a solid separation among
signals. Experimental results demonstrated that the proposed model (SAE-GMM) achieves
high detection accuracy, a low false positive rate, and strong generalization under varying
noise conditions, outperforming traditional and deep learning baselines.

Keywords: composite laminates; unsupervised machine learning; structural healthy mon-
itoring; self-attention; Gaussian mixture model; generative adversarial network; Lamb
waves

MSC: 68T01

1. Introduction

The need for composite laminates has gradually increased in the automotive,
aerospace, naval, and energy fields due to their unique properties, such as high specific
strength, high toughness, high flexibility, and low density [1,2]. Composite materials are
prone to intricate flaws during manufacturing and assembly processes. Moreover, they are
subjected to harsh environmental conditions and various cyclic loadings, which adversely
affect their performance and can lead to structural integrity failure [3,4]. To detect flaws in
composite materials, nondestructive testing using ultrasonic guided waves, also known as
Lamb waves, has been used in the past decades because of their ability to propagate over
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long distances with minimal attenuation, a larger inspection range, and high sensitivity to
small damages [5].

The basic principle of NDT-based structural health monitoring (SHM) is to assess
the condition of a structure by collecting signal responses from multiple sensor networks,
analyzing them, and determining whether the structure is healthy or damaged, using
either a physics-based (model-driven) or data-driven approach. Physics-based models
typically rely on mathematical formulations and physical principles to define structural
characteristics and predict damage. However, owing to their computational intensity, re-
liance on accurate material properties and boundary conditions, and limited adaptability to
real-world uncertainties, the quantitative analysis of the physical behavior of guided waves
remains challenging [6]. On the contrary, data-driven approaches utilize machine learning
and artificial intelligence to learn complex patterns from collected time-series data without
requiring expert knowledge or exact structural information [2,7]. Supervised data-driven
approaches have been extensively used for Lamb wave-based damage detection in SHM,
achieving good performance for both image and time-series datasets. However, supervised
learning relies on labeled data from both healthy and damaged states of a structure, which
can be time-consuming, labor-intensive, and sometimes impractical to obtain in real-life
scenarios. To tackle this problem, unsupervised approaches have been successful in de-
tecting abnormalities at an early stage before catastrophic failure occurs. Unsupervised
anomaly detection for SHM does not require damaged data to train the model. Instead,
the model only requires normal data, and it solely uses a small portion of the damaged
data for testing [8]. Khan et al. [9] proposed the processing of guided waves using a sparse
autoencoder to extract unsupervised autonomous damage features. The unsupervised
features, when applied in supervised learning, demonstrated that the sparse autoencoder
(SAE) could distinguish between pristine and damaged conditions with 99% accuracy.
Abbassi et al. [10] evaluated four unsupervised dimensionality reduction methods (PCA,
KPCA, t-SNE, and AE) for detecting and localizing damage under varying temperature
conditions. Through the dimensionality reduction strategy, the AE outperformed the other
models in detecting and localizing damage, whereas the others succeeded in detecting
damage at low temperatures. Additionally, using the strategy involving the Q and T?
indices, all the methods successfully detected damage across all temperature ranges. The
effectiveness of the unsupervised autoencoder was also highlighted in [11], as it eliminated
the use of labeled data by proposing a CNN autoencoder for damage localization. They
validated their method using numerical and experimental datasets. The proposed method
demonstrated excellent results compared to the tomography method.

Guided-wave-based SHM presents significant complexities and heterogeneity, which
primarily affect models” ability to extract meaningful features. To address this challenge,
various deep learning models have been proposed for feature differentiation; however,
these approaches require a substantial number of learning parameters in addition to the
computational complexity of the task. Sawant et al. [4] utilized raw Lamb wave time-
series data to identify and localize damage through unsupervised transfer learning using a
convolutional autoencoder (TL-CAE). The proposed unsupervised model outperformed its
supervised counterpart trained on the same dataset. In SHM, gathering a sufficient dataset
to train deep learning models can be challenging, costly, and time-consuming, particularly
for damage-related data. To minimize the negative impact of an imbalanced dataset
on anomaly detection, Zhao et al. [12] proposed an SGAD-GAN model to perform data
augmentation and anomaly detection simultaneously. The issue of data scarcity in SHM
was also addressed by Furkan et al. [13] by employing a generative adversarial network
with a gradient penalty to generate synthetic labeled acceleration data. The data generated
were augmented using varying ratios and were used to train a 1D-CNN. Training GANs
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is not an effortless task, and it often produces misleading samples or fails to capture the
important patterns in the signals. To identify and filter such low-quality samples, different
clustering-based techniques have been employed, including DBSCAN [14], K-means [15],
and discriminative fuzzy K-means [16].

In this study, a self-attention autoencoder combined with a Gaussian mixture model
(SAE-GMM) for unsupervised anomaly detection in laminated composite plates was pro-
posed. The model was trained exclusively on the original healthy data and synthetic data
generated using a GAN. A deep autoencoder was employed to extract the low-dimensional
latent features and compute the reconstruction errors for each input signal. Additionally, a
self-attention mechanism was integrated to enhance the performance of the deep autoen-
coder by dynamically prioritizing the most relevant parts of the input signal. Finally, the
extracted latent features and reconstruction error outputs from the AE were input into
the estimation network for density estimation via a GMM. This combination provides
a full anomaly detection model, capable of detecting damage with high accuracy and
inference time compared to conventional models. The key contributions of this study are
summarized as follows:

e  The developed SAE-GMM architecture was trained solely on healthy Lamb wave data,
enabling reliable damage detection without requiring labeled damage samples.

e  The proposed unsupervised framework was specifically designed to minimize false
positive rates, thereby improving the robustness and reliability of damage detection.

e A GAN was employed to generate high-fidelity synthetic signals, filtered via K-means
clustering, to enrich healthy training data and overcome data shortage issue in SHM.

e  The self-attention mechanism was integrated into the encoded network, enhancing
sensitivity to subtle signal distortions, improving representation quality and recon-
struction fidelity.

e Leveraged Gaussian mixture modeling combined latent features and reconstruction
errors to effectively separate healthy and damaged signals.

e  We achieved state-of-the-art anomaly detection performance on an experimental
composite plate, with validated generalization under varied Gaussian noise levels.

2. The Proposed Framework
2.1. Overview

The proposed framework comprises of three main components: (1) an experimental
setup and data acquisition, (2) a GAN for generating synthetic data, and (3) a self-attention
autoencoder (SAE) with a Gaussian Mixture Model (GMM) for anomaly detection. Figure 1
shows the architecture of the SAE-GMM framework. First, a composite plate was fabricated,
and Lamb wave-based experiments were conducted to collect both healthy and damaged
signals. The GAN model was employed to generate synthetic healthy data that closely
resembled the original healthy signals. To ensure data quality, the K-means algorithm was
applied to filter out the most realistic synthetic samples before incorporating them into
the dataset for augmentation. The autoencoder was trained exclusively on healthy data
using a self-attention module integrated into the encoder to enhance feature extraction.
The reconstruction error and latent vector were then combined to form a new input vector
for density estimation using the GMM, enabling effective anomaly detection.
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Figure 1. The flowchart of the proposed model, SAE-GMM. The proposed framework comprises of
three main components: (1) an experimental setup and data acquisition, (2) a GAN for generating
synthetic data, and (3) a self-attention autoencoder (SAE) with a Gaussian Mixture Model (GMM) for
anomaly detection.

2.2. GAN Model for Data Augmentation

The GAN consists of two key components: a generator network (G) and a discriminator
network (D). As shown in Step 2 of Figure 1, the generator network converts Gaussian
noise into synthetic data that closely resembles the original data distribution, aiming to
deceive the discriminator. The discriminator network is responsible for distinguishing
between fake and real data. Through an adversarial process, the two networks engage in
a competitive game: the generator continuously improves to produce more realistic data,
whereas the discriminator enhances its ability to detect fake data. During training, the
objective function follows a minimax strategy [17,18]:

V(D,G) = Eyp(x)[logD(x)] + Eyp(z) [log(1 — D(G(Z)))] )

where P(x) represents the distribution of the original data and P(Z) denotes the distribution
of the synthetic data generated by the model. The first term, E, _p(,)[log D(x)], represents
the discriminator’s goal of maximizing its ability to classify real samples. Simultaneously,
the generator minimizes the discriminator’s success in distinguishing fake data through
the second term, E, _p(z)[log(1 — D(G(Z)))]. This process continues until the generator
reaches the stage of generating samples that are closely related to real data, and the
discriminator’s accuracy can no longer be improved further.

The generator maps a 150-dimensional latent vector to a 1500-point time-domain
signal. Both the generator and discriminator consist of three fully connected layers with 64,
128, and 256 neurons, each followed by LeakyReLU activation functions. To improve train-
ing stability, batch normalization and dropout were applied. The models were optimized
using the Adam optimizer with a learning rate of 2 x 10~* and a momentum coefficient 31
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= 0.5. Binary cross-entropy was used as the loss function. The training process was carried
out over 5000 epochs with a batch size of 32 to ensure stable convergence.

After training the model, 5000 synthetic data samples were generated. However,
some of the synthetic signals were of poor quality. To ensure the quality of the samples
generated, K-means clustering was used to distinguish between high- and low-quality
signals. Additionally, this algorithm is simple to implement and efficient for large datasets.
First, the mean square error (MSE) was calculated and stored for each synthetic signal in
comparison with all the original data as follows:

1 n

2
= — ,- — ,i
MSE(dsynr dreal) n E ,(dsynz dreal ) (2)
i=1

where ds,; and d,,,; are synthetic data and real data, respectively.

After storing all the MSE values as {1y, ny, n3,..., n,}, K-means clustering was
initialized with two clusters, and the two centroids (C;, C;) were assigned randomly. Each
value in the MSE set was assigned to the closest centroid as follows:

K] = {m,-

argmin,|n; — C;| ‘} ®)

where K; is the cluster set, and the updated centroid C; is calculated as C; = &72’“’6 K (n;).

The centroids are continuously updated until convergence is achieved. To select the highest-
quality synthetic signals, the threshold was determined as Threshold = min (C1, Cp).
Finally, only 3270 quality signals fell below the threshold.

2.3. Self-Attention Autoencoder with GMM

The self-attention autoencoder with Gaussian mixture model (SAE-GMM) consists
of two main components, as shown in Figure 1. The first is a self-attention autoencoder,
which functions as a compression network to reduce input dimensionality into a lower-
dimensional representation while simultaneously computing reconstruction errors. In the
second stage, both the low-dimensional latent features and their corresponding reconstruc-
tion errors are concatenated and fed into an estimation network, which performs density
estimation and maximizes the likelihood of the input samples using a Gaussian mixture
model.

2.3.1. The Encoder

One key component of the compression network is the encoder, which transforms a
sequence of input data (X € R") from a high-dimensional space into a lower-dimensional
latent representation (Z. € R!, t < n). This compression process is accomplished by ex-
tracting and encoding essential features from the input data. In the proposed model, the
encoder consists of two stacked layers with 128 and 64 neurons. Each layer employs a
Rectified Linear Unit (ReLu) activation function. The encoding process that maps the input
data X to the low-dimensional latent space Z. is formulated as follows:

Zc=fo (X ) 4
where fy represents the fully connected layers of the encoder part.
Ze = p(Ws % 6(Wy x 6(Wy % X +by) + by) + b3) (5)

where X is the input data, W; and b; are weight and bias, respectively, and p is the activa-
tion function.
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2.3.2. The Attention Mechanism

The attention block in the autoencoder enhances the encoder’s ability to focus on
the most salient features of the input data while suppressing less important features. The
mechanism computes attention weights by evaluating the relative importance of each input
element, measuring their similarities, and normalizing these values to form a weighted
representation [19]. The self-attention mechanism computes three matrices, namely query
(Q), key (K), and value (V) from the hidden states, and they are calculated as follows:

Qi = XCWQ (6)
K; = X Wk (7)
Vi = XWy 8)

where X, denotes the ith feature sliding window matrix of a low-dimensional latent
space. Wy, Wk, and Wy are the weight matrices corresponding to query, key, and value,
respectively. The attention function is calculated as follows [20]:

A; = Softmax <QfKiT/ >.Vi )
Vd

where A; is the attention coefficient of matrix X., and d represents the scaling factor.
The output from the attention layer is obtained by applying attention weights to the
input sequences.

Zt=2.0Q) 4 (10)

During implementation, the attention module was constructed using the Dot-product
attention layer from TensorFlow-Keras. The encoded feature tensor is passed simultane-
ously as both the query and value inputs to this layer, enabling self-attention across all
steps. The resulting attention scores highlight interdependence within the sequence and are
used to compute a weighted representation of the input. This attention-enhanced output is
combined with the original encoded features via elementwise multiplication before further
transformation through dense layers.

2.3.3. The Decoder

The decoder typically consists of hidden layers with an increasing number of nodes
and gradually decompresses the low-dimensional features from the encoder. Its primary
goal is to reconstruct X from the latent features z/,, with minimal loss. The last layer of the
decoder network can be mathematically expressed as follows:

X = p(We#6(Wp % 8(Wa  Z¢ + bg) + by) + be) (11)

where X is the reconstructed output from the decoder and W and b are the weight and bias
of the decoder network, respectively. The reconstruction loss of the compression network
is computed as follows:

2

1Y .
Lyec = NZHXZ - Xi| (12)
i=1

2.4. Estimation Network and Anomaly Score
The estimation network computes density estimation of the input data (Z) by lever-

aging concatenation of the reconstruction error (Z,) and low-dimension latent vector (z.).
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This enables the model to estimate the likelihood of a sample belonging to either the healthy
or damaged class. The process was performed within the framework of the Gaussian mix-
ture model (GMM). In this study, a multilayer perceptron (MLP) with three hidden layers
consisting of 16, 8, and 4 neurons was employed to estimate the parameters of the GMM.
This classifier can learn efficiently the complex relationships between construction error,
latent features, and output probabilities [21]. The mathematical formulation of this process
is as follows [22]:

h=z,

X~ %] (13)

The final layer of the MLP is obtained as follows:
W = 0 <W(3) * 0 (W(z) * p(W(l) *h+ b(l)) + b(z)) + b(3)) (14)

where (%) represents the output feature vector of the MLP, p is the activation function
(ReLU), and W) and b?) represent the weight matrices and bias for the ith layer, respec-
tively. To estimate the probabilities of each GMM component, the last layer of the MLP
passes through SoftMax activation and is expressed as follows:

exp (h,@)

Zf'il exp (h]@) (15)

Tk =

Here, 7y represents the probability of data belonging to the kth Gaussian component,
K'is the total number of Gaussian components, and h}({s) is the output of the final MLP layer
corresponding to the kth component. Furthermore, to maximize the likelihood of the input
samples, the mean () and variance (};) parameters of the GMM can be estimated as
follows [23]:

N
N o Z:
e = ZZ,I\} Yik (16)
Yis1 Yik
N vie(Zi — w)(Zi — i) T
y - Yiz1 Yik(Zi — ) (Zi — i) (17)

Y vik
where N denotes the total number of samples. With the estimated parameters, the likeli-
hood of each sample being computed using the energy function is as follows:

EXP(—%(Z —w) 5Nz - ,”k))

V127 Y|

where 77y is the mixture probability of the kth component and |.| represents the matrix

E(Z) = —logY 4, (18)

determinant. Based on Equation (18), samples with higher energy values are more likely to
correspond to the damaged cases. In this study, the threshold was set at the 95th percentile
of the healthy samples, meaning that any sample exceeding this threshold was classified
as damaged.

3. Experiments and Analysis
3.1. Experimental Verification on Laminated Composite Plate

To validate the proposed model, a laminated composite plate with dimensions of
300 mm x 300 mm x Imm was fabricated using an epoxy-based carbon fiber prepreg with
a cross-ply orientation of [0/90/0/90]s. The composite laminates were manufactured using
a hot-press machine and carefully cured to achieve the desired mechanical properties: a ten-
sile strength of 4900 MPa, tensile modulus of 230 GPa, thermal conductivity of 9.4 W/m .k,
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and density of 1.8 g/cm?. After trimming the composite plate to its final dimensions, four
piezoelectric transducers (PZTs) from the PI ceramics were mounted diagonally at the four
corners of the laminate plate using Loctite 401 adhesive to monitor the structure. Each PZT
had a diameter of 10 mm and thickness of 0.5 mm.

3.2. Data Acquisition

The configuration consisting of four piezoelectric transducers, each with the dual
functions of actuation and sensing, attached to a laminated plate is presented in Figure 2a.
Twelve sensing paths (P1-P12) were used for data acquisition. The composite plate was
segmented into nine grid zones, each measuring 90 mm x 90 mm. To simulate varying
damage severity levels, as presented in Figure 2b, three distinct masses (13 g, 16 g, and 20 g)
were simultaneously placed at the center of each grid zone. A disk magnet was chosen
to simulate the damage because it was non-destructive, easy to position, and capable of
altering the local stiffness and acoustic impedance of the laminate, thereby affecting the
propagation of Lamb waves. This approach also allowed for a reversible process that
enabled the collection of both healthy and damaged data under controlled conditions.
The experimental setup, as shown in Figure 2¢, comprised an NI-USB 6341 series data
acquisition system, a dual-channel PZT amplifier, and a LabVIEW-controlled PC for signal
generation and data acquisition.

Monitor

) Simulated

damage

Composite
- plate

D1
Unit: gram

(b)

Figure 2. Data acquisition setup: (a) laminated composite with PZT layout and sensing paths;

(b) different masses used to simulate artificial damage; (c) experimental setup.

The excitation signal and measured Lamb wave signals are presented in Figure 3. As
shown in Figure 3a, a five-cycle sinusoidal tone burst, modulated by a Hanning window
and centered at 150 kHz, was employed as the excitation signal. Signals were transmitted
and recorded at a sampling rate of 500 kHz per sample. As shown in Figure 3b—f, healthy
and damaged responses (D1-D3) were acquired sequentially using the pitch—catch method.
The signals were collected along path 3 between PZT-1 and PZT-3, with all damage cases
introduced simultaneously at the center of the plate. The influence of the damage was
evident in the direct-wave packet region (index 0—400), where noticeable amplitude reduc-
tions and signal distortions were observed in the damaged signal compared to the healthy
one (see Figure 3c—e). The damaged responses exhibited reduced amplitudes owing to the
scattering effects induced by the defects. Subtle differences were observed among the three
damage cases. As shown in Figure 3f, damage case D3 resulted in greater energy loss than
D1 and D2, indicating more severe disruptions.

To ensure experimental repeatability, each test cycle was repeated ten times. A total
of 3240 damaged signals (12 paths x 10 repetitions x 9 locations x 3 damage levels) and
600 healthy signals (12 paths x 10 repetitions x 5 trials) were collected. Due to the limited
quantity of healthy signals and the risk of overfitting, a generative adversarial network
(GAN), described in Section 2.2, was employed to generate new high-fidelity samples
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rather than simply replicating the existing data patterns. Moreover, to ensure the quality
of the generated signals, K-means clustering was used to distinguish between high- and
low-quality synthetic samples.
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Figure 3. Measured Lamb wave signals along path 3: (a) excitation signal; (b) response under healthy
conditions; (c¢) comparison between healthy and damaged case D1; (d) comparison between healthy
and damaged case D2; (e) comparison between healthy and damaged case D3; (f) comparison of all
damage cases (D1-D3).

Specifically, the root mean square (RMS) of each generated signal was compared with
that of the original healthy signal. A threshold was established based on the minimum
distance between the centroids of two clusters. Synthetic signals with mean squared error
(MSE) values below this threshold were classified as high-quality, as shown in Figure 4a.
A representative comparison between a generated signal and an original healthy signal
is shown in Figure 4b, demonstrating a close resemblance in both amplitude and tempo-
ral structure, with only minor deviations observed in the second-wave packet. In total,
3270 high-quality synthetic signals were generated and combined with the original healthy
data, yielding a final dataset comprising 3870 samples.
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Figure 4. Augmented Lamb wave data: (a) K-means clustering of synthetic signals based on mean
squared error (MSE) values; (b) comparison between the original and the generated healthy Lamb
wave signals.
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3.3. Baseline Methods and Evaluation Metrics

To demonstrate the effectiveness of our model, we compared it with various state-of-
the-art models that are widely used for anomaly detection. These include shallow machine
learning and deep learning approaches. Some of the models evaluated were the One-Class
Support Vector Machine (Oc-SVM) [24], IsoForest [25], Local Outlier Factor (LOF) [26],
and K-nearest neighbor (KNN) [27]. To ensure a fair comparison, latent features from
the pretrained autoencoder were extracted and used to train the selected shallow models.
Although shallow machine learning algorithms have demonstrated effectiveness in certain
tasks, they often struggle with complex datasets. Therefore, in this study, we considered
several deep learning models as the baseline for our proposed approach. These deep
models include the Variational Autoencoder (VAE) [28], Invariant Representation Anomaly
Detection (IRAD) [29], Deep support vector data description (Deep-SVDD) [30], and the
transformer autoencoder (TAE) [31].

3.4. Implementation Details

To ensure a fair comparison between shallow machine learning and deep learning
models, features were extracted using an autoencoder to train the KNN, IsoForest, Oc-SVM,
and LOF models. The autoencoder, with an input shape of 1500 and a 64-dimensional latent
representation, was trained exclusively on healthy data. All experiments were conducted
on a workstation equipped with an NVIDIA GeForce RTX 3060 GPU, an Intel Core i7-
10700F CPU, and 32 GB of RAM. All models were trained using the same hyperparameters:
the Adam optimizer, a batch size of 32, and 50 training epochs. For KNN and LOF, the
neighborhood size was set to five based on trial-and-error experimentation. In contrast, the
number of estimators for IsoForest was set to 30, and the radial basis function (RBF) kernel
was selected for Oc-SVM. Fully connected layers were used to construct deep learning-
based models such as VAE, IRAD, and Deep-SVDD, all trained exclusively on healthy data
with identical training parameters. Anomaly detection in both the VAE and IRAD models
is based on reconstruction errors, which serve as the anomaly score via the mean squared
error (MSE). In the case of VAE, Kullback-Leibler (KL) divergence is added to the loss
function to enforce a standard normal distribution in the latent space, whereas Deep-SVDD
initializes its center point based on features extracted from healthy data. The transformer
autoencoder model was constructed with a dense layer of 64 units, two attention heads, a
feed-forward network with a hidden size of 128 and dropout rate of 0.25.

The proposed model, summarized in Table 1, identified abnormalities by initially
training an attention-enhanced autoencoder solely on healthy data. This allowed the model
to learn a compact latent representation and accurately reconstruct normal signal patterns.
Subsequently, a Gaussian mixture model (GMM) with four components was then fitted
to the latent features extracted from the healthy data. The number of components was
selected based on a trial-and-error approach rather than exhaustive parameter optimization.
Anomaly scores were then computed using the negative log-likelihood of each sample
under the GMM. Samples with scores exceeding 95th percentile of the healthy data were
classified as having anomalies, indicating potential damage.

To assess the contribution of the attention mechanism to our proposed model, we
conducted a comparative experiment by retraining the SAE-GMM model with the attention
module excluding from the encoder section. The modified model (AE-GMM) was evaluated
under similar conditions, and its performance metrics were compared to those of the
original architecture.
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Table 1. Detailed architecture of the proposed SAE-GMM model.

Layers Output Shape Parameters Hyperparameters

Input layer (None, 1500) 0 input shape = 1500

Dense (None, 128) 192,128 units = 128; activation = ReLu
Dense (None, 64) 8256 units = 64; activation = ReLu
Attention (encoder) (None, 64) 0 self-attention over 64-d latent space.
Multiply (None, 64) 0 encoded @ attention output
Dense (latent) (None, 32) 2080 units = 32; activation = ReLu
Dense (None, 64) 2112 units = 64; activation = ReLu
Dense (None, 128) 8320 units = 128; activation = ReLu
Dense (reconstruction) (None, 1500) 193,500 units = 1500; activation = sigmoid
Concatenate (None, 1532) 0 combined latent (32) + abs (1500)
Dense (None, 16) 24,528 units = 16; activation = ReLu
Dense (None, 8) 136 units = §; activation = ReLu
Dense (GMM output) (None, 4) 36 units = 4; activation = SoftMax

Total params: 431,096

3.5. Evaluation Metrics

To evaluate the performance of the proposed model, four key metrics were selected:
the Fl-score, recall (R), the false positive rate (FPR), and inference time. According to [25],
recall indicates the proportion of correctly classified damaged instances, whereas the FPR
assesses the model’s reliability by measuring how often healthy data are misclassified as
damaged. Inference time tells how long it takes for a trained model to analyze new data.

4. Experimental Results
4.1. Influence of Synthetic GAN Data on Proposed Model’s Performance

To evaluate the influence of synthetic data on our model’s performance, we designed
four different scenarios, as summarized in Table 2. The first scenario is composed exclu-
sively of real data (100% real samples). The second scenario includes a balanced mix of real
and synthetic samples, consisting of 100% real and 20% synthetic data. The third scenario
features a complete mix of real and synthetic data. Lastly, the fourth scenario consists solely
of synthetic data (100% synthetic samples). Each scenario was evaluated using the same set
of 1080 damaged samples.

Table 2. Performance of SAE-GMM under various real-synthetic data configurations.

Scenario = Real Samples Synthetic Samples Accuracy Precision Recall F1-Score  FPR
1 600 0 0.92 0.97 0.93 0.95 9.50
2 600 654 0.97 0.96 1.0 0.96 5.06
3 600 3270 0.97 0.98 1.0 0.97 5.02
4 0 3270 0.97 0.94 1.0 0.96 6.40

From Table 2, it is clearly seen that the model trained solely on real data achieved low
accuracy and a high false positive rate. This suggests that the model struggles to generalize
well to unseen datasets due to the scarcity of real samples.

In contrast, the inclusion of synthetic data on real samples (scenario 3) demonstrated
the best Fl-score and the lowest false positive rate, highlighting the quality of the synthetic
signals filtered by K-means clustering. Finally, the fourth scenario showed also strong
anomaly detection; however, it suffered from low precision and an increased FPR, likely
due to the absence of real data during training. Overall, the results indicate that synthetic
data enhanced our model’s performance, with scenario 3 exhibiting optimal performance.
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4.2. Anomaly Detection Results

To train the proposed and baseline models, 5-fold cross-validation was employed to
split the healthy data into training and validation sets. For each damage category, 35%
of the corresponding data were randomly selected to minimize imbalances during the
testing phase. The selected samples from the three damage severities were concatenated
to construct the damage dataset. Subsequently, the damaged dataset was combined with
validation healthy dataset to form the testing dataset.

Table 3 lists the average performance metrics of the proposed and baseline models.
For each metric, the highest score is indicated in bold, and the second-highest score is
underlined. Among traditional models, Isolation Forest delivered the best performance
with an Fl-score of 91.4% and a recall of 93.8%, though it suffered from a relatively high
false positive rate (FPR) of 11.3%. The K-nearest neighbor (KNN) model achieved an almost
perfect recall (99.4%) but was undermined by the highest FPR (31.8%), indicating poor
discrimination of healthy signals. Both One-Class SVM and Local Outlier Factor (LOF)
performed poorly across all metrics. These findings suggest that while traditional machine
learning models offer faster inference, they lack the feature extraction capacity required
for complex signals such as Lamb waves. In contrast, deep learning models demonstrated
superior feature extraction capabilities. The Variational Autoencoder (VAE) stood out
among the baselines, achieving an F1-score of 96.1%, a recall of 98.3%, and a moderate FPR
of 5.16%. However, its inference time (0.75 s)—nearly double that of the proposed model—
limits its practicality in real-time settings. The transformer autoencoder (TAE) attained a
moderate Fl-score of 90.0% and a recall of 94.0% but exhibited the longest inference time
(5.56 s), reflecting high computational demand despite decent detection performance. Both
Deep-SVDD and IRAD failed to strike a balance across metrics. Deep-SVDD achieved the
lowest FPR (0.8%) but suffered from extremely low recall (44.0%) and a corresponding
F1-score of 60.6%, indicating severe overfitting and poor anomaly detection capability.

Table 3. Anomaly detection performance for baselines and our proposed model. For each metric, the
highest score is indicated in bold, and the second-highest score is underlined.

Models F1-Score Recall False Positive Rate Inference Time (s)

Oc-SVM 60.0 0.1 51.1 +0.22 11.0 18 0.09
IsoForest 91.4 + 0.1 93.8 +0.03 11.3 £ 21 0.01
KNN 83.8+0.2 99.4 £+ 0.01 31.8 £ 15 0.03
LOF 78.8 +£0.3 80.1 +£0.34 8.5+ 0.01 0.02

IRAD 88.7 £ 0.1 88.7 + 0.09 8.2 +0.04 23 x 1073
Deep-SVDD 60.6 + 0.0 44.0 + 0.01 0.8 4= 0.33 0.93
TAE 90.0+ 04 94.0 & 0.06 10.0 4 0.03 5.56
VAE 96.1 £ 0.1 98.3 £+ 0.03 5.16 & 0.09 0.75
AE-GMM 95.8 £0.3 100 + 0.0 7.01 £+ 0.01 0.32
SAE-GMM 97.1 £+ 0.0 Miﬂ mi& 0.37

The proposed SAE-GMM model outperformed all baselines, achieving the highest
F1-score (97.1%), nearly perfect recall (99.9%), and the lowest FPR (4.99%). Additionally,
it maintained a fast inference time of 0.37 s, offering an ideal balance between speed and
accuracy. The trained model without the self-attention module (AE-GMM) achieved perfect
recall but suffered from a higher FPR (7.01%). In addition, SAE-GMM provides a clear
balance between recall and false alarms. These results clearly demonstrate that integrating
self-attention improves robustness and reduces false positives, with only a slight increase
in runtime.

Figure 5 shows the confusion matrices for all baseline models and the proposed model,
highlighting the effectiveness of each in distinguishing between healthy and damaged sam-
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ples. The Oc-SVM and Deep-SVDD models exhibited limited capabilities, misclassifying
nearly half of the damaged samples. Although Deep-SVDD achieved the lowest FPR, its
overall detection performance was inadequate for practical applications. Models such as
IsoForest, LOF, and IRAD demonstrated moderate performance in detecting true positives.

= — Z 154 H 411
= 0, -
H (11.33%) g L ) 3 (30.63%)
2 < &
o o °
£ s06 574 g 100 g J
§ (46.85%) (53.15%) E T (9.26%) E° (0.56%)
a a
Healthy Predicted Pamaged Heallthy Dam;ged Hea‘lthy . Damaged
Predicted Predicted
(a) (b) (c)
z 114 Z £ 14
g (8.50%) E g (1.04%)
© ® ®
2 2 2
< < <
3 3 3
-3 198 & 128 S 610 470
E (18.33%) E (11.85%) £ (56.48%) (43.52%)
a [=] =]
Heallthy Damaged Heallthy Damlaged Heal|thy Damlaged
Predicted Predicted Predicted

(d) (e) ()

Healthy
Healthy
Healthy

Actual
Actual
Actual

° ° K
& 29 5 1 g- 78
£ (2.69%) £ (0.09%) g [ C20%)
a a a
' ' g Heallthy Damaged
Healthy Damaged Healthy Damaged Predicted
Predicted Predicted
(8 (h) (i)

Figure 5. Confusion matrices for baselines and proposed model: (a) Oc-SVM; (b) IsoForest; (c) KNN;
(d) LOEF; (e) IRAD; (f) Deep-SVDD; (g) VAE; (h) SAE-GMM,; (i) TAE.

The KNN model achieved the second-highest number of true positives, correctly
identifying 1074 out of 1080 damaged samples; however, it suffered from a high false
positive rate, misclassifying 33.6% of the healthy signals. The VAE also performed well,
misclassifying only 29 damaged samples and yielding a low FPR of 5.04%. The trans-
former autoencoder (TAE) achieved decent classification performance, correctly identifying
1013 damaged samples (93.8% recall) and 1207 healthy samples (90.01%). However, it mis-
classified 67 damaged and 134 healthy instances, indicating a moderate trade-off between
detection and precision.

In contrast, the proposed SAE-GMM model outperformed all baselines, achieving
the highest number of true positives—correctly classifying 1079 out of 1080 damaged
samples and misclassifying only one sample. This highlights its robustness in differenti-
ating between healthy and damaged signals. These results demonstrate that the superior
performance of the proposed model stems from its ability to effectively capture the un-
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derlying structure of healthy data through a combination of deep representation learning,
self-attention mechanisms, and GMM-based clustering in the latent space.

4.3. Visualization of the Results

To further evaluate the separation capabilities of the proposed model relative to base-
line approaches, we employed t-distributed Stochastic Neighbor Embedding (t-SNE) and
Kernel Density Estimation (KDE) visualizations. As shown on the left side of Figure 6,
the t-SNE results indicate that both Deep-SVDD and Oc-SVM exhibited a limited ability
to discriminate between healthy (blue) and damaged (red) samples in the latent space. A
significant portion of the damaged samples were incorrectly clustered with healthy samples,
reflecting suboptimal separation. In contrast, the KNN model tended to misclassify a large
number of healthy samples as damaged. Deep learning-based models, including the VAE,
IRAD, and LOF demonstrated improved class separation with reduced overlap between
healthy and damaged sample distributions compared with shallow machine learning meth-
ods. Among these, the proposed model achieved the most distinct separation, followed by
the VAE model. In the t-SNE plot, the healthy samples form a compact cluster, whereas the
damaged samples are more widely distributed and separated. This clear delineation sug-
gests that the proposed model is more effective in learning discriminative features, thereby
enhancing its capacity for reliable and accurate damage detection. Additionally, the KDE
plots shown on the right side of Figure 6 are used to illustrate the distribution of anomaly
scores and reconstruction errors for the two classes. Note that the Oc-SVM achieved the
worst separation between healthy and damaged samples, whereas the proposed model
exhibited the best separation. The healthy (green) and damaged samples (red) show a
clearer overlap around the decision threshold at zero, suggesting the limited ability of the
Oc-SVM model to separate false positives and false negatives.

60 T - 0.0200 = ooy 60 ) 8 3 Healthy KDE
7 =1 Damaged KDE
20 %& o.0175 WM Dameged a0 > ’.‘0‘ a -~ Threshold = 0
.01 s
0{ # 24 "52?‘ ) 0.0150 % o0 ¢ ¥, ¥ o ‘?
o TRy 20.0125 ] ' s
= £ z
o - » a H o o K
Fa S o IR £ 0.0100 2 ) LI & g
-20 e 53¢ a E 50 % . - 8
& & 0.0075 E < 3|
-40 2 »- * < 2
.+ Healthy 0:0080 401 . Healthy
-60{ . Damaged e 0.0025 _¢o | - Damaged, 1
0.0000 o
-60 -40 -20 O 20 40 -200 -100 100 -50 -25 0 25 50 -03 -02 -01 00 01 02
Component 1 Anomaly score Component 1 Anomaly score
(a)
60 FN =3 Healthy s =3 Healthy
P 0.8 =1 Damaged % Y =1 Damaged
a0 b L ,;éi == 90% Threshold & —~ 80% Threshold
5 ~ - 2
20 -, ”® k P ,3 5 0.6 E 20 B % .
5 - N H £ oW " 3 H
L4 E 4 Soa g it g
- # E 20 . e
_20 > s S ”~ g
- Y e n
—40{ - Healthy X 0.2 =401 . Healthy &
sl Damaged & / _eo | - Damaged st o i 0.05 !
0.0 X L
-60 -40 -20 0 20 40 25 50 7.5 100 125 15.0 —60 -40 -20 o0 20 40 0035 -30 -20 -10 o
Component 1 Average distance Component 1 Anomaly score
(0 (d)

=3 Healthy KDE
a0 =1 Damaged KDE
—=- 80% Threshold

Component 2

-50 -25 0 25 50 75 o002 o0¢ 038 o8 010 03z -60 -40 -20 0 20 40 000 005 010 015 020 025
Componentl " anomaly score Component 1 Anomaly score
(e) ()
£ Healthy KDE 60 1200 3 Healthy
* " 200 =1 Damaged KDE =1 Damaged
40 . ~=- 95% Threshold 40 1000 -—- 95% Threshold
L 2
150 g 20 800
. z 2 z
0 & B g g
3 g 100 2 5 600
i a 3
0 - E -20 : F 8
e S B W 400
-+ Healthy so =401 . Healthy 566
-601 . Dpamaged /\ o] - Damaged ¥ ‘i
o
=75 -50 -25 0 25 50 0.00 0.02 0.04 0.06 0.08 0.10 0.12 -40 -20 0 20 40 60 0.00 001 002 003 004
Component 1 Anomaly score Component 1 Anomaly score

Figure 6. t-SNE visualizations and KDE plots: (a) Oc-SVM; (b) IsoForest; (¢c) KNN; (d) LOF; (e) IRAD;
(f) Deep-SVDD; (g) VAE; (h) SAE-GMM.
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To highlight the impact of the attention mechanism on the proposed model, the feature
distributions before and after applying attention are shown in Figure 7. Figure 7a shows
the t-SNE plot of the features before the implementation of the attention mechanism,
where a significant overlap between healthy and damaged samples is observed, indicating
a poor class distribution. By contrast, Figure 7b shows the feature distribution after
applying attention, demonstrating an improved separation between the two classes with a
distinct gap. This indicates that the attention mechanism effectively enhances the feature
representation for the proposed SAE-GMM model, resulting in better class separation
compared to other models that do not utilize attention.
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Figure 7. Comparison of feature distribution using t-SNE plots: (a) pre-attention; (b) post-attention.

The proposed model outperformed all baseline models, with a much more distinct
separation between the samples. It is evident that the healthy samples were concentrated
near very low anomaly scores, whereas the damaged samples were spread over a broader
range of high anomaly scores. The 95% threshold determined from healthy samples cleanly
separated the most damaged samples with a small overlap. Overall, the SAE-GMM model
achieved superior class separability and a more reliable threshold margin for identifying
structural damage.

4.4. Robust Analysis Under Varying Gaussian Noise Levels

To evaluate the generalization capability of the proposed SAE-GMM model under
noisy conditions, Gaussian noise with three standard deviations (o = 0.05, 0.075, 0.1) was
added to training data. Rather than augmenting the dataset with additional noisy samples,
50% of the original training data were perturbed to mitigate computational overhead.
The model’s performance under each noise condition was evaluated and compared to its
baseline performance on clean data, as summarized in Table 4. Under moderate noise
levels (o = 0.05 and o = 0.075), the model retained stable F-1 scores of 0.97 and 0.96 with
strong recall values of 97% and 95%, respectively. At the highest noise level (o = 0.1),
the model demonstrated notable resilience, achieving an Fl-score of 0.93 and recall of
90%, highlighting its effectiveness in anomaly detection. The false positive rate (FPR)
experienced a steady increase with noise level, from 4.99% (clean data) to 6.10% (¢ = 0.1),
yet remained within an acceptable range. These results validate the robustness of the
proposed model under realistic signal perturbations.

Table 4. Proposed model performance under varying noise levels.

Noise Level Accuracy Precision Recall F1-Score FPR

clean 0.97 0.96 99.9 097  4.99%

o =005 0.95 0.94 0.97 097  5.15%

SAE-GMM o =0.075 0.95 0.94 0.95 0.96 5.54%
c=01 0.92 0.94 0.90 0.93 6.10%
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5. Conclusions

This study presents a robust unsupervised anomaly detection framework for lami-
nated composite plates, combining GAN-based data augmentation, a self-attention au-
toencoder, and Gaussian mixture modeling. The proposed model successfully captures
complex signal patterns and separates damaged signals with high metric scores. Compared
to traditional and deep learning baseline models, SAE-GMM achieves high detection ac-
curacy, low false positive rates, low computational time, and strong generalization under
noisy conditions. The attention mechanism enriches the model’s capability of separating
features, while the Gaussian mixture model (GMM) provides a reliable decision boundary.
These obtained results emphasize the proposed model’s potential for real-world structural
health monitoring applications. For the future, we plan to explore cross-plate validation
and real-time deployment further to evaluate scalability and adaptability across diverse
composite structures.
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Abstract: A novel method is proposed to investigate the pattern of variation in the residual strength
and reliability of wind turbine gear. First, the interaction between loads and the effect of the loading
sequence is considered based on the fatigue damage accumulation theory, and a residual strength
degradation model with few parameters is established. Experimental data from two materials are
used to verify the predictive performance of the proposed model. Secondly, the modeling and
simulation of the wind turbine gear is conducted to analyze the types of fatigue failures and obtain
their fatigue life curves. Due to the randomness of the load on the gear, the rain flow counting
method and the Goodman method are employed. Thirdly, considering the seasonal variation of load,
the decreasing trend of gear fatigue strength under multistage random load is calculated. Finally,
the dynamic failure rate and reliability of gear fatigue failure under multistage random loads are
analyzed. The results demonstrate that the randomness of residual strength increases with increasing
service time. The seasonality of load causes fluctuations in the reliability of gear, providing a new
idea for evaluating the reliability of the wind turbine gear.

Keywords: wind turbine gear; residual strength; reliability; multistage random loads
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1. Introduction

The energy resource of wind power generation is green and environmentally friendly,
and the reliability of wind turbines has become a hot research topic in recent years.
Pérez et al. [1] focused on the failure rate of the wind turbine components and found
that the gearbox and blades were the most likely locations to cause faults, and they pro-
posed that state detection can improve the reliability of wind turbines. Kusiak and Li [2]
predicted the fault situation of the wind turbine based on data from state detection to
ensure its reliability. Chen et al. [3] proposed a transfer condition monitoring based on
feature alignment and parameter fine-tuning for more accurate monitoring, which can
more accurately identify the status of wind turbines. Dui et al. [4] proposed a resilience
optimization model of a multi-component system to determine the degree of influence of
components on the reliability of the wind turbine system, thus improving the reliability
of the wind turbine system. Su et al. [5] established a stochastic differential equation
state model to describe the degradation of wind turbines, preventing wind turbine failure.
Research has shown that focusing on the faults and reliability of wind turbine components
is necessary to increase the reliability of wind turbines.

Wind turbine gears are one of the core components of the wind turbine system, which
transfer power and adjust the wind speed and output torque. If the gear fails, it will
directly affect the operating efficiency and output power of the wind turbine, causing the
production line to stagnate and resulting in significant losses [6]. Therefore, the reliability of
the gear directly affects the reliability of the wind turbine system. The reliability evaluation
of wind turbine gears can predict the probability of gear failure and possible failure modes.
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It provides necessary information for preventive maintenance of the wind turbine, ensures
safe and stable operation of the wind turbine, and can reduce shutdown costs. Reliability-
based design optimization methods and control methods to improve the reliability of
wind power systems have also been widely recognized and studied in recent years [7-10].
In conclusion, the calculation and analysis of gear reliability are very important.

In order to evaluate the reliability of gears more accurately, it is necessary to fully and
realistically consider influencing factors such as gear load cycling and material quality.
Wind turbine gears subjected to random load changes will experience fatigue damage,
resulting in reduced fatigue strength. The decrease in gear strength will cause the problem
of tooth surface wear or fatigue fracture during operation, which will affect the reliability of
the gears [11]. The ability of a gear to resist external loads after a certain degree of fatigue
damage is defined as the residual strength.

Researchers have proposed a variety of residual strength models. For instance, Schaff
and Davidson [12] proposed a general residual strength model of materials, and its key
parameters need to be fitted by the experimental data of materials. Based on the hypothesis
of Hahn and Kim [13], Chou and Croman [14] established the residual strength model of
time by the relationship between strength and life. Ganesan and Joanna [15] considered
the effect of the stress ratio of the continuous load on the component and proposed a two-
parameter residual strength model of glass-fiber-reinforced polymer. Cheng and Hwu [16]
obtained the residual strength degradation trajectory of the composite material based on
Schaff’s model.

Some researchers have also developed residual strength models for metals, in addition
to the residual strength model for composite materials. For instance, in the aspect of
damage development, Li et al. [17] established the residual strength degradation model of
the material based on a large number of experimental data of 35CrMo. Gao and An [18]
developed a residual strength model that requires a small amount of data and takes
into account the dispersion of residual strength based on the stress interference theory.
Based on the fatigue damage theory and the interval theory, Jiang et al. [19] established
a two-parameter residual strength model using experimental data and obtained fuzzy
dynamic reliability. In recent years, many researchers have used data-driven methods to
predict the degradation of residual strength. For instance, Yang et al. [20] used an artificial
neural network to predict the residual strength of composites after impact. Lu et al. [21]
used principal component analysis combined with a multi-objective optimization vector
machine to predict the residual strength of the pipeline. Miao and Zhao [22] proposed
a method of deep extreme machine learning to predict the residual strength of defective
pipes. Meng et al. [23] proposed an adaptive Kriging model to improve the efficiency of
optimal design for offshore wind turbines.

In summary, most of the residual strength models are used to describe composite
materials. Significantly, there is no consistent residual strength model for both composite
materials and metal materials. Furthermore, most of the existing residual strength models
require a large amount of experimental data to predict. However, many materials or
parts require long experimental cycles and high costs. For this, a simple model based on
the fatigue damage accumulation theory is proposed, which requires a small number of
parameters. The effect of the loading condition, loading sequence, and interaction between
loads on strength degradation is fully considered. Moreover, the degradation trajectory of
fatigue strength can only be predicted by understanding the fatigue life data of materials
or mechanical parts.

Wind energy is an unstable energy source, with variable wind speeds and directions.
Variations in wind speed will impact the load on the gear directly. Furthermore, changes in
the operational status of the wind turbine will also affect the gear load. From this point of
view, the load on the wind turbine gear shows obvious randomness. Actually, the wind
load is not completely irregular. The wind speed in different regions varies seasonally, such
as in southeastern China, where the wind speed is usually higher during the winter and
summer but weaker in autumn [24]. In addition, the wind loads vary in different seasons
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due to the seasonal nature of the loads applied to the gears of wind turbines. As mentioned
above, in order to more closely characterize the residual strength of wind turbine gears and
more accurately predict their reliability, the stochastic and seasonal nature of the loads to
which they are subjected needs to be fully taken into account.

The remainder of the paper is organized as follows. In Section 2, the boundary
conditions of the residual strength model are described, and the existing nonlinear fatigue
damage accumulation model is introduced. Based on this model, a residual strength model
considering the loading sequence and load interaction is established. The experimental data
of two materials are used to validate the proposed residual strength model and compare it
with Schaff’s model. In Section 3, the main fatigue failure modes of the wind turbine gear
are analyzed, and the fatigue life curve of the gear is obtained by modeling and simulation.
Then, the statistical analysis of the four-season wind load on the gear is carried out, and
the degradation trend of the residual strength of the gear is obtained. In Section 4, the
reliability of wind turbine gear is obtained by the Monte Carlo simulation method based
on the random stress-residual strength interference theory. Section 5 summarizes some
main conclusions and proposes some further study directions.

2. Residual Strength Model of Multistage Loading Based on the Fatigue Damage
Accumulation Theory

The strength degradation of materials has always been a hot topic in the field of
reliability. The gear will suffer fatigue damage under the continuous action of cyclic loads.
From a macro perspective, the fatigue damage of materials can be evaluated by measuring
the residual strength changes of the material [25]. Thus, it can be considered that the
strength degradation is closely related to the degree of fatigue damage accumulation.
Conversely, the trend of residual strength degradation can also be measured by fatigue
damage. Based on these theories, the existing nonlinear fatigue cumulative damage theories
are introduced. We then explain the boundary conditions of the residual strength model.
Finally, a residual strength model for multistage loading is proposed from the perspective
of cumulative fatigue damage, and the proposed model is validated.

2.1. Nonlinear Fatigue Damage Accumulation Model

To date, the linear damage accumulation theory proposed by Miner is widely used in
engineering, since its form is concise and simple for calculation [26]. With the development
of damage theory, it is found that damage is not only related to the size of the load but also
to the loading sequence and the interaction between the loads. Due to the fact that fatigue
damage of gears is a complex nonlinear process in practical engineering, establishing a
nonlinear damage model is more practical. Many researchers have established nonlinear
damage accumulation models from different perspectives. Manson and Halford [27]
used the damage curve method to establish a nonlinear damage accumulation model.
Freudenthal and Heller [28] developed a fatigue damage model considering the interaction
between variable amplitude loads. Zhu and Huang [29] established a damage model based
on the law of creep. Zhu et al. [30] introduced the energy damage parameter to define
uncertain fatigue damage. Risitano et al. [31] quantified fatigue damage accumulation
based on the relationship between temperature and loads.

Considering the loading sequence effect, Peng et al. [32] proposed a nonlinear damage
accumulation model based on the energy method, which can be formulated as

iD 1 1\
dn N, <Nf> M

where D is fatigue damage, n is the number of load cycles, and Ny is the fatigue life of
parts or materials.

The model is verified by 45 steel, 16 Mn steel, and Al-2024 aluminum alloy. It is found
that the damage prediction has good accuracy.
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By integrating Equation (1), the following expression can be obtained:

b= _ln<11anf) @)

From the above equation, it can be seen that when n = 0, the cumulative damage
D = 0. Whenn = Ny — 1, the total cumulative damage D reaches 1. If the load is applied
once more, the material will fail. Therefore, the material fails when the number of load
cycles is Ny [26,33].

2.2. Boundary Conditions of the Residual Strength Model

In general, the residual strength of the material is related to the initial strength of the
material, the quality of processing and manufacturing, the loading method of the load, and
the size of the load. According to the existing residual strength model [34,35], it can be
found that the formula generally satisfies the following two conditions:

(1) The initial residual strength is the static strength of the material.

r(0) = oy ®)

where 7(0) is the residual strength of the load 0 times and oy, is the static strength.
(2) When the material or part fails, the residual strength is equal to the peak value of
the load.

r(Nf - 1) = Spmax )

where Spmay is the maximum value of the load on the part or material.

Among numerous residual strength models, the model proposed by Schaff is quite con-
sistent with various practical situations. Due to the fewer parameters required to determine
and its relatively high accuracy, this model is widely used in practical engineering applica-
tions. Schaff’s model contains two parameters: The initial residual strength and the maxi-
mum value of the load, which also meet the boundary conditions of Equations (3) and (4)
mentioned above. Therefore, a residual strength model based on Schaff’s model [12] is
proposed, which can be formulated as

r(n) =7(0) = [r(0) = Smax] - Y ©)

where Y should make the residual strength expression satisfy the above two boundary
conditions, which can be formulated as

0, n=20
Y:{L n=N;—1 ©)

The decrease in residual strength is related to the degree of fatigue damage accumu-
lation. It is also found that D satisfies the condition of Y. Thus, let D = Y. We substitute
Equation (2) into Equation (5) to obtain the residual strength model considering the loading
sequence effect, which can be formulated as

_
In (1 N; )

r(n) =r(0) — [r(0) — Smax] - {— In N 7)

From Equation (7), it can be seen that the proposed residual strength model satisfies
the initial state of static strength, and the load on the material at failure is equal to the
maximum load. With the increase in loading times 1, the residual strength r(n) decreases
monotonously. Using this model, the residual strength degradation law of the material
under the load can be obtained.
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2.3. Residual Strength Model under Multistage Loading

In engineering practice, mechanical components are usually subjected to constantly
changing loads. Therefore, it is necessary to consider how to characterize residual strength
when loading multistage loads. If the residual strength model of the two-level load is
known, then the residual strength model of the multistage load only needs to be analogized
on this basis. Therefore, in this paper, we derive the residual strength model expression of
two levels for load.

If the first-level loads and the second-level loads are applied separately to the same
material, the rate of decline of the two residual strengths will necessarily be different. In
other words, there are two different curves. According to the equivalent theory of fatigue
damage accumulation, it is necessary to equalize the residual strength of the first-level loads
to the residual strength curve of the second-level loads. Therefore, a suitable equivalence
formula needs to be established to perform the equivalence of the residual strength under
different levels of loading. The equal percentage reduction in residual strength under
different loads is defined as the equivalent basis. The percentage expression of the decrease
in residual strength can be formulated as

p_ 7(0) = r(n)

7(0) — Smax ®)

The percentage of residual strength reduction after the first-level loads is equal to
the percentage of residual strength reduction after the second-level loads, which can be
formulated as

Py =P ©)

In the theory of fatigue damage accumulation, some researchers considered the in-
teraction between loads [33,36]. The ratio of the two-level load is introduced into the
expression of damage equivalence to characterize this influencing factor. In this paper, this
theory is also applied to the residual strength equivalent theory, and the load ratio factor is
introduced into the equivalent expression. Then, the equivalent residual strength can be

formulated as o

P, =P (10)
n(0) —ri(m) _ {rzw) —Tz(i’lz')] 4
r1 (O) — S1max 72(0) — Somax (11)

where 17 is the number of first-level actions to load, 1, is the number of times that the
residual strength after the first level of loads is equivalent to the second level of loads, and
the second level of loads need to be applied. ¢y is the mean stress of the first level of loads
and 0 is the mean stress of the second level of loads.

Based on the concept of fatigue damage theory, the residual strength of two levels
of load is equivalent. The equivalent loading number n,’ of the second-level load can be
obtained and added to the original loading number 7, of the second-level load to obtain
the remaining strength after the second-level load is loaded. Therefore, it is necessary to
derive the equivalent loading number 71,’ of the second-level load. Substituting the residual
strength formula (7) into formula (11) can obtain

— — — . _ln<1_1\r;7f!1> —_ _ _ . _ln<1_:’7§-;> a
1 (0) r (0) [71 (O) Slmax] In Ny m (0) r2 (0) [7’2 (0) SZmaX] InNp,
(12)

4] (0) — S1max 1’2(0) — Somax
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By simplifying Equation (12), the equivalent number of actions 1," can be obtained,
which can be formulated as

7
i |
1n(177N11) ()

14— —x—
ny' =Np —Np BT (13)
The first level of loads are 17 times, and the residual strength after n, times of the

second level of loads are equivalent to n," + 1, times of the second level of loads. The
residual strength after two levels of loads can be obtained, which can be formulated as

Lt
In(1- gLy "%
1+[‘W;’{1]
Ind1— ”2+Nf27Nf2 Nf
r(1) = 1(0) = [r(0) — Sma] - § — N (19

In summary, when the material is subjected to the multistage load, the calculation is
performed according to the above ideas based on the residual strength equivalent theory.

2.4. Verification of Residual Strength Model

At present, the typical residual strength model is Schaff’s model. Due to its few
parameters and high precision, it is widely used in practical engineering. The degradation
model described by Schaff’s model is generally consistent with the actual degradation
situation. Therefore, the proposed model is compared with the typical Schaff’s model in
this section. The materials used to verify model performance include the residual strength
data of 45 steel under first-level loading and the experimental data of 30CrMnSiA steel
under second-level loading from the published literature [32].

2.4.1. One-Level Loading

45 steel was subjected to a constant amplitude load of 310.37 MPa. The number of load
cycles, the experimental residual strength data, the residual strength predicted by Schaff’s
model, and the residual strength predicted by the proposed model are shown in Table 1.

Table 1. Test results and model prediction of residual strength of 45 steel.

Experimental Residual

Stress/MPa Cycle Ratio Cycles Strength/MPa Schaff’s Model/MPa  Proposed Model/MPa
0 0 1183.26 1183.26 1183.26
0.2 6970 1180.94 1183.22 1164.65
0.4 13,940 1179.38 1180.49 1140.65
31037 06 20,970 1067.8 1147.35 1106.49
0.8 27,900 998.20 967.76 1048.86
1 34,866 310.37 310.37 310.37

The calculation results of the two models are compared, as shown in Figure 1.
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Figure 1. Residual strength prediction results of the proposed model and Schaff’s model comparison.
(a) Residual strength of 45 steel under one-level constant amplitude load; (b) goodness of fit and the
maximum error of the results predicted by the two models.

In Table 1, it can be seen that the calculation results of Schaff’s model are closer to the
second and third points of the experiment. However, the overall results of the proposed
model perform better predictive performance. In Figure 1, it can be seen that the maximum
error of Schaff’s model is 7.45% and the maximum error of the proposed model is 5.07%,
indicating that the error of the proposed model is closer to the true value. The R? of Schaff’s
model is 0.9870, while the R? of the proposed model is 0.9901, indicating that the predicted
residual strength of the proposed model fits better with the actual value. Both Schaff’s
model and the proposed model show a decreasing pattern of strength in their residual
strength curves. The residual strength decays slowly in the early stages and decreases
abruptly in the later stages, leading to sudden failure of the material.

2.4.2. Two-Level Loading

The experimental data of 30CrMnSiA and aluminum alloy Al-2024 is also used to
validate the proposed model [32]. Both materials are subjected to two levels of horizontal
loading, and the experimental data of the two materials in different load sequences are
shown in Tables 2 and 3.

Table 2. Experimental data of residual life of 30CrMnSiA under two-level loading.

Stress/MPa Loading Sequence ny 1(’7;1 ny 1(’,—;2
13,000 0.233 6602 0.917

15,000 0.269 6501 0.903

732—836 Low—High 25,000 0.448 5400 0.750
35,000 0.628 4428 0.615
45,000 0.807 3254 0.425
1200 0.167 36,911 0.833
. 1800 0.208 32,450 0.792
836732 High-—Low 3000 0.417 16,002 0.583
5000 0.694 6969 0.306
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Table 3. Experimental data of residual life of aluminum alloy Al-2024 under two-level loading.

RN

1y

Stress/MPa Loading Sequence nq Nn ny Nn
86,000 0.2 144,500 0.9633
150—200 Low—High 172,000 0.4 133,500 0.8900
258,000 0.6 81,700 0.5447
30,000 0.2 28,700 0.5319
200—150 High—Low 60,000 0.4 101,050 0.2350
90,000 0.6 76,050 0.1769

Schaff’s model and the proposed model are used to calculate the residual strength
degradation curve of the material under two levels of sequential loading, as shown in

Figures 2 and 3.
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Figure 2. Residual strength of 30CrMnSiA steel with different loading levels. (a) Residual strength of
30CrMnSiA steel under low—high loading sequence; (b) residual strength of 30CrMnSiA steel under

high—low loading sequence.
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Figure 3. Residual strength of aluminum alloy Al-2024 with different loading levels. (a) Residual
strength of aluminum alloy Al-2024 under low—high loading sequence; (b) residual strength of

aluminum alloy Al-2024 under high—low loading sequence.

In order to evaluate the predictive performance of the model, the maximum error
and the goodness of fit between the predicted and true values are calculated, as shown in

Figures 4 and 5.
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Figure 4. Maximum error and goodness of fit between model predictions and experimental values of
30CrMnSiA. (a) low—high loading sequence; (b) high—low loading sequence.
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Figure 5. Maximum error and goodness of fit between model predictions and experimental values of
aluminum alloy Al-2024. (a) low—high loading sequence; (b) high—low loading sequence.

From Figures 4 and 5, it can be clearly seen that the R? of the proposed model is higher
than that of Schaff’s model for both materials, regardless of the high-to-low loading order or
the low-to-high loading order. The maximum error of the proposed model is smaller than
that of Schaff’s model. Therefore, it can be considered that the proposed residual strength
model has high accuracy for both high-to-low loading and low-to-high loading. Moreover,
in Figures 2 and 3, it can be seen that the loading sequence has an impact on the strength
degradation trend of the load. Therefore, it is necessary to consider the loading sequence of
the load in predicting the trend of strength degradation. The proposed model reflects this
influencing factor well, which indicates that it is suitable for residual strength prediction.

3. Modeling of Residual Strength of Wind Turbine Gears

The forms of fatigue failure of gears with different materials and parameters are
also different, due to tooth root bending fatigue failure or tooth surface contact fatigue
failure [37]. Therefore, it is necessary to analyze whether the maximum stress on the gear
occurs at the bending of the tooth root or at the contact of the tooth surface. In addition, the
proposed residual strength model requires the S-N curve of the gear, and the S-N curve of
the material is different from the S-N curve of the part. If the S-N curve of the gear material
is used directly for the calculation of the residual strength, there will be a greater deviation
in the calculation results. Therefore, it is necessary to obtain the force analysis and S-N
curve of the gear by experimental or simulation methods.
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3.1. Fatigue Failure Mode Analysis of Gears and Fatigue Life Curve Fitting

It is a common research method to analyze the force on machine parts by software
simulation. Some researchers compared the simulation results of fatigue analysis software
or finite element software with experimental results [38,39]. It is proven that software
simulation tools can quickly obtain the stress and fatigue life results of components, which
have certain reference significance. Furthermore, it significantly reduces the analysis cycle
time and cost. Thus, computer simulation technology can be used to efficiently and quickly
complete the stress analysis and fatigue life analysis of gears.

The working principle of the gear fatigue testing machine is simulated, and the
Workbench software is used for static simulation. The version of the Workbench is 2022 R1.
The first step is to simplify the model appropriately, and single-tooth loading is adopted.
In order to eliminate the impact of non-critical components on the simulation results,
the model is simplified based on the working principle of the fatigue testing machine.
Moreover, only a portion of the gear and support heads are retained, as shown in Figure 6.

R
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Figure 6. Simplified structure diagram of gear fatigue testing machine.

According to experimental principles, the position of the load action is set at the
intersection point O between the tangent line of the gear base circle and the tooth profile.
The loading direction F of the load is the perpendicular downward direction of the normal
tooth profile passing through point O.

The simulation analysis process is as follows:

(1) Establish a three-dimensional model as shown in Figure 7.

(2) Set the material parameters. The elastic modulus of the material 20CrMnTi is 207 GPa,
Poisson’s ratio is 0.25, the hardness is 40 HB, and the tensile strength is 2747 MPa.
Considering the influence of the deformation of the contact head on the simulation
results, it is set as a rigid body.

(3) Mesh generation. Firstly, the whole mesh is divided by a multi-zone. Then, the contact
surface between the gear and the upper and lower support heads is densified locally,
and the mesh of the tooth root part is refined.

(4)  Set the contact type. In the part of the contact between the support head and the tooth
surface, the contact is not separated.

(5) Setloads and boundary conditions. The upper support head only retains the move-
ment of the z-axis. Fully fixed constraints are applied to the lower support head. The
inner hole of the gear only retains the rotational freedom of the y-axis. A vertical
downward load is applied to the upper end of the upper support head. Five groups
of loads are set up, which are 200 KN, 400 KN, and 600 KN, respectively. In this study,
the simulation results of 400 KN are employed to illustrate the results.
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RS

Figure 7. Results of the three-dimensional model establishment.

The equivalent stress cloud diagram of the gear obtained by the software is shown in Figure 8.
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Figure 8. Equivalent stress cloud map of gear.

The static analysis shows that the maximum equivalent stress of the gear is 805.22 Mpa
on the side of the tooth root. From the results of modeling and simulation, it can be
concluded that the main failure form of the gear is tooth root bending fatigue failure. The
accuracy of the model is evaluated by theoretical calculation. According to the calculation
formula of tooth root bending fatigue stress in the published literature [40], when the
gear is subjected to the tangential load of 400 KN, the bending stress of the tooth root is
809.47 Mpa. The theoretical calculation value is close to the simulation value, so it can
be considered that the model is reasonable and can be used for subsequent life analysis.
Finally, using Ncode (2022 R1) software analysis and setting the load as symmetric cyclic
stress loading, the stress ratio is —1. Then the life values of each point at the tooth root can
be obtained. The cloud diagram is illustrated in Figure 9.
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Figure 9. Life cloud map of gear.

Points are taken at the location of the maximum stress at the root bends under multi-
stage load, and the stress and life value of each point are taken. Thus, the stress life curve
of the gear can be drawn, as shown in Figure 10.
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Figure 10. S-N curve of gear.

3.2. Bending Stress Distribution of Gear under Four-Season Loads

The strength degradation is closely related to the load level. It is very necessary to
appreciate the bending stress of the gear when calculating the degradation path of the
bending strength of the gear. In the natural environment, the wind load on the wind turbine
is random, so the bending stress of the gear is also random. In this section, random stress is
converted into regular stress that can be directly used for calculation. Taking a wind speed
of 78 m as an example [41], the bending stress of the tooth root of the gear is calculated and
the residual strength trajectory is analyzed.
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3.2.1. The Bending Stress of Gear Is Calculated by Wind Speed

The force on the gear of the wind turbine is determined by the wind speed at the
location of the wind turbine. The Weibull distribution is generally used to describe the
wind speed [42]. The mean wind speed and variance of the four seasons are known. Then,
the calculation formulas of the shape parameter f and scale parameter g of the Weibull
distribution can be formulated as [43]

H(U) —1.086
f:< E(U) ) (15)

g= (16

1)

where v is the random wind speed, H(v) is the variance of the random wind speed, and
E(v) is the mean value of the random wind speed.

The shape and scale parameters of the Weibull distribution of the four seasons are
calculated using Equations (15) and (16) based on the known mean and variance of wind
speed in reference [36]. The estimated calculation results of the wind speed mean, variance,
and distribution parameters are shown in Table 4.

Table 4. List of wind speed information.

Average of Wind  Variance of Wind

Season Speed/m-s-1 Speed/mz's_z Scale Parameter g Shape Parameter f
Spring 5.48 18 5.95 1.32
Summer 6.92 11.6 7.70 1.56
Autumn 11.81 26.54 13.28 1.78
Winter 8.63 19.12 9.57 1.51

The torque of the gear can be obtained from the random wind speed [44]. According
to the torque of the gear, the tangential load can be easily obtained. Then, the bending
stress of the gear is calculated. The bending stress can be formulated as [40]

 _ KaKvKgKoF,

o YrYsYeYp (17)

where Kj is the service coefficient, Ky is the dynamic load coefficient, K is the tooth load
distribution coefficient, K is the tooth load distribution coefficient, F; is the circumferential
force on the pitch circle of the end face, b is the smaller tooth width in meshing gears,
m is the normal modulus, YF is the tooth profile coefficient under the load and addendum,
Ys is the stress correction coefficient under the action of the load and tooth tip, Y, is the
coefficient of the coincidence degree, and Yp is the helix angle coefficient.

The tooth width of the sun gear is 170 mm, and its normal modulus is 16 [45]. The
parameter values in the calculation formula of gear bending stress are shown in Table 5.

Table 5. Relevant parameters for calculating bending stress of tooth root.

Parameters Mean Value Standard Error Parameters Mean Value Standard Error
Ka 1.1 0.036 Yr 2.21 0.073
Ky 1.15 0.035 Yr 1.64 0.066
KB 1.32 0.02 Ye 0.78 0
Ky 1.01 0.003 Y[g 1 0

Thus, the gear bending stress of four seasons can be obtained, as shown in Figure 11.
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Figure 11. Root bending stress in 180 s in four seasons.

3.2.2. Random Stress Is Treated as Symmetrical Cyclic Stress

The stress calculated by the random wind load in each season is random stress, which
is also known as variable amplitude stress. The proposal of the residual strength model
is based on the concept of fatigue damage, which requires the stress life curve of gear for
residual strength model calculation. The S-N curve of the gear is simulated and fitted under
symmetric cyclic loading with a load stress ratio of —1. Therefore, it is necessary to convert
the actual random load into a symmetric load, as shown in Figure 12.

__ Mean value of
stress
— — 7 Amplitude of
stress

Random stress Rain flow counting method Goodman method

Figure 12. Flow chart of stress treatment.

First, the rain flow counting method is used to perform cyclic counting of stresses
with the same mean and amplitude [46]. Then, the Goodman method is used to unify the
stress ratios of each group, and the equivalent stresses for four seasons can be obtained. By
fitting the distribution of equivalent force, it can be used to calculate residual strength.

After processing the four seasons’ loads using the rain flow counting method, the
following results can be obtained, as shown in Figure 13.

The mean stress of the load obtained by the rain flow counting method is usually
not equal to 0, which means the stress ratio is not equal to —1. This problem can also be
observed from the two-dimensional load spectrum, as shown in Figure 13. Therefore, in
order to effectively estimate the fatigue life of gear using S-N curves, it is necessary to
convert the mean and amplitude of each level of load in the two-dimensional load spectrum
into equivalent loads corresponding to the S-N curve [47]. Further processing of seasonal
loads was carried out according to Goodman'’s fatigue empirical formula

g—_ %

- (18)

where S is the equivalent load, oy is the tensile strength, S, is the amplitude of the load,
and Sy, is the mean load.

In general, the stress distribution of the gear can be fitted using the Weibull distri-
bution [48]. Therefore, a two-parameter Weibull distribution fitting is performed on the
equivalent stress of the four seasons, and the cumulative probability density function is
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used to represent the fitting effect. The fitting results of equivalent stress in four seasons
are shown in Figure 14.
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Figure 13. Resulting diagram of the rain flow counting method.
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The results show that the CDF of the Weibull distribution almost coincides with the
CDF of equivalent stress samples. The estimated values of Weibull distribution parameters
for stress in each season are shown in Table 6.

Table 6. Weibull distribution fitting results of equivalent stress in four seasons.

Season Scale Parameter h of Weibull Shape Parameter j of Weibull
Distribution Distribution
Spring 1.28 550.97
Summer 1.27 600.17
Autumn 1.32 704.99
Winter 1.25 679.85

In summary, by fitting the random stress with a mean of 0, the bending stress distribu-
tion of the gear in spring, summer, autumn, and winter is obtained.

4. Analysis of the Residual Strength and Dynamic Reliability of Gear

In general, the strength degradation of machine parts and materials is closely related
to the properties of the materials and the loads to which they are subjected. The load
on the wind turbine gear is random. The uncertainty of the load makes the strength
degradation uncertain. The randomness of strength degradation makes the reliability
analysis and prediction of mechanical structures more complex and difficult. Therefore, in
order to better predict wind turbine gear bending failure, it is necessary to fully consider
the randomness of strength degradation. In this section, the residual strength variation
trend and dynamic reliability of gear under multistage random loads in spring, summer,
autumn, and winter are calculated and analyzed.

4.1. Residual Strength Model for Tooth Root Bending Strength

If the equivalent stress of a season is considered a one-level load, then the gear will
be subjected to four-level loads every year, in the order of spring, summer, autumn, and
winter. After each level of load is applied, Equation (14) needs to be used for residual strength
equivalence, and then the residual strength after the next level of load is calculated. The
corresponding life after n times of bending stress is also the random variable that follows a
certain distribution, so the residual strength has randomness at the determined time . Next,
we calculate the residual strength of the gear according to Equations (7) and (14) for residual
strength. However, it is difficult to calculate the residual strength of the gear under such a
multistage random load using conventional probability methods. Therefore, the Monte Carlo
method is used to deal with such problems because of its good adaptability and randomness.
It can be applied to address various problems and can simulate the relationship between a
variety of complex probability distributions and random variables [49,50]. As the number of
simulations increases, the simulation results are closer to the real situation and can provide
more accurate estimates [51]. The flowchart for calculating the residual strength of gear using
the Monte Carlo method is shown in Figure 15.

We calculate the residual strength at the end of each season and obtain the residual
strength path of the gear within 15 years. The calculation results are shown in Figure 16.

In Figure 16, it can be seen that the residual strength of the gear shows the degradation
trend over time. Due to the randomness of stress, the residual strength of the gear also
represents randomness. At time ¢, the residual strength of the gear is not a fixed value
but a random variable that follows a distribution. As the service life increases, the range
of gear residual strengths gradually widens. In order to better describe the law of the
residual strength of gear, the distribution of the residual strength is fitted for each season.
In general, a two-parameter Weibull distribution can be used to describe the residual
strength distribution after any given fatigue cycle [16]. The Q-Q and CDF tests show that
the residual intensity at the end of each season follows a Weibull distribution. Taking the
spring residual strength of the first year as an example, the shape parameter of the fitted

144



Mathematics 2023, 11, 4013

Weibull distribution is 34,678.07, and its scale parameter is 3746.73. The test results of the
Q-Q chart are shown in Figure 17.

Sct the sampling frequency N=1000

/ = = . g . ES Y
Set the simulation time /=13
Set the season Cyclic number J=4

Based on the load distribution in the four
seasons of spring S|, summer S, autumn S3,
and winter Sy, N loads are randomly selected

for each season

Calculate and extract the corresponding
life Ny for each load

Calculate the number of

load actions n

Calculate the remaining strength after =
three months of the first level Dy :::::t:allit:ength
load §; according to Equation (7) P

Calculate the equivalent load for the next
level load Sj| 1based on Equation (13)

Y
r=t+]

End

Figure 15. Flowchart for calculating residual strength.
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Figure 16. Residual strength path of gear with randomness. (a) Three-dimensional diagram of
residual strength; (b) two-dimensional diagram of residual strength.

The fitted Weibull distribution is close to the actual residual strength quantile and the
Q-Qplot is in a straight line, and R? between each quantile and the diagonal is 0.9938. From
the non-parametric CDF test, it can be seen that the maximum vertical difference between
the actual data and the fitted data is very small, and the two CDF curves almost coincide.
Therefore, it can be considered that using the Weibull distribution to fit the residual strength
at time f is reasonable.
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Figure 17. Weibull distribution test of spring residual strength. (a) Q-Q diagram of distribution test;

(b) test of cumulative distribution function.

Since the residual strength of time t can be described by the Weibull distribution,

the distribution of residual strength changing with

time can be described by the Weibull

distribution of parameters changing with time. After obtaining the scale and shape param-
eters of the Weibull distribution fitted by residual strength at the end of each season, the
variation of the parameters over time is analyzed. The fitting results of parameters over

time are shown in Figure 18.
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Figure 18. Curve fitting of shape and scale parameters over time. (a) Fitting result of scale parameters;

(b) fitting result of shape parameters.

The coefficient of determination of scale parameters is 0.9855 and the coefficient of
determination of the shape parameter is 0.9986. Both values are very close to 1, indicating

that the fitting result is relatively suitable. Therefore

, the residual strength of gears follows

a two-parameter Weibull distribution, and the scale parameter k and shape parameter w at

time t can be formulated as

k= —6.901 x 1078272 1 2706

w = 2.863 x 10841984

(19)

(20)

4.2. Gear Reliability Analysis Considering the Failure of Tooth Root Bending

There are many methods for reliability analysis. For instance, Huang et al. [52] com-
bined the chi-square approximation and numerical integration methodologies to calculate
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the reliability of positioning accuracy. Li et al. [53] used a Bayesian copula network based
on a fuzzy rough set to evaluate and make decisions. Yazdi et al. [54] used an improved
fault tree method to analyze reliability. Yan et al. [55] evaluated the reliability of multiple
failure modes based on the method of failure modes and effects criticality analysis. The
performance of mechanical components usually varies over time and there are multiple
failure modes. Yu et al. [56-59] have studied the time-varying reliability calculation method
for complex products. In this section, in addition to calculating the static reliability of gears
for four seasons, the time-varying reliability of gears is also considered.

The stress level of gear varies in different seasons, and it can be assumed that the stress
distribution of the four seasons does not change with the increase in gear operating years.
In other words, within the prediction of 15 years, it can be assumed that the stress level
remains constant throughout the four seasons of each year. Without taking into account
the degradation in the strength of the gear, the stress—strength interference theory suggests
that the reliability of the gear in the same season will remain the same regardless of the
year. According to the calculation, the reliability of gears at the end of spring, summer,
autumn, and winter is 0.9995, 0.9988, 0.9973, and 0.9964, respectively. It can be seen that
the reliability of gear is the highest in spring.

When considering the strength degradation of a gear, the stress on the gear is a
seasonal distribution, and the remaining strength of the gear is a temporal distribution.
Based on the stress strength interference theory, the criterion for gear failure is that if the
residual strength is less than the random load, the gear will fail. The reliability and failure
rate results are calculated by the Monte Carlo method, as shown in Figures 19 and 20.
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Figure 19. Reliability variation result of gear.
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Figure 20. Failure rate variation result of gear.
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In Figures 19 and 20, it can be seen that the reliability of gear does not monotonically
decrease over time but rather has a significant span from the end of winter to the end of
spring each year. Although the decreasing trend of residual strength is continuous, the
load on the gear varies from season to season as a result of the influence of stress levels.
The explanation diagram of the reliability jump is shown in Figure 21.

L — Spring stress 4 Winter stress
g Residual strength in spring of the first year 9 Residual strength in the winter of the first year
g [IReliability 2 |[_IReliability
f=|
2 ; 2 i
= = i
g reliability .5
oy decreases
. -
g E
A &
v . > >
reliability
v increase
T Spring stress 4 Winter stress
g Residual strength in spring of the second year @ Residual strength in the winter of the second year
£ |[IReliability £ |[IReliability
=} =i
& o & :
- A !
= s S =
AN § o F
b P _elutility_ g
z decreases >
2 3
E o
> &
Pl - 7 - &
s, LYY 5 S, LYnY, "

Figure 21. Explanation diagram of reliability jump.

The remaining strength of the gear gradually decreases over time. The strength of the
gear at the end of spring in the first year is Y7, and after one year of service, the strength of
the gear at the end of winter in the second year is Yy. The stress level Sy of gear in spring is
lower than the stress level S, in winter. The stress level is only related to the season and
does not change with the increase in service life. The strength Y; at the end of spring in
the first year is higher than the strength Y, at the end of winter in the first year. Under the
influence of stress and strength, the reliability of spring in the first year is higher than that
of winter. The residual strength Y3 at the end of spring in the second year is lower than the
strength Y, in winter in the first year, but the stress level S; in spring is much lower than
the stress level S, in winter. The reliability at the end of spring in the second year will be
higher than that at the end of winter in the first year.

As mentioned above, it can be concluded that the differences in stress levels among
different seasons have a significant impact on gear reliability. The reliability trend over
the four seasons is determined by both the stress level and residual strength of the gear
concurrently. In the spring of each year, the reliability of the gear is the highest, since the
load on the gear is the smallest, and the residual strength of the gear is the highest. This
result is consistent with the reliability results of the gear without considering strength
degradation. The changes in stress levels throughout the four seasons do not make the
reliability of gear monotonically decrease over time, but rather experience a sudden increase
in reliability.

By observing the variation pattern of reliability at the same stress level, the following
three aspects can be determined:

e  The overall decreasing trend of reliability is determined by the degradation trend of gear
strength. The gear’s reliability in each season decreases monotonically from year to year,
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which indicates that the reliability of the gear has decreased compared to the previous
year in all seasons. Due to the sudden increase in the decay rate of the residual strength,
the reliability of the gear suddenly decreases rapidly in the 15th year.

e By observing the distance between the four seasonal reliability curves, it can be found
that the distance between the summer and autumn reliability curves is the largest,
the distance between the spring and summer curves ranks second, and the distance
between the autumn and winter curves is the smallest. It can be considered that the
impact of load amplitudes in the four seasons causes a change in the distance between
the reliability curves of adjacent seasons. In Table 4, it can be seen that there is a
significant difference in load amplitudes between summer and autumn, resulting
in a significant downward shift in the reliability curve from summer to autumn.
The difference in amplitude between autumn and winter loads is the smallest, so
the overall downward movement of the reliability curve from autumn to winter is
relatively small.

e  The difference in reliability between the four seasons is relatively small in the first
few years. In the first nine years, the reliability of gears fluctuated between 1 and
0.99 per year. As the service life increases, the reliability difference of the gear in the
four seasons of the same year becomes increasingly significant. In the 15th year, the
reliability fluctuation range of the gear within one year is 0.99 to 0.94. This is affected
by the randomness of decreasing residual gear strength. As time passes, the range
of residual gear strength increases, resulting in a greater range of changes in gear
reliability throughout the year.

5. Conclusions

In this study, from the perspective of fatigue damage accumulation, a residual strength
model is established that considers the interaction of multistage loading and the influence
of loading sequence. The load characteristics of wind turbine gears are focused, and the
randomness and regularity of load level fluctuations throughout the four seasons are
considered. Furthermore, the residual strength and dynamic reliability of wind turbine
gears under multistage random load levels are calculated. Overall, the main conclusions
can be summarized as follows:

(1) The proposed residual strength model is validated using experimental data from
two materials, and the calculation results showed that the proposed model has good
predictive performance. In addition, by comparing its predictive performance with
the classical Schaff’s model, it can be concluded that the proposed model can more
accurately predict the residual strength of wind turbine gears.

(2) The residual strength of the gear at a determined time point is a random variable
that follows the Weibull distribution and is affected by the randomness of the load.
The overall residual strength of the gear shows a decreasing trend. Moreover, the
randomness of the residual strength of the gear at a certain time becomes stronger,
and the range of residual strength values becomes wider as the service time increases.

(3) Wind load amplitudes in each season influence the reliability of wind turbine gears.
Initially, there is a small difference in reliability between seasons, but as the service
time increases, the difference becomes more significant. Overall, the reliability of
gears decreases monotonically over time in each season. However, there is a jump in
reliability due to the effect of wind speed on the gears in different seasons.
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Abstract: This paper presents the results of a simulation model regarding the productivity and safety
working space for construction workers through the floors of a building using swarm intelligence (SI),
a field of artificial intelligence (Al), and specifically using artificial bee colony (ABC) optimization.
After designing the algorithm used to build the simulation model, the simulation was used in
an actual building project by comparing the travel times of workers conventionally transporting
material with another group working on routes optimized by the algorithm. Thus, the proposed
algorithm provides routes combining shorter travel times and correct distances between workers
when transporting materials in a construction site, handling the interference between crews. After
validating the algorithm on-site, no statistically significant differences were found between the travel
times of workers and the times delivered by the algorithm. Additionally, the travel times using the
routes obtained through the algorithm were significantly lower than those made by workers who
moved freely without a predefined route. In summary, the algorithm proposed may help construction
practitioners maintain safe movements that respond to hazard contexts imposed by any restriction
that demands a safety distance.

Keywords: artificial bee colony; swarm intelligence; route optimization; safety distance; hazard
analysis; buildings

MSC: 68T20

1. Introduction

The construction industry is one of the most dangerous, as people are susceptible to
workplace accidents, injuries, and even fatalities [1]. Construction projects are becoming
increasingly complex, which has led to intricate and dynamic relationships [2]. Working
in the same area increases the potential for interferences or disruptions (like blocking the
access of one crew by another crew) [3].

Site congestion and overcrowding are usually attributed to inappropriate construction
site arrangements and the overcrowding of workers in some workplaces, which can cause
obstructions to the desired productivity and quality [4]. Crews usually have to share the
limited working space with other workers to perform their tasks during construction [3].

An unprecedented factor that has affected the construction industry has been the
social distancing requirements for worker safety to reduce the transmission risk among
those on-site [5]. Given this scenario, the objective of this study was to develop an artificial
bee colony (ABC) algorithm to optimize the movement and distancing between workers
in building projects [6,7]. The specific goals are to establish the variables that determine
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the safe distance between workers, obtain parameters of cost and safe travel for worker
movements in a building project, implement the new optimization model based on the
ABC algorithm, and validate the model by applying it to an actual construction project.

Thus, this research aims to reach these goals by optimizing worker movements with
an ABC algorithm, thus increasing the on-site productivity. Significant downtimes, inef-
ficient routes, and interferences between workers are among the usual issues in worker
movements. These factors all lead to time wastage and decreased overall efficiency. In
other words, the present research searched to optimize worker mobility and task execu-
tion using an ABC algorithm, which finds optimal solutions by emulating the foraging
behavior of bees. Implementing this type of algorithm may increase worker productivity
and safety on construction sites so that they may complete the work more quickly and
without interruptions. Therefore, this research aims to show how effectively a swarm
intelligence (SI) algorithm (ABC, in this case) can reduce inefficiencies, shorten waiting
times, and enhance worker cooperation based on solid algorithm-driven solutions that
maximize worker movements and significantly improve site management procedures on
construction sites.

2. Literature Review
2.1. Health and Safety

Considering that the construction industry employs millions of workers who may
experience accidents, it is essential to understand how these accidents and injuries are
generated [8]. Correct management and planning are ways to avoid unplanned events like
accidents, where an effective health and safety (H&S) plan can help prevent work-related
injuries [9].

The contents of the H&S plan help discern the risk mitigation measures that need to
be adopted, given that the work schedule of the site is known in advance [10]. Thus, on a
construction site, it is possible to find interferences such as a situation where two or more
teams share the same working area (e.g., workers walk through the same paths or share
some equipment), but they are not compliant with the schedule considered in the H&S
plan, which is usually included as a Gantt chart. This means that it is not expected to have
an analyses of the risks generated by the concurrent presence of workers in the same area;
hence, no mitigation measures are taken, and the involved workers are not aware of the
potential risks.

On the other hand, in terms of avoiding congested work areas, it is essential to
emphasize that crews have better efficiency and productivity (more than 30%) when they
have similar scopes in the same working area [11,12]. In this sense, the ABC algorithm
provides many benefits for global optimization problems based on local search, memory;,
and solution enhancement [13], where optimization may reduce the likelihood of worker
overlap and collision, and consequently, the risk of accidents and the need for rework.

2.2. Pandemics and the Construction Industry

Pandemics such as COVID-19 and the corresponding limitations to physical activities
have changed the professional landscape as most of the service jobs were moved entirely
online, and telework has become the norm. The construction industry is one of the select
few in which telework was not an option. This fact added a dimension to a complicated
working environment due to supply chain issues and commodity price fluctuations [14].

The World Health Organization (WHO) recommended keeping, at least, a 1-m distance
between people to reduce the airborne infection transmission risk due to typical daily
activities of talking or simply breathing [15]. This measure was supplementary to using
personal protective equipment (PPE), staggering work activities to reduce population
density at workplaces, offering training on COVID-19, and administering temperature
checks before entering the workplace [16].
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2.3. Complexities in the Construction Industry

The construction industry is complex as its products are generally unique, substan-
tial in resource requirements, and complicated in contractual agreements. Construc-
tion is risky for companies and workers as it ranks high in occupational health and
hazards [17,18]. COVID-19 and related issues changed the workplace dynamics and
increased the complexity that already existed during the execution phase of construction.
The number of people allowed on sites, their productivity with the new crew compo-
sitions, and the management of these unusual constraints made planning and project
management more challenging [19].

Different tools and management philosophies have long been proposed to address
the complexity problem in construction. Some of these approaches and methods included
lean construction, integrated project delivery (IPD), and building information modeling
(BIM) [20]. These mainstream approaches are a precursor to a much greater set of modeling,
simulation, and optimization approaches within each approach to address specific issues
within the industry. An exciting case is optimization in construction. Due to the nature
(e.g., discrete activities) and sheer size of tasks needed to complete projects, traditional exact
solutions have scarcely been used in construction optimization research as their feasibility
diminishes with an increase in the problem size. What has been expected, however, is the
use of heuristics and metaheuristics in different construction engineering and management
problems [21,22].

In this sense, the workers’ movements within a construction zone can be treated as
a route optimization problem. Routing optimization problems on networks consists of
finding paths between the nodes of the networks efficiently, where their solutions have
proven to be essential to solving many real-world decisions in applications as diverse as
logistics, transportation, and computer networking, among others [23]. In construction, it
is also possible to find research and applications related to routing optimization problems
such as the optimization of construction and demolition waste transportation [24] and
inventory routing problems for construction-related transport [25]. Similarly, other investi-
gations have focused on optimizing workers” movements while dealing with construction
inefficiencies and their impact on quality, scheduling, safety, and health [26]. Another
example of complexities within construction is the site layout planning, where ABC-based
algorithms have proposed optimal layout plans with low costs and safety facilities [7].

Thus, to solve complex problems, a way to reach efficient solutions is through the
use of one of the branches of artificial intelligence (Al) called swarm intelligence (SI) [27],
where techniques based on swarm optimization have been applied to solve optimization
problems in civil engineering [28]. In this sense, recent swarm intelligence metaheuristics
have been developed to help solve various complex optimization problems in construction
projects [29].

2.4. Swarm Algorithms

The concept of swarm intelligence (SI) was first used by Beni and Wang [27] in their
work on a cellular robotic system with stationary robots and its application to manufac-
turing lattices. SI corresponds to a group of techniques based on the study of collective
behavior in self-organized and decentralized systems [30]. However, Bonabeau et al. [31]
mentioned the limited scope of these techniques, later broadened by Martinoli [32] to
include diverse efforts to design algorithms or problem-solving mechanisms based on the
collective behavior of the social colonies of insects. Swarm behavior becomes collective
intelligence when a group can use it to solve a problem collectively so that members of
the group cannot do it individually [33]. These kinds of problems frequently have an
endless number of possible answers. Finding a practical solution within the allotted time
is crucial in these circumstances. In practically every science, engineering, and business
field including data mining, optimization, computational intelligence, business planning,
bioinformatics, and industrial applications, SI is useful for resolving nonlinear design
problems with practical applications [34].
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Two fundamental concepts—self-organization and division of labor—must be consid-
ered to understand the behavior of SI.

(a) Self-organization: Self-organization is defined as a set of dynamic mechanisms that
result in the global-level structures of a system through interactions between its low-level
components [35]. These mechanisms establish basic rules for the interactions between
the system members and guarantee that the exchanges are executed based on purely
local information without relation to global patterns. Four basic self-organization prop-
erties are characterized by positive feedback, negative feedback, variations, and multiple
interactions [36].

(i) Positive feedback is a simple “general rule” of behavior that promotes the conforma-
tion of appropriate structures (i.e., recruitment and reinforcement such as establishing
trails and monitoring some species of ants or the waggle dances of bees).

(ii) The negative feedback counteracts the positive feedback and helps stabilize the collec-
tive pattern to avoid saturation regarding available foragers, food source depletion,
overcrowding, or competition in food sources.

(iii) Variations such as errors, random walks, and random task changes between individu-
als in the swarm are crucial for innovation and creativity. Moreover, randomness is
often vital for emergent structures, allowing for the discovery of new solutions.

(iv) Generally, self-organization requires a minimum density of mutually tolerant indi-
viduals, enabling them to use the results of their activities, consequently generating
multiple interactions.

(b) Division of labor: Specialized individuals perform different tasks concurrently
within a swarm. The simultaneous execution of tasks through the cooperation of individ-
uals specialized in some tasks is more efficient than the sequential execution of these by
non-specialized individuals [37]. The division of labor also enables the swarm to respond
to changing conditions in the search space [35].

In addition, according to Millonas [38], SI must satisfy the following principles:

(i)  Proximity principle: The ability to make simple space and time calculations.

(ii) Quality principle: The ability to respond to environmental quality factors.

(iii) Diverse response principle: It must not conduct the swarm’s activities along exces-
sively narrow channels.

(iv) Stability principle: The ability to keep its mode of behavior the same with environ-
mental fluctuations.

(v) Adaptability principle: The ability to change the mode of behavior when necessary.

Among the many SI algorithms that have been created, ant colony optimization
(ACO) [39] and particle swarm optimization (PSO) [40] have been the most popular in
construction engineering and management research. However, the characteristics of self-
organization and division of labor [31] and satisfaction principles [38], which swarm
intelligence requires, can be seen with greater force and clarity in honeybee colonies. Thus,
artificial bee colony (ABC) optimization has recently gained popularity [41]. An ABC
algorithm of particular interest and importance is the MOABC (multi-objective artificial
bee colony), which enables the use of two or more functions [42—44] that correspond to the
algorithm considered in this research.

2.5. Application of Bee Swarm Algorithms in Construction

The ACO, PSO, cuckoo optimization algorithm (COA), and ABC algorithms stand out
mainly in solving problems associated with project management, transportation, design,
and structural calculation, among others. Some of the ABC algorithms used in engineering
have been developed for the optimized design of cooling towers [45] and heat exchang-
ers [46], for leak detection in pipelines [47], the design of truss structures [48,49], the
optimized design of construction sites [50], or to determine the logistics associated with the
construction of precast elements [51], amongst others.
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Other examples can be found in construction project management, where some re-
searchers have evaluated the use of diverse machine learning algorithms such as PSO for
cost optimization and predictive modeling [52], or in pavement engineering by combin-
ing image processing and salp swarm algorithm-optimized machine learning to detect
pavement cracks and sealed cracks [53].

In summary, as the construction industry is known as one of the riskiest industries
in the world with high rates of accidents and fatalities, models based on SI such as ABC
programming approaches may help improve the safety performance within construction
projects [54], and at the same time, solve daily problems such as cost optimization, con-
structive problem detection, and travel time optimization, which were the main objectives
of the present research.

3. Methodology
3.1. Problem Formulation

It is proposed that the ABC algorithm can be used to address the issue of social
distancing within construction zones to facilitate the safe movement of workers.

3.2. System Definition
3.2.1. Definition of the Species

This stage consisted of a preliminary background search and its contextualization
based on the problem tackled. The species considered here was the European bee Apis
mellifera, known as the domestic bee or honeybee, characterized by its social nature, turning
its colony into a “superorganism” capable of creating synergy through the interaction
between each of the individuals that compose it.

3.2.2. ABC Algorithms

Based on the theory that supports SI, an ABC algorithm was developed that considered
as the primary criterion, a minimum physical distance of 1 m between workers who moved
materials from one point to another within a building project to generate a safe distance
that would keep workers without any interference between crews.

3.3. Modeling
3.3.1. Model Formulation

The model to be implemented must be able to accurately search for an optimal material
collection point that guarantees a lower transfer cost (i.e., the shortest and safest route
to the work front where the worker will deposit the transferred material). In the case of
several alternatives, the model must select the optimal point based on input parameters
representing the actual conditions of the terrain to be simulated.

3.3.2. Implementation and Verification of the Model

We used MATLAB™ R2024a to implement the ABC algorithm to solve the worker
movement problem, the details of which are further explained in Section 4.2. The
corresponding debugging process was carried out once the algorithm was designed,
coded, and compiled.

3.4. Validation

The ABC algorithm was validated through measurements of the safe movement times
of workers throughout the floors of an apartment building in the middle of the construction
stage. Specifically, the measurements were made in an actual building project, as will be
detailed later in Section 5 (model validation).
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4. Design of the Algorithm
4.1. Problem Statement and Model Development

The artificial bee colony in an ABC algorithm consists of three groups of bees: em-
ployed bees, onlooker bees, and scout bees [55]. Specific instructions for each are as follows:

Employed bees are associated with food sources.

Onlooker bees watch the waggle dance of the employed bees in the hive to select the
food source.

Scout bees go in search of random food sources.

Both bees, onlookers and scouts, are also known as unemployed bees. In the beginning,

all positions of food sources are found by scout bees [35]. The behavior of the bees described
above is presented in Figure 1.
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Figure 1. General scheme of bee behavior.

Once the food sources are discovered, employed bees and onlooker bees exploit the
nectar from the food sources. This exploitation continues until food sources are depleted. At
that point, the employee bee using the depleted food source becomes a scout bee searching
for other food sources. In an ABC algorithm, the location of a food source means a potential
solution to the problem, and the amount of food from a food source is equivalent to the
quality (fitness) of the associated answer. Thus, the pseudocode of the algorithmic structure
of the ABC optimization approach is shown below:
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Process ABC
Initialization Phase;
Variables;
Control parameters;
REPEAT
Scout Bees Phase;
REPEAT
Employed Bees Phase;
Onlooker Bees Phase;

Scout Bees Phase;

TO(Cycle = Max num of cycles)
TO(Length = Max num of nodes)
End

Memorize the best solution achieved so far;

Before proceeding to the mathematical formulation, Figure 2 shows a simplified
flowchart of the proposed ABC algorithm adapted to optimize the safety distance of
workers on construction projects, whose routines were later programmed in MATLAB™.
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Figure 2. Flowchart of the proposed ABC algorithm adapted to optimize the safety distance of

workers on construction projects.
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Below is the general mathematical formulation of the proposed ABC algorithm,
adapted from Karaboga [35], Karaboga and Akay [56], Akbari et al. [42], and Akay and
Karaboga [41], where all of the variables are fully explained from Section 4.1.1. onward:

1. Initialization of Solutions
Each scout bee generates an initial solution randomly within the defined limits for each
dimension of the problem:
Xij = Xmin,j + rand(0,1) X (xmaxlj - xmm‘j)

e X Position of bee i in dimension .

®  Xminjand Xmax;: Minimum and maximum limits in dimension ;.

e rand(0,1): Uniform random number between 0 and 1.
2. Movements of Employed and Onlooker Bees
Employed and onlooker bees explore new positions in the solution space based on po-
sitions of other bees:

Vij = %Xij + $ij X Ccij = X, )

e vt New proposed position for bee i in dimension ;.

e  @;;: Random adjustment factor in range [-1, 1].

e Xy, Position of another bee k randomly selected in dimension ;.
3. Probabilistic Selection of Onlooker Bees
Onlooker bees select food sources based on probability proportional to the solution
quality:

i=1fi

e P Probability of selecting solution i.

e fi Quality of solution i, inversely proportional to the objective function value.
4. Update of Best Solutions
Best solutions are updated if a better position with higher quality is found:

if fw) < f(x;) then x; = v;

e f(vy): Objective function value at new position v;.

e f(x;): Objective function value at current position x;.
5. Objective Function
In this specific context, the objective function fo is defined as:

fo=09%Xa+05x8

e« represents the inverse of the security matrix.
e [:represents the costs of each node, using randomly generated values between
0 and 10.
6. Ending Conditions

The ABC algorithm ends after a maximum number of iterations or when a conver-

gence criterion is met.
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4.1.1. Initialization Phase

The control parameters such as iterations and area limits are established in the initial-
ization phase. This phase begins with a search for food by a group of scout bees, flying to
random points within the range of the parameters’ limits based on what is established in
Equation (1). The random choice scan phase is shown in Figure 3.

Xij = ijin + 7and(0,1)(xjmax - ijil’l) (1)
where:
i=1...5N;
j=1...D;

SN is the number of food sources;

D is the number of optimization parameters.

Additionally, the counters that store the number of solution trials are reset to 0 in
this phase.

Figure 3. Random choice scan phase.

After the start, the population of food sources (solutions) is subjected to repeated
cycles of the foraging processes of employed bees, onlooker bees, and scout bees. The
termination criteria for the ABC algorithm can either reach a maximum cycle number
(MCN) or meet an error tolerance (€).

4.1.2. Employed Bee Phase

An employed bee changes the food source’s location (solution) within its memory
based on local data (visual information), thus finding a neighboring food source and then
assessing its quality. In the ABC, finding an adjacent food source is defined by Equation (2).

v = Xjj + ¢i]’ (Xij — X)) ()

Within the vicinity of each food source site represented by X;, a food source v; is
determined by changing a parameter of X;, where j is a random integer in the range [1, D],
ke {1,2, ..., SN} is a randomly chosen index that has to be different from i, and ij is a
uniformly distributed real random number in the range [1, 1]. The difference between the
parameters of X;; and X} ; decreases, and the disturbance at position X;; decreases. Thus,
the step length adaptively reduces as the search approaches the optimal solution within
the search space.

On the other hand, if a parameter value coming from this operation surpasses its
predetermined limits, the parameter may be set to a suitable value. For example, in the
present investigation, the value of the parameter that exceeds its limit is set to its limits, so
that if X; > X0y, then X; = Xiy000 v 15 Xi < Xipin, then X; = Xjpi,. After producing v; within
the bounds, a fitness value for a minimization problem can be assigned to the solution v;
using Equation (3).

%ﬁ, if fi>0
abfwr if fi<0
where according to Sarkar et al. [57], fi is the cost value of the solution v;, and for maxi-
mization problems, the cost function can be utilized directly as a fitness function, and a

fitness; = { 3)
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greedy choice is used between x; and v; to pick the best one based on the fitness values
representing the amount of food from the food sources in x; and v;. If the source in v; is
larger than in x;, in terms of efficiency, the employed bee keeps in mind the new position
and forgets the old one [58]. The previous position is saved in the bee’s memory if this
scenario does not occur. If x; cannot be upgraded, its counter containing the number of
attempts is increased by 1; if it can be improved, the counter is reset to 0 [57].

Following this, the employed bees share their food source data with the onlooker bees
waiting in the hive by dancing on the dance floor.

4.1.3. Onlooker Bee Phase

As a multiple interaction feature of the ABC artificial bees, once all the employed
bees finish their search, they share data about the available food and its location with the
onlooker bees in the dance sector [58]. An onlooker bee analyzes the food information
from all employed bees and selects a food source site considering the probability associated
with its amount of food, where this probabilistic choice is based on the fitness values of the
population’s solutions. The picking method can be stochastic universal sampling, spinner,
or other choice mechanisms. The basic ABC uses a spinner-picking method, where each
spinner portion is correlated to the fitness value, as shown in Equation (4).

tess.
P — fitness; )

1 ZZS:I\Q fitness

As the amount of nectar in food sources (the fitness of solutions) increases, the num-
ber of onlooker bees that visit them also increases. This medium is the ABC positive
feedback function.

Selection of Food Site

The ABC algorithm generates a random real number within the range [0, 1] for each
source. Suppose the probability value (P; in Equation (4)) associated with that source is
more significant than this random number; then, the onlooker bee changes the position of
this food source site using Equation (2), as in the case of the employed bee. After evaluating
the source, a greedy choice is applied, and the onlooker bee memorizes the new position by
forgetting the old one or keeping the old one. If solution x; cannot be upgraded, its counter
hold trials are increased by 1; otherwise, the counter is reset to 0. This process repeats until
all viewers are distributed to the feed source sites.

4.1.4. Scout Bees Phase

Bees whose solutions cannot be enhanced by a preestablished number of attempts—called
the “limit”—become scout bees, and their solutions are abandoned. The explorers then be-
gin searching for new answers at random. Therefore, sources that are at first poor—or have
become impoverished by exploitation—are abandoned, and negative feedback behavior
stands up to balance the positive feedback.

These three steps are repeated until a completion criterion, cycle number, or maximum
processing time is met.

4.2. Implementation
4.2.1. Construction of the Route

In the previous section, it was explained how bees explore between their nest and
the food source and then exploit the most convenient food sources. This mechanism is
similar to finding an optimal and safe point and its different iterations to achieve a route,
which allows for an adaptation of the algorithm proposed by Karaboga [35]. Their natural
environment determines the behavior of bees, and they travel up to a certain limited
distance in search of food, avoid obstacles, and teach the routes to their companions. Then,
if there are more alternatives, they look for the best option as a food source.
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For our optimization problem, each optimal food source represents a place to reach, so
by distributing different optimal food sources, a specific location can be compared with the
safest conditions and at a lower cost. We constructed this network by carrying out multiple
iterations to find each source (i.e., the worker moves from the place of the collection of
materials to the work front) (Figure 4).
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Figure 4. Construction of the route for the worker.

4.2.2. Optimization Method

Step 1: The convergence analysis counter contconv is initialized to import the plan’s
image from the pdf to jpg format, then converted into a matrix of black-and-white points,
represented in terms of 1 and 0, respectively. The value of each parameter is assigned as
upper limits x;,5r and lower limits x,,;,,. The minimum cost found is defined as globest.cost,
the position matrix as bee.loc, and the cost vector as bee.cost of the food sources found.

Process ABC
Contconv=1 < Convergence Analysis Initialization;
/IImport drawing image
Import map;
Image to B&W transformation;
/IVariables
xmax < Upper boundary;
xmin < Lower boundary;
npop < Bee population;
itermax <— Maximum iterations (MCN);
alph— Alpha matrix;
Beth«— Beta matrix;
ssteps«<— Maximum Node Length;
Node_fin— End node (frontwork);
Node_ini« Start node (Acope);

Globest.cost= inf— Infinite global cost to start;

bee<— Position structure and costs of food sources;
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Step 2: The initialization process of random exploration of the scout bees i is started
by searching for the location of a food source bee(i).loc to store the cost in a vector bee(i).cost.
The rand variable is included to assign the visited node randomly.

//Each bee i randomly searches for a food source

For i — 1 To npop With Step by step Do

Generate solution xi;

bee(i).loc=xmintrand(0,1)(xmax-xmin) <« Save the source
position;

bee(i).cost=func(bee(i).loc) < Save the cost of the source

found;

If bee(i).cost < Globest Then
Bee value is saved as new source position with
minimal cost;
globest«—bee(i)
EndIf
EndFor

Step 3: The cycle of the bees begins up to the maximum iteration itermax, and the
employed bees’ phase i begins searching for the location of a food source newbee.loc, to later
save the cost in a vector newbee.cost, which is compared with the position of a randomly
chosen source k, where k € {1, ... npop}, and @ is the uniformly distributed random real
number in the range [—1, 1]. If the cost of the new source is less than the previously saved
bee(i).cost, then the latter is replaced by the new one.

//Employed Bee phase
For iter < 1 To itermax With Step by step Do
For i < 1 To npop With Step by step Do
Generate solution ki;
newbee.loc=xi+@ ij(xi-xxj) <« Save the source position;
newbee.cost=func(newbee.loc) « Save the cost of the source
found;
If newbee.cost < bee(i).cost Then
Newbee value is saved as new source position
with minimal cost;
bee(i)«newbee;
Else
C(i)=c(i)+1; 1 is added to the attempt counter
EndIf
EndFor

Step 4: The onlooker bees” phase i is started where the fitness function for each fitness;
node is generated, and then the probability P; is calculated for each food source.
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//Onlooker bee phase - probability calculation

F« Fitness vector of npop size;

For i — 1 To npop With Step by step Do
Generate fitness function for each node

1

1+bee(i).cost’
1

abs(bee(i).cost)’

Ifbee(i).cost = 0;
fitnessi=
Ifbee(i).cost < 0;

EndFor

For i < 1 To npop With Step by step Do
Calculate solution Pi for each node
(0.5 + —L2% 4 20,5, If solution is feasible;

fitTleSSj

.
Pi= /

1 Violation;

— —x x0,5, Ifsolution isn'tfeasible;
Z __Violation;
j=t

EndFor

Step 5: In the onlooker bees’ phase 7, using the probabilities calculated in the previous
step, they decide if it is convenient for them to go to the previously created source or to one
generated by a randomly chosen probability using the same equations from Step 3.

//Onlooker bee phase - visit food sources
For j < 1 To npop With Step by step Do
If rand <Pi Then
Generate solution ki;

(The same process as in Step 3)

If newbee.cost < bee(j).cost Then
(The same process as in Step 3)
Else
C(j)=c(j)+1; 1 is added to the attempt counter
EndIf
EndIf
EndFor

Step 6: The final stage of the ABC algorithm is the scout bee phase, where bees go
to random nodes in search of food sources as long as the attempt counter C(i) is equal to
or less than the number of allowed mistakes lim. The exact process is used as in Step 2 to
generate the solution x;.
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//Scout Bees Phase
For i < 1 To npop With Step by step Do
If C(i) <= lim Then
Generate solution xi;
(The same process as in Step 2)
C@) = 0; The attempt counter re-
turns to 0
EndIf
EndFor
EndFor // End of the bee stage iteration cycle

Step 7: The routes created with their respective nodes and costs are taken, to which a
total travel cost is calculated, and the route with the lowest cost is selected.

/IConvergence analysis phase, final part

For i < 1 To (contconv) With Step by step Do
Anmax(i) = sum(play(i). p).

EndFor
Anmin = min(Anmax);

posmin«— find position of anmin in play structure;

Plot convergence analysis;
Plot route;

Show results table;

FinScript//End script

4.3. Application of the Algorithm to the Case Study
4.3.1. The Case Study: A Residential Building

Since the experiments focused on applying the ABC algorithm within the construction
industry, several construction projects in southern Chile were analyzed to conduct the tests.
Depending on the construction degree of progress (buildings in the excavation stages were
discarded, and buildings close to being finished were also unconsidered), four buildings
were considered to implement the ABC solution found before finally selecting the case
study based on an appropriate number of walls as obstacles to test the algorithm and the
permissions provided to the workers to be part of the study. The residential building under
study has seven floors, an underground, and a constructed area of approximately 6500 m?.
The experiments were run on floor 3, which presented a sufficient degree of advance
(appropriate number of walls, constant movement of materials to test the algorithm, etc.).
Figure 5 (general view) and Figure 8 (detailed views) show the building’s plan views.

Eight participants were randomly selected from volunteers among the workers to
perform the routes with and without the guidance of the ABC algorithm. Each participant
completed five laps of carrying the material from the stockpile node to the work node. The
time and route were recorded by timing the start and end points under discreet supervision
to ensure that the participants were not influenced by external observers, minimizing the
Hawthorne effect, as explained in Section 5.1.
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Figure 5. Example of a floor plan of the building under study in JPG format.

To establish the starting and ending nodes, the on-site construction professionals were
asked about the stockpile points within the floor under study and the points where the
workers would be required to deliver the materials. With this information, the site plans
were converted into a format readable by MATLAB™, where the starting and ending
nodes were located, as explained below.

4.3.2. Map and Distance between Nodes

First, a map matrix was elaborated from the floor plans obtained from the building
work considered as the case study. To produce this, maps of the floors in PDF format were
converted to JPG images, as shown in the example in Figure 5. This process is necessary
because MATLAB™ requires at least one primary color (the contrast between black and
white) to read the images.

4.3.3. Factors o and f3 to Establish the Safe Distances between Workers

To establish the safe distances between workers and their proximity to various objects
on the site (walls, for example), the factors o« and 3 were created as objective functions.
The original ABC code allows for the implementation of only one objective function, so
we decided to use a variant of the ABC algorithm called MOABC (multi-objective artificial
bee colony), which enables using two or more functions. In this investigation, they were
established by matrices of the values that would make up the factors « and 3, as shown in
Figure 6. The size of both matrices was based on the size of the image of the building plan
to be studied and its number of pixels, which were reduced to a tenth of them, but without
losing the details of the walls and circulation areas.

4 I’\_ R 4 /5\‘
\enpt/ \a2p2/ N3/
a0 R / ’Z\‘
\ope) \esps/ \ao.ps/
‘/"'7‘\‘ {/’” I ‘/ ;‘\‘
\an.67/ N \emfn/

Figure 6. Graphical representation of the factors oc and f3.

167



Mathematics 2024, 12, 2087

The alpha and beta matrices were created for #n nodes to represent the factors « and 3,
as shown in Equations (5) and (6), respectively.

xll -+ «ln
Alpha=| @ . @)
onl -+ ann
p11 --- Bln
Beta =| : : (6)
pnl --- Pnn

The alpha matrix represents the inverse of the safety matrix, with values inversely
proportional to the distances to an object. A value of infinity was used for the nodes that
were part of a wall or some obstacle of the building to prevent the algorithm of this study
from taking impossible routes as an alternative. The values of « that were incorporated
into the equations are as follows:

0.5 7 or more distance nodes from the wall
0.7 5 to 6 distance nodes from the wall
0.8 3 to 4 distance nodes from the wall

0.9 0 to 2 distance nodes from the wall

The beta matrix represents the costs of each node, and, in this case, the cost associated
with the unloading of materials by the workers and must meet the condition of having the
necessary space for unloading, using randomly generated values between 0 and 10, simu-
lating some momentary obstruction in the path and decision randomness but considering
the distance from the node to the final objective.

The objective function results from a sum between the alpha and beta matrices with
the Euclidean distance between the node being evaluated Xij, and the objective node X, ;;,
as shown in Equation (7).

F(xig) = a(xif) + Blxij) o/ (xi)° + (¥mn)? )

4.3.4. Travel Times

Travel time was applied in the convergence analyses after having the complete route
between the materials collection node and the work front, using an average speed of
passage of 2.53 km/h (42 m/min), which was obtained by measuring the time it takes a
group of workers to travel a certain distance, as shown in Equation (8).

d(m)

T[min] = 42(%)

®)

4.4. Model Verification
4.4.1. Model Convergence

The behavior of the model was verified by employing the matrix of map points, which,
as indicated, represents the floors of the building under study, with a size of 367 x 367;
however, 10 x 10 sub-matrices were also used to find each node of the path, for which
100 iterations were used for each sub-matrix with a population of four bees. This number
of iterations (100) was used despite the ABC algorithm already beginning to converge
toward minimum values between iterations 25 and 30, as shown in Figure 7.
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Figure 7. Convergence graph for the calculation of minimum values.

4.4.2. Optimization Results

Once the ABC algorithm was developed to address the problem of safe distancing be-
tween workers who moved along the floor of a building, different outputs were generated,
of which two sample routes are presented in Figure 8.

N ﬁ ﬁ
- -

23.6[m] 23.6[m]

< » < ».
< » < »

Figure 8. Two alternative routes produced by the algorithm.

5. Model Validation

The previous sections presented a model based on ABC algorithms to find circulation
routes for workers transporting loads while maintaining a safe physical distance during a
pandemic. These routes were appropriate considering the existing conditions in a building
(walls, pillars, etc.) and the safety of the workers, so we proceeded to validate the developed
model through accurate measurements made in an apartment building.

To verify the functionality of the routes obtained through the ABC algorithm devel-
oped in this research, two experiments were carried out with two groups of volunteer
workers who moved to transport materials along one of the floors of the apartment building
under study (structure of seven stories high and departments with an average surface area
of 100 m? each). The participants were randomly selected from a volunteer worker pool
after requesting their participation as volunteers.

5.1. Evaluation of the Results Produced by the Model

Two test exercises were considered based on the time needed to transport materials
between the two previously established nodes. The first test consisted of positioning the
participants in a starting node, where they had to take a load and take it to the final node,
for which their location was indicated but not the route to follow to reach the said node, so
this exercise was called No Guidance. In the case of the second exercise, the participants
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were given the route information provided by the ABC model through boundaries on
the floor that went from the initial node to the final node, where this event was called
With Guidance.

On the other hand, there is a phenomenon known as the Hawthorne effect, which
is inherently associated with the enthusiasm and greater attention paid by people who
know they will be part of a study [59]. In this sense, to obtain a solid argument about the
differences between two populations, it is crucial to assume their independence, which
has been analyzed through the Hawthorne effect in studying humans [60]. In other words,
the Hawthorne effect occurs when subjects are stimulated to make more significant efforts
merely because of a study’s novelty [61]. To minimize the adverse consequences of this
effect, participants in this research were informed that they would be part of a study;
nevertheless, neither the group with guidance nor the group without guidance were
informed about who would be the control group or the study group. Thus, both groups
showed the same interest and disposition to participate, avoiding possible biases associated
with this effect.

Finally, because of the relevance of randomizing subjects in comparative studies [62],
the researchers selected the participating workers from the whole pool of workers of the
project under study (randomly picking one worker per crew) without any previous knowl-
edge about their professional background or experience (at no time did the researchers talk
to the workers’ supervisors to obtain information about their working profiles).

5.1.1. No Guidance Group

Participants were taken to the floor, where the measurements were taken. They were
positioned at the starting point (collection of material) and asked to transfer a 20 kg load
from there to a certain point. During the entire transportation process of this first exercise,
the participants followed different routes randomly based only on their perception of the
area, for example, avoiding constructive elements (walls, columns). The times were timed
from the moment the participants started walking from the starting point until they arrived
at the unloading zone.

5.1.2. With Guidance Group

The participants restricted the route they should use on the floor to join the departure
and arrival nodes, which was built based on the results of the ABC algorithm developed in
this research. The times were recorded when the volunteers began moving from the initial
node to the final unloading point.

5.2. Statistical Analysis

The Wilcoxon statistical test was used, with a significance level of 5%, to compare the
movement times of workers. The Wilcoxon test is a nonparametric test that was selected
because of its robustness, as parametric tests require several assumptions that this dataset
would like to violate [63].

Table 1 shows the times obtained in seconds from left to right for the exercises without
a route (No guidance) and with a route (With Guidance), in addition to the times provided
by the model based on the ABC algorithm.

The respective hypotheses, according to the experiments carried out and the model,
are as follows:

(a) Hypothesis for the comparison of times with and without guidance

Hj = The travel times for the test participants without any previously known route
are equal to those who participated in the experiment knowing a previously defined route.

Ha = The travel times for the test participants without any previously known route
differ from those who participated in the experiment knowing a previously defined route.

(b) Hypothesis for the comparison of the times of the model versus those with
no guidance
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Hy = The worker movement times given by the model are the same as those produced
by the first movement exercise, that is, without a known route.

Ha = The worker movement times given by the model are different from those pro-
duced by the first movement exercise, that is, without a known route.

(c) Hypothesis for the comparison of the times of the model versus those with Guid-
ance

Hp = The worker movement times given by the model are the same as those produced
by the second movement exercise, with a known route.

Ha = The worker movement times given by the model are different from those pro-
duced by the second movement exercise, with a known route.

Table 1. Measured times in the experiments.

No Guidance With Guidance Model
Measurement
t (s) t (s) t(s)

1 11.81 12.45 13.10
2 10.23 10.56 13.50
3 30.27 13.47 14.30
4 13.08 13.10 12.90
5 13.40 14.25 12.90
6 19.90 12.24 12.90
7 20.35 14.53 11.30
8 21.70 13.27 13.50
9 25.27 13.67 13.00
10 22.45 11.56 12.90
11 25.41 13.09 13.20
12 17.82 12.96 12.60
13 21.68 10.23 11.90
14 18.39 11.99 13.00
15 13.83 11.94 12.90
16 13.28 13.16 13.50
17 15.38 11.64 12.10
18 17.46 12.39 13.00
19 16.73 11.80 12.90
20 13.58 13.27 12.60
Averages 18.10 12.58 12.90

As seen in Table 2, first, it can be concluded that the hypothesis of equality between the
travel times of workers without a route (No Guidance) and with a route (With Guidance) is
rejected (p-value < 0.0001), as there was a statistically significant difference that showed that
the workers who followed the route provided by the model took less time than those who
traveled without a previously defined route. In other words, the p-value < 0.0001 shows
the significance of the differences between the workers who followed the path provided by
the ABC algorithm (less travel time) in comparison with the workers who did not use the
path (longer travel time).

Table 2. Results of the Wilcoxon test for differences in travel times.

Obs (1) Obs (2) N Average (1) Average (2) Difference SD p-Value
No Guidance With Guidance 20 18.10 12.58 5.52 5.16 <0.0001
No Guidance Model 20 18.10 12.90 5.20 140.55 <0.0001

With Guidance Model 20 12.58 12.90 —0.32 1.26 0.1482

Note: We did not correct for the Type I error inflation as significant p-values were an order of magnitude smaller
than 0.05. While details were beyond the scope of this article, Type I error inflation occurs when multiple tests are
conducted within a dataset that should be independently conducted [64].
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Similarly, the hypothesis of equality between the travel times of workers without a des-
ignated route concerning the times given by the model was also rejected (p-value < 0.0001),
with a statistically significant difference in favor of the travel times given by the model
(ABC algorithm). This finding shows that workers who moved without a defined path took
longer than the travel times provided by the model.

Finally, the last comparison corresponded to the times measured in the field for
the workers who followed the route provided by the model in comparison with the
times computed by the ABC algorithm, where there was no statistically significant differ-
ence between the times measured in the field and equality hypothesis was not rejected
(p-value = 0.1482). Therefore, this no statistically significant difference allowed us to con-
firm the model’s accuracy.

Thus, the proposed model made it possible to safely deliver routes for transporting ma-
terial from one place to another, avoiding obstacles and abiding by social distancing rules,
but at the same time, significantly reducing the travel times by following a defined route
and maintaining order and organization in work areas. This finding is because the routes
generated by the ABC algorithm developed in this study delivered more accurate travel
information to the workers, thus decreasing the decisions to be made during the journey.

6. Conclusions and Recommendations

This research proposed a model for safe movement between different points within
a construction site based on the behavior of a colony of artificial bees, whose algorithm
is known as the ABC. The model was also validated in the field, finding no statistically
significant differences between the times measured in the workers’ movements in an
actual project, and the times the developed model produced. The travel times using the
routes obtained through the ABC algorithm proved significantly lower than those made by
workers who moved freely without a predefined route. This finding is significant, as social
distancing between workers in the ABC algorithm development was used as a restriction.
This approach can be expanded to multiple source nodes associated with different types of
materials to be moved on-site, combined with varying nodes of arrival (work fronts) whose
trips are made simultaneously.

Pandemics such as COVID-19 have been a global disgrace, from which it must be
learned how to improve the interaction between all human beings. This research contributes
to the knowledge of how to work more effectively, comply with safety regulations, and, at
the same time, generate advanced productivity in construction processes, specifically by
increasing productivity while reducing and guaranteeing minimal interference between
crews. This objective can only be reached if communication between work fronts or
contractors is fluid, and the management of the H&S plan is more accessible to follow for
its correct application and supervision.

In terms of limitations of the simulation approach presented in this research, despite
being shown that the model studied was appropriate to provide routes combining shorter
travel times and safety distances between workers when transporting materials in construc-
tion sites, some real-world uncertainties were not captured and could potentially influence
results such as delays related to the occasional crowding of workers in the material stock-
pile area, or potential brief pauses of workers along the route to check their cellphones
(usual practice in young workers). Finally, regarding future research, we recommend
considering more simultaneous material stockpiles but maintaining the same simulation
principles of this research, along with running the same problem presented in this study;,
but based on other swarm intelligence algorithms such as particle swarm optimization or
ant colony optimization.
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