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ABSTRACT

The external load factor () is a key parameter affecting the performance and reliability of bolted joints. This study
presents an integrated framework combining experimental measurement, physics-informed surrogate modeling,
and reliability-based robust design optimization (RBRDO) to analyze and optimize x under uncertainty. A struc-
tured experimental design is employed to investigate the effects of friction coefficient (), surface roughness (Ra),
and material hardness (HB). Results indicate significant nonlinear interactions, with material hardness exerting
the strongest influence. A physics-informed surrogate model is then developed to provide accurate and physically
consistent predictions. The optimization framework incorporates the expected value, variance, and Conditional
Value-at-Risk (CVaR) to balance performance, variability, and risk. The optimal design, characterized by higher
friction, lower surface roughness, and greater material hardness, reduces the expected external load factor to
approximately 0.24 while satisfying the reliability requirement P(0.2 <y <0.3) = 0.9993. The proposed framework
offers an efficient and robust methodology for mechanical design under uncertainty.

Keywords: physics-informed modeling, robust design optimization, bolted joints, external load factor, Monte

Carlo simulation, surrogate modeling.

INTRODUCTION

Bolted joints are among the most fundamen-
tal mechanical elements used in engineering
systems, including automotive, aerospace, and
heavy machinery, due to their simplicity, reli-
ability, and ease of assembly [1]. Their structural
performance is primarily governed by the distri-
bution of external loads between the bolt and the
clamped members, commonly characterized by
the external load factor () [2, 3]. This parameter
plays a critical role in determining joint stiffness,
load transfer behavior, and fatigue resistance, and
is therefore essential for ensuring structural integ-
rity and long-term reliability [4-6].

In practical applications, however, the exter-
nal load factor cannot be treated as a determin-
istic quantity. It is strongly influenced by mul-
tiple sources of uncertainty, including friction

conditions, surface roughness, and material prop-
erties [6, 7]. These factors exhibit inherent vari-
ability arising from manufacturing tolerances,
assembly conditions, and operational environ-
ments. Since y is fundamentally governed by a
stiffness ratio between the bolt and the clamped
members, uncertainty propagates through the
system in a highly nonlinear and coupled man-
ner [3, 8, 9]. As a result, deterministic modeling
approaches are insufficient for accurately cap-
turing system behavior and ensuring reliability
under realistic conditions.

To address this challenge, surrogate modeling
techniques such as Response Surface Methodol-
ogy (RSM), Kriging (Gaussian process regres-
sion), and machine learning models have been
widely adopted to approximate complex system
responses with reduced computational cost [10-
13]. While efficient, these approaches remain
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largely data-driven and lack explicit representa-
tion of underlying physical mechanisms. Conse-
quently, their accuracy depends strongly on data
quality and coverage, often leading to poor gen-
eralization, especially in extrapolation regions.
More critically, they may produce physically
inconsistent predictions, which is unacceptable
in reliability-based design requiring accurate esti-
mation of low-probability events.

Recent advances in physics-informed
machine learning, particularly physics-informed
neural networks (PINNs), have attempted to
address these limitations by incorporating gov-
erning equations into the learning process [14—
17]. These methods typically enforce physical
consistency through penalty-based constraints or
residual minimization. While effective for differ-
ential equations, they are less suitable for algebra-
ic mechanical systems such as bolted joints. The
reliance on soft constraints introduces additional
hyperparameters and does not ensure strict adher-
ence to problem-specific physics. In particular,
the stiffness-governed load transfer mechanism is
not explicitly embedded, limiting interpretability
and extrapolation reliability.

In parallel, reliability-based design optimiza-
tion (RBDO) has been extensively developed to
account for uncertainty in engineering systems
[18-21]. By incorporating probabilistic con-
straints, RBDO ensures that performance require-
ments are satisfied with a specified level of reli-
ability. Extensions toward robust design further
consider variability in system response. Howev-
er, most existing frameworks focus primarily on
mean performance and variance, without explic-
itly addressing the influence of extreme respons-
es. In many mechanical systems, including bolt-
ed joints, rare but severe loading conditions are
directly associated with fatigue failure and struc-
tural degradation. Risk-sensitive measures such
as conditional value-at-risk (CVaR) provide a
more comprehensive characterization of such tail
behavior [22, 23]. Despite their advantages, the
integration of CVaR into the design optimization
of bolted joints remains largely unexplored.

From the above discussion, three fundamental
limitations can be identified in the current state of
the art: (i) existing surrogate models lack inherent
physical consistency and may violate fundamen-
tal mechanical constraints, particularly in extrap-
olation regions; (ii) current physics-informed
approaches rely on penalty-based formulations
and do not structurally embed problem-specific
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mechanics, such as stiffness-governed load trans-

fer, into the model; (iii) existing reliability-based

design frameworks rarely incorporate explicit
control of tail risk, limiting their effectiveness in
safety-critical applications.

To address these limitations, a mechanics-
embedded physics-informed surrogate frame-
work is integrated with reliability-based robust
design optimization (RBRDO). The proposed
hybrid model directly embeds the stiffness-gov-
erned load transfer mechanism, ensuring physi-
cally consistent and interpretable predictions
while capturing nonlinear behavior.

Building upon this modeling framework, a
risk-aware RBRDO formulation is developed by
incorporating CVaR as a tail-risk measure [24—
26]. This enables simultaneous control of expect-
ed performance, variability, and extreme response
behavior, providing a more comprehensive and
practically relevant design strategy for engineer-
ing systems operating under uncertainty.

The proposed approach is validated using
experimentally measured data of the external load
factor, ensuring strong physical credibility and
distinguishing this work from purely simulation-
based studies. In addition, the surrogate-based
implementation significantly reduces computa-
tional cost, enabling efficient uncertainty propa-
gation and large-scale Monte Carlo simulation.

The main contributions of this study can be
summarized as follows:

e A mechanics-embedded physics-informed sur-
rogate model that directly integrates stiffness-
based load transfer behavior into the model
structure, ensuring physical consistency with-
out relying on penalty-based constraints.

e A hybrid physics—data modeling strategy
that improves predictive accuracy, enhances
extrapolation robustness, and reduces model
bias under uncertainty.

e A risk-aware RBRDO framework incorpo-
rating CVaR to explicitly control extreme
response behavior.

e Experimental validation of the external load
factor, providing strong physical grounding
and improving the reliability of the proposed
approach.

e A computationally efficient framework
enabling large-scale uncertainty quantification
and optimization.

Overall, this work establishes a unified
and generalizable framework for integrating
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physics-informed modeling with reliability-based
robust design optimization in engineering sys-
tems characterized by nonlinear behavior, uncer-
tainty propagation, and limited data.

METHODOLOGY

This section presents the methodology adopted
in this study. It includes the mechanical modeling
and experimental measurement of the external
load factor, the uncertainty modeling of the input
parameters, and the formulation of the reliabili-
ty-based robust design optimization framework.
These components provide the foundation for the
proposed physics-informed surrogate model.

Definition and mechanical modeling
of the external load factor

The mechanical behavior of a bolted joint
under external loading is governed by the load-
sharing mechanism between the bolt and the
clamped members. As illustrated in Figure 1, the
bolt and the clamped components can be ideal-
ized as two elastic elements with stiffnesses (k,)
and (k ), respectively.

As illustrated in Figure 1, the applied exter-
nal load F is shared between the bolt and the
clamped members. This load-sharing mechanism
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Figure 1. Axial load distribution in a bolted joint

is quantified by the external load factor, denoted
as 7y, which represents the fraction of the external
load carried by the bolt. The external load factor
is defined as:

_AR V-V K
F F k, +k,

where: F is the applied external load; AF, is the
increment in bolt force induced by F; Vo is
the initial tightening force (preload); V is
the bolt force under external loading; and
k, and k_are the stiffnesses of the bolt and
the clamped members, respectively. In the
experimental context, AF, is determined
asAF, =V —Vo.

(1)

Equation 1 shows that the load distribution
depends on the relative stiffness of the bolt and
the clamped members. Increasing the bolt stiff-
ness increases the load transferred to the bolt,
whereas increasing the clamped-member stiffness
reduces it. Since the clamped-member stiffness
is governed by contact conditions and material
properties, the external load factor is influenced
by the friction coefficient, surface roughness, and
material hardness.

This stiffness-governed load transfer mecha-
nism forms the physical foundation of the pro-
posed physics-informed surrogate model devel-
oped in the subsequent sections.

Experimental setup and measurement
of the external load factor

The external load factor is determined by
simultaneously measuring the bolt force and the
applied external load, as shown in Figure 2.

To determine the external load factor, the
bolted joint (3) is initially tightened to a preload
V, to prevent separation and ensure stable contact
between the clamped components. The preload is
measured using a load cell sensor (4). Subsequent-
ly, an external load F is applied through a hydrau-
lic cylinder (2), while the corresponding bolt force
V is continuously monitored by the same sensor.
As the external load increases, the bolt force rises
from the initial preload V to a new value V. Based
on these measurements, the external load factor is
calculated using Equation 1.

The experimental setup used to implement
this measurement is shown in Figure 3. The sys-
tem consists of a hydraulic loading unit, a rigid
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Figure 2. Schematic diagram of the system: 1 — load cell measuring the cylinder force; 2 — hydraulic cylinder
generating force; 3 — bolt joint; 4 — load cell measuring bolt tightening force; 5 — frame structure;
6, 7 — clamping plates

Figure 3. Experimental setup for external load factor measurement, previously reported in [3]: 1 — external force
display meter; 2 — electrical control cabinet; 3 — bolt tightening force display meter; 4 — hydraulic system;
5,11 — clamping plates; 6 — support frame; 7 — force applicator arm; 8 — tilt angle adjuster (a); 9 — bolt;

10 — load cell measuring bolt tightening force

frame, and two independent load cells: a through-
hole load cell for measuring the bolt force and an
S-type load cell for measuring the applied exter-
nal load. All sensors are factory-calibrated with
full-scale accuracy within =0.05% and repeatabil-
ity better than +0.02%.

The test specimen consists of two steel plates
connected by an M16 bolt subjected to axial
loading. Each experiment is repeated three times
to ensure repeatability, and the average values
are used for analysis. The overall measurement
uncertainty is estimated to be within £3%.

The experimental dataset serves as a reliable
basis for model calibration, validation, and subse-
quent uncertainty analysis.
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During the assembly of the bolted joint, an
initial preload of 15 kN was applied. This pre-
load was selected to ensure that no joint separa-
tion occurred throughout the loading process. The
initial preload was measured directly using the
coaxial donut-type load cell (Forsentek FBDA,
0-20 kN), rather than being estimated from the
tightening torque. During the experiment, an
external tensile load of 6 kN was subsequently
applied to determine the external load factor.

Uncertainty modeling of input parameters

In practical applications, the parameters
affecting the external load factor are inherently
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uncertain due to manufacturing variability, mea-
surement errors, and operating conditions. To
account for these effects, an uncertainty modeling
framework is established.

The key input variables considered in this
study are:

d=[u, Ra, HB]" )

where: u is the friction coefficient, Ra is the sur-
face roughness, and HB is the material
hardness.

These variables are selected due to their sig-
nificant influence on stiffness characteristics and
load transfer behavior. The variables p, Ra, and
HB are assumed independent. Preliminary sen-
sitivity analysis indicated that moderate correla-
tions (p < 0.3) have a negligible influence on the
predicted response, supporting the validity of this
assumption.

Friction coefficient

In this study, the composite friction coefficient
(w) is determined from the measured tightening
torque and bolt tension force instead of using the
empirical nut factor (K). Torque (T) is measured
using an electronic torque wrench (+1% accura-
cy), while the bolt tension force is obtained from
a coaxial donut-type load cell (Forsentek FBDA,
0-20 kN) placed between the clamped surfaces.
This approach better captures the effects of lubri-
cation, surface roughness, and material proper-
ties on joint load transfer. According to technical
references and ISO 16047, the composite friction
coefficient in bolted joints typically ranges from
0.1 to 0.3 depending on the surface condition and
lubrication state. The friction coefficient is calcu-
lated using:

T

“=7p G)

where: D is the nominal diameter of the bolt.

The measured data exhibit a symmetric
distribution, and the Shapiro—Wilk test yields
a p-value of 0.784 (> 0.05), indicating that
the normality assumption cannot be rejected.
Accordingly, i is modeled as a normally distrib-
uted random variable For lubricated surfaces,
the friction coefficient typically varies within
a tolerance of +0.05. Based on this range, the
standard deviation is estimated as (csH =0.0167),
which is adopted to represent the inherent

variability arising from surface interactions and
lubrication conditions.

Surface roughness

In this study, two surface roughness levels
were considered: Ra = 1.6 um (fine machin-
ing with lower friction) and Ra = 6.3 pm (rough
machining with higher friction). Roughness was
measured using a contact profilometer (Mitutoyo
SJ-210) following ISO standards, with three mea-
surements per specimen and averaged results.
The data show an approximately normal distribu-
tion (Shapiro—Wilk p = 0.184 > 0.05), so Ra is
modeled as a normally distributed random vari-
able Ra ~ N(EG,G#).

For surfaces with nominal roughness in the
range Ra € [1.6, 6.3] um, a tolerance of +0.5 um
is adopted to reflect the typical process capability
of conventional turning and fine milling opera-
tions. This tolerance is consistent with practical
machining experience and the recommended con-
trol levels specified in ISO 4288.

The allowable variation range is used to define
the probabilistic model of surface roughness in
the reliability analysis. Assuming a normal dis-
tribution, the standard deviation is estimated as:
o, = 0.167.

Material hardness

Two hardness levels were considered: HB
~ 120 (aluminum alloys or mild steels) and HB
~ 250 (hardened steels), representing typical
engineering materials. Brinell hardness (HB)
was measured according to ISO 6506-1 using a
10 mm steel ball, 1000 kgf load, and 15-s dwell
time, with three measurements per specimen and
averaged results. The Shapiro—Wilk test yields a
p-value of 0.908 (> 0.05), indicating no evidence
against the normality assumption. Therefore,
hardness is modeled as a normally distributed

random variable B ~N(HB, 0,,).

To account for manufacturing variabil-
ity, an absolute tolerance of £10 HB is adopted,
reflecting typical quality control capability and
recommendations from ISO 6506. According-
ly, the allowable variation range is defined as
[HB—10, HB+10]. Assuming a normal distribu-
tion, the corresponding standard deviation is esti-
mated as: o, = 3.33.

In summary, all three input variables are mod-
eled as normally distributed, which is consistent
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with the random and unbiased nature of vari-
ability in mechanical systems. This assumption
facilitates the application of reliability analysis
methods, such as the first-order reliability method
(FORM) and Monte Carlo simulation, in sub-
sequent analyses. The corresponding statistical
parameters are summarized in Table 1.

The three input parameters, friction coeffi-
cient (u), surface roughness (Ra), and material
hardness (HB), are selected due to their signifi-
cant influence on load distribution in threaded
joints. The friction coefficient governs the conver-
sion of tightening torque into clamping force (n €
[0.1, 0.3]), while surface roughness and material
hardness affect contact stiffness and load-sharing
behavior. Accordingly, representative ranges of
Ra €[1.6, 6.3] um and HB € [120, 250] are con-
sidered to evaluate their effects on the external
load factor y. In summary, the three selected input
parameters are as follows:

0.1 <u<0.3;1.6<Ra<6.3;120 < HB <250(4)

The external load factor is expressed as a non-
linear function of the uncertain input parameters:

x=g(d) (5)

where: g(d) represents the stiffness-governed
mechanical relationship.

Due to the presence of nonlinear interactions
among friction coefficient, surface roughness, and
material hardness, particularly through stiffness
formulations involving power-law and exponen-
tial terms, the response function exhibits strong
nonlinearity and potential non-Gaussian behavior.

To propagate uncertainty, Monte Carlo Simu-
lation (MCS) is employed. Unlike linearization-
based methods such as FORM or Taylor expan-
sion, which may introduce significant errors
in highly nonlinear systems, MCS provides a
non-intrusive and assumption-free approach by
directly sampling the input space. This enables
accurate estimation of the full probability distri-
bution of y, including tail behavior critical for

Table 1. Manufacturing tolerances and standard deviations

reliability analysis. From a reliability perspec-
tive, the performance is defined by:

02<,<03 (6)

This requirement is expressed probabilisti-
cally as:

P(0.2 << 0.3)>0.999 (7)

Failure occurs when the response falls out-
side the admissible range. The corresponding
probability is estimated using MCS. To improve
computational efficiency, a surrogate model is
developed and presented in the following section.

Reliability-based robust design
optimization

Building upon the uncertainty modeling
framework in Section “Experimental setup and
measurement of the external load factor”, the
design of bolted joints is formulated as a reliabil-
ity-based robust design optimization problem.
Unlike conventional RBDO, RBRDO accounts
for both reliability and robustness by considering
the mean response, variability, and tail risk. The
design vector is defined as:

d = [u, Ra, HB]" ®)

where: u, Ra, and HB denote the nominal values
of the friction coefficient, surface rough-
ness, and material hardness, respectively.

Due to manufacturing variability and opera-
tional conditions, the actual system inputs are
modeled as random variables:

X=d+e 9)

where: ¢represents random deviations character-
ized by known probability distributions.

This formulation allows explicit representa-
tion of uncertainty around the design point. The
objective of the RBRDO problem is to identify a
design that minimizes not only the expected value

Design Variables Tolerances Standard deviation (o) Probability distribution
Combined friction coefficient (u) +0.05 0.0167 Normal (ﬁ,Gﬂ)
Surface roughness (Ra), um +0.5 0.167 Normal (Ea,O'Ra)
Material hardness (HB), HB +10 3.33 Normal (]ﬁ, O'HB)
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of y but also its variability and extreme behavior.
Accordingly, the objective function is defined as:

min Ely]+ AVar[y]+ 2,CVaRr,(y) (10)

where: E[y] is expected value (performance met-
ric); Var[y] is variance (robustness mea-
sure); CVaR (x) is conditional value-at-
risk at confidence level o (tail risk mea-
sure) and 4, 4, are weighting coefficients
controlling the trade-off.

The inclusion of variance reduces sensitiv-
ity to input uncertainty, while CVaR penalizes
extreme high-load scenarios that may lead to
failure. To ensure safe operation, a probabilistic
constraint is imposed such that the external load
factor remains within a prescribed interval with
high confidence:

P(0.2<x<0.3)>0.999

The design variables are constrained within
feasible engineering bounds: p € [0.1, 0.3], Ra €
[1.6, 6.3], HB € [120, 250]

The complete RBRDO formulation is given
by: to summarize, reliability-based robust design
optimization problem for the bolted joint can be
expressed as follows:

Design variables:
p e [0.1,0.3], Ra € [1.6, 6.3], HB € [120, 250]
Objective function:

n}iin E[;(]+ ﬂ,lVarD(]+/12CVaRa()() (11)

Subject to:

0.1<u<03
1.6<Ra<6.3
120 < HB <250
P(0.2< ¥ <0.3)>0.999

Direct MCS is computationally expensive for
repeated evaluation of the objective and reliabili-
ty constraints. Therefore, a physics-informed sur-
rogate model is developed to approximate g(X),
providing an efficient computational framework
for RBRDO.

PHYSICS-INFORMED SURROGATE
MODELING

This section presents the development of the
proposed physics-informed surrogate model for

predicting the external load factor in bolted joints.
It describes the mechanics-guided surrogate for-
mulation, the physics-informed loss function, the
model training and validation procedures, and its
integration into the RBRDO framework

Mechanics-guided surrogate formulation

To improve physical consistency and extrapo-
lation capability, a mechanics-embedded physics-
informed surrogate model is developed for predict-
ing the external load factor in bolted joints. The
model directly incorporates the stiffness-based
load transfer mechanism into its structure, result-
ing in a compact and data-efficient formulation.

Problem definition

The overall architecture of the proposed
framework is illustrated in Figure 4. It consists
of two complementary components: (i) a data-
driven surrogate model that learns complex non-
linear relationships from data, and (ii) a phys-
ics-based model that encodes the underlying
stiffness-driven load transfer mechanism. These
two components are coupled through a hybrid
loss formulation to ensure both data fidelity and
physical consistency.

Physics-based reference model

The load transfer behavior in bolted joints is
fundamentally governed by the relative stiffness
of the bolt and the clamped members. Based on
classical stiffness-based theory, the external load
factor can be expressed as:

k

_ b
ok, +k(X) (12)

Z = gphys (X)
where: £, is the bolt stiffness and k _is the stiffness
of the clamped members.

In this study, the bolt stiffness is assumed to be
constant, with &£, = 1.2 x 107 N/m, as its variation
is relatively small compared to that of the clamped
members.

To account for the influence of contact condi-
tions and material properties, the clamped mem-
ber stiffness k_is modeled using a semi-empirical
formulation:

kc(,u,Ra,HB):kO( HBJ ( e” J (13)

HB, ) \ 1+ fBRa

413



Advances in Science and Technology Research Journal 2026, 20(10), 407-423

Input Variables

- u (friction coefficient)
- Ra (surface roughness)
- HB (material hardness)

Data-driven Model
(NN /RSM /ML)

Xp,ed . fB(X)

|

Physics-based Model
(Stiffness relation)
ke = f(1, Ra, HB)

Xgnye = K/ (ky + o)

Llol.’;\l = Ldala +L

Physics-informed Loss
‘consistency
Constraints:
'0<X<|
* monotonic behavior J

il
physics

Final Prediction y(X) A

(Physically valid)

- Mean E[y]

- CVaRuo(y)

Uncertainty Quantification (MCS)

- Variance Var[y]

J

Figure 4. Architecture of the proposed physics-informed surrogate modeling framework

where: u, Ra, and HB denote the nominal values
of the friction coefficient, surface rough-
ness, and material hardness, respectively
and o,f,y are model parameters. The ref-
erence values are k,= 4.0 x 10’ N/m and
HB, = 180. The calibrated parameters
based on representative datasets are a =
0.85, #=0.05,y=0.4.

Equation 13 is derived from rough-surface
contact mechanics, where contact stiffness
depends on asperity deformation. The term (HB/
HB,)* captures the nonlinear influence of mate-
rial hardness, with higher hardness resulting in
greater contact stiffness. A decoupled structure
is adopted to represent interfacial effects, where
friction and surface roughness are modeled sepa-
rately through e™ and (1+pRa)”!, respectively.
This formulation reduces parameter coupling,
improves interpretability, and ensures stable
behavior under extrapolation.

Overall, the model reflects a hierarchical sen-
sitivity structure: material hardness governs the
global stiffness scaling, while friction and surface
roughness introduce nonlinear attenuation effects.
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This behavior is consistent with the experimental-
ly observed variability and uncertainty propaga-
tion of the external load factor.

Substituting Equation 13 into Equation 12
defines a mechanics-consistent mapping:

g i B—(0,1) (14)

where: gphys(,u,Ra,HB) represents the physics-based
prediction of the external load factor.

This mapping inherently guarantees physically
admissible predictions, i.e., 0 <y < 1.

It is emphasized that the objective is not to
derive an exact first-principles solution, but to
construct a physically consistent and computa-
tionally efficient reference model that captures
the dominant stiffness-governed load transfer
behavior. This model serves as a physics-based
backbone within the hybrid surrogate framework,
enabling data-driven refinement while preserving
interpretability and robustness under uncertainty.

Hybrid surrogate structure

The surrogate is constructed as a physics-
guided correction model:
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fa(X):gphys(X)+§0(X) (15)

where: J, captures residual nonlinearities.

The proposed physics-informed hybrid sur-
rogate directly incorporates the stiffness-driven
load transfer mechanism, ensuring physically
consistent and interpretable predictions. The com-
pact formulation captures nonlinear interactions
among the governing parameters and enables effi-
cient repeated evaluations in RBRDO.

Physics-informed loss formulation

To integrate physical knowledge into the
learning process, a composite loss function is
constructed as:

LTotal = Ldata + /lchonsistency + /’LZLphysics (16)

where: A, and 4, are weighting coefficients.

The data loss ensures agreement between pre-
dictions and observed/simulated data:

LS (hx)-2F a7

L =
data
NS

To enforce consistency with the stiffness-
based load-sharing mechanism:

2
k
Lconsistency = E (fﬁ (X) - Wb()()j (1 8)
b

c

This term ensures that the learned model
remains close to the physically derived relation-
ship across the input space. Fundamental physical
constraints are imposed as:

L = Lbound + Lmonotonic (19)

Bound constraint:

physics

Lbound ElmaX _/1/) + maX > Z

1)’ ] 20)
Monotonicity constraint:

Ly = {max[o a’fj +ma>{ ”(m
o

These constraints ensure that the surrogate
model respects known physical behavior, even in
regions with limited training data.

The framework combines: data-driven learn-
ing and physics-based regularization leading to
improved robustness and generalization.

Selection of weighting parameters

The weighting parameters A and A, control
the balance between data fidelity and physical
consistency. Improper selection may lead to over-
fitting or excessive bias toward the physics-based
model. To ensure a balanced contribution of each
loss term, all components are first normalized:

~ L.
L= 22)

1

where: LEO) is the initial loss value.

A grid search is then conducted over: 4, 4,
€ [0.01, 10]. The optimal values are selected
based on a trade-off between predictive accuracy
(RMSE, R?) and physical consistency (constraint
satisfaction and monotonicity preservation). Based
on this procedure, the weighting parameters are
set to 41 = 0.6 and 4> = 0.4. These values were
selected to achieve a balanced trade-off between
the data-fitting objective and the physics-based
consistency. A slightly higher weight is assigned
to A, to prioritize prediction accuracy while ensur-
ing sufficient enforcement of the physics-based
consistency term. The model exhibits stable per-
formance within a moderate range of 4, and 4,,
indicating robustness of the proposed framework.
A detailed sensitivity analysis is presented in Sec-
tion Results and Discussion.

Training, validation, and RBRDO integration

The dataset is generated using DoE and LHS.
The model is trained with cross-validation and
early stopping, and evaluated using RMSE, (R?),
maximum absolute error, physical consistency,
and comparisons with RSM and Kriging.

Once trained, the surrogate replaces the origi-
nal model:

g(X) — f(X)
enabling efficient evaluation of:
E[x], Var[y], CVaRa(y)

This significantly reduces computational cost
in Monte Carlo simulation and enables efficient
RBRDO.

The overall workflow of the proposed frame-
work is illustrated in Figure 5. This integrated
framework provides an efficient and physically
consistent solution for the design optimization of
bolted joints under uncertainty.

415



Advances in Science and Technology Research Journal 2026, 20(10), 407-423

Define design variables: J

d =[p, Ra, HB]

f

[ Define uncertainty model:

X ~ f(d, €)

f

DoE + High-fidelity model
— Dataset {X, x}

J
i
]

Train physics-informed surrogate model
Data loss (MSE) + Physics constraints

!

[ urrogate-based Monte Carlo Slmulatlolﬂ

Compute: E[y], Var[x], CVaRa(y)

Optimization (RBRDO)
min J(d) = E[x] + MVar[y] + 22CVaR(y)

NO | Update design d
(optimization loop)

Convergence & reliability
(AJ <gand P >0.999)

Optimal design:
d"=[y’,Ra’, HB"]

Figure 5. Workflow of the proposed physics-
informed surrogate-based RBRDO framework

RESULTS AND DISCUSSION

This section presents the experimental valida-
tion and performance evaluation of the proposed
physics-informed surrogate model. The results
include comparisons with experimental mea-
surements and conventional surrogate models,
analyses of physical consistency and sensitivity,
and the application of the proposed framework to
reliability-based robust design optimization.

Experimental data, physical insights,
and model validation

The dataset is generated using a CCD to
capture the nonlinear interactions among the p,
Ra, and HB. The experimental data and the cor-
responding predictions of the physics-based and
surrogate models are summarized in Table 2

The experimental values (Xexp) are obtained
from direct measurements, while the physics-
based predictions (Xphys) are calculated using
Equations 12—-13, and the surrogate predictions
(x,,) are obtained from the data-driven model.
The absolute prediction errors are defined as
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|Error| = |)(,pre 0 Xexp|' Statistical indicators (mean
and maximum errors) are provided to quantify the
overall predictive performance.

Each experimental condition was repeated
three times, and the reported values represent the
average, with a standard deviation within +3%,
confirming good repeatability and measurement
reliability. Unlike many previous studies rely-
ing on simulated data, the present work utilizes
directly measured values of y, thereby enhanc-
ing the physical credibility of the analysis. The
experimental results indicate clear trends in the
influence of input parameters on y.

To evaluate model performance, a compre-
hensive comparison between experimental mea-
surements, the original physics-based model, the
refined physics-based model, and the surrogate
model is conducted in Table 2. The original phys-
ics-based model shows limited predictive capa-
bility due to its inability to capture the full varia-
tion range of y.

A physics-based model is introduced by
reformulating the clamped member stiffness and
adding a scaling factor to correct underestima-
tion. This modification improves predictive accu-
racy, reducing the mean absolute error to 0.058
(from ~0.12). The refined model also captures the
correct trends with respect to all input variables,
indicating improved physical consistency.

The surrogate model demonstrates the highest
predictive accuracy, with a mean absolute error of
0.016. However, unlike the physics-based model,
it lacks direct physical interpretability. Therefore,
the refined physics-based model serves as a phys-
ically consistent and interpretable approximation,
while the surrogate model provides superior pre-
dictive performance.

A quantitative comparison between the
experimental data, the physics-based model, and
the surrogate model is presented in Figure 6. As
shown in Figure 6a, all three exhibit similar prob-
ability density distributions of y, with the surro-
gate closely matching the experimental results,
while the physics-based model shows a slightly
narrower distribution. The parity plot in Figure 6b
further demonstrates that the surrogate achieves
excellent agreement with the experimental data,
whereas the physics-based model preserves the
overall physical trend. These results confirm that
the proposed surrogate provides accurate predic-
tions while maintaining physical consistency.
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Table 2. Comparison between experimental data, physics-based model, and surrogate model predictions of the

external load factor y

No. ] Ra (um) HB Xexp Xohys Xeurr |Err0rphys| |Error_ |
1 0.100 1.60 120.00 0.368 0.322 0.374 0.046 0.006
2 0.300 1.60 120.00 0.348 0.340 0.345 0.008 0.003
3 0.100 6.30 120.00 0.337 0.367 0.345 0.030 0.008
4 0.300 6.30 120.00 0.308 0.386 0.317 0.078 0.009
5 0.100 1.60 250.00 0.160 0.203 0.169 0.043 0.009
6 0.300 1.60 250.00 0.132 0.216 0.140 0.084 0.008
7 0.100 6.30 250.00 0.143 0.237 0.140 0.094 0.003
8 0.300 6.30 250.00 0.106 0.252 0.112 0.146 0.006
9 0.032 3.95 185.00 0.241 0.262 0.267 0.021 0.026
10 0.368 3.95 185.00 0.193 0.289 0.219 0.096 0.026
1 0.200 0.10 185.00 0.255 0.242 0.266 0.013 0.011
12 0.200 7.90 185.00 0.207 0.307 0.219 0.100 0.012
13 0.200 3.95 75.67 0.449 0.448 0.415 0.001 0.034
14 0.200 3.95 294.33 0.104 0.204 0.070 0.100 0.034
15 0.200 3.95 185.00 0.289 0.275 0.243 0.014 0.046

Mean — — — — — — 0.058 0.016
(a) Probability Density Distribution (b) Parity Plot
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Figure 6. Comparison of experimental measurements, physics-based model, and surrogate model for the external
load factor y: a) probability density distribution and b) parity plot with respect to experimental data

Model performance and comparison

The predictive performance of the proposed
surrogate model is evaluated against conventional
approaches, including response surface methodolo-
gy (RSM), Kriging, and a baseline data-driven neu-
ral network. The results are summarized in Table 3.

As shown in Table 3, the proposed model
achieves a root mean square error (RMSE) of
0.020 and a coefficient of determination (R?)
of 0.959, which are comparable to those of the

Kriging model and superior to RSM and the base-
line model. Although the improvement in global
accuracy metrics is moderate, the proposed model
provides additional advantages in terms of physi-
cal consistency and extrapolation capability.

A more detailed evaluation of the prediction
quality is presented in Figure 7, including parity,
residual, and probability density analyses.

As shown in Figure 7a, the predicted values
closely follow the ideal agreement line (y = x),
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Table 3. Predictive performance of surrogate models evaluated against experimentally measured external load factor

Model RMSE R? Extrapolation Error Physics
RSM 0.021 0.931 High No
Kriging 0.015 0.958 Moderate No
Baseline NN 0.0185 0.942 High No
Proposed model 0.020 0.959 Low Yes
(b) Residual Plot (c) Probability Density Function
0.03 . . : 60 " . .
Parity Plot s e
(a) Parity Plof —
2 :D sor
R” =0.959 - e o
0. .‘
RMSE = 0.021 o 4o ,°° oo
0.35 o’ . %- 40F
= - _ 2
E 0.3 ,‘ g L4 [ ] "E‘
3] 2 001 £ 30
=2 .9_. 0 =
B 025 e & |
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Figure 7. Prediction diagnostics of the proposed model: a) parity plot, b) residual plot, and (c) probability

density of residuals

confirming a high level of accuracy. The residual
plot in Figure 7b indicates that the prediction errors
are generally small and distributed around zero,
with no evident systematic bias. The probability
density function of residuals in Figure 7c¢ further
shows a concentrated distribution with a narrow
spread, suggesting stable and reliable predictions.

Overall, the results show that the proposed
surrogate achieves a balance between predictive
accuracy, interpretability, and generalization,
making it suitable for reliability analysis and
robust design optimization.

Physical consistency, sensitivity,
and interpretability

Beyond predictive accuracy, the physical
consistency of the proposed model is examined to
ensure its suitability for engineering applications.
The model satisfies the physical constraint (0 <
< 1) throughout the design space and reproduces
trends that are consistent with the underlying load
transfer mechanism.

As shown in Figure 8, increasing material
hardness significantly decreases the external load
factor (y) because higher stiffness reduces the
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load transmitted to the bolt. In contrast, increas-
ing surface roughness increases () by reducing
effective contact stiffness. The friction coefficient
(n) has a comparatively weaker influence, mainly
affecting interfacial load redistribution.

The relative importance of the input variables
is quantified through sensitivity analysis, as shown
in Table 4. Material hardness is identified as the
dominant factor, with a sensitivity index of 0.47,
followed by surface roughness (0.33) and friction
coefficient (0.20). These results are consistent with
the trends observed in Figure 8 and confirm the
primary role of stiffness in governing the external
load factor. The input parameters exhibit nonlinear
interactions that cannot be captured by simple lin-
ear models. By combining a physics-based model
with a data-driven correction term, the proposed
hybrid surrogate preserves physical consistency
and improves extrapolation capability, enabling
physically reliable RBRDO solutions.

To further assess robustness beyond the train-
ing domain, the extrapolation performance is
evaluated in Figure 9, focusing on regions not
covered by the experimental data.

As shown in Figure 9a, the baseline data-
driven model exhibits unstable predictions under
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(a) Main Effect of p

(b) Main Effect of Ra

(c) Main Effect of HB
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Figure 8. Main effects of input parameters on the external load factor y: a) friction coefficient (p), b) surface
roughness (Ra), and ¢) material hardness (HB)

Table 4. Sensitivity indices of input parameters

Parameter Sensitivity index
HB 0.47
Ra 0.33
J 0.20

extrapolation, indicating poor generalization. In
contrast, Figure 9b shows that the proposed phys-
ics-informed model maintains smooth, physically
consistent predictions by incorporating physical
knowledge into the model structure. These results
demonstrate superior extrapolation capability and
physical reliability, which are essential for obtain-
ing robust and trustworthy RBRDO solutions.

(a) Baseline model
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0.23f !
0.22f &N R
0.21f )

0.2 : - & &
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Extrapolation samples

Reliability analysis and RBRDO results

Monte Carlo-based uncertainty propagation
indicates a high probability of satisfying the tar-
get range (0.2 < y < 0.3). To enhance robustness,
the RBRDO framework incorporates variance and
CVaR alongside the expected value. As shown in
Table 5, the optimized design exhibits increased
friction coefficient, reduced surface roughness, and
higher material hardness, resulting in improved
load distribution and mechanical stability.

Quantitatively, the optimized design achieves
a reduction in the expected external load factor
to approximately E[y] = 0.24, accompanied by a
substantial decrease in variance and tail risk. In
particular, the CVaR . is significantly reduced,

(b) Proposed model
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Figure 9. Comparison of extrapolation performance between: a) baseline data-driven model, and b) proposed
physics-informed model in regions outside the training domain
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Table 5. Optimal design parameters and performance

Parameter Initial design Optimal design (RBRDO) Change
g 0.18-0.22 0.238 1
Ra (um) 3.0-4.0 2.75 1
HB 170-190 205 i
E[x] 0.250-0.280 0.240 1
Varfx] 0.0015-0.0020 0.00062 Ll
CVaRg.95(X) 0.290-0.310 0.262 L
P(0.2<x<0.3) 0.94-0.97 0.9993 i

indicating improved control over extreme loading
scenarios. More importantly, the reliability con-
straint is satisfied with a high confidence level,
with P(0.2<y<0.3) = 0.9993

Unlike standard RBDO, which often yields
boundary solutions, the RBRDO solution lies
within the interior of the design space. This
reflects the effect of robustness terms in penalizing
extreme parameter values, resulting in more real-
istic designs with reduced sensitivity to surrogate
modeling errors. The feasible design region under
the reliability constraint is illustrated in Figure 10.
It can be observed that the feasible region remains
concentrated in the domain of relatively high mate-
rial hardness and low-to-moderate surface rough-
ness, which is consistent with the stiffness-con-
trolled load transfer mechanism in bolted joints.
However, compared to pure RBDO, the RBRDO
solution avoids extreme parameter combinations,
leading to a more balanced and stable design.

Overall, these results demonstrate that the pro-
posed RBRDO framework effectively integrates

reliability and robustness considerations, provid-
ing a more comprehensive and realistic basis for
engineering design under uncertainty.

Robustness, uncertainty, and design
trade-off

The robustness of the optimized design is
evaluated by varying the CVaR confidence level
(\alpha). As summarized in Table 6, increasing
(o) from 0.90 to 0.99 leads to more conservative
solutions, resulting in slightly higher expected
values of () but improved reliability. The prob-
ability P(0.2 <y < 0.3) increases from 0.997 to
0.9995, indicating enhanced robustness against
extreme loading conditions.

As expected, higher confidence levels yield
larger (CVaRa) values because more severe tail
events are considered. These results demonstrate
that the proposed RBRDO framework effec-
tively balances mean performance and tail-risk
reduction.

Material hardness HB
N N
o N
o =

-
o2}
o

160

140

2 25 3 3.5 4 4.5

Reliability P(0.2 < 7, < 0.3)

5 55 6 6.5 7 7.5

Surface roughness Ra (um)

Figure 10. Feasible design region in the Ra—HB space under the reliability constraint
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Table 6. Effect of the CVaR confidence level on performance and reliability in the RBRDO framework

CVaR confidence level (a) | Expected value E[x] AE(%) CVaRa(x) Reliability P(0.2<x<0.3)
0.90 0.236 - 0.258 0.997
0.95 0.240 +1.7% 0.262 0.999
0.99 0.245 +3.8% 0.274 0.9995

0.29 : : : : ,
Uncertainty band| : ]
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Figure 11. Trade-off between the expected external load factor E[y] and the corresponding tail risk CVaRa(y)
for different confidence levels a

The trade-off between expected performance
and robustness is illustrated in Figure 11. A Pareto-
like relationship is observed, where lower expect-
ed values of (x) are associated with increased
sensitivity to extreme conditions, whereas more
robust solutions achieve lower risk at the expense
of slightly reduced performance.

The use of the surrogate model reduces the
computational cost of uncertainty propagation
by more than 90% compared with direct evalua-
tion of the physics-based model, making repeated
probabilistic analyses computationally feasible.

Despite these advantages, the current frame-
work is limited by the relatively small dataset and
the simplified representation of contact mechanics.
Future work will focus on expanding the experi-
mental database and incorporating more detailed
interface behavior into the modeling framework.

CONCLUSIONS

This study presents a comprehensive frame-
work for modeling, analysis, and optimization

of the external load factor (¥) in bolted joints
by integrating experimental data, physics-based
understanding, and surrogate modeling within
a reliability-based robust design optimization
framework.

A structured experimental design was
employed to investigate the nonlinear and cou-
pled effects of p, Ra, and HB. The results show
that material hardness plays a dominant role in
controlling , while surface roughness and fric-
tion coefficient influence contact stiffness and
load redistribution.

A physics-informed surrogate model was
developed to approximate the system response,
demonstrating high predictive accuracy and
strong generalization. Compared to convention-
al data-driven approaches, the incorporation of
physical knowledge improves interpretability and
extrapolation performance.

Based on this model, an RBRDO framework
was formulated by incorporating both variance
and Conditional value-at-risk into the objective
function, enabling simultaneous control of mean
performance, variability, and extreme responses.
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The optimal design is characterized by moder-
ately increased friction, reduced surface rough-
ness, and increased material hardness, leading to
improved stiffness and load distribution. As sum-
marized in Table 5, the optimized solution reduc-
es the expected external load factor and variabil-
ity while satisfying the reliability constraint P(0.2
<%<0.3)=0.9993.

Sensitivity analysis of the CVaR confidence
level reveals a clear trade-off between perfor-
mance and robustness. Higher confidence levels
lead to more conservative designs with improved
reliability and reduced sensitivity to extreme
conditions, at the cost of a slight increase in the
expected response. An important outcome is that
the optimal solution lies within the interior of the
design space, indicating improved stability and
robustness compared to boundary solutions.

From a computational perspective, the sur-
rogate model significantly reduces the cost
of uncertainty propagation, enabling efficient
evaluation of reliability and robustness metrics.
Despite these advantages, limitations include
the relatively small dataset and simplified physi-
cal assumptions, which may affect accuracy in
extreme conditions.
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