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Abstract

The widespread use of composite adhesive joints in aerospace, automotive, and
advanced technological applications is attributed to their lightweight nature and specific
strength relative to metals and mechanical fasteners. However, the nonlinear loading
conditions within the adhesive layer pose significant challenges for accurately
predicting joint strength and stress distribution. This study integrates experiments, finite
element analysis (FEA), theoretical modeling, and physics-informed neural networks
(PINNSs) to predict deformation and stress fields in bonded joints under tensile loading.
Tests and simulations on CFRP—CFRP and AI-CFRP joints were conducted to validate
the FEA model. Based on these results, PINNs using Timoshenko beam theory and two-
dimensional elasticity were developed to predict deformation and stress fields,
respectively. Both frameworks demonstrated high accuracy, particularly in asymmetric
and mixed-material joints where nonlinearities dominate. R? remained above 0.85, with
displacement errors below 0.1 mm and stress field errors under 5%. The proposed
method offers a fast, reliable approach for predicting joint strength by overcoming the
difficulty of solving partial differential equations under complex nonlinear loads. This
work advances the understanding of adhesive joint mechanics and highlights the
potential of PINNs for solving complex governing equations, providing a powerful
framework for future research on intricate joint structures.
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1.Introduction

Bonded joints, particularly those involving composite materials, are fundamental
joining solutions in modern engineering, with extensive applications spanning
aerospace [1, 2], automotive [3], and advanced technologies such as superconducting
tapes and thin films [4, 5]. In contrast to mechanical fastening, adhesive bonded joints
preserve the structural integrity of the adherends and contribute substantially to overall
weight reduction [6]. The relatively low elastic modulus and inherent viscoelastic of
the adhesive layer further provide excellent vibration damping and impact resistance
[7]. Additionally, the sealed interface formed during adhesive curing enhances
corrosion protection [8, 9]. Given that the joint is often the most failure-prone
component in such structures, accurate prediction of its strength remains a critical
priority in engineering design and assessment.

Analytical models provide a streamlined and practical means of predicting joint
strength. Their development traces back to foundational theories that introduced key
concepts such as peel stress and bonding corner angles [10]. Despite their innovation,
early models relied on simplified assumptions, such as neglecting adhesive layer
thickness and shear strain. In response to the limitations of early models, subsequent
research was conducted for analyzing the joint as three discrete components rather than
as a whole [11], developing specialized models for long joints [12], and formulating
models based on a linear through-thickness shear stress distribution [13, 14]. Driven by
specific application needs, further models have been developed for different types of
adherends, including composites [15] and gradient materials [16, 17]. While these
models primarily focus on stress distribution within the adhesive layer, it remains a lack
of efficient analytical models capable of predicting full-field stress-strain distribution
across the entire joint.

In this context, the stress-strain field of entire joints region can be derived from
established beam theories by idealizing the joint as two coupled beams [18]. Exact
analytical solutions for such beams are usually available under uniformly [19],
quadratic [20, 21] and sinusoidal [22] distributed loads. It should be noted that the loads
(or adhesive stress in joints) in these models are simplified to linear or trigonometric
functions, which cannot represent the far more complex loading conditions in adhesive
bonded joints. In practice, however, the load distributed on the adherends originates
from the adhesive layer’s stress field, which is typically highly nonlinear [23, 24]. The
core challenge is that extending beam models to a two-dimensional configuration
introduces a significant additional solving difficulties, as it requires deriving an

accurate Airy stress function that fully captures the behavior of joints [25].
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In recent years, data-driven approaches powered by machine learning offer a promising
alternative to solve such complicated problems. Its applications extend across multiple
fields, including predicting composite material properties [26, 27], optimizing
manufacturing processes [28, 29], and supporting failure analysis [30-32]. However,
purely data-driven models often face limitations of data dependency and lack of
physical interpretability. The physics-informed neural networks (PINNs) framework
effectively avoids this problem. PINNs was originally introduced as a novel
methodology for solving forward and inverse problems governed by partial differential
equations [33], and has since been applied to areas such as high-dimensional problems
and nonlinear dynamics [34-38]. As the application scope continues to expand, PINNs
has also played a significant role in the field of solid mechanics [39, 40]. Recent works
successfully applied it to both forward and inverse problems in solid mechanics [41],
with subsequent efforts employing hierarchically normalized PINNs to resolve training
instability [42]. Simultaneously, the model has been optimized through different
techniques to ensure robust performance under a wider range of complex conditions.
[43, 44]. In the field of composite materials, one study combined PINNs with self-
consistent cluster analysis to efficiently predict the nonlinear mechanical response of
unidirectional CFRP RVEs, achieving high accuracy while cutting computational costs
several-fold compared with conventional methods [45]. A separate study integrated
first-order shear deformation theory and transfer learning into a PINN framework to
enable high-precision identification of composite laminate material parameters [46].
Collectively, these advancements have promoted physics-informed neural networks
into a powerful computational tool capable of integrating physical laws with sparse data,
thereby making it well-suited for complex engineering scenarios [47]. As outlined
above, the powerful PINNs framework holds considerable promise as a robust approach
to joint problems, while dedicated studies in this area are currently lacking.

This study focuses on the difficulty of solving the governing equations for adhesive
joint strength prediction under nonlinear loads applied to the bonded region. The
mechanical properties and ply orientation of the carbon fiber reinforced polymer (CFRP)
were first characterized experimentally. Two types of adhesive-bonded joints were then
fabricated and tested under uniaxial tension. A finite element model was subsequently
developed and validated against the experimental results. Based on different theoretical
assumptions, the governing equations for the adherends in the bonded joints were
analytically derived. To overcome the difficulty of solving these equations directly, one-
dimensional and two-dimensional PINNs frameworks were established in accordance
with the aforementioned theories. The validated finite element model was employed to

generate training data for the PINNs frameworks, which were then used to predict the
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mechanical responses for new geometric parameters. Finally, the PINNs predictions
were compared with the corresponding finite element results to assess their accuracy

and reliability.

2. Experiments and Numerical Model
2.1 Material property testing and tensile testing

The bonded components in this study consisted of an aluminum alloy (supplied by
Kunshan Chenyituo Aluminum Co., Ltd., Kunshan, China) and a T300 carbon fiber
reinforced polymer (CFRP) (using carbon fiber tows from Toray Industries, Inc., Japan).
The adhesive used was Araldite® 2015. The CFRP laminates were manufactured via
autoclave curing, and scanning electron microscope (SEM) analysis confirmed a 0°/90°
cross-ply fiber arrangement. Standard specimens were prepared to evaluate the
mechanical properties of the cured material, and the adhesive parameters were taken
from the technical data sheet for Araldite 2015 issued by Huntsman (USA), with the
corresponding results summarized in Table 1. Each adherend measured 150 mm x 25
mm x 5 mm, and the adhesive layer thickness was controlled at 0.5 mm over a bonding
length of 50 mm. Tests were conducted on two adherend configurations: CFRP-CFRP
and AI-CFRP. Five replicate tests were performed for each configuration to ensure
result consistency.

Table 1. Detailed material parameters of adhesives and adhesives.

Aluminum alloy CFRP Araldite 2015
Young modulus (MPa) 71,000 69,000 1,600
Shear modulus (MPa) 26,692 28,750 620
Poisson's ratio 0.33 0.2 0.29

To ensure optimal bonding quality, the adherend surfaces were treated by
sandblasting to increase roughness (abrasive particle size: 150-250 pm) and
subsequently the surface stains were removed by washing with acetone. The adhesive
layer thickness was controlled to 0.5 mm using copper wires of the same diameter.
Balance blocks measuring 25 mm x 25 mm % 5 mm were attached at both ends of the
joint to facilitate tensile testing. The assembly was then clamped and allowed to cure
for 48 hours at 26 °C and 100.9 kPa to ensure complete adhesive curing.

The strength of adhesive-bonded joints was primarily evaluated by uniaxial tensile
testing, as illustrated in Figure 1(b). In this configuration, the load was applied
perpendicular to the adhesive plane and passed through the center of the bonded area.

All tests were conducted using an LE5105-H800 universal testing machine under quasi-
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static conditions, with a constant crosshead speed of 1.2 mm/min. A speckle pattern was
applied on one side of the specimen for digital image correlation (DIC) analysis using
an RTTS-100D system, at a temperature of 24°C and a pressure of 101kPa. The
resulting force-displacement curves and displacement nephogram were used to validate
the accuracy of subsequent numerical models and PINNs models.

CFRP Samples Extensometer Digital Image Correlation (DIC) Al-CFRP Adhesive Failure

Foree (kM)
s B ¥
g £

Interfacial Failure

@ (b)

The arrangement pattern of CFRP fibers

0°sub-ply
90 °sub-ply

Figure 1. Experimental content schematic diagram.

2.2 Development of the finite element model

To supplement the experimental data for subsequent machine learning models, a finite
element model under plane strain conditions was established using ANSYS Workbench.
Based on the plane strain simplification, justified by the fact that the adhesive layer
width significantly exceeds its thickness and the surrounding adhesive strongly
constrains out-of-plane deformation, the out-of-plane strain is effectively forced to zero.
Furthermore, this assumption is grounded in the Engineering Sciences Data Unit
(ESDU) and SAE International ARP 4977, which likewise recommend the use of a
plane-strain framework for modeling. Specifically, the energy-based debonding CZM
uses a bilinear traction—separation law. The initial linear elastic branch is governed by
the contact stiffness, followed by a linear softening branch controlled by the mixed-
mode fracture energy. This behavior is characterized by four key parameters: the
maximum normal contact stress, the maximum equivalent tangential contact stress, the
critical fracture energy for normal separation (GiC), and the critical fracture energy for

tangential slip (GuC). Their specific values are provided in Table 2 [48].
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Table 2. Finite element model CZM parameter settings.

Property Araldite 2015
Tensile failure strength (MPa) 21.63 +1.61
Shear failure strength (MPa) 179+ 1.8
Tensile yield strength (MPa) 12.63 £ 0.61
Shear yield strength (MPa) 14.6 + 1.3
GiC (N/mm) 0.43 +£0.02
GiC (N/mm) 4.7+ 0.34

The finite element mesh, depicted in Figure 2, consisted predominantly of
second-order, eight-node quadrilateral elements with a displacement-based formulation.
Local refinement was implemented in the adhesive layer and along the bonded edges
to accurately capture the stress distribution. Due to the parametric nature of the model,
the number of elements varies with the structural dimensions; for the symmetric lap
joint configuration, for instance, the total number of elements was 22,668. In the
analysis, geometric nonlinearity is enabled to account for large deformations, thereby
improving the physical realism of the simulation. The boundary conditions replicate
those used in the experiment: one end of the specimen is fully clamped, while the other
end is constrained against displacement in the y-direction and rotation about the z-axis,
allowing displacement only in the x-direction. The output of the numerical model was
twofold. The first part was the force-displacement curve at the fixed end, which served
to validate the accuracy of the finite element model by comparing it with the
experimental data. The second part was dedicated to generating training data for the
PINNS. Specifically, the adherends were divided into multiple layers, and a set number
of data points were extracted from each layer as outputs, ultimately forming an n X m

output matrix.

Fixed support

v=w=0
0,=0,=0,=0

Al/CFRP

u=v=w=0 AA

by =6y =06, Sliding fixed constraint

Figure 2. Schematic diagram of the finite element model.

3. Theoretical models

During tension of adhesive joints, rotation occurs in the bonded region because of the



183
184
185
186
187
188
189
190
191
192

193
194

195

196
197
198
199

200

201

202

203

eccentric effect arising from the non-collinear load path. This, as explained previously,
greatly increases the complexity of analyzing the adherends. A viable strategy to
overcome this difficulty is to separate the bonded joint into individual components. By
exposing stress distribution within the adhesive layer and applying it as an external load
on the adherends. As a result, the bonded joint can be simplified as a cantilever beam
model subjected to distributed loading. A schematic of this configuration is shown in
Figure 3. Where h,, hp, and h, are the thicknesses of the upper adherend, lower
adherend, and adhesive layer; E,, Ej, and E, are the corresponding elastic moduli;
and v,, vy, and vy are the Poisson's ratios. L is the adherend length, and [ is the
adherend length.
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Figure 3. Structure of the adhesive joint and simplified schematic diagram.
3.1 Deflection curve model for adhesive joints based on Timoshenko beam theory

In the Timoshenko beam model, shear deformation is assumed to be linearly distributed.
This stems from the hypothesis that cross-sections remain planar during deformation,
in that they do not stay normal to the deformed centroidal axis but rather experience a

distinct rotation. Its displacement equation is:

_{ul (x,x,) =u, (x,)+x,0(x,) )
u, (xlaxz) =W (xl)
The expression of the strain tensor and its various components is:
. Ou;
g =L Gy O )
T2\ oy, ox

The result obtained by substituting the above displacement equation is:



204

205
206

207
208

209

210

211

212
213
214
215

216

217
218
219

G _du, , 49

&y = X,
ox, dx dx,

Ou,
Eyy =—= 3
2 o, 3)
glz:l %4_% :l H+%
2(ox, ox, ) 2 dx,
For linear elastic materials, the constitutive relationship is:
0; = Cyuéy 4)

The elasticity tensor C was reduced to that of an isotropic material, yielding the

following expressions for the stress components:

o, = ESHZE[%+XZ %j

1 1
)
dw,

O, :2G€12 = G]/lz = G(H'ﬁ‘g}

1

The resultant force of the cross-section can be obtained through stress integration:

N=[ 0,dd=E| duy o 99 qa= pade
4 4 dxl dxl 1
~G[ o ,da=G| o+ L% 6
0=G[ 0,,d4= o (6)
M:J.xZ-O'“dA:EI x2%+x§% dAzEI%
A A dx ' dxl

where N,Q,M represents the axial force, shear force and bending moment on the
interface. Study the infinitesimal elements of the beam, Figure 3(c) presents the
schematic of the force analysis. The equilibrium equation of this infinitesimal body is

expressed as follows:
dN+q,(x])dx:0 (7)
dO+gq, (xl)dx=0

1
dM —Qdx + ¢, (xl)dx+5q2 (x,)dx* =0
where, qq,q, represents the complex load under the infinitesimal elements. Ignoring

the second-order small quantities, the final control equation is obtained after

simplification.:
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Consider displacement boundary conditions as well as continuity boundary

conditions:

<
—
S
N—"
I

0, w(0)=0, 8(0)=0, N(L)=0, O(L)=0, M(L)=0
uy(a), N, (a)=Ny(a), w,(a)=wy(a).0,(a) =0 (a) ©)
0, (a)=0,(a),M,(a)=M,(a)

Where, u;, ug, w, wg, 0;, 0g, N, Np, Q., Qr, M;, Mp respectively represent the

<
=
—
N
~
Il

displacements, rotation angles, axial forces, shear forces and bending moments of the
left and right sections at the point where the load is applied.

3.2 Stress-strain field model for adhesive joints based on elasticity theory

Problems in elasticity theory are often transformed into boundary value problems
involving biharmonic equations. Starting from the three fundamental equations of

elasticity theory, their basic form is expressed as:

;=0

1

&; —E(ui7j+uj’i) (10)

0, = A&y 0, +2uE;
where &;; represents the Kronecker delta (the component of the unit tensor),
exrrepresents the summation convention. According to the balance equation, it can be
concluded that the assumed scalar function automatically satisfies. Introduce the Arie
stress function ¢(x, x;):

3 o) 3 0’ 0’

o, =—. 0,,=——. 0,, =
11 27 22 2 12
0x, Ox; 0x,0x,

(11)

In the case of planar problems, the strain compatibility equation is obtained by
eliminating the displacement through the geometric equation:

Og,  0&, 20¢,
ox;  ox;  Ox,0x,

=0 (12)

Substituting Egs. (11) into the constitutive equation of Egs. (10) yields the strain

components expressed in terms of the stress function ¢:
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By substituting Egs. (13) into the strain compatibility Eqs. (12) and simplifying,

the biharmonic equation is obtained:

4 4 4
8¢+2 09 +8¢_0

ox!  oxjox; Ox; - (14
It can also be expressed as:
Vig=0 (15)
The boundary conditions are expressed as
Onl,_, =4 (a<x <L), o, R (a<x <L)
Ol =0 (a<x, <L), o, =0 (a<x <L) (16)
o, |x2:_h =0 (0<x,<a), o, oo =0 (0<x,<a)

3.3 Analysis model for stress distribution of joint adhesive layer

Due to the extremely thin thickness of the adhesive layer, it is reasonable to consider
the mid-plane stress of the adhesive layer as the load acting on the adherent body.
Divide the bonding area into two parts, the upper and the lower (Figure 3(d)), and list

the equilibrium equations for each part separately:

ﬂ+bra =0, an -br,=0
dx dx
@+baa20,dQ2—b0a=0 (17)
dx dx
Moty o My o Bty
dx dx 2

Neglecting shear deformation, the first derivative of the axial displacement (uj,,
ujy) and the second derivative of the transverse displacement (uy,, Usp) of the

differential element can be simplified and expressed as:
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”ia:; N1+£M1 a”ib: 1 Nz_gMz
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(18)

U =—— M, u, =——M
o EbR VT EpE

Where, E, and Ej, represent the elastic modulus of the upper and lower adhering
bodies respectively, h, and h; represent the thickness of the upper and lower
adhering bodies respectively, and b represents the width of the adhering body. N;, N,
Q:, Q,, My, M, respectively represent the axial force, shear force and bending
moment on the left and right sides of the bonding area micro-element. The mid-plane
shear stress 7, and peel stress g, expressions in the adhesive layer are derived from
the deformation compatibility relationships between the upper and lower adherends and

the constitutive equations:
(19)

where G, is the shear modulus of the adhesive. Taking the second derivative of Eqs
(18) with respect to deflection and then subtracting them, substituting the second
expression from Eqgs. (19) into the result, the following simplified relationship is

obtained:

woow Ej (12012 G,(6(h,+hy) 6(h,+h)) . .
uzb_u2az_h_:[Ebhs-F%J(uzb_uz(;)_h_z[ El:bhso - Ea/’ljo (ulb_ula) (20)

By solving Egs. (18) for N and M, taking their derivatives, and substituting them

into the first expression in Egs. (17) followed by subtraction, the following equation is

obtained:

" " " hb " 1 1
u, —u, ——*u, ——uy, ———7 — 7 =0 21
1 la 2 2a 2 2b Elha a Ezhb a ( )

Differentiating the equation again and combining it with the first expression in Eqs
(8) and with Eq (9) yields the following result:

w o ow E 6 6
ulb_u1b+_0( ](uzb_“za)_

i \ERER -
Gy (30 +hy) 30, +h)), 1 1 (1, —1i,)=0
hO Ebhlf Eahj Ebhb Eaha lb e

The relationship between the x-direction displacement and the y-direction

displacement can be established through Eq (22). Take the derivative of the above
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equation and substitute Eq (19) and Eq (20) to obtain the final control equation.
@) (5) " '
(“zb _u2a) -Dy, (u2b _u2a) — 4, (u2b _uZa) +(A11D11 +C11311)(”2b _”za) =0 (23)
where

Y EO( 12 12 jB _§[6(hb+h0)_6(ha+ho)j

Y om\ER CER)]T W ER E,h,

E( 6 6 G,(3(h+h) 3(h+h)) 1 1
n= 2 2 PP T o CI 2 + +

hO Ebhb Eaha hO Ebhb Eaha Ebhb Eaha

This complex differential equation can be solved by the power series method. This
approach has also been adopted in previous analytical studies of functionally graded

adhesively bonded joints. The assumed solution structure is given by Eq. (24):
7
Upyy —Uy, = Z Ce™ (24)
i=1

The solution to this equation can be obtained by incorporating the seven boundary

conditions:
J'LLGoulb_uladx:No
— ho
d(u, —u, 1 6 d(u, —u, 1 6
e R G e B LA
L b= b _L a”""a b 25)
dz(u2b_u2a) _ 12 M dz(MZb_uLJ) _ 12 M (
o’ | Ebh " o |, Epk
dS(MZb_uZa) __ 12 0 d3(u2b_u2a) _ 12 0
' | Ebh T & | Ebh

Within this context, M,, M,, Q,, @, denote the bending moments and shear forces at
both ends of the bonding region, respectively. Models based on Timoshenko beam
theory and two-dimensional elasticity can generally be solved using standard methods
under simple loading conditions. However, as shown in Eq. (23), the governing
equation in this study is a complex seventh-order differential equation with highly
intricate solutions. This complexity renders both the solution of the one-dimensional
model and the determination of the stress function in the two-dimensional problem
extremely difficult.

4. Construction of the PINNs framework

The rapid growth of computational power has enabled machine learning to
revolutionize various research fields by delivering significant improvements in

computational efficiency. However, acquiring sufficient data for complex physical
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problems remains a significant challenge. A key limitation of conventional architecture
such as deep neural networks (DNNs) and convolutional neural networks (CNNs) is
their poor stability and convergence when trained on small datasets. This reveals an
inherent tension between accuracy and computational efficiency when addressing
complex engineering problems. Besides, another major limitation of conventional
neural network model is their lack of physical interpretability. To overcome these
limitations, embedding physical laws into the loss function guides the neural network
toward physically consistent predictions, ensuring robust generalization even with
limited training data. In this study, the governing equations of the two investigated
theoretical models are inherently difficult to solve analytically or numerically. PINNs
offer a powerful and effective alternative for obtaining reliable solutions.

For the Timoshenko beam case described in Section 3.1, the outputs of the finite
element model were defined as the axial displacement, transverse displacement, and
rotational angle. The adherends were discretized into 60 segments, resulting in a total
of 183 output points along the axis. The inputs to the PINNs consisted of four geometric
parameters of the joint: the thicknesses of the upper and lower adherends, the adhesive
layer thickness, and the bond length. Using Latin Hypercube Sampling (LHS), 50
combinations of input parameters were generated within the predefined variable ranges.
Each combination was then evaluated through finite element analysis to obtain the
corresponding output responses. The resulting input-output pairs formed the dataset for
subsequent machine learning model training. The four input parameters were defined
as follows: half the bond overlap length (//2), half the adhesive layer thickness (/./2),
the thickness of the top adherend (%:1), and the thickness of the bottom adherend (42).
The specific ranges of these parameters are provided in Table 3.

Table 3. The range of input parameters for PINNs.

Parameters (LHS) Lower bound Upper bound Symbol
Half of Bond overlap length //2 (mm) 20 25 P1
Half of Thickness of adhesive /4,/2 (mm) 0.2 0.5 P2
Thickness of top adherend /; (mm) 4 8 P3
Thickness of bottom adherend 4, (mm) 4 8 P4

Within the PINNs framework, the input data were first normalized to a uniform
scale to eliminate the effects of different dimensions and ranges, thereby improving the
convergence rate. The network architecture consisted of an input layer with four

neurons corresponding to the four geometric parameters, an output layer with 183
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neurons, and five hidden layers each containing 500 neurons. The hyperbolic tangent
(tanh) was adopted as the activation function, and an early stopping mechanism was
employed during training. Five-fold cross-validation was performed to ensure model
generalizability, and the optimal model was selected to predict the output responses for
new geometric configurations. The total loss was defined as a weighted combination of
the data loss and the physical loss, with the latter derived from the governing equations
Eq. [8] and Eq. [15], and boundary conditions Eq. [9] and Eq. [25] described in Section
3.1. The weighting coefficients were set to 0.2 for the data loss and 0.8 for the physical

loss. The calculation formulas for data loss and physical loss are as follows:

1, »
dam :_ZH Y’
i=1 (26)
2
Fu G+ (o)

L N (
hysics
pny. N =

Where, L;4:, indicates data loss, Y, is predicted value and Y; is true values, N denotes
the number of evaluation points used to compute each loss term; L, pysics indicates
physics loss, feq and f,. respectively represent the residuals of the partial differential
equation and the boundary condition constraints.

For the stress-strain field problem of the elasticity model described in Section 3.2,
the output was extended from one dimension to two dimensions. The adherends were
discretized into nine layers. This discretization balanced computational efficiency with
the accuracy of numerical differentiation and resulted in each stress component being
represented as a 9 x 61 matrix. The training data accordingly comprised three stress
component matrices: 0y1, 0z,, and o0;,. The spatial coordinates of the grid were
generated, and the number of neurons in the output layer of the neural network was
correspondingly modified to 1647 to accommodate the increased dimensionality.
Accordingly, the governing equation in the physical loss term was modified to the
biharmonic equation, and the boundary conditions were updated to reflect stress

boundary conditions. The detailed architecture of the PINNS is illustrated in Figure 4.
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Figure 4. Schematic diagram of the principle of the PINNs framework.

5. Results and Discussions

5.1. Verification of the finite element model

Figure 5 presents a comparison between the experimental and finite element results for
the two bonding configurations: AlI-CFRP and CFRP-CFRP, each with five replicate
tests. Prior to joint failure, good agreement was observed in terms of stiffness. While
the finite element model was developed under idealized conditions, minor defects were
inevitably introduced during specimen fabrication. This led to slight discrepancies
between the numerical and experimental results; however, the deviations remained
within an acceptable range. For the AI-CFRP joints, the failure loads obtained from both
experiments and finite element simulations ranged from 16 kN to 18 kN, with
corresponding displacements at failure between 1.0 mm and 1.2 mm. In the case of
CFRP-CFRP joints, failure loads were maintained at 16 kN to 18 kN while achieving a
significant weight reduction. The failure displacements, however, exhibited a broader
range of 1.0 to 1.4 mm, reflecting the slightly lower elastic modulus of CFRP relative
to aluminum.

The close agreement between the experimental and finite element results for both
failure load and displacement at failure, across the two bonding configurations,
demonstrates the accuracy of the developed finite element model. The failure modes of
the bonded joints are illustrated in Figure 1(b). For the asymmetric AI-CFRP
configuration, differential deformation between the upper and lower adherends led to
cohesive fracture initiating within the adhesive layer. In contrast, the CFRP-CFRP
joints exhibited adhesive failure, characterized by complete detachment of the adhesive

layer from one adherend surface.



386
387

388

389

390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408

20| e m— 0 =T e—
16 - CFRP-CFRP 2z E \ 16 + Al-CFRP o ‘.:
z iR Z
<12t L <12t i !
% p : g ////’;/ '
= 8l P = g Vs
/f” ----Testl Test 2 ----Test 1 Test 2
4t e ----Test3---- Test4 4+ ----Test3----Test4
Test 5——FEM Test 5——FEM
0 1 1 1 1 1 1 1 0 1 1 1 1 1 1
0.0 02 04 06 08 10 12 1.4 00 02 04 06 08 10 12
Displacement (mm) Displacement (mm)
(a) (b)

Figure 5. Comparison of the force-displacement curve results between the finite
element model and the experiment (a) CFRP-CFRP, (b) AI-CFRP.

5.2. Verification of the one-dimensional PINNs

Figure 6 validates the accuracy of the one-dimensional PINNs framework for both
bonding configurations. Following the five-fold cross-validation scheme described
earlier, the training set comprised 40 samples and the test set 10 samples. For each
sample, the axial displacement u and transverse displacement (deflection) w were
predicted. The R? curves in the figure were obtained by calculating the correlation
between the predicted and true values for each sample. For the CFRP-CFRP
configuration, the R? values for axial displacement predictions remained above 0.995
across all training samples. Regarding transverse deflection, the vast majority of
training samples also achieved R? values exceeding 0.995, with only one sample falling
slightly below this threshold—though still above 0.990. The test set results likewise
exhibited strong correlations between predictions and ground truth. For the AI-CFRP
configuration, the asymmetric nature of the joint increased the prediction difficulty. A
further underlying reason can be traced to the modeling approach adopted in this study:
the stresses at the mid-plane of the adhesive layer are equivalently represented as
distributed loads on the bonding surface. Under asymmetric configurations, this
equivalent representation may introduce slight inaccuracies, which contribute to the
increased prediction errors. Nevertheless, the correlations for both training and test sets
remained around 0.95. These results demonstrate the satisfactory predictive accuracy

of the one-dimensional PINNs model.
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Figure 6. Accuracy verification of the one-dimensional PINNs framework for the
bonded joint (a) CFRP-CFRP train group, (b) CFRP-CFRP test group, (c) AI-CFRP
train group, (b) AI-CFRP test group.

Furthermore, the results of the sensitivity analysis on the weighting between the
physical loss and the data loss are presented in Table 4, where the R? values for both
the training and test sets are listed for different joint configurations under various
weighting ratios. “DNN” refers to a deep neural network without any physical
information. As the weight of the physical loss increases, the R? values exhibit a trend
of first rising and then declining, indicating that the 0.8/0.2 ratio yields the best accuracy
and generalization of the framework. When the ratio is set to 0.9/0.1, a decline in R? is
observed, which can likely be attributed to the data loss weight being too low for the
PINN framework to capture the fundamental data trends. For the DNN without physical
constraints, 50 data samples are insufficient to capture such complex behavior. This
contrast highlights a key advantage of the PINN framework over purely data-driven

networks, namely the ability to make accurate predictions even with limited data.
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Table 4. Sensitivity Analysis Results of physical information and data weights.

Average R? 0.7/0.3  0.8/0.2 0.9/0.1 DNN
CFRP-CFRP train u 0.9474  0.9989 0.9988  0.8243
CFRP-CFRP train w 0.8294  0.9983 0.8954  0.7496

CFRP-CFRP test u 0.9344  0.9979 0.9849  0.8335
CFRP-CFRP test w 0.8269  0.9987 0.9037  0.7343
Al-CFRP train u 0.8272  0.9708 0.9883  0.7843
Al-CFRP train w 0.7878  0.9493 0.8906  0.7072
Al-CFRP test u 0.8945  0.9748 0.9770  0.7162
Al-CFRP test w 0.7952  0.9496 0.8851  0.7114

5.3. Prediction of adherends deformation using the one-dimensional PINNs

Figure 7 presents a comparison of the deformation predictions from the one-
dimensional PINNs framework and the finite element model for CFRP-CFRP bonded
joints with three different adherend thicknesses. For the x-direction displacement
(Figure 7(a) and 7(b)), the results obtained with upper and lower adherend thicknesses
of 5 mm-5 mm closely resembled those with 5 mm-8 mm, both yielding displacements
of approximately 0.08 mm. The case with a bond length of 40 mm produced slightly
higher displacements than that with 50 mm. This indicates that longer bond lengths
result in smaller axial displacements under the same loading conditions. Furthermore,
the thickness of the lower adherend does not significantly influence the x-direction
displacement of the upper adherend. Regarding the y-direction displacement (deflection)
(Figure 7(c) and 7(d)), the overall trend exhibits a negative-to-positive pattern, which
arises from the rotation of the bonded region under eccentric loading. For the 5 mm-
5 mm adherend configuration, the minimum deflection reaches approximately -0.2 mm.
In the 8 mm-8 mm case, the minimum deflection decreases to -0.1 mm, while for the
asymmetric 5 mm-8 mm configuration, it further drops to -0.4 mm. Additionally, it is
observed that the minimum deflection point for the bond length of 40 mm is located
slightly to the right of that for the 50 mm bond length.

The results for the AI-CFRP structure are shown in Figure 8, the overall results do
not deviate substantially from those of the CFRP-CFRP joints. The x-direction
displacements (Figure 8(a) and 8(b)) are slightly smaller than those of the symmetric
configuration, which can be attributed to the higher elastic modulus of aluminum.
Regarding the y-direction displacement ((Figure 8(c) and 8(d))), some fluctuations are

observed near the point of load application. Nevertheless, the peak values and overall
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trends remain in good agreement. In summary, the one-dimensional PINNs framework
based on Timoshenko beam theory demonstrates satisfactory predictive accuracy.
Furthermore, it was observed that in the asymmetric bonding configuration with an
upper adherend thickness of 5 mm and a lower adherend thickness of 8 mm, the
deflection was even greater than that of the symmetric 5 mm-5 mm case. This can be
attributed to the greater thickness of the lower adherend, and hence its higher stiffness,
which caused the majority of the deformation to be concentrated in the thinner 5 mm

upper adherend under loading.
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Figure 7 Comparisons of predicted adherend deformations for CFRP-CFRP lap joints
with bonding lengths of (a) 40mm and (b) 50mm of u4; (¢) 40mm and (d) 50mm of
U,.
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Figure 8. Comparisons of predicted adherend deformations for AI-CFRP lap joints
with bonding lengths of (a) 40mm and (b) 50mm of u4; (¢) 40mm and (d) 50mm of
U,.

5.4. Verification of the two-dimensional PINNs

Figure 9 demonstrates the accuracy of the two-dimensional PINNs framework by
comparing the predicted and true values of the stress components (g,1, 0,3, and o075)
within the adherends for both training and test sets. For the normal stress oy, (Figure
9(a) and 9(b)), with the insets showing detailed predictions versus true values for
representative samples. Due to the presence of abrupt changes in the stress distribution,
the results were not normalized, the correlation coefficient R* was calculated directly
from the actual values.

For the CFRP-CFRP bonded joints, both the training set (40 samples) and test set
(10 samples) achieved R? values exceeding 0.95 for g4 predictions. The highest R? in
the training set was 0.980 (3 1st sample), while the test set reached a maximum of 0.973
(5th sample). For the AI-CFRP configuration, approximately three-quarters of the

training samples achieved R? values above 0.95, while the remaining nine samples,
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though slightly below this threshold, still exceeded 0.90. The test set results were
similarly robust, with the majority above 0.95 and only a few marginally lower, yet
consistently above 0.90. This performance degradation is attributed to the asymmetric
nature of the AI-CFRP joint, which substantially increases the difficulty of model
training.

Figure 9(c) and 9(d) illustrate the distribution of the transverse normal stress g,
for the two bonding configurations. The degree of nonlinearity in o0,, is considerably
higher than that observed for o7, as evident from the insets. Specifically, o;; exhibits
relatively uniform distribution across the domain, whereas o5, is concentrated within
a localized region, precisely the area near the bond-line edge where stress concentration
occurs. Moreover, 05, is highly sensitive to geometric parameters, particularly the
adhesive layer thickness, which further complicates prediction and leads to slightly
reduced correlations and increased volatility. For CFRP-CFRP joints, the training set
R? values for a,, consistently fluctuated above 0.90, with only one test sample falling
below this threshold. For AI-CFRP joints, greater fluctuations were observed; although
a small portion of samples exhibited correlations below 0.90, they remained within an
acceptable range.

Figure 9(e) and 9(f) present the results for the shear stress o0;,. Consistent with the
observations above, the correlations for AI-CFRP joints were slightly lower than those
for CFRP-CFRP joints. In the training set, the maximum R? for CFRP-CFRP reached
0.99, whereas the highest value for AI-CFRP was only 0.902. The test set results

exhibited a similar trend.
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Figure 9. Accuracy verification of the two-dimensional PINNs framework for the
bonded joint: (a) 041, (¢) 0,5, and (e) oy, for the training group; (b) 14, (d) 035,
and (f) oy, for the testing group.

5.5. Prediction of adherend stress distributions using the two-dimensional PINNs

The two-dimensional PINNs framework was employed to predict stress distribution for
the new dimensions, and a comparison was made with the FE results (Figure 10).

For the oy, distribution (Figure 10(a) and 10(d)), the maximum and minimum
values were 145.5 MPa and -18 MPa, respectively. Within the longitudinal range of 0-
40 mm, the adherend was predominantly in a tensile state. In addition, the degree of
tension on the upper surface exceeded that on the lower surface. This can be attributed
to the eccentric loading, which induced downward deformation of the adherend near

the fixed end. In the 80-100 mm range, the stress distribution exhibited a pattern where
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the lower portion was in tension while the upper portion was in compression, resulting
from the additional bending moment generated in the bonded joint under load. Beyond
100 mm, the stress values approached zero, as the adhesive layer constrained further
deformation of the adherend. Furthermore, on the left side of the bonding area on the
lower surface, a stress concentration phenomenon occurs.

For the o,, distribution (Figure 10(b) and 10(e)), the maximum and minimum
values were 80 MPa and -20 MPa, respectively. The stress remained near zero across
most of the domain, with pronounced peaks observed only on both sides of the bond-
line region on the lower surface. Due to material continuity, the stress gradually
decreased from the lower to the upper surface, eventually diminishing to zero at the top
surface.

For the distribution of shear stress o7, (Figure 10(c) and 10(f)), the maximum and
minimum values were 15 MPa and -40 MPa, respectively. Similar to o5,, the shear
stress approached zero across most of the domain, with pronounced peaks appearing on
both sides of the bond-line region on the lower surface. Notably, a region of positive
shear stress emerged in the intermediate zone along the y-direction. This can be
attributed to the rotation of the bonded region under tensile loading, which induced a
force component perpendicular to the adhesive layer near the bond edges. Consequently,
this portion of the adherend experienced tension not only in the x-direction but also in
the y-direction, giving rise to the observed shear stress. The principal stress contours
(Figure 10(d) and 10(h)) also exhibit strong consistency, and their patterns closely
resemble those of oy, indicating that ¢;; dominates the tensile response of the bonded
joint. This observation further supports, from an additional perspective, the validity of
the isotropic simplification adopted in this study.

The total loss remained consistently below 0.1 throughout the training process.
Although a sudden spike occurred at around 5500 epochs, it rapidly returned to a very
low value. The sudden change in the loss can be attributed to the global search behavior
of the training process. The PINNs framework begins searching for an optimal solution
from a given set of initial parameters. After the training reaches a certain stage, the
initial values are reset and training restarts, which causes a sudden jump in the loss.
This does not compromise the accuracy of the results. Among the loss components,
physical loss was the lowest, indicating that the trained model successfully captured the

underlying physical laws.
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Figure 10. CFRP-CFRP lap joint stress contour map comparison and loss curve
(@) 011, (b) 032, (c) 012, and (d) o1, by FEM, and (¢) 011, (f) 022, () 012, and (h)
o, by PINNs, with their corresponding (i) loss curves.

Figure 11 presents the stress distributions on the upper and lower surfaces of the
adherend for the CFRP-CFRP bonded joint. For the normal stress o;; (Figure 11(a)
and 11(e)), the upper surface exhibits a decreasing-increasing-decreasing pattern along
the bond line, with a maximum of approximately 50 MPa and a minimum of -20 MPa.
This trend aligns with the geometric deformation behavior discussed in Section 5.3. On
the lower surface, 0y, reaches a peak of approximately 150 MPa, with a minimum of
0 MPa, indicating that the lower surface is entirely in a tensile state. Regarding the
transverse normal stress g,, (Figure 11(b) and 11(f)), the maximum on the lower
surface is 60 MPa, while the minimum is -5 MPa. Notably, the stress on the upper
surface is zero except near the fixed end, and on the lower surface, it vanishes outside
the bonded region. This localization of stress is consistent with the Saint-Venant
principle in elasticity. The shear stress oy, (Figure 11(c) and 11(g)) exhibits an

analogous pattern, with a peak value of -40 MPa on the lower surface. Overall, both the
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trend of the results and the size at the peak points show a high degree of consistency
Based on the foregoing analysis and the stress contour maps. Furthermore, specific
computational times were evaluated to quantify the efficiency improvement of the
PINN framework over the finite element model. The finite element simulation required
767 s, whereas the PINN framework completed both training and prediction in only

473 s, achieving a 38.3% reduction in computation time. This advantage becomes even

more pronounced when the time spent on mesh generation is also considered.
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Figure 11. Stress distribution curves of the bonded surfaces of CFRP-CFRP lap joints.
(@) o, (b) 0%, and (c) o of the upper surface, and (d) o'4, (¢) oi,, and (f) o,
of the lower surface.

The non-joined stacking result is shown in Figure 12. Compared with the
symmetric CFRP-CFRP configuration, the AlI-CFRP joint presents greater prediction
challenges due to its non-uniform stress and deformation distributions. The general
pattern of the results remains similar to that of the symmetric lap joint, with the primary
differences lying in the numerical values. For the g4 distribution (Figure 12 (a) and
12(b)), the maximum and minimum values are 120 MPa and -30 MPa, respectively.
The PINNs framework underestimates the peak stress at the edge of the bonding area
on the lower surface, while slightly overestimating the stress on the upper region of the
same surface. Regarding o,, (Figure 12 (¢) and 12(d)), the upper and lower limits are
consistent with those of the symmetric CFRP-CFRP joint. Due to the slightly lower
elastic modulus of CFRP compared to Al, the shear stress result of the AI-CFRP lap
joint is less than that of the CFRP-CFRP lap joint. There is only a slight difference
between the shear stress (Figure 12 (e) and 12(f)) result and the symmetrical result.

Notably, in the intermediate region where the predicted shear stress values are positive,
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the PINNS results are slightly higher than those obtained from the finite element model.
This minor discrepancy can be attributed to the inherent difficulty of the PINNs
framework in accurately capturing the behavior of asymmetric bonded structures.
Furthermore, the principal stress contours show relatively high values over the range of
approximately 60-110 mm along the horizontal coordinate. This provides practical
guidance for engineering applications: inspections should not focus solely on the bond

edges but be extended to cover a broader area accordingly.
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Figure 12. AI-CFRP lap joint stress contour map comparison and loss curve (a)
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by PINNSs, with their corresponding (i) loss curves.

The stress distributions on the upper and lower surfaces of the AI-CFRP joint are
presented in Figure 13. The overall pattern follows the same characteristics observed in
the symmetric CFRP-CFRP configuration discussed above. For the normal stress oy,
(Figure 13(a) and 13(d)) on the upper surface, the difference between the two
configurations is negligible. On the lower surface, however, the o, values predicted

by the PINNs framework are slightly lower than those obtained from the finite element
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model. Regarding a,, (Figure 13(b) and 13(e)), the finite element results show a value
of approximately 37 MPa on the left side of the bonding area, whereas the PINNs
predictions are marginally higher, reaching 40 MPa. For the shear stress o7, (Figure
13(c) and 13()), the PINNs framework yields values approximately 4 MPa higher than
those of the symmetric joint on the left side of the bonding area. Although minor
discrepancies between the PINNs framework and the finite element model exist at peak
values, all of which remain within an acceptable range, the overall stress distributions
show strong consistency. Based on the foregoing analysis and the stress contour maps,
it can be concluded that the PINNs framework demonstrates accurate predictive
capability for AI-CFRP bonded joints.
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Figure 13. Stress distribution curves of the bonded surfaces of AI-CFRP lap joints. (a)
o, (b) o, and (c) ol of the upper surface, and (d) o};, (e) 05, and (f) of, of
the lower surface.

In addition, as shown in Table 5, the normalized mean absolute errors (NMAE) of
the displacement and stress components predicted by the two PINN frameworks are
presented. Because the different stress components and displacements span different
orders of magnitude, directly comparing their absolute MAE values can be misleading:
even when the relative errors are similar, quantities with larger magnitudes naturally
produce larger MAE values. For the CFRP-CFRP configuration, the NMAE values are
all below 0.12. with the displacement u,; achieving an exceptionally low value of
0.0298, while the transverse displacement u, yields a value of 0.0895 and the normal
stress 041 at 0.1104. The peel stress 05, and shear stress o1,show NMAE values of
0.0779 and 0.0667, respectively. For the asymmetric AI-CFRP configuration, the errors
increase moderately, as expected due to the greater mechanical complexity.
Nevertheless, the NMAE for u;remains only 0.0434, and u, increases modestly to
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0.1052. The stress component errors stay within a narrow range (0.0793 to 0.1233),
which are all well below conservative tolerance levels. These normalized error metrics
demonstrate that both PINN frameworks yield satisfactory overall accuracy across
different joint configurations. The model’s ability to maintain consistently acceptable
NMAE values despite the transition from symmetric to asymmetric configurations, and
across displacement and stress fields of varying magnitudes, underscores its sufficient
precision and robust generalization capability.
Table 5. Normalized MAE of the results for the two PINNs frameworks.

U, Uu; O11 022 012
CFRP-CFRP 0.0298 0.0895 0.1104 0.0779 0.0667
Al-CFRP 0.0434 0.1052 0.1233 0.0872 0.0793

6. Conclusion

This study employed a combined approach of experimental testing, finite element
simulation, theoretical analysis, and PINNs to investigate the deformation and stress
distribution in adhesive joints. Two joint configurations were examined: symmetric
CFRP-CFRP and hybrid AI-CFRP. The main findings and contributions are
summarized as follows:

Based on the Timoshenko beam theory and elasticity theory, the governing
equations for the bonded joint under eccentric loading were derived, along with those
governing the stress distribution within the adhesive layer. Applying the adhesive layer
stress as a load to the adherend makes it exceedingly difficult to solve the one-
dimensional model or to assume an appropriate stress function for the two-dimensional
problem, owing to the extreme complexity of the solution.

Five sets of tensile tests were conducted on two types of bonded composite joints
(CFRP-CFRP and Al-CFRP). The established finite element model demonstrated good
agreement with the experimental force-displacement responses. Furthermore, the
experimental results reveal that the asymmetric deformation in Al-CFRP joints leads to
cohesive failure within the adhesive layer, whereas CFRP-CFRP joints exhibit adhesive
failure characterized by peeling. The underlying mechanisms governing these distinct
failure modes warrant further detailed investigation. Based on the experimental data
and simulation results, One-dimensional and two-dimensional PINNs were established
to predict the mechanical response of adhesive joints. The physical loss functions were
constructed using the displacement governing equation along with displacement and
continuity boundary conditions for the one-dimensional model, and the biharmonic

equation with stress boundary conditions for the two-dimensional model. Both PINNs
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frameworks achieved a high level of predictive accuracy, with R* values consistently
exceeding 0.9.

Employing the trained PINNs frameworks, the displacement and stress
distributions of the adherends were predicted. The displacements obtained from the
one-dimensional PINNs achieved errors below 0.1 mm. For the two-dimensional
PINN:Ss, the stress errors, as reflected in the stress distribution curves on the upper and
lower surfaces, remained within 5 MPa. Overall, both PINNs frameworks maintained
exceptionally high prediction accuracy for new geometric dimensions.

In sum, the proposed PINNs framework overcomes the limitations of existing
theoretical models by effectively accounting for complex geometries and material
parameters. It provides a fast and efficient approach for predicting the strength of
adhesive joints and serves as a versatile framework for solving complex partial
differential equations in other engineering applications. Nevertheless, the method has
certain limitations. First, the current predictions are limited to interpolation scenarios
within the trained parameter ranges; the model’s performance under extrapolation to
geometries beyond these ranges has not been validated and warrants caution. Second,
the model adopts an isotropic simplification for the adherends, which may not be
applicable to other joint configurations, and the theoretical framework for the adhesive
joint does not incorporate failure criteria. Addressing these limitations will be a key
focus of our future work. In summary, this work provides a powerful tool for accurate

strength prediction and design optimization of adhesive joints.
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