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ABSTRACT
This paper investigates the application of physics-informed neural networks (PINNs) to solve inverse
problems in solid mechanics. Traditional numerical methods, such as finite element method (FEM)
and isogeometric analysis (IGA), often require significant computational time, hindering their ap-
plicability in scenarios requiring rapid calculations. To overcome these challenges, PINNs offer a ro-
bust alternative by directly incorporating physical information—such as governing equations and
boundary conditions—into the neural network's loss function, reducing the reliance on purely ex-
perimental data. This study specifically focuses on a two-dimensional linear elasticity plane-strain
problem defined on a unit square domain. The primary objective is to accurately determine the
spatial distribution of Young's modulus, alongside displacement and stress components, based on
established governing equations, boundary conditions, and sparsely measured data. To achieve
this, the proposed framework employs two distinct neural networks: the first (N1 ) is designed to
predict displacements, while the second (N2 ) estimates Young's modulus. Both network archi-
tectures consist of four hidden layers containing 40 neurons each. The models were trained over
20,000 epochs, utilizing a dataset comprising displacements measured at 400 points and Young's
modulus measured at 9 points randomly distributed across the computational domain. The results
demonstrate a strong agreement between the PINNs predictions and the exact analytical solutions.
Although slight relative errors were observed at the boundaries where exact values approach zero,
the overall deviation remained acceptably small, at only around 10−5 . These findings validate that
PINNs provide a highly effective tool that balances computational efficiency and error. While the
study highlights a current lack of neural network architecture optimization, systematically address-
ing this in future research will further enhance the model's speed and predictive accuracy for com-
plex mechanical systems.
Key words: Physics-informed Neural Networks, PINNs, inverse mechanical problems, inverse
plane strain problem

INTRODUCTION
There are two primary types of problems in mechan-
ics: forward and inverse. Forward problems in-
volve determining the behavior of structures based
on known forces, boundary conditions, and material
properties. This type of problem is commonly applied
in structural design. Conversely, inverse problems
utilize observed structural behavior fromexperiments
to determine unknown values, such as material prop-
erties or distributions. Inverse problems, particularly
those related to material distribution, have significant
applications in diagnosing andmonitoring infrastruc-
ture health.
Various methods have been developed to address in-
verse mechanical problems, including finite element
methods (FEM), isogeometric analysis (IGA), and ex-
perimental techniques. Several studies, such as those
by Nguyen–Thanh et al.1–4, have explored the appli-
cation of IGA and FEM to solve a wide range of solid

mechanics problems. These studies aim to leverage
the strengths of IGA and FEM in accurately represent-
ing complex geometries and analyzing themechanical
behavior of solid structures. Through these numerical
methods, researchers have contributed substantially
to understanding and addressing challenges in solid
mechanics.
However, a notable disadvantage of these methods
is the significant computational time required. The
complexity of solid mechanics problems and the need
for detailed analysis of large-scale structures often
lead to lengthy computations. This limitation can
hinder their applicability in real-time scenarios or
cases requiring rapid calculations, particularly in dy-
namic phenomena. Researchers are actively inves-
tigating parallel computing, domain decomposition,
and reduced-order modeling to overcome this chal-
lenge. Additionally, hybrid approaches that combine
IGA or FEMwith other methods are being developed
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to enable more efficient analysis of complex solid me-
chanics problems.
Deep learning has emerged as a promising approach
to solving inverse problems across various fields in re-
cent years. Artificial neural networks (ANNs) have
been widely adopted in engineering disciplines, in-
cluding material science, fluid mechanics, and in-
frastructure health monitoring. These ANNs, often
called ”data-driven” models, are typically trained us-
ing data from experiments, numerical simulations, or
exact solutions. However, a particular class of ANNs
known as physics-informed neural networks (PINNs)
offers a different approach. Rather than relying solely
on data, PINNs incorporate physical information di-
rectly into the training process. The loss function
of PINNs integrates governing equations, initial and
boundary conditions, and other relevant constraints,
making the model aware of the underlying physics.
Several studies have explored the application of
PINNs in various solid mechanics problems, elastic-
ity imaging, and material identification. Haghighat
et al.5 proposed a physics-informed deep learning
framework for inversion and surrogate modeling in
solid mechanics, leveraging PINNs to estimate mate-
rial properties and predict the behavior of solid ma-
terials based on measured data and physical laws.
Kamali et al.6 utilized PINNs in elasticity imaging
to discover the spatial distribution of elastic mod-
ulus and Poisson’s ratio, achieving accurate and ef-
ficient material property estimation by integrating
physics-based constraints into the neural network ar-
chitecture. Zhang et al.7 focused on nonhomoge-
neous material identification in elasticity imaging us-
ing PINNs, demonstrating the effectiveness of this ap-
proach in characterizing the spatial distribution of
material properties and identifying complex mate-
rial behavior. Chen and Gu8 explored deep neu-
ral networks in learning hidden elasticity, showing
how PINNs can capture complex nonlinear elastic be-
havior and uncover hidden patterns in material re-
sponses. In another study, Chen and Gu9 extended
the application of PINNs to various elasticity prob-
lems, including forward, inverse, and mixed prob-
lems, highlighting the versatility of PINNs in address-
ing a broad range of mechanical challenges and their
potential for efficient and accurate simulations.
These studies underscore the potential of PINNs in
solidmechanics and elasticity-related research. By in-
tegrating deep learning techniqueswith physical prin-
ciples, PINNs provide a powerful tool for solving in-
verse problems, characterizing material behavior, and
predicting mechanical responses10–17. Incorporating
PINNs intomechanics opens new avenues for efficient

and accurate analysis, reducing reliance on traditional
experimental approaches.
This work focuses on applying PINNs to solve a spe-
cific problem: the 2D linear elasticity problem. The
objective is to determine displacements, stress com-
ponents, and Young’s modulus within the compu-
tational domain based on the governing equations,
boundary conditions, body forces, and displacements
measured at specific locations. By employing PINNs,
we aim to harness the power of deep learning, com-
bined with the inherent physics embedded in the gov-
erning equations, to estimate the desired quantities
accurately. The unique training approach of PINNs
allows for a more physics-aware model, potentially
offering improved solutions compared to traditional
data-driven ANNmodels.

THEORIES
Analytical solution
To demonstrate the application of PINNs, we con-
sider an elastic plane-strain problem defined on a unit
square, as depicted in Figure 1. The goal is to an-
alyze the behavior of the elastic material within this
unit square. To solve this problem using PINNs, we
must define the governing equation, boundary con-
ditions, and any other relevant constraints. The spe-
cific boundary conditions for this problem are shown
in Figure 1.
By applying the PINNsmodel to this problem, we aim
to predict the displacements, stress components, and
Young’s modulus within the unit square. The PINNs
model, trained using the governing equation, bound-
ary conditions, and additional constraints, will pro-
vide accurate estimates of these quantities.
The body forces are defined as:

Fx=− E
v2 −1

(
4π2 sin(πy)

(
2cos(πx)2 −1

)
−4vy2π cos (πx )

)
− E

2(v+1)

(
4y3π cos(πx)−π2 sin(πx)

(
2cos(xπ)2 −1

))

Fy =
E
(
12y2 sin(πx)−2vπ cos(πx)sin(πx)

)
v2 −1

+
Eπ2 (2cos(πy) sin(2πx)+ y4 sin(πx)

)
2(v+1)

(01)

The exact solution5 to this problem

ux = cos(2πx)sin(πy) ,
uy = sin(πx)y4 (02)

The governing equations:

∂σxx

∂x
+

∂τxy

∂y
+Fx = 0,

∂τxy

∂x
+

∂σyy

∂y
+Fy = 0

(03)
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Figure 1: Problem setup andboundary conditions
(Source: Authors)

where σxx, σyy, τxy are the stress components. Fx
and Fy are, respectively, the body forces along thex
and y axes.
Strain – stress relationships by Hooke’s Law:

σxx

σyy

τxy

=
E

1− v2


1 v 0
v 1 0

0 0
1− v

2




εxx

εyy

γxy

 (04)

where E is Young’s Modulus; v is a Poisson’s ratio and
εxx, εyy, γxy are strain components defined as

εxx =
∂ux
∂x

, εyy =
∂uy

∂y
,

γxy =
∂ux
∂y

+
∂uy

∂x

(05)

where ux and uy are the displacement components
along the x and y axes, respectively.
In this case, the Poisson’s ratio v is 0.3, and Young’s
Modulus is given as

E = 1+x2 + y2 (06)

PINNsmodel
In this problem, two neural networks are employed to
address the task. The first neural network, denoted as
N1, is used to predict displacement. As shown in Fig-
ure 2,N1 has an input layer with two neurons that re-
ceive the coordinate values within the computational
domain. This enables the network to capture the spa-
tial information necessary for displacement estima-
tion. The network is then constructed with four hid-
den layers containing 40 neurons, which help extract

and learn complex patterns and relationships from the
input data. Finally, N1 includes an output layer with
two neurons that provide the predicted displacement
values based on the learned patterns within the net-
work.

Figure 2: The neural networkfor displacements
(N1) (Source: Authors)

The second neural network, N2 , is employed to pre-
dict Young’s modulus in this problem. The architec-
ture of N2 is similar to that of N1 with a few key
differences. As illustrated in Figure 3, N2 begins
with an input layer of two neurons, which receive the
coordinate values within the computational domain.
These input neurons allow the network to incorpo-
rate spatial information into the prediction process.
Like N1, N2 also consists of four hidden layers, each
with 40 neurons. Nonetheless, unlike N1 the out-
put layer of N2 has a single neuron that provides the
predicted value of Young’s modulus. This model is
trained over 20,000 epochs. The stress components
are then computed from the predicted displacement
using Eqs. Equation (04) andEquation (05).
This model uses the activation function for the net-
work N1and the softplus activation function for the
network N2. The optimization algorithm used for
this model is FMINCON fromMATLAB.

Figure 3: Neural network forYoung’s modulus (N2)

(Source: Authors)

The loss function of this model is defined as

L = LGE +LBC (07)
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where LGE , LCB are loss components from the gov-
erning equation, boundary conditions. The govern-
ing equation loss, LGE , is determined as

LGE =

(
∂σ∗

xx

∂x
+

∂τ∗xy

∂y
+Fx

)2

+

(∂τ∗xy

∂x
+

∂σ∗
yy

∂y
+Fy

)2
(08)

Where σ∗
xx, σ∗

yy, τ∗xy are the predicted stress compo-
nents values calculated over the full domain.
The boundary condition loss, LBC , is defined as

LBC = ∑NBC
i

(
f ∗BCi

− fBCi

)2
(09)

Where NBC is the number of control points on the
boundary, along with some points where the values
(displacement andYoung’smodulus) are alreadymea-
sured.
In this context, we consider a computational domain
with a grid of 100x100 points. The boundary con-
ditions are illustrated in Figure 1. Due to the multi-
modal nature of an inverse problem, we need addi-
tional displacement and Young’s modulus values at
several points to obtain accurate results. We mea-
sured displacement at 400 points and Young’s modu-
lus at 9 points. These points are distributed randomly
across the computational domain.

RESULTS
Results obtained for displacement components ux
and uy are, respectively, exhibited in Figure 4 and Fig-
ure 6. In addition, comparisons for the stress compo-
nents are shown in Figures 8 and 10, and Figure 12.
Eventually, distributions of Young’s modulus are plot-
ted in Figure 14.
The error of displacement, stress components, and
Young’sModulus (%) is illustrated in Figures 5, 7, 9, 11
and 13 and Figure 15. In all the figuresmentioned, the
good agreement between the neural network predic-
tions and the exact solutions is evident, i.e., the rela-
tive difference between the predicted and exact values
is acceptably small.
The error of the predicted results with the exact results
is defined as:

ε =

∥∥vexact − vpredict
∥∥

2
∥vexact∥2

(10)

Where vexact is the exact value of the problems from
Eqs. Equations (02), (03), (04), (05) and (06); vpredict

is the predicted value from 2 neural networksN1 and
N2 .
The relative errors are slightly higher at the bound-
ary values, especially where the displacement or stress
components are zero. This is because we are compar-
ing the predictions with analytical solutions. Since

Figure 4: Result ofux (Source: Authors)

Figure 5: Error ofux (Source: Authors)

3279



VNUHCM Journal of Engineering and Technology 2026, 9(3):3276-3284

Figure 6: Result ofuy (Source: Authors)

Figure 7: Error ofuy (Source: Authors)

Figure 8: Result of σxx (Source: Authors)

Figure 9: Error of σxx (Source: Authors)
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Figure 10: Result of σyy (Source: Authors)

Figure 11: Error of σyy (Source: Authors)

Figure 12: Result of τxy (Source: Authors)

Figure 13: Error of τxy (Source: Authors)
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Figure 14: Result of Young’s Modulus (Source: Au-
thors)

Figure 15: Error of Young’s Modulus (Source: Au-
thors)

PINNs are an approximation method, the predicted
results will naturally have some error. The relative er-
ror can be more significant when the exact solution at
a prediction point is zero. However, even though the
relative errors at the boundaries are relatively high, the
results from the PINNs are still acceptable, with the
deviation between the predicted and exact values be-
ing only aroundThis shows that, despite some limita-
tions, the overall performance of the PINNs remains
reliable for practical applications.
These results demonstrate that PINNs can achieve
performance close to the exact solutions, validating
their effectiveness as a computational tool in solidme-
chanics. Given the minor errors, PINNs can be con-
sidered reliable for predicting mechanical properties
and behaviors in various engineering applications, es-
pecially in scenarios where traditional methods may
be computationally expensive or infeasible. Thus, the
results illustrated that PINNs strike a balance between
computational efficiency and error, reinforcing their
potential as powerful tools for solving complex prob-
lems in engineering and applied mechanics.

CONCLUSIONS
This study demonstrates the application of physics-
informed neural networks (PINNs) for inverse anal-
ysis in mechanics, specifically within a unit-square
domain under plane-strain conditions. The problem
setup includes defined geometry, loading, boundary
conditions, and displacement measurements at spe-
cific locations. The critical challenge addressed is the
unknown distribution of Young’s modulus. To tackle
this, two neural networks are designed: one to pre-
dict displacements and the other to estimate Young’s
modulus. These networks are trained by minimiz-
ing a loss function incorporating the governing equa-
tions, boundary conditions, and the discrepancy be-
tween exact and predicted displacements. The error
of the PINNs approach is validated through the strong
agreement between the expected results and analytical
solutions for various quantities, including displace-
ments, stress components, and Young’s modulus. A
notable advantage of PINNs is their ability to han-
dle both forward and inverse analysis problems with a
unified approach. This capability opens new avenues
for solving inverse problems more effectively and ef-
ficiently, potentially transforming the field and en-
abling practical applications across various domains.
However, this study has shortcomings, including a
lack of optimization of the neural network architec-
ture. This limitationmeans themodelmay take longer
to train andmay not fully realize its potential for accu-
rate predictions. The network might struggle to learn
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complex patterns effectively without a suitable archi-
tecture, leading to suboptimal performance. Conse-
quently, addressing this issue through systematic op-
timization of the neural network architecture could
enhance the model’s speed and accuracy, enabling
more efficient solutions to the problems under inves-
tigation. Future research should focus on fine-tuning
these architectural parameters to achieve better over-
all performance.

CONFLICT OF INTEREST
The authors declare that they have no conflict of in-
terest.

AUTHOR CONTRIBUTION
Nhi PhuongThi Nguyen: Data curation, Validation,
Writing-original draft.
Minh Ngoc Nguyen: Formal analysis, Visualization.
Tinh Quoc Bui: Investigation, Project administra-
tion.
Duy Vo: Conceptualization, Methodology, Writing-
review & editing.
Khuong D. Nguyen: Supervision, Writing-review &
editing.

NOMENCLATURE
PINNs: physics-informed neural networks
FEM: finite element method
IGA: Isogeometric analysis
ANNs: Artificial neural networks

REFERENCES
1. Nguyen-ThanhN, Nguyen-XuanH, Zhuang X, Liu GR, Nguyen-

Dang H. A NURBS-based finite element method for static and
free vibration analyses of laminated composite plates. Com-
posite Structures. 2011;93(4):1065–75.

2. Nguyen-Thanh N, Zhuang X, Rabczuk T, Nguyen-Xuan H,
Nguyen-DangH. Static, free vibration andbuckling analysis of
laminated composite plates using a refined plate theory and
NURBS-based isogeometric approach. Computer Methods in
Applied Mechanics and Engineering. 2012;209-212:250–62.

3. Nguyen-Thanh N, Zhuang X, Nguyen-Xuan H, Rabczuk T,
Nguyen-DangH. Isogeometric analysis of laminated compos-
ite plates using a new inverse trigonometric shear deforma-
tion theory. Composite Structures. 2013;102:9–26.

4. Nguyen-Thanh N, Rabczuk T, Nguyen-Xuan H, Nguyen-Dang
H. Isogeometric analysis using polynomial splines over
hierarchical T-meshes for two-dimensional elastic solids.
Computer Methods in Applied Mechanics and Engineering.
2014;268:467–94.

5. Haghighat E, Raissi M,Moure A, GomezH, Juanes R. A physics-
informed deep learning framework for inversion and surro-
gate modeling in solid mechanics. Computer Methods in Ap-
plied Mechanics and Engineering. 2021;379. Available from:
https://doi.org/10.1016/j.cma.2021.113741.

6. Kamali A, Sarabian M, Laksari K. Elasticity imaging us-
ing physics-informed neural networks: spatial discovery of
elastic modulus and Poisson’s ratio. Acta Biomaterialia.
2023;155:400–9. Available from: https://doi.org/10.1016/j.
actbio.2022.11.024.

7. Zhang E, Yin M, Karniadakis GE. Physics-Informed Neural Net-
works for NonhomogeneousMaterial Identification in Elastic-
ity Imaging. arXiv:200904525v1 [csLG]. 2020;.

8. Chen CT, Gu GX. Learning hidden elasticity with deep neural
networks. Proceedings of the National Academy of Sciences
of the United States of America. 2021;118(31).

9. Chen CT, Gu GX. Physics-Informed Deep-Learning For Elas-
ticity: Forward, Inverse, and Mixed Problems. Advanced Sci-
ence . 2023;10(18). Available from: https://doi.org/10.1002/
advs.202300439.

10. McCulloch WS, Pitts W. A logical calculus of the ideas imma-
nent in nervous activity. 1943. Bulletin of Mathematical Biol-
ogy. 1990;52(1-2):99–115. Available from: https://doi.org/10.
1016/S0092-8240(05)80006-0.

11. Rojas R. Neural Networks A Systematic Introduction. Berlin:
Springer-Verlag; 1996.

12. Lanzi L, Bisagni C, Ricci S. Neural network systems to re-
produce crash behavior of structural components. Comput.
Struct; 2004.

13. Liu M, Liang L, Sun W. A generic physics-informed neu-
ral network-based constitutive model for soft biological tis-
sues. 2020;Available from: https://doi.org/10.1016/j.cma.2020.
113402.

14. Vahab M, Haghighat E, Khaleghi M, Khalili N. A Physics-
Informed Neural Network Approach to Solution and Identifi-
cation of Biharmonic Equations of Elasticity. Journal of Engi-
neering Mechanics. 2022;148(2). Available from: https://doi.
org/10.1061/(ASCE)EM.1943-7889.0002062.

15. Kollmannsberger S, DD, Jokeit M, Herrmann L. Deep Learning
in Computational Mechanics, An Introductory Course. 2021;.

16. Katsikis D, Muradova AD, Stavroulakis GE. A Gentle Intro-
duction to Physics-Informed Neural Networks, with Applica-
tions in Static Rod and Beam Problems. J Adv Appl Com-
putMath. 2022;Available from: https://doi.org/10.15377/2409-
5761.2022.09.8.

17. Benardos PG, Vosniakos GC. Optimizing feedforward artifi-
cial neural network architecture. Engineering Applications
of Artificial Intelligence. 2007;20(3):365–82. Available from:
https://doi.org/10.1016/j.engappai.2006.06.005.

3283

https://doi.org/10.1016/j.cma.2021.113741
https://doi.org/10.1016/j.actbio.2022.11.024
https://doi.org/10.1016/j.actbio.2022.11.024
https://doi.org/10.1002/advs.202300439
https://doi.org/10.1002/advs.202300439
https://doi.org/10.1016/S0092-8240(05)80006-0
https://doi.org/10.1016/S0092-8240(05)80006-0
https://doi.org/10.1016/j.cma.2020.113402
https://doi.org/10.1016/j.cma.2020.113402
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002062
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002062
https://doi.org/10.15377/2409-5761.2022.09.8
https://doi.org/10.15377/2409-5761.2022.09.8
https://doi.org/10.1016/j.engappai.2006.06.005


VNUHCM Journal of Engineering and Technology 2026, 9(3):3276-3284

Open Access Full Text Article Bài nghiên cứu

1Bộ môn Cơ học Kỹ thuật, Khoa Khoa
học Ứng dụng, Trường Đại học Bách
khoa Thành phố Hồ Chí Minh
(HCMUT), 268 đường Lý Thường Kiệt,
Quận 10, Thành phố Hồ Chí Minh
70000, Việt Nam
2Đại học Quốc gia Thành phố Hồ Chí
Minh, phường Linh Trung, thành phố
Thủ Đức, Thành phố Hồ Chí Minh
70000, Việt Nam
3Viện Nghiên cứu Duy Tân về Kỹ thuật
Tính toán (DTRICE), Trường Đại học
Duy Tân, Thành phố Hồ Chí Minh
70000, Việt Nam
4Khoa Kỹ thuật Xây dựng, Trường Đại
học Duy Tân, thành phố Đà Nẵng
50000, Việt Nam

Liên hệ

Võ Duy, Viện Nghiên cứu Duy Tân về Kỹ
thuật Tính toán (DTRICE), Trường Đại học Duy
Tân, Thành phố Hồ Chí Minh 70000, Việt Nam

Khoa Kỹ thuật Xây dựng, Trường Đại học Duy
Tân, thành phố Đà Nẵng 50000, Việt Nam

Email: voduy3@duytan.edu.vn

Liên hệ

Nguyễn Duy Khương, Bộ môn Cơ học Kỹ
thuật, Khoa Khoa học Ứng dụng, Trường Đại
học Bách khoa Thành phố Hồ Chí Minh
(HCMUT), 268 đường Lý Thường Kiệt, Quận
10, Thành phố Hồ Chí Minh 70000, Việt Nam

Đại học Quốc gia Thành phố Hồ Chí Minh,
phường Linh Trung, thành phố Thủ Đức,
Thành phố Hồ Chí Minh 70000, Việt Nam

Email: ndkhuong@hcmut.edu.vn

Minh họa về việc sử dụngmạng nơ-ron nhân tạo kết hợp thông tin
vật lý (PINNs) cho bài toán nghịch trong cơ học
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TÓM TẮT
Bài báo này nghiên cứu việc áp dụng mạng nơ-ron nhân tạo kết hợp thông tin vật lý (PINNs) để
giải quyết các bài toán ngược trong cơ học vật rắn. Các phương pháp số truyền thống, chẳng hạn
như phương pháp phần tử hữu hạn (FEM) và phân tích đẳng hình học (IGA), thường đòi hỏi thời
gian tính toán đáng kể, làm cản trở khả năng ứng dụng của chúng trong các tình huống yêu cầu
tính toán nhanh. Để vượt qua những thách thức này, PINNs cung cấpmột giải pháp thay thếmạnh
mẽ bằng cách tích hợp trực tiếp thông tin vật lý - chẳng hạn như các phương trình chủ đạo và
điều kiện biên - vào hàm mất mát của mạng nơ-ron, giúp giảm sự phụ thuộc vào dữ liệu thuần
thực nghiệm. Nghiên cứu này đặc biệt tập trung vào bài toán biến dạng phẳng đàn hồi tuyến tính
hai chiều được xác định trên một miền hình vuông đơn vị. Mục tiêu chính là xác định chính xác
sự phân bố trong không gian của mô-đun Young, cùng với các thành phần chuyển vị và ứng suất,
dựa trên các phương trình chủ đạo đã thiết lập, điều kiện biên và các dữ liệu được đo đạc thưa thớt.
Để đạt được điều này, hệ thống đề xuất sử dụng hai mạng nơ-ron riêng biệt: mạng thứ nhất (N1
) được thiết kế để dự đoán các chuyển vị, trong khi mạng thứ hai (N2 ) ước lượng mô-đun Young.
Cả hai kiến trúc mạng đều bao gồm bốn lớp ẩn, mỗi lớp chứa 40 nơ-ron. Các mô hình đã được
huấn luyện qua 20.000 lần lặp, sử dụng tập dữ liệu bao gồm các chuyển vị được đo tại 400 điểm
và mô-đun Young được đo tại 9 điểm phân bố ngẫu nhiên trên toàn bộ miền tính toán. Các kết
quả chứngminh sự đồng thuận cao giữa các dự đoán của PINNs và các nghiệm giải tích chính xác.
Mặc dù có quan sát thấy những sai số tương đối nhỏ ở các biên nơi các giá trị chính xác tiến gần
đến 0, độ lệch tổng thể vẫn ở mức nhỏ chấp nhận được, chỉ vào khoảng 10−5 . Những phát hiện
này xác nhận rằng PINNs cung cấp một công cụ cực kỳ hiệu quả, cân bằng tốt giữa hiệu suất tính
toán và sai số. Mặc dù nghiên cứu chỉ ra sự thiếu hụt hiện tại trong việc tối ưu hóa kiến trúc mạng
nơ-ron, nhưng việc giải quyết vấn đề này một cách có hệ thống trong các nghiên cứu tương lai sẽ
nâng cao hơn nữa tốc độ và độ chính xác dự đoán của mô hình đối với các hệ cơ học phức tạp.
Từ khoá: Mạng nơ-ron nhân tạo kết hợp thông tin vật lý, PINNs, các bài toán ngược trong cơ học,
bài toán ngược biến dạng phẳng
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