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ABSTRACT 

Thin-walled composite structures have gained significant traction for diverse 

engineering uses due to their laminated composition, featuring layers of composite 

materials with unique properties shaped by fiber orientation. Stress analysis of such 

thin-walled composite sections under mechanical and thermal loads is complex, often 

requiring optimization to achieve optimal designs. However, the reduced thickness of 

these structures makes them susceptible to buckling. Incorporating lightning holes 

reduces weight but compromises stiffness and buckling strength. This study focuses on 

assessing the buckling strength of thin-walled composites with various hole shapes 

under mechanical and thermal loads. A parametric investigation aims to identify the 

best material and structural parameters for resilience against both mechanical and 

thermal stress. Initially, a finite element-based numerical approach was used to model 

the c-section thin-walled composite structure. Structural and material parameters like 

spacing ratio, opening ratio, hole shape, fiber orientation, and laminate sequence are 

systematically varied under mechanical and thermal loads. The resulting data drives the 

identification of optimal parameter combinations through machine learning algorithms. 

Multiple techniques are compared to finite element results for accuracy. The simulation 

model effectively captures changes in critical buckling load under distinct mechanical 

and thermal conditions due to alterations in structural and material features. The 

machine learning approach accurately predicts optimal critical buckling load under both 

scenarios. Furthermore, the study's findings indicate that the optimal critical buckling 

values for the current problem are achieved with specific parameter combinations. For 

mechanical loading conditions, the best configuration involves a quasi-isotropic 

structure with a circular hole, an opening ratio of 1.4, and a spacing ratio of 1.6, resulting 

in a critical buckling load of 8804 N. In the case of thermal loading, an angle-ply 

structure with a circular hole, an opening ratio of 1.4, and a spacing ratio of 1.7 leads to 

a critical buckling load of 308.2 (T-critical). In summary, this thesis comprehensively 

explores the stability of c-section thin-walled composite structures with holes under 

mechanical and thermal loads, utilizing finite element analysis and machine learning.   
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 خلاصة البحث 
ABSTRACT IN ARABIC 

الهندسية المتنوعة بسبب تركيبتها ذات الطبقات،    تنحو الاستخداماطلبا كبيرا    الرقيقةاكتسبت الهياكل المركبة  

كما يعد    ،الأليافحيث تتميز بطبقات من المواد المركبة ذات الخصائص الفريدة التي تتشكل حسب اتجاهات  

تحت التحميل الميكانيكي والحراري أمرا معقدا، حيث يتطلب في كثير من    الرقيقةالمركبة    للهياكل  الاجهادتحليل  

لتحقي  التصاميمالأحيان تحسينه  الهياكل كلما كانت  ومع ذلك،    .ق أفضل    للانبعاج، عرضة  كلما قلت سماكة 

. تركز هذه الدراسة على تقييم  الالتواءالوزن ولكن يضر بالصلابة وقوة  يخفف  فتحات    أضف إلى ذلك أن إضافة

المركبة    الالتواءقوة   الفتحات    الرقيقةللهياكل  التحميل المختلفة  ذات  تهدف  ،  الحراري و   نيكيالميكا تحت 

عن التحميل الميكانيكي    ةالتوترات الناتج  والتي تتحمل  والهياكل  الموادإلى تحديد أفضل    الحدوديةالتحقيقات  

على    الرقيق   هيكل المركبال والحراري. في البداية، تم استخدام نهج عددي قائم على العناصر المحدودة لنمذجة  

كما  "C"   شكل المعلمات  ،  الألياف،  تتنوع  واتجاه  الثقب،  وشكل  الفتح،  ونسبة  التباعد،  نسبة  مثل  الهيكلية 

والحرارية. الميكانيكية  الأحمال  تحت  منهجي  بشكل  الصفائح  تركيبات  إلى    النتائجتقود  حيث    وتسلسل  تحديد 

يتم مقارنة تقنيات متعددة مع نتائج العناصر المحدودة كما  المعلمات المثلى من خلال خوارزميات التعلم الآلي.  

تحت ظروف ميكانيكية    للالتواء  ة الحرج  التغييرات  نموذج المحاكاة بشكل فعال يلتقط    للتأكد من دقة النتائج. كما 

في ملامح   التغييرات  التعلم الآلي بدقة بحمل  والمواد.    الهياكل وحرارية متميزة بسبب  يتنبأ نهج  علاوة على ذلك، 

للمشكلة    المثلى الحرجة    الالتواء  ة تشير نتائج الدراسة إلى أن قيم  لذلك  . الطريقتينالحرج الأمثل في كلا    الالتواء

في ظروف التحميل    ، حيث أن النتيجة المثلىالحالية يمكن تحقيقها باستخدام مجموعات محددة من المعلمات

حيث تبلغ قيمة الالتواء  ،  1.6نسبة تباعد تبلغ  مع  ،  1.4تبلغ    الافتتاح نسبة  و   دائري ال  الثقبذات    للقالب  الميكانيكي 

دائري ونسبة افتتاح    ثقببزاوية مع    القالبيتم استخدام  ففي حالة التحميل الحراري،  أما  نيوتن.    8804  الحرجة

  هذه الرسالة   في النهاية تسلط  (.تي)  308.2  يبلغ قيمة الالتواء الحرجة، مما  1.7نسبة تباعد تبلغ  مع  ،  1.4تبلغ  

"س ي" تحت    على شكل  شكلوالتي تتالهياكل المركبة ذات الجدران الرقيقة  بشكل شامل استقرار    الضوء باختصار

 .التحميل الميكانيكي والحراري، باستخدام تحليل العناصر المحدودة والتعلم الآلي
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CHAPTER ONE 

INTRODUCTION 

1.1 OVERVIEW  

This introductory chapter lays down a foundation and discusses the background of this 

thesis, describes broadly the problem statement which this thesis will deal and from that 

identify objectives to be solved detailed methodology is discussed at the end of this 

chapter. Additionally, illustrated the flow chart of the thesis chapter that has been 

provided the chapters content. 

1.2 BACKGROUND OF THE STUDY 

A composite material is a multiphase substance composed of two or more components 

with distinct compositions or forms that retain their individual characteristics when 

bonded together. This unique composition results in the newly formed material 

surpassing the performance of its separate components. Due to their versatility and ease 

of integration with other materials, composites have become widely used in various 

applications. In civil engineering, composites have demonstrated a fascinating 

evolution, finding application in material shaping and foundation for construction 

projects. 

Over time, civil engineers have become increasingly aware of the advantages 

offered by composite materials in construction. As a result, the use of composites in the 

building and construction industry has increased significantly. With growing demands 

for strength, safety, and reliability, composite engineering has become indispensable in 

numerous industries. Although composites may be more expensive than traditional 

construction materials, their benefits, such as being lightweight, corrosion-resistant, and 
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stronger, outweigh the costs. The incorporation of fiber reinforcements in composites 

also provides excellent damping properties and remarkable fatigue resistance. 

For engineers to make appropriate material choices and ensure safety during 

planning and execution, it is essential to have a thorough understanding of the chemical, 

physical, and mechanical properties of different polymers and how they can affect the 

structure. This knowledge enables engineers to utilize composite materials effectively 

in constructing reinforced structures capable of withstanding natural disasters like 

earthquakes and hurricanes. Presently, composites are being employed worldwide to 

enhance the earthquake resistance of concrete constructions. 

A specific type of composite, known as Fiber Reinforced Polymer (FRP) 

composite, consists of a thermoset or thermoplastic polymer matrix reinforced with 

fibers or other materials possessing sufficient aspect ratios for reinforcing functions. It 

is important to distinguish FRP composites from traditional construction materials like 

steel or aluminum because of their distinctive properties and applications. As we move 

forward, the role of composite engineering is predicted to expand further within civil 

engineering, playing a crucial and increasingly important role in shaping the future of 

construction and infrastructure development. 

1.3 PROBLEM STATEMENT 

Structures such as beams, plates and shells or other types of structures are mostly 

assemblies of laminated composite structures, these structures are exposed to 

environmental factors such as high stress and temperature, which can have a negative 

impact on their strength and stiffness. 

          The challenges in designing and analyzing laminated composite structures 

exposed to mechanical and thermal loads include complex material behavior, numerous 
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design parameters, thermal effects, computational complexity, and the need for efficient 

optimization methods, with the potential for improvement through modern machine 

learning approaches. Environmental factors, such as high stress and temperature, can 

weaken laminated composite structures by degrading material properties, inducing 

thermal expansion, increasing moisture absorption, creating residual stresses, causing 

creep, thermal buckling, and thermal fatigue, ultimately reducing their strength and 

stiffness. Design and analysis of composite laminate such as civil application under 

mechanical and thermal loads is tedious because of the numerous parameters involved 

and further optimization is required to achieve an optimal composite civil structure. 

Most of the optimization work that has been carried out is just based on genetic 

algorithms in an existing work for such applications whereas the optimization based on 

the present modern machine learning approach was not found in the literature. In this 

work, we attempt to optimize the performance of composite laminates under mechanical 

and thermal loading conditions using machine learning algorithms. We perform 

optimization study to achieve the buckling strength and deformation stresses, by 

optimizing parameters such as the stacking sequence, ply orientation angle, spacing 

ratio, opening ratio and shape of the hole. 

1.4 RESEARCH OBJECTIVE 

This study aims to investigate and explore the composition of composite laminate 

material. The objectives of the study are.  

1- To simulate a laminated composite thin-walled structures with holes under 

mechanical and thermal loading using the finite element method to evaluate 

the buckling strength. 



 

21 

2- To conduct an in-depth parametric study utilizing a finite element model, 

aimed at understanding the influence of parameters including spacing ratio, 

opening ratio, laminate sequence, lamina orientation, and hole shape on 

buckling strength. 

3- To determine the optimum parameters combinations of laminated 

composite structures with holes under mechanical and thermal loads via 

machine learning algorithms and comparison of algorithms to fit the best 

possible solution. 

1.5 RESEARCH METHODOLOGY 

The overall aim of this research is to propose an analytical/numerical model that will 

relate the strength and stiffness of the laminated composite. Therefore, the following 

plan is stated to achieve the objectives of this study (Figure 1.1): 

• Literature review: The first step that is going to be taken is a review of the 

current state-of-the-art technologies on the potential application of composite 

materials FRP for civil structural engineering. This will give an overview and 

review of the research that has been carried out in this area. 

• A finite element model will be used to investigate the effects of parameters and 

analysis on the laminated composite shell structure under mechanical and 

thermal loading conditions. For this, ANSYS software will be used to do the 

simulation. Initially, a finite element model will be validated with existing 

benchmark results. 

• The FE modeling will be conducted in ANSYS software, utilizing SHELL181, 

ideal for analyzing thin to moderately thick shell structures. SHELL181 is a 

four-node element with six degrees of freedom per node, encompassing 
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translations in x, y, z, and rotations about x, y, and z-axes. For membrane 

applications, it offers translational degrees of freedom exclusively. This element 

excels in linear, large rotation, and large strain nonlinear scenarios, accounting 

for varying shell thickness in nonlinear analyses. It supports both full and 

reduced integration schemes. Additionally, it accommodates follower effects 

from distributed pressures and handles layered applications, especially for 

composite shells, adhering to the first-order shear deformation theory. It 

employs logarithmic strain and true stress measures, permitting finite membrane 

strains with small, assumed curvature changes within time increments. 

• FE models will be created first for new composite structures and then for 

laminate structures to determine delamination. The simulation results will be 

compared with the existing optimization work. After the developed FE model is 

validated, a numerical simulation will be performed with each parameter and 

dimension to produce a database. The machine learning algorithm will then be 

trained and tested using a random input vector from the data set to ensure good 

aggregation capabilities. Finally, the machine learning algorithm error location 

prediction model will be tested with numerical data. Some validation of FE 

results with existing data and then further parametric study was performed for 

the machine learning algorithm. 

• Based on several simulations of composite parameters, established guidelines 

have been envisaged by supervised or unsupervised machine learning 

techniques. This standard array stipulates the way of performing the minimum 

number of simulations which could provide the full knowledge of all the factors 

that affect the output parameter. 
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In general, it is important to note with machine learning algorithms that it is random 

because of the arbitrary weight generated in the hidden layer. This can produce different 

accuracy depending on the random weights. Simple sequential heuristic search 

techniques are used to achieve the best accuracy. It is important to note that in LM the 

number of neurons in the hidden layer is randomly selected. In other words, there are 

no clear mathematics rules for deducing the right numbers of neurons to train.  Huang 

et al., (2006) have shown that with the differentiable activation functions, the number 

of neurons required in the hidden layer is smaller than the data size. In this application, 

some neurons select sigmoid as their activation function based on previous studies (S. 

Park et al., 2006). It is used in hidden layers because the selection is based entirely on 

greedy testing. 
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Figure 1.1. Research methodology flow chart 

1.6 RESEARCH SCOPE 

This research aims to analyze the structures using the finite element method and 

machine learning techniques for the optimum solution. The scope of this research is,  

➢ Different laminated composite parameters were analyzed in this study to 

investigate the quality of the structures. 

Validation of FE results with available literature 

Yes 

No 

  

Start 

Literature review 

FE analysis of composite laminated shell under 

thermo-mechanical loading 

Satisfactory 

Generate data from FE analysis for different parameters of composite laminate. 

Project evaluation and report writing  

End 

Research gap/Problem statement 

Optimization of laminated composite parameters using machine learning techniques to 

achieve the objectives. 
Objective 2 

Objective 1 
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➢ Data optimization with machine learning algorithms is proposed to determine 

the effective parameters of the laminated composite structure. 

1.7 THESIS OUTLINE 

This thesis is structured into five chapters, as outlined below: 

➢ Chapter One: Background of the thesis study, problem statement, research 

objective, research scope and methodology are briefly explained and also 

thesis organization is discussed in this chapter. 

➢ Chapter Two: Previous studies in the structure and various forms of structural 

parameters in beams and columns and other types of composite structures are 

overviewed and summarized. Some key factors were chosen to summarize the 

existing work such as the problem defined, the methodology adopted and the 

applications. A data optimization technique to define the composite parameters 

for structural analysis was explored and criticized. Furthermore, the other 

common types of optimization methods for different structures have been 

summarized. Finally, based on the existing work and methodology and a 

research gap was proposed for the current work. 

➢ Chapter Three: The detailed methodology of the research is discussed in 

chapter three which includes finite element modelling and analysis of different 

types of structures and variation in the properties that will used for machine 

learning algorithms to optimize the best possible solution of the structural 

component. Additionally, discussed in detail machine learning algorithms and 

error rate performance compared to the structural model. 

➢ Chapter Four: The simulation results are discussed in this chapter. The 

performance of all parameters and machine learning performance. The 
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performance for different conditions of the structures and materials under 

mechanical and thermal load. 

➢ Chapter Five: The thesis is concluded in chapter five and future 

recommendation of this research is also discussed briefly. The organization of 

chapters is shown in Figure 1.6.  

 

Figure 1.2. Overview of research methodology flow-chart 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 OVERVIEW 

In this chapter a previous study in the structure and various forms of structural 

parameters in beams and columns and other types of composite structures are 

overviewed and summarized. Some key factors were chosen to summarize the existing 

work such as the problem defined, the methodology adopted and the applications. A 

data optimization technique to define the composite parameters for structural analysis 

was explored and criticized. Furthermore, the other common types of optimization 

methods for different structures have been summarized. Finally, based on the existing 

work and methodology and a research gap was proposed for the current work. 

2.2 THIN-WALLED STRUCTURES  

Thin-walled members offer advantages in terms of preventing global buckling due to 

their high slenderness ratio, which makes them more resistant to buckling under axial 

compression or bending loads. This is particularly beneficial in applications where 

lightweight and efficient structural elements are required. However, thin-walled 

structures can be prone to local buckling, especially in the constituent plates. Local 

buckling occurs when individual plates within the thin-walled member buckle 

independently due to high stresses or geometric imperfections. This can reduce the 

overall load-carrying capacity and structural integrity. Thin-walled truss members may 

experience local buckling under high compression, which can affect structural integrity. 

Design adjustments and analysis are needed to prevent this issue. The behavior of a 

typical thin-walled composite structure is characterized by three main states: elastic, 
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post-buckling, and failure. The critical load is significant as it marks the transition from 

the elastic state to the post-buckling state, indicating the point at which structural 

stability is compromised, and deformation accelerates towards failure, influencing 

design and safety considerations (Kamarudin et al., 2022). 

The thin-walled member is considered one of the most efficient systems for 

preventing buckling due to its effective use of materials. By utilizing multiple thin-

walled parts, this type of member allows for the creation of various shapes with a high 

shape factor, minimizing the amount of material required. However, despite these 

advantages, the thin-walled member does have some drawbacks, particularly in relation 

to local buckling caused by constituent plates. In compressive loading scenarios, the 

component plates of a thin-walled column often buckle before experiencing complete 

collapse (Lee et al., 2009).  

A thin-walled structure is widely recognized as a type of structure where the 

thickness is significantly smaller than the height and width dimensions. It plays a crucial 

role as a load-bearing profile and finds extensive applications in modern technology, 

such as automotive, construction industries, and aerospace. This is primarily because 

its exceptional characteristics, including high strength and stiffness coupled with a 

lightweight design (Różyło, 2017). The example of thin-walled structure can be 

illustrated in Figure 2.1.  

 
Figure 2.1. Thin-walled structures dimensions  
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Thin-walled structures are employed in a diverse range of shapes to cater to specific 

applications within industries. For instance, in a study by (Biagi et al., 2020), T-shaped 

thin-walled structures with varying geometries were examined for their use as ribs in 

aircraft. Additionally, Rozylo and Debski, (2020) conducted an experiment on Z-shaped 

composite thin-walled structures. One intriguing aspect of thin-walled structures is their 

capacity for self-improvement as well as enhancement of other members. A more 

detailed on this topic will be presented in the following section of this chapter. 

Optimization plays a vital role in improving the buckling performance of thin-

walled structures by fine-tuning critical parameters like cutout diameter and hole 

spacing. Precise optimization helps in finding the optimal combination of these factors 

to enhance structural stability while minimizing weight and cost. Varying fiber 

orientation, composite type, and thickness in thin-walled composites significantly 

impact buckling performance. The text underscores the need for optimization by 

highlighting the complex interplay of these variables and their influence on structural 

behavior. Proper optimization, guided by modern techniques like machine learning, 

enables designers to achieve superior buckling resistance and efficiency in thin-walled 

composite structures. 

2.2.1 Thin-walled composite structures 

Thin-walled members are highly efficient in resisting buckling because they can be 

easily formed into a variety of shapes with a high shape factor and less material. 

However, they are also susceptible to local buckling, which can occur when the 

component plates of the member buckle before the member collapses (Lee et al., 2009). 

Thin-walled structures are load-bearing profiles that are characterized by a small 

thickness relative to their height and width. They have unique properties, including 
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significant strength and stiffness with low weight, which make them suitable for a lot 

of applications in current technology, like aerospace, automotive, and construction 

industries (Różyło, 2017).  Different forms of thin-walled structures are used depending 

on the application in the industries. For example, Biagi et al., (2020) studies T-shaped 

thin-walled with various geometry that is used in aircraft as ribs. Next, Rozylo and 

Debski, (2020)  On composite thin-walled Z-shape structures, an experiment is 

conducted. Thin-walled structures are intriguing since they can be improved for both 

them and other members.  

Fiber-reinforced composite materials like glass fiber-reinforced polymer 

(GFRP) and carbon fiber-reinforced polymer (CFRP) are gaining increasing traction in 

various fields due to their numerous benefits, including low weight, high strength, and 

versatile manufacturing capabilities. These materials have witnessed a surge in 

popularity in recent years and are now widely utilized in diverse industrial sectors such 

as aviation, manufacturing, and structural engineering, as noted by Doan and Thai, 

(2020). To meet the growing demand for lightweight and efficient structures, engineers 

and scientists have incorporated composite materials into various applications, 

leveraging their unique strengths and thermomechanical properties beyond the reach of 

conventional materials, as highlighted by Sudhirsastry et al., (2015). It's worth noting 

that the alignment of fibers significantly impacts the physical properties of composites, 

thereby influencing shell stiffness and its impact on critical buckling load, as discussed 

by Lvov et al., (2015). 

2.2.1.1 Composite laminates 

The loss of stiffness in laminated composites is a significant physical and mechanical 

response that occurs during damage and failure. This can happen under a variety of 



 

31 

conditions, such as continuous or cyclic loads. To accurately study the mechanical 

properties of composite laminates, it is important to replicate the initiation and 

subsequent development of this type of damage phenomenon (Liu and Zheng, 2010). In 

this regard, a proposed approach based on energy-based stiffness degradation Liu and 

Zheng, (2008), rooted in the CDM theory, The goal is to predict how Al-carbon 

fiber/epoxy composite laminates will fail over time. This method provides insight into 

the evolution process of damage within the material. 

Delamination and matrix microcracking are frequent first steps in the failure of 

laminated resin matrix composite materials. Interlaminar stresses are the driving force 

behind these three-dimensional damage mechanisms. An analytical strategy that offers 

accurate stress estimations in crucial areas is a crucial component to comprehending 

and, eventually, predicting breakdowns in composite materials. Traditional laminate 

theories, which are predicated on global displacement assumptions, are insufficient for 

this task. Furthermore, in the original formulations, the interlaminar stresses are 

frequently overlooked. Solutions based on these theories are therefore unable to produce 

realistic stress distributions. A recent theoretical study demonstrates that bending-

related behavior is influenced by several nonclassical factors. Included in them are 

transverse normal strain and section warping, as well as their related nonclassical 

surface-parallel stress contributions. When these nonclassical factors are considered, 

the stress prediction ability of a bending theory is greatly enhanced (Tsukrov et al., 

2014). Figure 3 shows microcracking in a woven composite. 
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Figure 2.2. Microcracks in a composite (Tsukrov et al., 2014) 

In the research by Özaslan et al., (2019), both experimental and numerical approaches 

were employed to conduct stress analysis and predict the strength of carbon/epoxy 

laminates containing holes in specific orientations. Their investigation delved into the 

interplay among these holes, considering their positions and the direction of applied 

loads. The study aimed to pinpoint the maximum stress within the laminate around the 

hole peripheries across various hole orientations. By considering the location of 

maximum tension at the hole edges, they identified the critical zone. Bogetti and 

Gillespie, (2016) focused on thermosetting composite laminates and analyzed the stress 

and deformation induced during the manufacturing process. They developed a 

methodology to anticipate the formation of residual stress as the material cured. 

Furthermore, Li et al., (2017), expanded on this theme by creating two transient models, 

the viscoelastic and linear elastic models, to explore the curing deformation of 

thermosetting resin composites. These models, simulated using COMSOL 

Multiphysics, encompassed the intricate interplay between physical and chemical 
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changes during the composite's curing process, accounting for the time-dependent 

nature of material performance factors. 

 Dai et al., (2019) proposed a numerical model that couples multiple physics 

aspects of the curing process in thermosetting resin composites. They used the modified 

"cure hardening instantaneously linear elastic (CHILE)" model and the viscoelastic 

model to predict residual stress and deformation during curing. They also used 

ultrasonic-guided waves to detect and monitor delamination in composite double 

cantilever beams (DCBs) subjected to low-velocity impact (Ouyang et al., 2021). They 

set up an experimental system to detect damage in composite materials using ultrasonic 

guided waves and piezoelectric sensors. They processed the response signals using the 

Hilbert transform (HT), Fourier transform (FFT), and wavelet transform (CWT) 

techniques. (Zhao et al., 2019). 

To accurately evaluate composite structures under dynamic conditions or 

simulate high-strain-rate manufacturing processes, a constitutive model that accounts 

for these effects is essential. Eskandari et al., (2019) proposed a phenomenological 

approach, considering continuum damage and visco-plastic behavior in composites 

subjected to high strain rates. They studied how composite structures deform under 

dynamic loading conditions. Additionally, Kharghani and Guedes, (2018) studied the 

deflection and maximum tensile strain in composite laminates under bending 

conditions. They used different equivalent single-layer and layer-wise theories with 

polynomial form functions. They used the Rayleigh-Ritz approximation and the 

conception of minimum energy to determine the unknown coefficients of the 

displacement field. They compared their results to experimental studies and three-

dimensional finite element FE analysis. They also emphasized the importance of 

accurately capturing the rate-dependency of composite materials when modeling 
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design-critical impact loading events on laminated composite structures. In this context, 

a study examined the rate dependence of the strain-energy release rate for high-rate 

loading conditions and the failure of fibers in tension (Hoffmann et al., 2018). 

2.2.1.2 Fiber orientation of composites 

Understanding the impact of fiber orientation on critical buckling is crucial. Erkliǧ and 

Yeter, (2012) study revealed that varying fiber orientations result in different critical 

buckling loads. This investigation employed theoretical calculations and finite element 

analysis, utilizing the mechanical properties of laminated glass-polyester composite 

plates. Eight-ply laminates, each with eight different stacking sequences, were formed 

from the composite plies. These laminates incorporated fiber orientations at 0, 15, 30, 

and 45 degrees within the six-ply layers. The study's findings indicated that the buckling 

load is at its lowest when the fiber angle is 45 degrees, progressively increasing with 

higher orientation angles. 

According to a study conducted by (Lvov et al., 2015), the critical buckling 

stress tended to increase when the fiber orientation changed. Additionally, this research 

version demonstrates no differences regarding the influence of thickness, with the same 

pattern being shown in the results as they repeat the process for thicker models. After 

all, it is important to recognize that each research uniquely uses materials. (Erkliǧ & 

Yeter, 2012) used laminated glass-polyester composite plate material in their 

experiments meanwhile (Lvov et al., 2015) used fiber-reinforced polymer (FRP). From 

these two publications, we may therefore conclude that various composite materials also 

influence the critical buckling stress on thin-walled parts.  

Due to the popularity of structures, numerous types of research have been done 

to examine the gaps that are present and so enhance the use of columns, beams, shells, 
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and laminate structures in various sectors. Generally, the maximum load that a thin-

walled structure can withstand before it buckles member is then estimated using linear 

analysis, and after buckling, the researcher examines the column's behavior in nonlinear 

stages to determine the ultimate load. Additionally, once the experiment or simulation 

is completed for a specific thin-walled member, multiple types of failure might be seen. 

Using Euler's equation, we may anticipate the mode of buckling. The supporting option 

employed to support the column is another aspect that adds attention to this subject. As 

we comprehend Euler's classic, different supports result in various responses. This is 

because different buckling coefficients will be used based on the kind and dimensions 

of the supports. According to reviews of prior literature, the performance of perforated 

thin walls tends to decline as the size of the holes rises. To determine the acceptability 

of the cutout diameter for a specific thin-walled structure, optimization is therefore 

required. Additionally, since a smaller distance between the holes reduces the critical 

stress for buckling, it is also required to optimize this value. Finally, a variety of factors, 

including fiber orientation, composite type, and thickness, influence the buckling 

performance of thin-walled composite structures. 

Fiber orientation in composite materials is significant because it determines their 

mechanical properties. The direction of fibers affects a composite's stiffness, strength, 

and critical buckling load. Properly aligned fibers can enhance a composite's resistance 

to buckling, while misaligned fibers can lead to premature buckling failure due to 

reduced stiffness and load-bearing capacity. Therefore, precise control of fiber 

orientation is crucial in optimizing composite structures for buckling resistance and 

overall performance. Based on the results obtained from Erkliǧ and Yeter, (2012) it has 

been found that the increasing the fiber orientation angle leads to a reduction in the 

buckling loads of plates. The most critical buckling load occurs when the fiber angle is 
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set at 45 degrees. Beyond this angle, the critical buckling load starts to rise. In the range 

of 0 to 45 degrees of fiber orientation angle, plates with elliptical cutouts exhibit the 

highest buckling loads. However, after 45 degrees, plates with circular cutouts show the 

highest buckling loads. An increase in the cutout aspect ratio (COA) has only a minimal 

impact on reducing plate buckling loads, making it less effective in this regard. 

2.3 STRUCTURAL ANALYSIS UNDER MECHANICAL LOAD 

The properties of laminated composite materials can vary greatly depending on the 

orientation of the layers, the properties of the materials used (fibers and matrix), and the 

number of layers.  There are different analysis methods the structures in particular finite 

element method found more successful method to analyzing the structures in different 

modes (Kosanke, 2019; Sanghi et al., 2016). Additionally, specific analysis of modes is 

available to define the stresses and strains via buckling analysis, failure mode, etc.  

Researchers evaluate the behavior of thin-walled structures under mechanical 

loads through a combination of experimental testing and numerical simulations. They 

use specialized testing equipment to subject physical prototypes to mechanical loads 

while measuring factors such as deflection, stress, and strain. Additionally, FE analysis 

is employed to create numerical models that consider the orientation of layers, material 

properties, and the number of layers. These simulations help predict structural behavior, 

assess performance, and optimize design parameters. The modes of analysis depend 

upon the type of structures such beam, truss and columns and based on the loading 

conditions where the critical buckling load will impact rate high (Z. Li et al., 2023; Rio 

Prabowo et al., 2021). 
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2.3.1 Buckling analysis  

Local buckling in thin-walled elements involves the collapse of individual wall 

elements or plates under compressive loads, often due to geometric imperfections or 

high stress concentrations. Distortional buckling, on the other hand, arises from overall 

twisting or warping of the cross-section, affecting the entire element. In columns, local 

buckling can lead to localized failures, reducing load-carrying capacity, while 

distortional buckling affects overall stability, leading to global structural failure. Both 

models are crucial considerations in column design to ensure structural safety and load-

carrying capacity (Ye et al., 2019). 

Buckling is a flaw mostly brought on by a member's lateral deflection when an 

axial force is applied. This makes the column bend due to its frailty. Buckling is a 

sudden and rapid failure that can be dangerous. The length, strength, and other 

properties of a column determine whether it will buckle. Long columns may experience 

elastic buckling in relation to their thickness (Paul, 2014). 

In an ideal model, a typical thin-walled composite structure can be characterized 

by three main states of work: pre-buckling, critical-buckling, and post-buckling. In this 

state, there is little deflection and only slight compression of the structures. The 

maximum axial load that the structure can support before buckling is known as the 

critical load. The system reaches equilibrium at critical load, which also serves as the 

bifurcation point between the two states of pre-buckling and post-buckling. The 

linearity of a structure terminates at this point, and non-linearity should be considered 

after the applied load exceeds the bifurcation point. Finally, a post-buckling condition 

is one in which bending-related deformation increases. In a post-critical state with 

severe overloading present, structural integrity is lost, leading to damage. The first stage 

of moving the structure into a post-critical condition of operation is reaching the 
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bifurcation point. Post-critical behavior notably influences axial compression in 

structures, primarily governed by buckling and load-carrying capacity. As compressive 

loads increase, wall deflection rises consistently in post-critical equilibrium. This allows 

the structure to remain operational even after buckling occurs.  

In general, linear-buckling analysis and nonlinear-buckling analysis are the two 

types of analysis that are frequently employed to analyze the buckling on thin-walled 

structures. The critical buckling load for the plate is determined by using Eigenvalue 

buckling analysis, also referred to as the linear analysis or Euler's buckling analysis. A 

load factor or load multiplier will be generated by ABAQUS when a system is subjected 

to an arbitrary load to reach the bifurcation point. ABAQUS will apply the critical 

buckling load by multiplying the input load, regardless of whether the load that applied 

is smaller or greater than the critical buckling load. Linear buckling analysis is a method 

for predicting the potential buckling capacity of an ideal linear elastic system. It is also 

known as eigenvalue buckling analysis. The classical Euler method calculates column 

buckling through linear analysis. For more precise buckling load predictions, non-linear 

analysis is superior. It involves a non-linear static analysis, pinpointing the instability 

point as loads increase, as discussed by Sudhirsastry et al., (2015). In summary, linear 

analysis is simpler, while non-linear analysis provides a more robust solution. 

2.3.2 Effect of Cutout 

To save weight and to allow for assessment and construction services, thin-walled parts 

are frequently sliced open. Due to the transfer of stresses caused by this perforation, the 

structural member's ultimate strength and elastic stiffness may alter. Typically, as a 

section of the structure is lost, the critical load of a thin-walled member with cutouts 

should drop. However, due to its size, this type of structure is vulnerable to buckling, 
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which is made worse by the existence of gaps. The buckling behavior of structural 

members with perforations is directly affected by the type, size, location, and number 

of perforations (Khazaal et al., 2021). Thin-walled perforated channel beams under 

compression loads were the subject of the study. To examine their effect on the beam's 

buckling strength, three parameters—the geometry of the apertures, the opening ratios, 

and the spacing proportion—were chosen. Using the Taguchi technique and ANOVA, 

the authors aimed to find the ideal combination of the aforementioned factors in a 

perforated thin-walled construction for aluminum 6061-T6. According to their findings, 

a hexagonal form with an opening ratio of 1.7 and a spacing ratio of 1.3 provides the 

best buckling strength. Cutouts can significantly affect the buckling behavior of thin-

walled structural members by reducing their load-carrying capacity. Factors like cutout 

size, shape, location, and aspect ratio influence this impact on buckling behavior. 

To determine their impact on buckling, research was done on the thin-walled 

members with I-section cross-member changeable hole length and diameter. They 

claimed that the length has no discernible influence on buckling (Różyło & Wrzesińska, 

2016). However, the dimension of the holes does alter the member's capacity to support 

greater loads. The size of the critical load that a member may apply increases with 

diameter, it has been determined. In contrast to previous research by (Khazaal et al., 

2021), this report does not specify a maximum hole width or number of holes. In 

addition towards his study of the relationship between slenderness ratio and stability, 

(Guo, 2020) the impact of perforations on thin-walled members has been researched. It 

was determined that for a single hole during the structure, the buckling overall stability 

coefficient decreased as hole size increased. In contrast, for thin-walled members with 

numerous circular holes, stability rises as hole spacing increases. The size of the 

entrance, however, affects this. According to his research, adding additional holes has 
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no discernible impact on stability when smaller holes are present. This was made 

evident by including the subject's dimensions, as may be seen below. 

 
Figure 2.3. Perforated thin-walled (Khazaal et al., 2021) 

Composite plates often incorporate cutouts of various sizes and shapes. These serve 

multiple purposes, such as access ports for mechanical or electrical systems, damage 

assessment, or even functioning as doors and windows. Additionally, they contribute to 

reducing the overall structure's weight, as highlighted by Erkliǧ and Yeter, (2012). 

Figure 4 from their research reveals that elliptical cutouts exhibit the highest critical 

buckling load up to a 45° orientation, while circular cutouts surpass others beyond this 

angle. Furthermore, the study indicates that as the cutout area increases, the critical 

buckling load decreases (Erkliǧ & Yeter, 2012). 

2.4 BUCKLING ANALYSIS UNDER THERMAL LOAD 

Buckling, also known as a loss of stability, is typically a bad thing. It has been 

demonstrated that a structure can continue to support a compressive force even after 

buckling while functioning steadily. However, buckling analysis of various structures 
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is still important to ensure the structural integrity completely and to perform the design 

optimization. 

2.4.1 Thermal buckling in thin-walled sections 

Thin-walled members are highly efficient in utilizing materials to resist buckling. They 

can be easily shaped into various forms with a high shape factor, requiring minimal 

material due to their composition of multiple thin-walled parts. However, like formed 

plates, thin-walled members are prone to experiencing issues such as local buckling. 

Figure 2.7 illustrates some of the most used thin-walled sections. 

 

Figure 2.4. Thin walled sections (Hwong, 2019) 

In most cases, when a thin-walled column is subjected to a compressive force, the 

individual plates that make up the member buckle before the column collapses (Lee et 

al., 2009). As everyone is aware, a thin-walled structure is one whose thickness is 

significantly less than its height and width. Due to its unique properties, including 

having significant strength and stiffness with low weight, It is a load-bearing profile 

that is widely used in current technology, including the aerospace, automotive, and 

construction industries (Różyło, 2017). Different forms of thin-walled structures are 

used depending on the application in the industries. For instance, Biagi et al., (2020) 

investigated T-shaped thin-walled structures with diverse geometries, commonly 

employed as ribs in aircraft. Similarly, Rozylo and Debski, (2020) conducted 
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experiments on composite thin-walled Z-shaped structures. Thin-walled structures hold 

particular interest due to their potential enhancements, benefiting not only themselves 

but also other structural components.  

Various industries, including aviation, manufacturing, and structural 

engineering, widely employ these materials (Doan and Thai, 2020). In response to the 

growing demand for lightweight and efficient structures, engineers and scientists have 

embraced composite materials in diverse applications. Composite material design, with 

its unique strengths and thermomechanical characteristics, seeks to achieve superior 

performance not achievable with conventional materials (Sudhirsastry et al., 2015). The 

physical characteristics of composite materials are greatly influenced by the orientation 

of the fibers. Due to these characteristics, the shell stiffness affects the critical buckling 

load (Lvov et al., 2015). The buckling attitude of axially loaded columns with thin-

walled open sections and non-uniform cross-sectional properties has been studied 

analytically in (Cheng et al., 2015). The results demonstrate that nonuniform 

temperature distribution can result in nonuniform mechanical property distribution. The 

pre-buckling stress in axially laden columns can be affected by the nonuniformity of 

both the temperature and mechanical characteristics. Angles and channels with thin 

walls and open monosymmetric sections are prone to buckling in both flexural and 

flexural-torsional modes. The importance of either mode depends on the cross-section's 

dimensions and shape. As a result, flexural-torsional buckling must be considered when 

designing these members. This is typically done by using the same column strength 

curve as for flexural buckling and the same slenderness ratio calculation. 

Thin-walled composite structures, often featuring central cutouts, possess 

substantial load-carrying capacity potential under axial compression. However, 

comprehending factors that may induce permanent structural deterioration, such as 
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damage initiation, delamination, and material cracking, is vital. This knowledge is 

pivotal for developing more accurate predictive models for these structures' limit states. 

In an exhaustive investigation by Rozylo and Falkowicz, (2021), thin-walled composite 

structure failure phenomena were explored via a multi-pronged approach. This 

encompassed employing a universal testing machine, the acoustic emission method, and 

optical deformation measurement using the ARAMIS system. Additionally, finite 

element simulations incorporated three distinct models: progressive failure analysis 

(PFA), cohesive zone model (CZM), and a model centered on material crack initiation 

and propagation (xFEM). This comprehensive strategy enabled a meticulous 

assessment of structural failure behavior. Test results facilitated the establishment of 

damage initiation criteria, facilitating both experimental and numerical assessment 

through post-critical equilibrium paths and acoustic emission signals. In another 

innovative contribution by Barut and Madenci, (2010) a novel analytical/numerical 

method was devised to analyze the buckling behavior of symmetric laminates featuring 

circular or elliptical cutouts. This method amalgamates variational formulation with 

complex potential theory, automatically upholding equilibrium equations in the pre-

buckling phase. Consequently, it formulates total potential energy in a streamlined 

manner dependent solely on boundary integrals. The pre-buckling analysis's in-plane 

response serves as the baseline state for the subsequent buckling investigation. 

2.4.2 Thermal Buckling in Column 

In civil, mechanical, and aeronautical engineering, structural components such as 

columns and plates find common use. In aircraft structures, like landing gears, vented 

inter-stages, stub adaptors, inter-tank structures, and mounting legs, slender and short 

columns play vital roles. In these weight-sensitive, highly optimized structures, precise 
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evaluation of buckling and post-buckling stresses is paramount (Gupta et al., 2010). 

Researchers have extensively employed analytical or approximative continuum 

(energy) approaches and finite element (FE) methods to analyze post-buckling 

problems related to thermal or mechanical aspects in structural members such as 

columns and plates. 

 

Figure 2.5. Buckled steel column. 

To study the thermal or mechanical post buckling of columns and plates, approximate 

continuum (energy) approaches like Rayleigh-Ritz and finite element ways are used. It 

is necessary to assume that the field variables considered in the problem have sufficient 

approximative admissible displacement functions to accurately estimate buckling and 

post-buckling loads using an energy approach, such as the Rayleigh-Ritz method. The 

correctness of the R-R method-obtained solution depends on the exactness of the 

selected approximative acceptable displacement field variation (Gupta et al., 2009). 

In contrast to the post buckling behavior of mechanically compressed columns, 

the column demonstrates remarkable resilience in the presence of thermal loading, 

meaning that temperature can rise over the buckling value before the collapse. Material 
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constants can always be expressed as polynomials since they are continuous functions 

of temperature, as has been demonstrated. Columns behave very differently in a fire or 

at elevated temperatures than they do at room temperature. In addition to altering the 

material characteristics of steel, elevated temperatures also cause more compressive 

stress because of the thermal constraint. Steel constructions are often more prone to fire 

than reinforced concrete structures because the temperature in steel can rise very 

quickly. In recent years, the issue of steel constructions exposed to fire conditions has 

drawn more and more attention (Birman, 2022). 

2.4.3 Thermal buckling in plates 

Aerodynamic heating may be the cause of plate elements in supersonic aircraft 

deflecting off the plate's plane. If the plate is unrestrained and the temperature that 

distribution is linear throughout the plate's volume, deflections may happen without 

thermal strains manifesting. Thermal stresses are nevertheless induced if the plate is 

constrained or if the temperature distribution is nonlinear. If the temperature changes 

across the thickness of a plate, deflections of a plate happen as the heating process 

begins, but if the temperature is constant, they don't happen until a critical temperature 

is achieved. This final type of distortion is an illustration of middle-surface stresses that 

vary across the plate buckling a flat plate. 

Laminated composite is often used in place of conventional metal for the skin 

panels of aircraft wings and fuselage to lighten the weight of flight apparatus. One of 

the most important factors to consider when designing composite skins for aircraft 

wings is panel buckling. The structural panels of high-speed aircraft are susceptible to 

both aerodynamic heating and aerodynamic loading. The increase in temperature could 

cause the plate to buckle and run out of load-bearing capacity (Shiau et al., 2010). In 
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their initial effort to comprehend thermal buckling in plates, Gossard et al., (1952) used 

The Rayleigh-Ritz procedure to analyze a simply supported rectangular homogeneous 

isotropic plate that was exposed to a tent-like temperature distribution. 

Exploring the buckling and post-buckling characteristics of thin plates, 

especially advanced composites with cutouts, is a crucial research field. Composite 

plates with cutouts are increasingly used in aeronautical structures due to their 

impressive stiffness-to-weight and strength-to-weight ratios, offering substantial weight 

reduction opportunities (Nemeth, 1995). Figure 2.6 depicts a composite plate featuring 

a circular cutout. 

 
Figure 2.6. Composite plate with cut out (a) Model testing and (b) schematic diagram 

(Mondal et al., 2015) 

Considerable research efforts are focused on buckling in composites, as evident from 

various studies. For instance, Emam and Nayfeh, (2009) explored the post-buckling 

behavior of composite beams employing linked displacement criteria. They employed 

the equilibrium equation to ascertain axial displacement. Chen et al., (1991) 

investigated thermal buckling in laminates under uniform or non-uniform temperature 

fields via finite element analysis (FEM), also considering the influence of cutting using 
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FEM. Shaterzadeh et al., (2014) conducted research on the thermal buckling of 

composite plates featuring cutouts. The researchers developed a first-order shear 

deformation theory, which is a mathematical model that accounts for the shear 

deformation of plates, and used isoperimetric elements, which are a type of finite 

element that is well-suited for modeling plates with cutouts. They investigated the 

influence of various factors on critical thermal buckling temperature and found that anti-

symmetric composite plates had higher critical thermal buckling temperatures than 

symmetric plates. 

Cutouts are frequently integrated into structural elements to enhance efficiency 

and reduce weight. They are crucial in the design of wing spars and cover panels for 

both military and commercial transport wings, enabling access to hydraulic and 

electrical lines, as well as facilitating damage inspection. Nevertheless, the thermal 

buckling behavior of rectangular composite plates featuring square/rectangular and 

elliptical/circular cutouts has received less attention compared to other buckling types. 

Such plates with cutouts commonly experience membrane stresses from thermal or 

mechanical loads, making buckling a primary mode of failure (Lakshmi Narayana et 

al., 2018). Analyzing the thermal buckling behavior of plates with cutouts is crucial for 

efficient structural design. Unlike plates under uniform compression with analytical 

buckling solutions, plates with cutouts require the development of numerical techniques 

because the non-uniform stress field is caused by the presence of the cutout. 

Analytical techniques for assessing plate buckling with cutouts entail two 

consecutive phases: (1) evaluating the pre-buckling condition to ascertain in-plane 

stress distribution prior to buckling, and (2) assessing the buckling state, which arises 

from in-plane stresses linked to the pre-buckling state. A plethora of both numerical and 
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analytical investigations have been undertaken to comprehend plate responses to 

thermal and mechanical loads (Shaterzadeh et al., 2014). 

In thermal buckling analysis, columns behave differently when subjected to 

thermal loading compared to mechanical loading. Mechanical loads apply uniform 

stresses across the column's length, while thermal loads cause temperature gradients 

that result in uneven thermal expansion. This differential expansion can induce lateral 

displacement, leading to thermal buckling. In fire conditions, elevated temperatures 

reduce the steel's yield strength, further compromising structural integrity. The 

combination of reduced material strength and uneven thermal expansion can accelerate 

thermal buckling, increasing the risk of structural failure. Therefore, analyzing thermal 

effects is crucial in fire engineering to ensure the safety and stability of steel 

constructions (Moura Correia et al., 2014). 

2.5 STRUCTURAL ANALYSIS USING SOFT COMPUTING APPROACHES 

FOR MECHANICAL LOAD 

Utilizing laminates increases design flexibility and provides greater control to modify 

the material to satisfy regional design specifications. However, compared to isotropic 

materials, the laminate design presents a far greater challenge in terms of sizing, 

optimization, and rules for spatial variation (Dinh Nguyen et al., 2020). Mathematical 

optimization is an obvious method for the design of laminated composite structures 

because the possibility of achieving an effective design that satisfies the overall criteria 

and the challenge of choosing values from a vast set of limited design variables (Awad 

et al., 2012). 
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2.5.1 Genetic Algorithms 

At the University of Michigan in the 1970s, John Holland is credited with coming up 

with the concept of a genetic algorithm. Holland was more interested in developing 

artificial systems based on the laws of natural selection than systems that are based on 

a particular thought process. These artificial systems could be built with the use of 

computer software and used in several areas that place a strong emphasis on design, 

optimization, and machine learning. Neural networks and genetic algorithms are 

entirely separate ideas with quite different applications. To identify ideal or nearly ideal 

solutions to search and optimization issues, genetic algorithms are search-based 

optimization algorithms. On the other hand, neural networks are mathematical models 

that represent the mapping between intricate inputs and outputs. Genetic algorithms are 

search techniques that use a population of designs and mimic biological evolution. 

Figure 2.8 shows some basic differences between Genetic Algorithms and Neural 

Networks. 

 

 
Figure 2.7. Genetic algorithm and neural networks 

Genetic algorithms are ideally adapted to solve the combinatorial challenge of designing 

composite laminates. However, even for a single laminate, thousands of tests may be 

needed for genetic optimization. As a result, it’s crucial to adapt common genetic 

algorithms to the unique issues related to composite laminates. Stacking sequence 

optimization issues are ideally suited for genetic algorithms. They cope with 
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combinatorial issues with ease and provide many potential solutions with ease. Their 

primary drawback is that dozens or even millions of analyses are typically needed. The 

vast number of necessary analyses is not a concern because the computational costs of 

a single study are typically relatively inexpensive for many laminate design problems. 

Figure 2.9 shows the pictorial representation of a genetic algorithm. 

 
Figure 2.8. Process of genetic algorithm 

Almeida and Awruch, (2009) presents a method for designing composite laminated 

structures that uses a GA and the FEM. The GA is used to search for the optimal design, 

while the FEM is used to analyze the structural performance of the designs. In the study 

by  Bagheri et al., (2011), a GA is employed to optimize the design of ring-stiffened 

cylindrical shells. The primary goal is to simultaneously maximize the shell's 

fundamental frequency and minimize its structural weight. This optimization process 

considers six design variables: shell thickness, the number, size, and height of stiffeners, 

eccentricity distribution order of the stiffeners, and spacing distribution order of the 

stiffeners. Moreover, four constraints related to structural weight, axial buckling force, 

and radial buckling load are adhered to. Previous research has demonstrated the 

effectiveness of combining the extended finite element formulation (XFEM) with 

genetic algorithms (GAs) for identifying structural defects efficiently. This method 

converges to the real defect by modelling the forward problem using the XFEM and 
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using a GA as the optimization strategy. The study Chatzi et al., (2011) suggests various 

improvements to the XFEM-GA method, most notably a unique genetic algorithm that 

quickens the scheme's convergence and reduces entrapment in local optima. 

 Abueidda et al., (2019) introduces a convolutional neural network (CNN) model 

to predict mechanical properties of checkerboard composites. It demonstrates that the 

CNN model, integrated with a genetic algorithm, effectively predicts stiffness, strength, 

and toughness of composites. Finite element analysis is used for training data, focusing 

on two phases of materials: soft/ductile and stiff/brittle. The study illustrates machine 

learning's potential in materials science, particularly for optimizing composite materials' 

microstructural designs, enhancing their mechanical properties in aerospace and 

engineering applications. Liu et al., (2023) presents a novel approach for optimizing the 

weight of laminated composite structures using ANNs and GAs. It introduces a 

methodology where ANNs are trained to predict buckling loads from finite element 

analysis data, reducing computational costs significantly. By integrating these models 

with GAs, the study efficiently optimizes stacking sequences and structural dimensions 

of laminates. The method's effectiveness is demonstrated through optimization of 

various composite structures, showcasing its potential in advanced material design and 

engineering applications. Stephen et al., (2022) study integrates FEA and ANNs to 

predict the impact performance of fiber-reinforced polymer composites. It evaluates the 

impact resistance of hybrid and non-hybrid fabric reinforced composites using high-

velocity simulations. Key findings indicate a strong correlation between FEA results 

and ANN predictions, with maximum variation of about 6.6%. The study demonstrates 

the effectiveness of using computational methods in predicting the impact behavior of 

composites, suggesting their practical utility in material design and analysis. 
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Composite laminates can be crafted using straight-fiber layers or a matrix with 

curved fibers, known respectively as constant stiffness and variable stiffness designs. 

Ghiasi et al., (2010) research concentrates on the latter, exploring variable stiffness 

composite laminates. In another study, Badalló et al., (2013) evaluates three prominent 

genetic algorithms: Neighborhood Cultivation Genetic Algorithm, Archive-based 

Micro Genetic Algorithm, and Non-dominate Sorting Genetic Algorithm II. They 

analyze the impact of three different initial population strategies on their performance 

in terms of solution quality, computation time, and generational efficiency. Meanwhile, 

(Yong et al., 2008) employs a GA to optimize the response of composite laminates 

under impact conditions. The two impact scenarios that are discussed are the high-

velocity impact of a spherical impactor on a rectangular plate and the low-velocity 

impact of a thin laminated strip. By adjusting the ply angles in both situations, the GA 

sought to minimize the peak deflection and penetration, respectively. 

Karakaya and Soykasap, (2009),  a composite panel made of alternating layers 

of metal sheets and fiber-reinforced polymer is subjected to biaxial in-plane 

compressive stresses. The genetic algorithm and generalized pattern search algorithms 

are used to determine the best stacking order for the panel. By combining an objective 

on genetic algorithm and a resilient design technique, a new methodology may be used 

to enhance the mechanical properties and responsiveness of HCSs for off-design 

scenarios (D. S. Lee et al., 2013). The approach of optimum design for laminated 

composite structures utilizing the GA and FEM for single-material and hybrid laminates 

is covered in the (Deka et al., 2005). For 3-D finite element analysis, eight-nodded 

layered elements have been used. To determine the best combination of laminate 

sequences for hybrid composite structures, an optimization approach using a 
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distributed/parallel objective on genetic algorithm is connected with an analysis tool for 

composite structures based on finite element analysis (D. S. Lee et al., 2013). 

The objective of the study conducted by Gillet et al., (2010) is to assess the 

impact of various parameters in the context of composite structure optimization. A study 

was done on all potential orientations and the makeup of the component materials. A 

genetic algorithm was used to solve issues with optimizing simple plates and structures 

that were modelled using finite elements. Because of their computational cost, nonelites 

approach, and requirement to provide a sharing parameter, objectives evolutionary 

algorithms (EAs) that use nondominated sorting and sharing have drawn significant 

criticism. Deb et al., (2002) introduced the nondominated sorting genetic algorithm II, 

a objectives evolutionary algorithm designed to address several issues. In a study by 

Cai and Aref, (2015), a genetic algorithm-based optimization approach was applied to 

determine the optimal distribution of materials like glass fiber-reinforced polymer and 

concrete in hybrid deck systems, as well as carbon fiber-reinforced polymer and steel 

in hybrid cable systems. Shrivastava et al., (2018) employed a traditional genetic 

algorithm combined with a computer-aided engineering solver to reduce the weight of 

multi-laminate aerospace structures. This endeavor tackles structural weight 

minimization, an objective on problem optimization that necessitates compliance with 

design constraints for strength and stiffness. 

 Sliseris and Rocens, (2013) it is suggested to use a new optimization method for 

composite plates with discretely variable stiffness. There are three main steps to it. The 

first phase involves analyzing the best continuous variable bending and shear stiffness 

of the plate while reducing structural compliance and stress field variations. The second 

phase involves using a GA to solve a minimization problem to optimize the size of 

discrete domains.  Park et al., (2008) the authors propose novel strategies to decrease 
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the number of fitness function assessments in GAs used for the transdisciplinary 

optimization of composite laminates.  

2.5.2 ML Algorithms 

In composite structure design, structural analysis is commonly employed. Typically, to 

evaluate the mechanical properties of different designs, numerical FEA is used. 

However, this approach often requires expensive multi-physics computational 

calculations. The goal is to produce lighter laminates with increased strength while 

reducing costs and efficiently collecting data for composite optimization. Nevertheless, 

a major drawback of numerical simulation is the high computational cost associated 

with setting up model properties and solving complex differential equations. To 

expedite the FEA process, one approach is to leverage ML and optimization techniques, 

which have demonstrated great success in various industries, including manufacturing 

and materials design. ML can work directly on predefined input parameters and 

automatically predict simulation results, eliminating the need for manual design of 

composite structures and FEA setups. 

ML enables researchers to assess the importance of different features and 

quickly modify design parameters due to its rapid and accurate prediction of FEA 

outcomes. This technique can potentially be applied to simulate composite laminate 

structures as well. Many studies have focused on utilizing ML and surrogate modeling 

techniques to predict the mechanical properties of composite laminates, such as strength 

and modulus. These methods provide result-oriented predictions that specify design 

characteristics. However, they may present challenges when attempting to predict 

process-oriented outcomes, such as the displacement field of an entire structure. ML 

plays a crucial role in anticipating failure modes, such as delamination, in the fracture 
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process of composite materials. These ML applications can be combined with popular 

optimization techniques like genetic algorithms. Figure 2.10 illustrates the various types 

of machine learning employed in this context. 

 
Figure 2.9. Types of machine learning 

The groundbreaking study of Furtado et al., (2021) marks the first instance of utilizing 

machine learning approaches to predict the statistical design allowable for composite 

laminates. In this study, four machine algorithms are utilized to forecast the notched 

strength and strength distribution of composite laminates. The approach is statistical, 

accounting for uncertainties tied to material properties and geometry. In another 

research endeavor by Jung and Chang, (2021), they devised a structural health 

monitoring system for intelligent composite structures. This system integrates signal 

processing, deep learning algorithms, and optimization theory for enhanced 

performance. The system uses smart composite fabrics embedded with piezoelectric 

ribbon sensors to enable self-monitoring capabilities. Saberi et al., (2021) employ a deep 

learning approach using artificial neural networks to determine the free vibration 

parameters of rectangular bistable composite plates. This marks the first instance of 

applying deep learning to analyze the behavior of such plates. To streamline the design 

of composite laminates efficiently, Sorrentino et al., (2022) introduces a theory-guided 

ML model that merges the Hashin failure theory with classical lamination theory. Table 
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2 provides an overview of the types of machine learning algorithms employed in recent 

studies. 

Table 2.1 Machine learning algorithm 

Reference Machine learning mechanism 

(Furtado et al., 2021b) XG Boost, Gaussian Processes, Artificial Neural 

Networks and so on. 

(Jung and Chang, 2021) Signal processing, deep learning algorithms 

(Sorrentino et al., 2022) Integrated HFT and CLT 

(Machado et al., 2022) ML based on convolutional NN architecture. 

(Zhang et al., 2022) FEA and ML 

 

Machado et al., (2022) propose a machine-learning strategy based on convolutional 

neural networks to automate void content analysis in optical microscope images. This 

method eliminates the necessity for parameter adjustments, ensuring both efficiency 

and precision in void analysis. On the other hand, Zhang et al., (2022) introduce a 

technique merging FE analysis with machine learning to evaluate multiple mechanical 

characteristics of composite laminates. This innovative approach has been effectively 

applied to scenarios like identifying failure factors and critical buckling eigenvalues in 

open-hole laminates, delivering valuable insights into composite material behavior.  

Furtado et al., (2021a) presents an innovative methodology for predicting the 

notched strength of composite laminates using machine learning. It explores four 

algorithms (XGBoost, Random Forests, Gaussian Processes, and Artificial Neural 

Networks) to predict statistical design allowables. The study not only focuses on Legacy 

Quad Laminates but also introduces the concept of double-double laminates. The 

findings show accurate predictions with generalization errors around ±10%, 

demonstrating the potential of machine learning in enhancing the design and 

certification process of composite materials in aerospace applications. 
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 Reiner et al., (2021) introduce a novel technique to precisely depict the 

macroscopic strain-softening behavior in laminated composites when subjected to 

compressive loads. Their approach involves computer simulations of compact 

compression tests on quasi-isotropic IM7/8552 carbon fiber-reinforced polymers, 

resulting in an extensive virtual dataset. They employ two distinct ML methods to train 

models for predicting the strain-softening response. One approach employs a theory-

guided neural network architecture, while the other utilizes recurrent neural networks 

featuring Long Short-Term Memory architecture. Table 3 summarizes different 

optimization techniques used in recent studies, along with their respective objectives. 

Table 2.2 Optimization techniques 

Reference Algorithm Objective 

(Bagheri et al., 

2011) 

Genetic 

Algorithm 

To look for the shell's largest fundamental 

frequency and lowest structural weight 

(Ghiasi et al., 

2010) 

Genetic 

Algorithm 

Variable stiffness design of composite laminates 

(Yong et al., 

2008) 

Genetic 

Algorithm 

Optimize the reaction of a composite laminate 

subject to impact 

(D. S. Lee et 

al., 2013) 

Genetic 

Algorithm 

To determine the best combination of laminate 

sequences for hybrid composite structures 

(Karakaya and 

Soykasap, 

2009) 

Genetic 

Algorithm 

To determine the best stacking order 

(Furtado et al., 

2021b) 

Machine 

learning 

The statistical design allowable for composite 

laminates are being predicted 

(Jung and 

Chang, 2021) 

Machine 

learning 

To develop a system for monitoring the structural 

integrity of intelligent composite structures. 

(Saberi et al., 

2021) 

Machine 

learning 

The characteristics of free vibrations in 

rectangular bistable composite plates are 

identified. 
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(Machado et 

al., 2022) 

Machine 

learning 

To offer a reliable tool capable of automatically 

analyzing the void content in optical microscope 

images without requiring manual parameter 

adjustments. 

(Reiner et al., 

2021) 

Machine 

learning 

To accurately characterize the overall strain-

softening behavior of laminated composites under 

compressive loads 

2.6 STRUCTURAL ANALYSIS USING SOFT COMPUTING APPROACH FOR 

THERMAL LOADS 

Composite laminates are widely used in various industries due to their exceptional 

mechanical properties and lightweight nature. However, thermal buckling is a critical 

concern that can affect the structural integrity of composite laminates under temperature 

variations. Traditional analytical and numerical methods have limitations in accurately 

predicting thermal buckling behavior due to the complex nature of composite materials 

Mehar and Panda, (2019). In recent years, soft computing techniques have emerged as 

valuable tools to address these challenges and enhance the analysis of thermal buckling 

in composite laminates. This essay explores the application of soft computing 

techniques in the field of thermal buckling analysis, focusing specifically on composite 

laminates. Soft computing approaches can be useful for analyzing thermal buckling in 

composites and columns. However, it's worth noting that the selection of the appropriate 

soft computing technique depends on the specific requirements of the problem, 

available data, and the desired level of accuracy. Additionally, combining multiple soft 

computing approaches or integrating them with traditional numerical methods can 

provide more robust and accurate predictions for thermal buckling analysis (Men et al., 

2022). Figure 2.11 shows the soft computing approaches for thermal buckling. Sarhadi 

et al., (2022) explores the use of machine learning for detecting thermal imaging 
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damage in glass-epoxy composite materials. It focuses on training a machine learning 

model with artificially generated thermal images derived from 3D finite element 

models. The study aims to accurately characterize fatigue damage hotspots in 

composites, a challenging task due to factors like size, shape, and internal temperature 

of hotspots. Results show high prediction accuracies (85%-99%), demonstrating 

machine learning's potential in enhancing damage detection methods for composite 

materials. 

 
Figure 2.10. Soft computing approaches thermal buckling. 

2.6.1 Artificial Neural Networks 

Artificial Neural Networks (ANNs) have gained popularity in predicting the thermal 

buckling behavior of composite laminates. ANNs can learn complex relationships 

between input parameters (such as material properties, temperature, and geometry) and 

the buckling response. By training the network on a dataset that includes various input-

output pairs, ANNs can effectively model the nonlinear behavior of composite 

laminates under thermal loading. Once trained, ANNs can accurately predict the 

buckling behavior for new input conditions, enabling engineers to optimize the design 
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and mitigate thermal buckling risks. Artificial neural networks (ANNs) have been built 

in Ngamkhanong and Kaewunruen, (2022) to determine the relationship between safe 

temperature and buckling temperature, two outputs, and various ballasted track 

circumstances. Similarly, a thin-walled structure for civil constructions' finite element 

stability was examined in (Susac et al., 2017).  A neural network model was improved 

and utilized to find the thermal bending behavior of the analyzed structure.  

2.6.2 Genetic Algorithms 

Genetic Algorithms (GAs) are a powerful optimization tool for enhancing the thermal 

buckling resistance of composite laminates. GAs simulates natural selection and 

evolution to search for the optimal combination of design variables. In thermal buckling 

analysis, GAs can optimize parameters like fiber orientation, stacking sequence, and 

laminate thickness to improve buckling resistance under varying temperatures. By 

defining appropriate fitness functions that assess buckling behavior, GAs efficiently 

explores the design space, identifying optimal solutions that minimize the risk of 

thermal buckling.  

In the study by Mahdavi et al., (2020), the FE method is used to find the thermal 

buckling load of hybrid composite plates with quasi-square cutouts. Employing the 

Genetic Algorithm, the study identifies the best design variables affecting the thermal 

buckling load for different stacking sequences and boundary conditions to achieve the 

maximum thermal buckling load value. It has been examining the streamlining of 

composite plates that have been overlaid to address thermal buckling under stress and 

apply contiguity requirements. Utilizing two different methodologies, namely the 

regression model and the genetic algorithm to numerically simulate design 
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arrangements, evolutionary strategy was used to address the forced discrete 

advancement issue. 

2.6.3 Fuzzy Logic Systems  

Fuzzy Logic Systems (FLS) provide a framework to handle uncertainties and 

imprecisions inherent in thermal buckling analysis. Composite laminates exhibit 

material property variations, manufacturing defects, and environmental uncertainties 

that affect their buckling behavior. FLS can capture this uncertainty and fuzziness by 

defining fuzzy sets and fuzzy rules based on expert knowledge or experimental data. 

FLS can then model the relationship between input parameters and buckling response, 

enabling engineers to make informed decisions and assess the risk of thermal buckling 

in composite laminates. 

Research has been conducted in this field due to the diverse applications of the 

proposed approach. Štemberk and Khmurovska, (2021) introduced a fuzzy logic-based 

model that considers temperature, relative humidity, and the height of a structure to 

evaluate the thermal performance of insulated concrete walls in terms of the U-value. 

The study gathered results and drew meaningful conclusions from the findings. 

2.6.4 Support Vector Machines  

Support Vector Machines (SVMs) have shown promise in predicting the thermal 

buckling behavior of composite laminates. SVMs are machine learning algorithms that 

can be formulated as regression or classification tasks. By training on a dataset that 

includes input parameters and corresponding buckling responses, SVMs can learn a 

decision boundary or a mapping function to predict the buckling behavior for new 

instances (Salcedo et al., 2014). SVMs offer good generalization capabilities and can 
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handle high-dimensional input spaces, making them suitable for thermal buckling 

analysis of complex composite laminates. For data classification and interpolation, a 

support vector machine (SVM)-based machine learning technique is employed in 

(Panels, 2021). A formulation is used to manage the combination of mass minimization 

and buckling evaluation under combined load. The convergence to an ideal design is 

sped up by selecting a deterministic algorithm for the optimization cycle. 

2.6.5 Integration and Hybrid Approaches 

To further enhance the accuracy and robustness of thermal buckling analysis in 

composite laminates, integration and hybrid approaches combining multiple soft 

computing techniques or integrating them with traditional numerical methods can be 

employed. For instance, combining ANNs and GAs can enable the optimization of 

laminate designs considering the thermal buckling behavior accurately predicted by 

ANNs (Malekzadeh et al., 2014). Additionally, integrating soft computing techniques 

with finite element analysis can leverage the strengths of both methods, enabling a 

comprehensive analysis of thermal buckling in composite laminates. 

2.7 RESEARCH GAP 

The design of composite thin-walled structures needs careful consideration of structural 

and mechanical parameters because each parameter for a given structure will result in a 

distinct set of buckling loads. As composites is not a specialized industry and offers 

virtually limitless possibilities to combine and build the item, the design of composites 

adds another level of complexity. Because they are either designed for any kind of 

structures. As a result, present work either has an approach that is too general or too 
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component specific. Therefore, proposing and using more efficient design for c-section 

thin-walled composite channel. 

The extensive literature survey conducted in this study clearly indicates that the 

optimization of laminated composites under various loading conditions remains an 

active and ongoing area of research. It is evident that new techniques for optimizing 

laminated composites reveal a promising opportunity for enhancing the analysis, 

especially when considering different components of a composite structure to achieve 

the most optimal design. Most of the existing optimization efforts have centered around 

genetic algorithms, while the utilization of modern machine learning approaches for 

optimization remains scarce in the literature. This highlights a significant gap that can 

be explored and leveraged to further improve the optimization process for laminated 

composites. Furthermore, the literature review reveals a limited amount of research 

focused on the thermal buckling of laminated thin-walled structures with holes. 

Additionally, the optimization of such structures has been largely unexplored and 

lacking in the existing body of literature. These findings underscore the importance of 

investigating and optimizing these specific types of structures to advance our 

understanding and design capabilities in this field. Table 2.3 illustrated some of the 

work which has been done in last few years that focusing on critical buckling 

Table 2.3 Limitation and technique used in the previous studies 

Type of 

structure 

Technique 

adopted 

Focused 

parameters 

Limitations Reference 

Laminated 

plates with 

holes 

FEM and 

DOE 

The signal-to-noise 

ratio was employed 

to explore how fiber 

orientation angles 

and cutout shapes 

Fiber orientation 

angles and 

cutout shapes of 

the plates 

EVRAN, 

(2020) 
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influence the 

critical buckling 

temperature of the 

plates. 

Composite 

plate 

FEM Thermal buckling 

and dynamic 

properties of 

pressured 

composite plates. 

Limited to 

pressure load 

which be 

modified to other 

factors such as 

composite 

materials and 

structures 

Yang, 

(2022) 

Reinforced 

plates with 

Hole 

FEM and 

MATLAB 

simulation 

Finite-element 

buckling analysis of 

functionally graded 

GPL-reinforced 

composite plates 

featuring a circular 

aperture. 

Functionally 

graded graphene 

platelets-

reinforced 

composite 

rectangular 

plates were used 

to simulate with 

FE model 

Geng et al., 

(2021) 

Variable 

stiffness of 

composite 

laminate 

FEM Uncertainty 

quantification in the 

buckling strength of 

variable stiffness 

laminated 

composite plates 

subjected to 

thermal loading. 

The contribution 

of individual 

properties is 

performed for 

various 

boundary 

conditions  

Sharma et 

al., (2021) 

Laminate 

composite 

plates 

FEM An Investigation of 

Parametric 

Variations in the 

The composite 

laminate 

experienced 

Chhorn & 

Jung, 

(2020) 
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Influence of 

Elliptical Holes on 

Thermal Buckling 

Behavior in 

Laminate 

Composite Plates/ 

thermal loading, 

and all its edges 

were clamped 

for support. 

Functionally 

graded 

material 

plates 

ML-ANN Evaluating the 

critical buckling 

load of functionally 

graded plates 

through artificial 

neural network 

modeling. 

This approach is 

applicable for 

constructing 

artificial ANN 

models to 

address various 

intricate 

structural issues. 

Duong et 

al., (2021) 

C-section 

composite 

structure 

FEM and 

DOE 

Buckling analysis 

of a structure under 

mechanical load. 

The proposed 

method can be 

done under 

thermal load. 

Bin 

Kamarudin, 

(2022) 

2.8 CHAPTER SUMMARY 

Composite materials are composed of multiple materials that collaborate to achieve 

properties that would be unattainable for the individual components alone. Currently, 

both major and secondary constructions extensively utilize composite laminates. 

Composite laminates offer numerous advantages, including design flexibility, cost-

effectiveness, enhanced productivity, chemical resistance, consolidated functionality, 

corrosion resistance, durability, and more. This review emphasizes the significance of 

composite materials and explores their diverse applications. Furthermore, it delves into 

optimization methods such as Genetic Algorithms and Machine Learning algorithms, 

providing a comprehensive explanation of their relevance. Moreover, the review serves 
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as a guide for scientists seeking to implement composite laminates in engineering 

structures. It offers detailed descriptions and analyses of the literature concerning 

composite material applications.  

Additionally, it presents an overview of research areas within the field of 

composite materials. By identifying research gaps, researchers can gain insights and 

identify opportunities for new ideas, especially during the early stages of this research 

domain. In conclusion, these research gaps provide valuable perspectives and indices to 

facilitate advancements in various research areas related to composite materials. They 

serve as a catalyst for researchers to develop innovative ideas, particularly in the nascent 

phases of this research field. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 OVERVIEW 

Previous studies in the structure and various forms of structural parameters in beams 

and columns and other types of composite structures are overviewed and summarized. 

Some key factors were chosen to summarize the existing work such as the problem 

defined, the methodology adopted and the applications. A data optimization technique 

to define the composite parameters for structural analysis was explored and criticized. 

Furthermore, the other common types of optimization methods for different structures 

have been summarized. Finally, based on the existing work and methodology and a 

research gap was proposed for the current work. 

3.2 FINITE ELEMENT METHOD 

The finite element (FE) method is a numerical technique employed to solve partial 

differential equations (PDEs) governing the behavior of physical systems. It is a 

powerful tool for analyzing and simulating the behavior of structures and systems under 

various conditions. In the FEM, a complex problem is divided into smaller, simpler 

regions or elements. These elements are interconnected at specific points called nodes. 

By applying appropriate mathematical equations and principles, the behavior of each 

element and its interaction with neighboring elements can be modeled and analyzed. 

The basic steps involved in the FE method can be seen in Table 3.1. 
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Table 3.1 Describe the basic steps involved in the FEM for analyzing structures. 

Steps Action Description 

Pre-

processing 

Modelling • Create a geometric model of the structure using 

CAD software or the FE software's tools. 

• Define material properties (density, Young's 

modulus, Poisson's ratio, etc.) for each part. 

 

Discretization 

(meshing) 

• Divide the model into smaller elements (e.g., 

beams, shells, solids). 

• Choose appropriate element types based on 

geometry and loading conditions. 

• Aim for a balanced mesh that ensures both accuracy 

and computational efficiency 

Boundary 

Conditions 

• Apply constraints that restrict movement or 

deformation (e.g., fixed supports). 

• Assign loads to represent forces or pressures acting 

on the structure  

Processing 

(Solving) 

Assembly • Combine individual element equations into a global 

system of equations representing the entire structure 

Solution • Solve the system of equations using numerical 

methods (e.g., matrix algebra, iterative techniques) 

to determine displacements, stresses, strains, and 

other results of interest at each node of the mesh 

Post-

Processing 

Visualization • Display the results graphically to visualize 

deformations, stress distributions, and other 

behaviors. 

• Use contour plots, deformed shapes, animations, 

and other visual aids 

Interpretation • Analyse the results to evaluate structural 

performance, identify critical areas, and assess 

safety margins. 
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• Compare results with design criteria or 

experimental data. 

• Refine the model or design as needed. 

o Element Selection:  use of SHELL181 

elements, which are suitable for analyzing 

thin-to-moderately thick shell structures. 

o Validation: f validating the FE model by 

comparing its results with existing 

benchmark data or analytical solutions. 

o Buckling Analysis: it included applying 

boundary conditions, solving for buckling 

load factors, and visualizing mode shapes. 

3.2.1 Geometry and Modeling 

First, the FE model of the thin-walled structure is created using a 3D ANSYS 

workbench software, and the model is then discretized into smaller elements using 

meshing options. The mesh size and quality are critical parameters that can significantly 

affect the accuracy of the results. Figure 3.2 shows the model is a C-section channel 

made of glass fiber-reinforced polymer. It has a height of 80 mm, a width of 40 mm, 

and a length of 250 mm. The flanges and web of the channel are composed of eight 

layers of 0.125 mm laminated sheets, with a total thickness of 1 mm. The details of the 

model are given below. 

▪ Thickness (flange and web) per layer= 0.125 mm 

▪ Total thickness= 1 mm 

▪ No. of layers= 8 

▪ Orientation = 4 types  

▪ Quasi-isotropic: - (0/90/45/-45) s 
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▪ Angle-ply: -(45/-45/45/-45) s 

▪ Cross-ply: -(0/90/0/90/0/90/0/90) 

▪ Balanced: - (-45/30/60/30/-30/45/-60/-30) 

 

Figure 3.1 Model description (geometry and solid) with its dimension 

The FE model was used to investigate the effects of parameters and analysis on the 

laminated composite shell structure under mechanical and thermal loads. For this, 

ANSYS software was used to simulate the results. To validate the current FE model 

existing benchmark results were simulated and compared the results with current 

ANSYS results. The FE modeling for this research will be conducted using the 

SHELL181 element. The SHELL181 element is a four-node shell element designed for 

analyzing shell structures ranging from thin to moderately thick. Each node of this 

element possesses six degrees of freedom, encompassing translation along the x, y, and 

z axes, as well as rotation around the x, y, and z-axes. In cases where the membrane 

option is selected, the element retains only translational degrees of freedom. The 

SHELL181 element is particularly suitable for applications involving linearity, 

significant rotations, and large strain nonlinearity. 
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The SHELL181 element, a four-node shell component, accommodates 

variations in shell thickness during nonlinear analyses. It offers support for both full and 

reduced integration schemes within the element domain, considering the effects of 

distributed pressures, including follower (load stiffness). This element finds relevance 

in layered applications like composite shells and sandwich structures. The accuracy of 

modeling composite shells adheres to the first-order shear deformation theory, notably 

the Mindlin-Reissner shell theory. The formulation of this element relies on logarithmic 

strain and true stress metrics, permitting finite membrane strains (stretching) while 

assuming minor curvature changes within each time increment.  

To ensure the proper behavior of the developed model, a validation process must 

precede all intended actions. This model will undergo validation against the one utilized 

by Doan and Thai, (2020). This scrutiny verifies the suitability of the design model for 

all simulations. If the error discrepancy is no more than 10% compared to the reference 

model, the designed model proceeds to the subsequent phase. The validation procedure 

will be reiterated until an error below 10% is achieved. 

3.2.2 Cut-out Shape and Size 

 Three parameters were investigated in this study: the spacing ratio, the shape of the 

opening, and the ratio of the opening. Each parameter was examined with three different 

configurations.  

 
(a) 
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(b) 

Figure 3.2 Cut-out size and shape (a) description of opening and spacing ratio (b) 

current FE model with holes 

Figure 3.2 (a) illustrated the circular hole and like this circular hole two other shapes of 

holes have been considered such as square and hexagonal. The spacing ratio and 

opening ratio are selected as. 

1.08 <
𝐷

𝑊𝑜
< 1.5      (3.1) 

1.25 <
𝑊

𝑊𝑜
< 1.75      (3.2) 

Figure 3.2 (b) illustrates the FE model employed in this study with holes. The sample 

of FE model only shows the circular hole and further these holes have been redesigned 

based on the dimension which has been shown in Figure 3.2 (a). 

3.2.3 Material Properties 

The mechanical properties of the material are defined in the FE analysis software. 

Mechanical properties such as Young's modulus, Poisson's ratio, and shear modulus are 

used to define the constitutive equations that relate the stresses and strains in the 

material. Next, the material properties of the thin-walled structure are defined including 

the coefficient of thermal expansion. These properties are used to define the mechanical 

and thermal behavior of the material when subjected to mechanical and thermal loading. 
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The type of laminate considered quasi-isotropic and were analyzed using the same 

thickness of each layer. This laminate type quasi-isotropic [+45/+45/+45/+45] s was 

introduced into ANSYS benchwork software with their respective properties. The 

GFRP material used in the analysis had a mass density of 2200 kg/m3. To perform an 

analysis of composites a sample rectangular plate has been modelled using two different 

types of materials which are illustrated in Table 3.2. 

3.2.4 Boundary Conditions and Meshing 

To mesh the model, we have simply chosen a mesh model on the area and applied fine 

mesh with a minimum number of nodes and elements. Then refined the nodes to 

increase the fine mesh and mesh size. To mesh the model a total of 81 elements (100 

nodes) have been created for an element type 1 which is chosen for the current model 

is SHELL181 which has 4 node 181 and storage of layer data change to all layers to 

increase the mesh.  

Table 3.2 Materials properties of the composite structure 

Parameter Composite material 

Density 2200 kg/m3 

Poisson’s Ratio ʋ12 0.29 

Poisson’s Ratio ʋ13 0.29 

Poisson’s Ratio ʋ23 0.29 

Young’s Modulus (E1) 58 GPa 

Young’s Modulus (E2) 10 GPa 

Young’s Modulus (E3) 10 GPa 

Shear Modulus (G12) 8 GPa 

Shear Modulus (G13) 5 GPa  

Shear Modulus (G23) 5 GPa  

Material type Sample material 
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A mesh with a size of 2 mm was selected based on the results of the mesh sensitivity 

analysis. The bottom end of the column was fixed in all directions, and the load was 

applied to the upper part of the column at a specific reference point shown in Figure 4. 

The reference point at the bottom was identified as RP-1, while RP-2 was assigned to 

the top section. 

 
Figure 3.3 Loading conditions on the model 

The buckling analysis was performed using the linear perturbation procedure in the 

ANSYS Workbench postprocessor. The models used multi-layered QUAD4 and 

SHELL181 elements (Doan and Thai, 2020). In the examination, the x, y, and z rotation 

angles at the upper end were constrained, while the vertical z-axis remained free. 

Conversely, at the bottom end, all degrees of freedom were immobilized at the reference 

point. A uniform load was applied to the upper nodes of the strut using rigid body-pin 

constraints to emulate the strut's contact with the top plate. The FE model encountered 

a nominal compressive load of 1.0 N. The critical buckling load was determined by 

addressing a linear eigenvalue buckling problem, specifically focusing on the first 

buckling mode, often termed the critical buckling load, to generate the mode shapes 

relevant to this study. 
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Figure 3.4 FE mesh model without and with holes 

Lastly, The FE equations are solved using numerical methods, such as the direct or 

iterative method, to obtain the temperature and displacement fields. The solution 

obtained will be the buckling load factor and mode shapes. The results are then post-

processed to obtain the critical buckling load factor and mode shapes. The mode shapes 

are used to identify the type of buckling that occurred in the structure under thermal 

load. The buckling load factor is used to determine the safety factor and whether the 

structure is in danger of buckling or not. 

The critical buckling load is determined in the analysis through eigenvalue 

buckling analysis using finite element modeling. This involves solving an eigenvalue 

problem to obtain buckling load multipliers, which are dimensionless values indicating 

the relative load at which buckling occurs. For each specific load case (mechanical or 

thermal), the critical buckling load is calculated by multiplying the corresponding 

buckling load multiplier with the applied load. 

The significance of the critical buckling load lies in its role as a crucial measure 

for understanding the column's stability under specific loading conditions. It indicates 

the maximum load the structure can withstand before experiencing buckling failure. 

This knowledge is vital for ensuring structural integrity and safety under applied loads 
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and allows engineers to optimize composite structure designs for different loading 

scenarios. 

3.2.5 Governing Equation for Critical Buckling Load 

The governing equation for the critical buckling load of a C-section column can be 

derived from the Euler buckling theory. Euler's buckling equation provides a simplified 

approach for calculating the critical buckling load of columns under compression. For 

a C-section column, the critical buckling load is given by: 

𝑃𝑐𝑟,𝑚𝑒𝑐ℎ =
𝜋2.𝐸.𝐼

(𝐾.𝐿)2
     (3.3) 

where: 

• 𝑃𝑐𝑟, mech is the critical buckling load due to the mechanical load. 

• 𝐸 is the elastic modulus of the material. 

• 𝐼 is the moment of inertia of the C-section column about its neutral axis. 

• 𝐾 is the effective length factor, which depends on the end conditions of the column. 

• 𝐿 is the effective length of the column. 

𝐾 is the effective length factor (also known as the column effective length factor), which 

depends on the end conditions and boundary conditions of the column. For columns 

with both ends fixed, 𝐾 =  0.5. For columns with one end fixed and the other end free, 

𝐾 =  2.0. For columns with both ends pinned, 𝐾 =  1.0. There are other intermediate 

values for different end conditions. 

This equation is used in linear buckling analysis to estimate the critical buckling 

load of a slender column, assuming small deflections and linear behavior. The equation 

to solve for thermal buckling is: 
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𝑃𝑐𝑟,𝑡ℎ𝑒𝑟𝑚𝑎𝑙 =  𝛼. 𝐸. 𝐴. ∆𝑇    (3.4) 

 

• 𝑃𝑐𝑟,𝑡ℎ𝑒𝑟𝑚𝑎𝑙 is the critical buckling load due to the thermal load. 

• 𝛼 is the coefficient of thermal expansion of the material. 

• 𝐸 is the elastic modulus of the material. 

• 𝐴 is the cross-sectional area of the C-section column. 

• ∆𝑇 is the temperature difference applied to the column. 

Eigenvalue Buckling Analysis for C-section Column under Mechanical Load: In 

structural engineering, Eigenvalue Buckling analysis is a linear analysis method used 

to determine the critical buckling loads and corresponding modes of buckling for 

various structural systems. This analysis is typically applied to slender columns, beams, 

and other structural members under compressive loads to understand their buckling 

behavior. 

The governing equation for Eigenvalue Buckling analysis is based on the linear 

buckling theory and can be expressed as follows: 

𝐾. 𝑢𝑚𝑒𝑐ℎ = 𝜆𝑚𝑒𝑐ℎ. 𝐾𝑒 . 𝑢𝑚𝑒𝑐ℎ    (3.5) 

where: 

 

• 𝐾 is the global stiffness matrix of the structure, considering both mechanical and 

thermal loads. 

• 𝑢 is the displacement vector representing the buckled shape (mode shape) of the 

structure. 

• 𝜆 is the eigenvalue, representing the buckling load multiplier (a dimensionless 

quantity). 

• 𝐾𝑒 is the element stiffness matrix. 
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Here's a high-level explanation of the steps: 

• In Create the global stiffness matrix 𝐾 for the C-section column, considering both 

mechanical loads and the effects of thermal expansion. 

• Apply the thermal load as an initial displacement to the model, considering the 

temperature difference and the coefficient of thermal expansion. 

• Use Eigenvalue Buckling analysis to solve the eigenvalue problem ⋅𝑢 = 𝑢𝐾 ⋅ 𝑢 =

𝜆 ⋅ 𝐾𝑒 ⋅ 𝑢 to find the critical buckling load factors (𝜆) and the corresponding mode 

shapes (uu). 

• The critical buckling load for the C-section column under the combined mechanical 

and thermal loads can be calculated as 𝑃𝑐𝑟 = 𝜆 ⋅ 𝑃𝑎𝑝𝑝𝑙𝑖𝑒𝑑, where 𝑃𝑎𝑝𝑝𝑙𝑖𝑒𝑑 is the 

applied mechanical load on the column. 

The eigenvalue buckling analysis provides valuable information about the buckling 

behavior of a structure and ensures that the structure can safely carry loads without 

experiencing buckling failure. Eigenvalue Buckling analysis is also a linear analysis 

technique, but it considers the overall stiffness properties of the entire structure, rather 

than just the individual column. It is more suitable for complex structures with multiple 

elements and degrees of freedom. Eigenvalue buckling analysis is based on linear 

assumptions and is suitable for structures that undergo small deflections and 

deformations. For large deflections and post-buckling behavior, nonlinear buckling 

analysis methods are more appropriate. 

Eigenvalue Buckling Analysis for C-section Column under Thermal Load: The equation 

to solve for thermal buckling is: 

𝐾. 𝑢𝑡ℎ𝑒𝑟𝑚𝑎𝑙 = 𝜆𝑡ℎ𝑒𝑟𝑚𝑎𝑙. 𝐾𝑒 . 𝑢𝑡ℎ𝑒𝑟𝑚𝑎𝑙    (3.6) 
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where: 

• 𝐾 is the global stiffness matrix of the structure considering thermal expansion. 

• 𝑢𝑡ℎ𝑒𝑟𝑚𝑎𝑙 is the displacement vector representing the buckled shape (mode shape) of 

the structure due to thermal expansion. 

• 𝜆𝑡ℎ𝑒𝑟𝑚𝑎𝑙 is the eigenvalue, representing the buckling load multiplier (a 

dimensionless quantity) for thermal expansion. 

• 𝐾𝑒 is the element stiffness matrix. 

 

By solving the above eigenvalue problem, you can find the critical buckling load factors 

(𝜆𝑡ℎ𝑒𝑟𝑚𝑎𝑙) and the corresponding mode shapes (𝑢𝑡ℎ𝑒𝑟𝑚𝑎𝑙) considering only the thermal 

load. It’s important to note that in Eigenvalue Buckling analysis, the critical buckling 

load is typically a dimensionless multiplier (𝜆) that needs to be multiplied by the applied 

load (P-applied) to obtain the critical buckling load (𝑃𝑐𝑟 = 𝜆 ⋅ 𝑃𝑎𝑝𝑝𝑙𝑖𝑒𝑑) for each 

specific load case. 

3.3 MACHINE LEARNING APPROACH 

Designing composite laminate materials for specific applications involves complex 

optimization processes. ML-techniques have emerged as powerful tools for optimizing 

laminated composite materials, providing insights, efficiency, and accuracy in the 

design process. Traditional optimization methods involve manually designing and 

testing different combinations of fiber orientations, layer thicknesses, and stacking 

sequences. This process is time-consuming, expensive, and limited in exploring the vast 

design space. Moreover, human intuition alone may not be sufficient to uncover 

complex relationships between design parameters and material performance. Machine 
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learning techniques offer a data-driven approach to optimize laminated composite 

materials. ML algorithms can process large datasets to optimize process. 

In this research, the FE model is validated through existing work and used to 

characterize the behavior of composite by various geometric and material parameters 

and laminated interface. A formulated machine learning model was then developed for 

the composites. Design examples are provided to illustrate the effectiveness of the 

proposed machine learning model in describing the response to the release of the 

composite structures. A vulnerability analysis was then performed to examine the 

contribution of the selected predictors to the behavior of the composite. Machine 

learning predictive models and reporting by composite provide powerful tools for 

solving laminated structural problems in a variety of existing conventional composite 

structures. 

In general, it is important to note with machine learning algorithms that it is 

random because of the arbitrary weight generated in the hidden layer. This can produce 

different accuracy depending on the random weights. Simple sequential heuristic search 

techniques are used to achieve the best accuracy. It is important to note that in LM the 

number of neurons in the hidden layer is randomly selected. In other words, there are 

no clear mathematics rules for deducing the right numbers of neurons to train. Huang et 

al., (2006) have shown that with the differentiable activation functions, the number of 

neurons required in the hidden layer is smaller than the data size. In this application, 

some neurons select sigmoid as their activation function based on previous studies ( 

Park et al., 2006). The overall used machine learning for the current work has illustrated 

in the Figure 3.7. 
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Figure 3.5 Process of machine learning in the current work 

3.3.1 Data set and properties 

In this study, the effect of load type, cut-outs shape, fiber orientation, opening ratio, 

spacing ratio on buckling stress was investigated numerically. The data set consists of 

5 features and 1 target value. The data set consists of 5 features and 1 target value. Table 

3.3 illustrates the feature X1 indicates the load type and X2 indicates the cut-outs shape 

of the hole in the laminate structure.  The features X3 refer to the fiber orientation, 

composite material. The features X4 and X5 correspond to the opening ratio and spacing 

ratio of the laminate structure, respectively. Y1 is the target parameter calculated by the 

machine learning technique and represents the buckling stress. The data set contains 36 

data points from numerical studies.  

Table 3.3 Data set and their properties 

ID Property Range Data Type 

X1 Load Type Mechanical and thermal Categorized 

X2 Cut-outs Shape Circular, Square and Hexagon Categorized 

X3 Fiber 

Orientation  

Quasi-isentropic, Angle-ply, Cross-ply, and 

Balance 

Categorized 

X4 Opening Ratio 1.3, 1.4 and 1.5 Numeric 

X5 Spacing Ratio 1.5, 1.6, and 1.7 Numeric 
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3.3.2 Regression Models 

Regression models aim to create a mathematical equation, denoted as  

𝑌 =  𝑓(𝑋, 𝑤)      (3.7) 

where 𝑌 represents the outcome (continuous or discrete) and 𝑋 represents the 

independent variables. The unknown parameters 𝑤, also known as regression 

coefficients or weights, capture the relationship between the outcome and the variables. 

Regression analysis enables the quantification of this relationship between the 

outcome and associated variables. Various statistical prediction techniques have been 

developed, and for this thesis, four models were examined and compared:  Linear 

Regression (LR), Decision Tree Regression, AdaBoost Decision Tree Regression, and 

Gradient Boosting Regression. 

When assessing the accuracy of predictions made by a model, it is crucial to 

utilize evaluation metrics that can effectively measure the model's performance in 

comparison to other models. For evaluating regression performance, the commonly 

employed evaluation metric includes mean squared error, mean absolute error, 

explained variance score, and R-squared score. 

3.3.2.1 Mean Square Error (MSE) 

The Mean Square Error (MSE) quantifies the proximity of predicted values to actual 

ones. It involves squaring the disparities between predicted and actual values for each 

input entry and then computing the average of these squared disparities. MSE is a 

frequently employed gauge for assessing a model's overall effectiveness. 

𝑀𝑆(𝑦, 𝑦 )  =  (1/𝑛)  ∗  ∑ (𝑦𝑖 −  𝑦 𝑖)²    (3.8) 
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3.3.2.2 Root Mean Square Error (RMSE) 

The Root Mean Square Error (RMSE) assesses the proximity of predicted values to 

actual ones. It derives from the Mean Square Error (MSE) by taking its square root. 

RMSE serves as a prevalent metric for appraising a model's comprehensive 

performance and is frequently employed alongside MSE for evaluation. 

𝑅𝑀𝑆𝐸(𝑦, 𝑦 )  =  √((1/𝑛)  ∗  ∑ (𝑦𝑖 –  𝑦 𝑖)²)   (3.9) 

 

The RMSE provides a measure of the typical magnitude of prediction errors. It is often 

preferred over MSE as it is in the same unit as the original target variable, making it 

easier to interpret. 

3.3.2.3 R² Error 

The R² provides an indication of how well the model predicts future samples. The 

highest achievable score is 1.0, and a negative score implies that the model's 

performance falls below that of a constant model that consistently predicts the 

anticipated y-value. The R² score is calculated based on the sum of squares of residuals, 

comparing the predicted values, 𝑦̅𝑖, with the true values, 𝑦𝑖. 

𝑅²(𝑦, 𝑦 )  =  1 − [(1/𝑛)  ∗  ∑ (𝑦𝑖 −  𝑦 𝑖)²] / [(1/𝑛)  ∗  ∑ (𝑦𝑖 −  𝑦 )²] (3.10) 

 

Where 𝑦̅ is the mean value of 𝑦 over all n input rows. 

3.3.2.4 Linear Regression 

Linear regression constitutes a fundamental technique in regression analysis for 

capturing the connection between a reliant variable and one or multiple independent 

variables. The linear regression equation can be articulated in the subsequent manner: 

𝑦 =  𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑛𝑥𝑛    (3.11) 

 

In the equation, 𝑦 is the output or target variable, 𝛽0 is the intercept, 𝛽1, 𝛽2, ..., 𝛽𝑛 are 

the regression coefficients, and 𝑥1, 𝑥2, ..., 𝑥𝑛 are the independent variables. 
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The direction of the correlation between an independent variable and the 

dependent variable is revealed by the sign of a regression coefficient. A positive 

coefficient signifies a positive correlation, while a negative coefficient indicates a 

negative correlation. The coefficient's magnitude signifies the extent to which the 

independent variable influences the dependent variable. 

To determine the unknown regression coefficients, linear regression employs 

the method of ordinary least squares (OLS). OLS minimizes the sum of the squared 

differences between the actual values and the predicted values for the dataset provided. 

The error or residuals of the linear regression model are calculated using the following 

formula: 

 

𝐸 =  ∑ (𝑦𝑖 −  𝑓(𝑥𝑖))², 𝑓𝑜𝑟 𝑖 =  1 𝑡𝑜 𝑛   (3.12) 

 

In the formula, 𝑦𝑖 is the actual value of the dependent variable, and 𝑓(𝑥𝑖) is the predicted 

value based on the linear regression equation. Once the linear regression model 

undergoes training and testing, its effectiveness can be evaluated through regression 

metrics like the R² score and mean squared error (MSE). The R² score denotes the 

portion of the variance in the dependent variable anticipated from the independent ones. 

In contrast, MSE gauges the average squared disparity between actual and predicted 

values, delivering an assessment of the model's precision. 

Linear regression is a simple and fast method to implement, but it may not 

generalize well for nonlinear data and can perform poorly when there is 

multicollinearity among the independent variables. To address these limitations, other 

regression methods such as polynomial regression and linear regression with 

regularization have been developed. 
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3.3.2.5 Lasso Regression 

Lasso regression, a variant of linear regression, employs regularization to counteract 

overfitting. Regularization introduces a cost function penalty, compelling the model to 

diminish coefficients associated with less significant attributes. Lasso regression 

employs L1 regularization, wherein the penalty is determined by the total absolute 

values of the coefficients. Consequently, this encourages the model to nullify 

coefficients linked to less vital attributes, potentially diminishing the number of 

features, and enhancing performance. The lasso regression equation can be represented 

as follows: 

𝑦 =  𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑛𝑥𝑛 +  𝜆∑|𝛽𝑖|  (3.13) 

 

In the equation, 𝑦 is the output or target variable, 𝛽0 is the intercept, 𝛽1, 𝛽2, ..., 𝛽𝑛 are 

the regression coefficients, 𝑥1, 𝑥2, ..., 𝑥𝑛 are the independent variables, and 𝜆 is the 

regularization parameter. The additional term in the equation, 𝜆∑|𝛽𝑖|, represents the L1 

regularization penalty. The summation (∑) is taken over the absolute values (|𝛽𝑖|) of the 

regression coefficients. The regularization parameter 𝜆 controls the strength of the 

penalty. A larger 𝜆 value results in more shrinkage of the coefficients towards zero, 

effectively performing feature selection by eliminating less important features. The 

objective of lasso regression is to minimize the sum of squared differences between the 

predicted values and the actual values, as well as the regularization penalty. The cost 

function for lasso regression can be written as: 

𝐶𝑜𝑠𝑡(𝑦, 𝑦 )  =  (1/𝑛)  ∗  ∑(𝑦𝑖 –  𝑦 𝑖)² +  𝜆∑|𝛽𝑖|  (3.14) 

In the equation, 𝑦̂ represents the predicted values based on the lasso regression model, 

𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value, 𝑛 is the number of data points, and the 

second term ∑|𝛽𝑖| is the L1 regularization penalty. 
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The regularization term in lasso regression encourages sparsity in the model by 

driving some coefficients to exactly zero. As a result, lasso regression not only provides 

prediction but also performs feature selection, automatically identifying and excluding 

irrelevant or redundant features. The choice of the regularization parameter 𝜆 is crucial. 

A larger 𝜆 value leads to more aggressive regularization and stronger feature selection, 

while a smaller 𝜆 value allows more coefficients to remain non-zero. The optimal value 

of 𝜆 is typically determined through techniques like cross-validation or grid search to 

find the balance between model complexity and performance. 

Lasso regression is widely used in various fields, including statistics, machine 

learning, and data analysis, as it provides a simple yet effective method for feature 

selection and regularization in linear regression models. For regression tree 

construction, where the target variable is continuous, measures like Gini impurity and 

information gain are not suitable. Instead, the sum-of-squared error is commonly used 

to evaluate splitting features or splitting points. The split point is chosen to minimize 

the sum of squared errors. CART trees are known for their good performance, 

interpretability, and the ability to handle both categorical and numerical features 

without requiring scaling or standardization. They are often used in ensemble methods, 

such as ensembles of decision tree models. 

Lasso regression, a form of linear regression with regularization, enhances 

model interpretability and prevents overfitting. Regularization adds a penalty term to 

the cost function, moderating model complexity for better generalization. The 

parameter λ controls regularization strength, with higher values leading to sparser 

models and feature selection. λ strikes a balance between bias and variance, minimizing 

prediction errors. As λ increases, feature coefficients shrink, some even reaching zero 

for model simplification. Lasso's impact includes improved interpretability, 
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generalization, and model performance. Visualization of metrics across λ values aids in 

selecting the optimal regularization strength. Thus, λ is pivotal in Lasso regression for 

effective model tuning and performance. 

3.3.2.6 Decision Tree Regression 

Decision tree regression stands as a nonparametric regression method employing a tree-

shaped model for prediction. Differing from linear regression, it has the capacity to 

grasp intricate nonlinear associations between independent variables and the target 

variable. The decision tree model repetitively divides the input space according to 

independent variable values and forecasts the target variable by averaging its values 

within each division. The decision tree regression equation can be represented as 

follows:  

𝑦 =  𝑓(𝑥)     (3.15) 

 In the equation, 𝑦 represents the predicted value of the target variable, and 

𝑓(𝑥) represents the decision tree model's prediction function based on the input 

variables 𝑥. 

The decision tree algorithm follows a top-down approach to construct the tree. 

It starts with a root node that represents the entire dataset. At each step, the algorithm 

selects the best split based on a splitting criterion. For regression tasks, the splitting 

criterion often involves minimizing the sum of squared errors or maximizing the 

reduction in variance. The splitting process continues until a stopping condition is met. 

This condition can be the maximum depth of the tree, a minimum number of samples 

required to split a node, or other pre-defined criteria. Each node in the tree represents a 

split based on a specific feature and a threshold value. The decision tree branches out 

based on different combinations of feature values, resulting in a hierarchical structure 
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of nodes and leaves. To predict the target variable for a new input, the decision tree 

regression algorithm traverses down the tree from the root node to a leaf node. At each 

node, it checks the corresponding feature value of the input and follows the appropriate 

branch until it reaches a leaf node. The value associated with the leaf node is then used 

as the predicted value for the input. 

The decision tree regression model is known for its interpretability and its 

capability to grasp intricate variable interactions. Nevertheless, it is susceptible to 

overfitting and can be highly responsive to slight alterations in training data. Strategies 

like pruning, imposing tree depth restrictions, or incorporating ensemble methods like 

random forests can alleviate these concerns and enhance the model's ability to 

generalize. Decision tree regression finds extensive use across diverse fields, such as 

finance, healthcare, and marketing, thanks to its capacity to manage both numerical and 

categorical variables while remaining interpretable. It provides a flexible and intuitive 

approach to regression modeling, allowing for the identification of important variables 

and the exploration of nonlinear relationships. 

In Decision Tree Regression, the construction of the tree involves recursive 

partitioning of the feature space to minimize target variable variance within regions. 

The process begins at the root node with all training samples. Nodes are split based on 

selected features and splitting criteria, aiming to segregate data into homogenous 

subsets regarding the target variable. Splitting points are determined differently for 

numerical and categorical features: numerical features are assessed for optimal splitting 

points by examining all possibilities, while categorical features evaluate combinations 

of categories. Recursive splitting occurs until stopping criteria, like maximum depth or 

minimum samples per leaf, are met. Leaf nodes hold final predictions, typically the 

mean or median of the target variable within the leaf. The resulting tree structure 
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represents a sequence of feature splits that partition data into increasingly homogenous 

subsets concerning the target variable, making it essential for predicting critical 

buckling loads in thin-walled structures. 

3.3.2.7 Random Forest Regression 

Random forest regression is an ensemble learning technique that combines multiple 

decision tree models to make predictions. It is highly effective and widely utilized for 

regression tasks as it can handle complex relationships and mitigate overfitting issues. 

By aggregating the predictions from multiple decision trees, random forest regression 

offers more accurate and robust predictions. The random forest regression equation can 

be represented as follows: 

 

𝑦 =  𝑓₁(𝑥)  +  𝑓₂(𝑥)  + ⋯ +  𝑓ₙ(𝑥)   (3.15) 

 

In the equation, 𝑦 represents the predicted value of the target variable, 𝑥 represents the 

input variables, and 𝑓₁(𝑥), 𝑓₂(𝑥), ⋯, 𝑓ₙ(𝑥) represent the individual predictions of the 

decision trees in the random forest. 

Random forest regression employs an ensemble of decision trees through a 

technique known as bagging, or bootstrap aggregating. This process involves generating 

multiple bootstrap samples from the training data and training a decision tree on each 

sample. Each decision tree is trained on a different subset of the data, and they are 

relatively uncorrelated. During the training process, each decision tree in the random 

forest is constructed using a random subset of features. This random feature subset 

selection adds an extra level of randomness and helps to de-correlate the trees further. 

The number of features considered at each split is typically smaller than the total number 

of features available. 
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A random forest regression model makes predictions by averaging the 

predictions of all the individual decision trees in the forest. This helps to reduce the 

variance of the predictions and improve the overall accuracy of the model. The final 

prediction is usually the average (or mean) of the predicted values from all the decision 

trees. This averaging process helps to reduce the impact of outliers and noise in the data, 

resulting in a more stable and accurate prediction. Random forest regression offers 

several advantages, including robustness to over fitting, the ability to handle high-

dimensional data, and the capability to capture nonlinear relationships and interactions 

among variables. It also provides an estimate of the feature importance based on the 

average decrease in impurity or mean decrease in error across all the decision trees. The 

random forest algorithm is widely used in various domains, including finance, 

healthcare, and marketing, for tasks such as predicting house prices, estimating stock 

market trends, and analyzing customer behavior. Its versatility, accuracy, and 

interpretability make it a popular choice for regression modeling in both academic and 

practical applications. 

3.3.2.8 Gradient Boosting Regression 

Gradient boosting regression is a machine learning technique that combines multiple 

weak prediction models, typically decision trees, into a strong predictive model. It is a 

powerful algorithm that can handle complex relationships and provide highly accurate 

predictions. Gradient boosting builds the model iteratively, adding new models that 

correct the mistakes made by the previous models. This process helps to improve the 

accuracy of the model over time. The gradient boosting regression equation can be 

represented as follows: 

𝑦 =  𝑓₁(𝑥)  +  𝑓₂(𝑥)  + ⋯ +  𝑓ₙ(𝑥)  (3.16) 
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In the equation, 𝑦 represents the predicted value of the target variable, 𝑥 represents the 

input variables, and 𝑓₁(𝑥), 𝑓₂(𝑥), ⋯, 𝑓ₙ(𝑥) represent the individual predictions of the 

weak models in the gradient boosting ensemble. The gradient boosting algorithm starts 

by fitting an initial model, often a decision tree, to the training data. This model 

generates predictions, but the initial predictions may not be highly accurate. Successive 

models are devised to rectify the inaccuracies of their predecessors. Every fresh model 

undergoes training to forecast the residuals, which represent the disparities between the 

real target values and the forecasts generated by the previous models. 

The novel model undergoes training via a gradient descent technique to 

determine the optimal parameters that minimize the loss function. This loss function 

quantifies the dissimilarity between forecasted and factual target values. In gradient 

boosting regression, the prevalent choice for the loss function is typically the mean 

squared error (MSE). The new model is trained to minimize the MSE of the residuals. 

During the training process, the new model is added to the ensemble by determining its 

weight or contribution to the final prediction. This weight is calculated using a learning 

rate, which controls the contribution of each model. The learning rate determines the 

shrinkage applied to each model's predictions to avoid overfitting and improve 

generalization. 

To make predictions, the gradient boosting regression model combines the 

predictions of all the individual models. The final prediction is typically the sum of the 

predictions from all the models in the ensemble. The ensemble of models works 

together to improve the overall prediction accuracy and capture complex relationships 

in the data. Gradient boosting regression offers several advantages, including its ability 

to handle complex nonlinear relationships, its flexibility in incorporating different loss 

functions, and its robustness to overfitting. It is widely used in various domains, 
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including finance, healthcare, and recommendation systems, for tasks such as predicting 

stock prices, estimating customer churn, and personalized recommendations. The 

gradient boosting algorithm, with its strong predictive performance, interpretability, and 

versatility, has become a popular choice for regression modeling in both research and 

practical applications. 

3.3.3 Design and Implementation 

3.3.3.1 Data Preparation 

The dataset used in this analysis is obtained from ANSYS Workbench, where a C-

section composite column is selected for the study. The purpose is to analyze the critical 

buckling load caused by both structural and thermal loads. The dataset includes various 

dependent parameters such as 'Opening ratio', 'Spacing ratio', 'Orientation', and 'Shape'. 

The buckling load is considered as the independent variable. Data is collected for 

different combinations of these parameters. 

To begin the data preparation process, the dataset is loaded from a CSV file 

using the `pd.read_csv()` function. The merged data is then divided into a 70% training 

set and a 30% validation set. To get an overview of the dataset, the first few rows are 

displayed using the `df.head()` method. Next, the categorical features 'Orientation' and 

'Shape' are converted into numerical codes. This conversion is achieved by using the 

`astype('category')` method followed by the `cat.codes` method. Finally, the features 

('Opening ratio', 'Spacing ratio', 'Orientation', 'Shape') and the corresponding labels 

('Critical Buckling load') are separated into two sets of variables, X and y, respectively. 

These sets will be used for further analysis and modeling. 
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3.3.3.2 Data cleaning 

Data cleaning is a crucial step in data analysis to ensure the reliability and accuracy of 

the results. Missing, incomplete, or corrupted data can introduce errors and bias into 

calculations and statistical functions. By identifying and addressing these issues, we can 

obtain more reliable insights from the data. 

In the given dataset, columns that do not significantly contribute to the analysis 

are removed. These columns may contain irrelevant or redundant information that does 

not provide meaningful insights for the specific analysis at hand. In this case, the column 

containing serial numbers is identified as not playing a substantial role in the analysis 

and is thus removed from the dataset. Additionally, it is important to note that in this 

dataset, no missing data was encountered. This means that there were no instances 

where data points were absent or incomplete, ensuring the dataset's completeness for 

analysis. 

By performing data cleaning and removing irrelevant columns, we can 

streamline the dataset and focus on the relevant variables that influence the analysis. 

This process helps to enhance the accuracy and efficiency of subsequent data analysis 

tasks. 

3.3.3.3 Data scaling 

Data scaling is a crucial step in data preprocessing that aims to normalize the features 

in a dataset which is shown in APPENDIX C, ensuring that they have a consistent scale 

and range. This process helps in improving the performance and stability of machine 

learning models. 

To perform data scaling, the StandardScaler class from the sklearn. 

Preprocessing module is utilized. First, an instance of the StandardScaler is created. 

Then, the scaler is fitted on the training data (X_train), which calculates the mean and 
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standard deviation of each feature. Once the scaler is fitted, it can be used to transform 

both the training and test data (X_train and X_test) by applying the computed mean and 

standard deviation. This transformation ensures that the features have a mean of 0 and 

a standard deviation of 1, resulting in a standardized scale across all features. By scaling 

the data, the model can effectively compare and interpret the features, as they are now 

on the same scale. This normalization step helps prevent certain features from 

dominating others due to their larger magnitudes, and it can contribute to more accurate 

and reliable model training and predictions. Data scaling using the StandardScaler 

enables the standardization of features by fitting the scaler on the training data and 

transforming both the training and test data using the computed mean and standard 

deviation. This process facilitates fair comparisons between features and promotes 

better performance of machine learning models. 

3.4 CHAPTER SUMMARY 

This chapter provides a comprehensive explanation of the FE model and ML algorithms 

utilized in the proposed technique. The extraction process of these models and 

algorithms is described in a step-by-step manner. Furthermore, the chapter delves into 

the data collection procedure from the FE model, specifically focusing on C-section 

channels with and without cut-outs, which is crucial for implementing the ML 

algorithms. Parametric studies of c-section channel have been done and show the 

variation of critical buckling load under thermal and mechanical loading conditions. 

Later, methodology-based work shows the soft computing approaches effective in 

reducing human efforts particularly genetic algorithms shown in most of the cases in 

critical buckling loss of thin-walled structures. A detailed overview of the methodology 

is provided within this chapter. 
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CHAPTER FOUR 

RESULTS AND ANALYSIS 

4.1 INTRODUCTION 

This chapter provides a comprehensive explanation of the results obtained through the 

finite element (FE) analysis of C-section thin-walled channels, both with and without 

holes. The chapter elaborates on all the parameters considered and analyzed during the 

FE analysis. Moreover, the data obtained from the simulation results is utilized in 

machine learning algorithms to optimize the current structural model, aiming for 

improved design in practical applications within the field of structural engineering. The 

chapter showcases how this optimization process enhances the structural model, 

offering valuable insights for practical implementation. 

4.2 FINITE ELEMENT ANALYSIS AND RESULTS 

The finite element equations are solved using numerical methods, such as direct or 

iterative methods, to calculate the temperature and displacement fields. The outcome of 

this process provides the buckling load factor and mode shapes. Post-processing of the 

results is carried out to extract the critical buckling load factor and mode shapes. The 

mode shapes are then utilized to identify the type of buckling that has occurred in the 

structure under thermal load. The buckling load factor is used to assess the safety factor 

and determine whether the structure is at risk of buckling or not.  

4.2.1 Mesh Independence Test  

A mesh convergence study is conducted to assess the accuracy of the mesh in a current 

model. The study focuses on a basic model without any cut-outs in the c-section 
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channel. To explore the impact of different mesh sizes, five element sizes ranging from 

1.8 mm to 3 mm are tested. The element size that produces the most similar results is 

selected for further analysis. The mesh refinement is then examined in relation to a 

specific case in the current work, which is similar to a previous study (Doan and Thai, 

2020). The analysis determines that an element size of 2 mm closely aligns with the 

reference value and exhibits the lowest error, resulting in convergence of the results. 

This mesh size is subsequently employed for all models, with slight modifications near 

the holes of the structure to ensure smoother boundaries. According to Table 4, the 2 

mm element size yields the lowest error, while the computational time remains 

reasonable with this mesh setup. These findings support the conclusion that further 

refinement is unnecessary and that errors are minimized. 

Table 4.1 Mesh convergence study for c-section without cut-outs 

Sl. No Element size No. of elements No. of nodes Critical buckling value 

1 1.8 24777 25891 9001.5 

2 2 20486 21389 9032.7 

3 2.4 14199 16002 9082.8 

4 3 9281 10281 9164.3 

4.2.2 Validation of simulation model  

To validate the proposed FE model, this study relied on the buckling outcomes reported 

by Doan and Thai, (2020). The length and cross-sectional dimensions of the specimen 

were replicated to match those used in their study, ensuring accuracy in the current 

work. The buckling behaviour of both the quasi-isotropic laminate and angle-ply 

laminate FE models was compared to their respective numerical analysis results to 

assess the reliability of the proposed model. The stacking sequences used were 

[0/+45/+45/+45/+45]s for the quasi-isotropic laminate. Initially, the beam model 
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without any holes was compared for both laminates to ensure higher reliability. Table 

4.2 presents the comparison of the critical buckling load's numerical results with the 

findings from the previous study. 

Table 4.2 Comparison of c-section model under mechanical load 

Laminate 

Types 

Structural 

type 

Critical Buckling Load (N) 

Percentage 

error (%) 

Experimental 

(Doan and 

Thai, 2020) 

ABAQUS 

(Kamarudin et 

al., 2022) 

Present 

work 

ANSYS 

Quasi-

isotropic 
Without hole 10500 N 11201.2 N 10237.8 N 

±2.56 and 

±8.6  

Quasi-

isotropic 
With hole - 8551 N 8625.8 N ±0.86  

Another validation of current model under thermal load has been compared with 

theoretical and numerical results (Rao et al., 2015). The authors compared the FE results 

for the first mode with the theoretical solution available at the University of Connecticut 

for isotropic materials. The development of the FE model is based on previous research 

that examined an FRP composite thin rectangular plate. The plate has in-plane 

dimensions of 2 m length and 1 m width. The plate's thickness is determined based on 

the length-to-thickness ratio (s = a/t) and is varied for a specific case. Symmetric quasi-

isotropic stacking sequences (90/45/-45/0/0/-45/45/90) were used. The comparison 

between the FE results and the theoretical solution is provided in Table 4.3. 

Table 4.3 Comparison of c-section model under thermal load 

Configuration of model 

(thickness ratio t/b) 

Critical Buckling Temperature (oC) Percentage 

error (%) Theoretical (Rao et 

al., 2015) 

Present work 

numerical 

Quasi-isotropic 28.2 oC 25.8 oC 9.47 
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4.2.3 Total Deformation 

The ANSYS simulation results show that the presence of apertures significantly reduces 

the load-carrying capacity of a beam before it fails. Figures 4.1 to 4.7 present eigenvalue 

data, demonstrating the critical buckling load and thermal critical buckling load for 

different models with and without apertures. Figure 4.1 exhibits the eigenvalues for a 

C-section channel without any apertures, indicating that these values are expected to be 

higher compared to the C-section channel with apertures. This suggests that the C-

section channel without apertures can withstand a higher load before buckling occurs.  

To enhance the beam's strength while reducing its weight, the channel 

incorporates apertures and is subjected to testing with various shapes and sizes, as 

depicted in Figures 4.1 to 4.7. These tests help to determine the effects of different 

aperture configurations on the structural integrity and load-bearing capacity of the 

beam. Overall, the findings from the ANSYS simulation underscore the importance of 

carefully designing aperture placements and shapes to maintain the structural integrity 

of beams and prevent premature failure under axial loads. The research aims to guide 

the development of more robust and efficient beam designs for various engineering 

applications.  

The significance of the contour results lies in their ability to reveal the distinct 

behavior of the beam under mechanical and thermal loads, allowing for a 

comprehensive understanding of its structural response. By extracting contours 

independently for both conditions, engineers can observe significant variations in 

eigenvalues, which are critical in determining the buckling load capacity. Despite the 

similarity in deformation patterns between the mechanical and thermal load cases, the 

presence of apertures in the C-sectional channel results in a noticeable decrease in 

buckling load capacity. 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.1 Total deformation (Eigenvalue buckling) without cut-outs. 

This reduction is clear in the plotted data, indicating that apertures have a substantial 

impact on the beam's ability to withstand external forces before buckling occurs. 

Understanding these contour results is crucial for design optimization, as engineers can 

make informed decisions about aperture configurations to enhance structural integrity 

and load-carrying capacity. It helps identify regions of stress concentration and potential 

failure points, guiding the development of safer and more efficient beam designs. 
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Additionally, this knowledge aids in choosing suitable materials and reinforcement 

strategies to counteract the negative effects of apertures, ensuring the overall reliability 

and longevity of the beam in practical applications.   

 
(a) 

 
 (b) 

 
(c) 

Figure 4.2 Total deformation (Eigenvalue buckling) under mechanical load for 

circular cut-outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 
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(a) 

 
 (b) 

 
(c) 

Figure 4.3 Total deformation (Eigenvalue buckling) under thermal load for circular 

cut-outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 

This study investigated three different cases with W/Wo ratios of 1.5, 1.6, and 1.7 to 

understand the effects of cut-out configurations on the buckling behavior of C-sectional 

channels. Among these cases, the ratio of 1.3 stood out due to its larger cut-out diameter, 
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which resulted in a lower buckling load and reduced structural stability. However, it's 

essential to consider that this scenario also had a lower channel weight, indicating a 

trade-off between weight and buckling load capacity. Conversely, cases with smaller 

cut-out diameters exhibited increased buckling loads, implying that channels with 

higher weights can sustain greater loads without buckling when cut-outs are absent. 

Furthermore, the study compared three different cut-out shapes, with the circular cut-

out demonstrating superior strength compared to the other two shapes. The circular cut-

out's advantage arises from its lack of sharp edges, enabling a more even distribution of 

stress and enhancing overall structural integrity. In contrast, the square cut-out, 

characterized by 90-degree angles, is more susceptible to immediate structural failure 

due to stress concentration at these sharp corners. 

These findings are vital for structural design optimization, as they highlight the 

impact of cut-out diameter and shape on buckling behavior and channel weight. 

Engineers can use this knowledge to select appropriate configurations based on specific 

application requirements. By considering the trade-offs between weight, buckling load, 

and structural stability, they can make informed decisions to create safer and more 

efficient C-sectional channel designs. Moreover, understanding the influence of cut-out 

shape helps prevent the presence of stress concentration points that could compromise 

the structural integrity of the beam, ensuring long-term reliability and safety in real-

world engineering applications. 
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(a) 

 
 (b) 

 
(c) 

Figure 4.4 Total deformation (Eigenvalue buckling) under mechanical load for 

hexagon cut-outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 



 

104 

 
(a) 

 
 (b) 

 
(c) 

Figure 4.5 Total deformation (Eigenvalue buckling) under thermal load for hexagon 

cut-outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 

 

The obtained results from the study reveal interesting findings regarding the buckling 

behavior of thin-wall structures with and without perforations. In all the models 

analyzed, the flanges displayed a half-wave deformation along the longitudinal axes, 
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attributed to the compressive stresses experienced during the loading process. This 

phenomenon was consistent across the reference model (without any holes) and the 

perforated models. The reference model, lacking any perforations, exhibited clear local 

buckling along the web. On the other hand, in the perforated models, buckling was not 

only observed along the web but also near the edges of the holes. This suggests that the 

presence of perforations influences the buckling behavior, leading to localized buckling 

phenomena near the hole boundaries. 

Interestingly, despite the introduction of perforations and variations in their 

shapes for quasi-isotropic materials, a consistent pattern of half-wave deformation was 

observed in all models. This implies that the laminate configuration plays a significant 

role in determining the critical buckling load and the buckling shape of the thin-wall 

structure. Different laminate configurations can result in diverse buckling behaviors, 

influencing the structural stability of the thin-wall structure. Furthermore, it was noted 

that the first mode of buckling observed in all models was Euler buckling, affecting 

both the web and flanges of the thin-wall structure. Euler buckling refers to the sudden 

buckling failure of slender columns under axial compression, and its presence in all 

models highlights its dominance in the structural response of the thin-wall beams. 

The study demonstrates that the buckling behavior of thin-wall structures is 

influenced by the presence of perforations and the laminate configuration. The half-

wave deformation pattern along the flanges and the occurrence of localized buckling 

near hole edges in perforated models suggest that aperture placement can significantly 

affect structural stability. Moreover, the consistent occurrence of Euler buckling across 

all models underscores its importance in predicting buckling failures in thin-wall 

structures. These findings have implications for design optimization and provide 
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valuable insights for engineering applications where thin-wall structures with apertures 

are commonly used. 

 
(a) 

 
 (b) 

 
(c) 

Figure 4.6 Total deformation (Eigenvalue buckling) under mechanical load for square 

cut-outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 
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(a) 

 
 (b) 

 
(c) 

Figure 4.7 Total deformation (Eigenvalue buckling) under thermal load for square cut-

outs (a) W/Wo= 1.5, (b) W/Wo= 1.6, (c) W/Wo= 1.7 
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4.2.4 Parametric Study on Critical Buckling Load 

4.2.4.1 Quasi-isentropic 

Figure 4.8 shows the impact of different cut-out shapes with various laminates is shown, 

while maintaining a constant spacing and opening ratio. The introduction of cut-outs 

leads to a decrease in the buckling load. Among the cut-out shapes, the circular cut-out 

exhibits the highest critical buckling load, while the square cut-out has the lowest 

buckling load capacity. The reduction in load is particularly noticeable with the 

introduction of holes, which can be attributed to a greater removal of area on the web 

of the thin wall. The circular shape results in the least amount of area removed, 

contributing to its higher critical buckling load capacity. Conversely, the square cut-out 

shape demonstrates the lowest buckling load under mechanical or thermal loads. 

Figure 4.9 shows the relationship between the ratio of the opening and the 

buckling load. As the ratio of the opening decreases, it implies that the size of the holes 

in the thin-wall GFRP composite member increases. This trend aligns with the 

observation made in the previous paragraph, which stated that the introduction of 

greater perforation onto the web of the structure led to a decrease in the buckling load. 
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 (b) Thermal 

Figure 4.8. Influence of different hole shapes on the critical buckling load of quasi-

isotropic laminates 

In simpler terms, when the ratio of the opening decreases and the holes become larger, 

it has a negative effect on the buckling load capacity of the thin-wall GFRP composite 

member. The reduction in the buckling load occurs because larger holes remove more 

material from the web, weakening the overall structure's ability to withstand mechanical 

or thermal loads. Therefore, the finding in Figure 4.9 highlights the importance of 

considering the size of the openings and their impact on the structural behavior of thin-

wall composite members. 

In all cases studied, the mechanical load resulted in the highest buckling load 

values, while the thermal load exhibited the lowest range of buckling load. However, 

Figure 4.9(a) reveals that the critical buckling load remains relatively constant. Under 

thermal load conditions which is shown in Figure 4.9 (b), the spacing ratio of 1.5 

demonstrates higher buckling values. This occurs when the diameter is in a low range, 

while the body of the structure contains a high proportion of solid regions. 
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(a) Mechanical 

 
 (b) Thermal 

Figure 4.9 Influence of different spacing ratio on the critical buckling load of quasi-

isotropic laminates 

Finally, Figure 4.10 displays graphs that indicate a relatively insignificant decrease in 

trend as the opening ratio decreases. When the opening ratio remains constant, it can be 

inferred that the distance between the centers of two holes decreases as the ratio 

decreases. Considering all the figures mentioned in this section, it can be concluded 

that, across all laminates, the combination of a circular shape, an opening ratio of 1.7, 

and a spacing ratio of 1.5 exhibits the highest critical buckling load. This phenomenon 
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holds true for both mechanical and thermal loads. When the distance within the structure 

is large, the buckling load is found to be higher. Conversely, when the distance is 

reduced, the buckling load decreases. However, the combined effect of these parameters 

will be further discussed in subsequent sections. 

  
(a) Mechanical 

 
(b) Thermal 

Figure 4.10 Influence of different opening ratio on the critical buckling load of quasi-

isotropic laminates 
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4.2.4.2 Angle-ply 

Figure 4.11 presents the impact of different cut-out shapes combined with various 

laminates, which is comparable to Figure 4.8. With the introduction of cut-outs, there 

is a noticeable decrease in the buckling load. Among the various cut-out shapes 

examined, the circular cut-out exhibits the highest critical buckling load, while the 

square cut-out displays the lowest load capacity in terms of buckling. The reduction in 

load capacity is particularly evident when holes are introduced. This is attributed to a 

greater removal of area from the web of the thin wall, with the circular shape resulting 

in the least amount of area being removed. Additionally, when subjected to mechanical 

or thermal loads, the square cut-out shape demonstrates the lowest buckling load. 
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(b) Thermal 

Figure 4.11 Influence of different hole shapes on the critical buckling load of angle-

ply laminates 

Figure 4.12 demonstrates a similar trend in the angle ply model as observed in the quasi-

isotropic model results. Specifically, a declining trend is observed as the ratio of the 

opening decreases, indicating that larger holes are associated with smaller ratios. This 

finding aligns with the earlier observation that greater perforation on the web of the thin 

wall GFRP composite member leads to a decrease in the buckling load. 

In all the cases examined, the mechanical load consistently resulted in the 

highest buckling load values, while the thermal load exhibited the lowest range of 

buckling load. However, Figure 4.12(a) indicates that the critical buckling load remains 

relatively constant across different ratios. Under thermal load conditions, as depicted in 

Figure 4.12(b), the spacing ratio of 1.5 demonstrates higher buckling values. This 

occurs when the diameter is in a low range, while the body of the structure contains a 

high proportion of solid regions. 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.12 Influence of different spacing ratio on the critical buckling load of angle-

ply laminates 

Figure 4.13 presents graphs showing a relatively minor decline as the opening ratio 

decreases. This suggests that as the ratio decreases, the distance between the centers of 

two holes also decreases. Based on the analysis of all the figures discussed in this 

section, it can be concluded that, regardless of the laminate used, the configuration with 

a circular shape, an opening ratio of 1.7, and a spacing ratio of 1.5 exhibits the highest 
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critical buckling load. This observation holds true for both mechanical and thermal 

loads. Furthermore, it is noted that a larger distance within the structure corresponds to 

a higher buckling load, while reducing the distance leads to a decrease in buckling load. 

However, the combined effect of these parameters will be further explored in 

subsequent sections. 

 
(a) Mechanical 

 
(b) Thermal 

Figure 4.13 Influence of different opening ratio on the critical buckling load of angle-

ply laminates 
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4.2.4.3 Cross-ply 

The results presented in Figure 4.14 depict the behavior of a cross-ply fiber orientation 

in terms of shape. Overall, the trends observed in this model are like the previously 

discussed models, with variations in the numerical values of the critical buckling load. 

The maximum critical buckling load reaches approximately 10,000 N when there is no 

hole in the channel, while the structures have a circular hole the values suddenly 

decrease to 4200 which shows a good variation compared to the previous two models. 

On the other hand, the lowest point is found to be around 3,900 N, as shown in Figure 

4.14(a). Similarly, the results for thermal buckling load in this model resemble the 

findings from the previous models, as indicated in Figure 4.14(b).  
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(b) Thermal 

Figure 4.14 Influence of different hole shape on the critical buckling load of cross-ply 

laminates 

The impact of the spacing ratio in the cross-model reveals similarities among all the 

models examined in this study. When considering the square shape, the minimum 

critical buckling load value of approximately 3,950 N is observed with a spacing ratio 

of 1.3. However, with a spacing ratio of 1.5, the critical buckling load increases to 

around 4,050 N. This indicates that an increase in the spacing ratio leads to an increment 

in the critical buckling load under both mechanical and thermal loads which is 

illustrated in Figure 4.15. 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.15 Influence of different spacing ratio on the critical buckling load of cross-

ply laminates 

The results shown in Figure 4.16 are similar approximately like the results of Figure 

4.10 and 4.13. 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.16 Influence of different opening ratio on the critical buckling load of cross-

ply laminates 

4.2.4.4 Balanced 

The results of the balanced model in this study exhibit similarities with the outcomes of 

other models such as the quasi-isentropic, angle-ply, and cross-ply models. The effects 

of different parameters, including shape, spacing ratio, and opening ratio, were 

investigated in Figures 4.17, 4.18, and 4.19, respectively, and the behavior of the 
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balanced model was consistent with the trends observed in previous models. In terms 

of the effect of shape, the critical buckling load under both mechanical and thermal 

loads was found to be like previous studies. This indicates that the shape of the apertures 

has a limited impact on the buckling behavior, and the overall trends observed in the 

balanced model align with previous models. 

For the effect of spacing ratio, the critical buckling load in the balanced model 

was notably higher than in the previous case, exceeding 8000 N. This indicates that the 

load-carrying capacity of the balanced model is significantly stronger, making it capable 

of efficiently supporting thin-walled structures. Under thermal load conditions, the T-

critical values were in the range of 160 to 175, which is similar to the observations for 

the spacing ratio. Finally, the results of the opening ratio in the balanced model also 

demonstrated higher critical buckling loads under both mechanical and thermal loads. 

This further supports the idea that the balanced model, along with its specific 

orientations, exhibits superior strength-to-weight ratios, making it a valuable option for 

designing structures in engineering applications. 

Overall, the balanced model shows promising characteristics, offering high 

strength with low weight. Its critical buckling loads are comparable to or even exceed 

those of other established models. This suggests that the balanced model can serve as a 

reliable and efficient option for designing thin-walled structures, especially when 

considering the performance under both mechanical and thermal loading conditions. 

Engineers and designers can leverage these findings to optimize thin-walled structures 

with apertures, enhancing their load-carrying capacity and structural integrity for 

various engineering applications. 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.17 Influence of different hole shape on the critical buckling load of balanced 

laminates 
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(b) Mechanical 

 
(b) Thermal 

Figure 4.18 Influence of different spacing ratio on the critical buckling load of 

balanced laminates 
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(a) Mechanical 

 
(b) Thermal 

Figure 4.19 Influence of different opening ratio on the critical buckling load of 

balanced laminates 

4.3 MACHINE LEARNING MODELS EVALUATION AND RESULTS 

4.3.1 Linear Regression Model Evaluation 

In the model training and evaluation stage, a linear regression model is employed to 

analyze the dataset (Figure 4.20 (a) and 4.20(b)). The following steps are taken: Firstly, 
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the Linear Regression class from the sklearn.linear_model module is utilized to fit a 

Linear Regression model on the training set. This involves training the model using the 

scaled training features (X_train_scaled) and corresponding labels (y_train). Next, 

predictions are generated on the test set by applying the trained model to the scaled test 

features (X_test_scaled). The `predict()` method is employed to obtain these predicted 

labels. 

The evaluation of the Linear Regression model's performance involves 

calculating several metrics to assess its accuracy. These metrics include the mean 

squared error (MSE), root mean squared error (RMSE), and R-squared (R2) values, 

which are essential for gauging the model's predictive capabilities. The calculations are 

performed using functions from the sklearn.metrics module, ensuring accuracy and 

consistency in the evaluation process. 

To calculate MSE, the mean_squared_error() function from the sklearn.metrics 

module is employed. This metric evaluates the average squared variance between 

predicted values and actual labels. A lower MSE signifies a more precise model, 

indicating closer predictions of true values. Additionally, the goodness of fit of the 

model is evaluated using the R-squared value, which is derived from the R2_score() 

function. R2 quantifies the proportion of predictable variance in the dependent variable 

stemming from the independent variables. A value closer to 1 signifies a stronger 

model-data fit.  

After computing the MSE, RMSE, and R2 values, they are printed for easy 

interpretation and comparison. These metrics provide a quantitative assessment of the 

model's performance and allow researchers and practitioners to determine its accuracy 

and reliability in predicting critical buckling loads. Moreover, a scatter plot is created 

using the matplotlib.pyplot module, visually displaying the predicted labels against the 
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actual labels. This plot enables a direct comparison between the model's predictions and 

the true values. A well-fitted model will exhibit data points closely clustered around a 

diagonal line, representing a strong correlation between predicted and actual values. By 

following these evaluation steps, the Linear Regression model's effectiveness in 

predicting critical buckling loads can be thoroughly analyzed.  

The combination of quantitative metrics and visual representation provides a 

comprehensive understanding of the model's performance. Engineers and researchers 

can use this analysis to make informed decisions about the model's reliability and 

suitability for predicting critical buckling loads in different scenarios based on the given 

dataset. It also allows for fine-tuning the model and exploring ways to improve its 

predictive capabilities, contributing to more accurate and efficient engineering analyses. 

 
(a) Mechanical Load 

 

(b) Thermal Load 

Figure 4.20 Analysis of linear regression model 
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4.3.2 Lasso Regression Model Evaluation 

In the next stage of model training and evaluation, a lasso regression model is employed 

(Figure 4.21(a) and (b)). The process involves the following steps: Firstly, the Lasso 

class from the sklearn.linear_model module is used to fit the Lasso Regression model 

on the training set. The training features (X_train) and corresponding labels (y_train) 

are used for model training. Next, predictions are generated on the test set by applying 

the trained Lasso Regression model to the test features (X_test). The `predict()` method 

is utilized to obtain these predicted labels. 

The assessment of the Lasso Regression model encompasses the computation 

and analysis of various metrics to gauge its effectiveness in predicting the critical 

buckling load. Essential metrics including MSE, RMSE, and R2 values are employed to 

offer insights into the model's performance. MSE measures the average squared 

difference between predicted and actual values, with a lower value signifying greater 

accuracy. RMSE, the square root of MSE, quantifies error in the same units as the target 

variable. R2 is a pivotal metric that elucidates the proportion of dependent variable 

variance accounted for by independent variables, depicting the model's fit to the data, 

ranging from 0 to 1. Higher R2 values denote a superior model fit and a greater capacity 

to explain critical buckling load variability. 

After calculating the MSE, RMSE, and R2 values, they are printed to allow for 

a quantitative assessment of the Lasso Regression model's performance. These metrics 

help researchers and practitioners understand how well the model performs in predicting 

the critical buckling load based on the given dataset. Furthermore, a scatter plot is 

created to visually compare the predicted labels against the actual labels. This graphical 

representation provides a clear visualization of the relationship between the predicted 

and actual values. A well-performing model will exhibit data points closely clustered 
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around a diagonal line, indicating a strong correlation between the predicted and actual 

values. By following these evaluation steps, a comprehensive analysis of the Lasso 

Regression model's accuracy in predicting the critical buckling load can be conducted. 

Engineers and researchers can use this information to assess the model's reliability and 

suitability for predicting critical buckling loads in different scenarios based on the given 

dataset. This evaluation process also facilitates model optimization and allows for 

improvements to enhance its predictive capabilities, contributing to more accurate and 

efficient engineering analyses. 

   
(a) Mechanical Load 

 
(a) Thermal Load 

Figure 4.21 Analysis of lasso regression model 

4.3.3 Decision Tree Regression Model Evaluation 

In the model training and evaluation process, a decision tree regression model is utilized 

(Figure 4.22.a & 4.22.b). Here are the steps involved: Firstly, the decision tree regressor 
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class from the sklearn.tree module is employed to fit the Decision Tree Regression 

model on the training set. The training features (X_train) and corresponding labels 

(y_train) are used to train the model. Next, predictions are generated on the test set by 

applying the trained Decision Tree Regression model to the test features (X_test). The 

`predict()` method is used to obtain these predicted labels. 

To evaluate the performance of the Decision Tree Regression model, several 

metrics are computed to gauge its accuracy in predicting the critical buckling load. Key 

metrics, such as MSE, RMSE, and R2 values, are employed to provide valuable insights 

into the model's fit. MSE quantifies the average squared disparity between predicted 

values and actual labels, with lower values indicating heightened accuracy. RMSE, 

derived as the square root of MSE, offers error measurement in the same units as the 

target variable, enhancing interpretability. R2, a pivotal metric, evaluates the proportion 

of critical buckling load variance elucidated by independent variables, with values 

nearer to 1 signifying superior model-data fit, indicating a greater capacity to clarify 

critical buckling load variability. 

Once the MSE, RMSE, and R2 values are calculated, they are printed to enable 

a quantitative assessment of the Decision Tree Regression model's performance. These 

metrics provide researchers and practitioners with valuable information on how well the 

model performs in predicting the critical buckling load based on the given dataset. In 

addition to quantitative evaluation, a scatter plot is created to visually compare the 

predicted labels against the actual labels. This graphical representation allows for a clear 

visualization of the relationship between the predicted and actual values. A well-

performing Decision Tree Regression model will exhibit data points closely clustered 

around a diagonal line, indicating a strong correlation between the predicted and actual 

values. 
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By following these evaluation steps, a comprehensive analysis of the Decision 

Tree Regression model's accuracy in predicting the critical buckling load can be 

conducted. Engineers and researchers can use this information to assess the model's 

reliability and suitability for predicting critical buckling loads in different scenarios 

based on the given dataset. The combination of quantitative metrics and visual 

examination provides a robust understanding of the model's effectiveness, facilitating 

model optimization and improvements to enhance its predictive capabilities. 

Ultimately, this evaluation process contributes to more accurate and efficient 

engineering analyses involving the prediction of critical buckling loads. 

    
(a) Mechanical Load 

    
(b) Thermal Load 

Figure 4.22 Analysis of decision tree regression model 
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4.3.4 Random Forest Regression Model 

In the model training and evaluation process, a random forest regression model is 

utilized (Figure 4.23 (a) and (b)). The following steps are taken: Firstly, the Random 

Forest Regressor class from the sklearn.ensemble module is used to fit the Random 

Forest Regression model on the training set. The training features (X_train) and 

corresponding labels (y_train) are used for training the model. Next, predictions are 

made on the test set by applying the trained Random Forest Regression model to the 

test features (X_test). The `predict()` method is employed to obtain these predicted 

labels. 

The evaluation of the Random Forest Regression model's effectiveness involves 

the computation of diverse metrics aimed at assessing its accuracy in predicting the 

critical buckling load. Key metrics, including MSE, RMSE, and R2 values, provide 

valuable insights into the model's fit. MSE calculates the average squared deviation 

between predicted and actual labels, with lower values indicating greater precision. 

RMSE, obtained as the square root of MSE, delivers an error metric in the same units 

as the target variable, enhancing interpretability. R2, a pivotal metric, evaluates the 

proportion of critical buckling load variance elucidated by independent variables, with 

values nearing 1 denoting a superior model-data alignment, signifying a heightened 

capacity to expound critical buckling load variability. This comprehensive assessment 

framework facilitates a thorough understanding of the Random Forest Regression 

model's performance in the context of predicting critical buckling load. 

Once the MSE, RMSE, and R2 values are calculated, they are printed to enable 

a quantitative assessment of the Random Forest Regression model's performance. These 

metrics provide researchers and practitioners with valuable information on how well the 

model performs in predicting the critical buckling load based on the given dataset. In 
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addition to quantitative evaluation, a scatter plot is created to visually compare the 

predicted labels against the actual labels. This graphical representation allows for a clear 

visualization of the relationship between the predicted and actual values. A well-

performing Random Forest Regression model will exhibit data points closely clustered 

around a diagonal line, indicating a strong correlation between the predicted and actual 

values. 

By following these evaluation steps, a comprehensive analysis of the Random 

Forest Regression model's accuracy in predicting the critical buckling load can be 

conducted. Engineers and researchers can use this information to assess the model's 

reliability and suitability for predicting critical buckling loads in different scenarios 

based on the given dataset. The combination of quantitative metrics and visual 

examination provides a robust understanding of the model's effectiveness, facilitating 

model optimization and improvements to enhance its predictive capabilities. 

Ultimately, this evaluation process contributes to more accurate and efficient 

engineering analyses involving the prediction of critical buckling loads. 

    
(a) Mechanical Load 
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(b) Thermal Load 

Figure 4.23 Analysis of random forest regression model  

4.3.5 Gradient Boosting Regression Model 

In the model training and evaluation process, a Gradient Boosting Regression model is 

employed (Figure 4.24(a) and (b)). The following steps are involved: Firstly, the 

Gradient Boosting Regressor class from the sklearn.ensemble module is utilized to fit 

the Gradient Boosting Regression model on the training set. The training features 

(X_train) and corresponding labels (y_train) are used for training the model. Next, 

predictions are made on the test set by applying the trained Gradient Boosting 

Regression model to the test features (X_test). The `predict()` method is utilized to 

obtain these predicted labels. 

The evaluation of the Gradient Boosting Regression model's performance 

entails the computation of diverse metrics to gauge its accuracy in predicting the critical 

buckling load. These pivotal metrics encompass MSE, RMSE, and R2 values, 

collectively offering valuable insights into the model's goodness of fit. MSE, the 

cornerstone of assessment, quantifies the average squared deviation between predicted 

and actual labels. Lower MSE values are indicative of a more precise model, signifying 

that its predictions closely align with actual values. RMSE, derived from the square root 

of MSE, presents an error metric in the same units as the target variable, enhancing 

interpretability. Furthermore, R2 serves as a critical metric, evaluating the proportion of 
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variance in the dependent variable (critical buckling load) that can be elucidated by the 

independent variables within the model. An R2 value approaching 1 signifies a superior 

model-data fit, implying an enhanced capacity to elucidate the variability observed in 

the critical buckling load. This comprehensive assessment framework enables a 

thorough comprehension of the Gradient Boosting Regression model's performance 

regarding critical buckling load prediction. 

Once the MSE, RMSE, and R2 values are calculated, they are printed to enable 

a quantitative assessment of the Gradient Boosting Regression model's performance. 

These metrics provide researchers and practitioners with valuable information on how 

well the model performs in predicting the critical buckling load based on the given 

dataset. In addition to quantitative evaluation, a scatter plot is created to visually 

compare the predicted labels against the actual labels. This graphical representation 

allows for a clear visualization of the relationship between the predicted and actual 

values. A well-performing Gradient Boosting Regression model will exhibit data points 

closely clustered around a diagonal line, indicating a strong correlation between the 

predicted and actual values. 

By following these evaluation steps, a comprehensive analysis of the Gradient 

Boosting Regression model's accuracy in predicting the critical buckling load can be 

conducted. Engineers and researchers can use this information to assess the model's 

reliability and suitability for predicting critical buckling loads in different scenarios 

based on the given dataset. The combination of quantitative metrics and visual 

examination provides a robust understanding of the model's effectiveness, facilitating 

model optimization and improvements to enhance its predictive capabilities. 

Ultimately, this evaluation process contributes to more accurate and efficient 

engineering analyses involving the prediction of critical buckling loads. 
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(a) Mechanical Load 

   
(b) Thermal Load 

Figure 4.24 Analysis of gradient boosting regression model  

Through the assessment of various ML algorithms, encompassing Linear Regression, 

Lasso Regression, Decision Tree Regression, and Random Forest Regression, their 

respective performances in predicting the critical buckling load of thin-walled structures 

were evaluated. This evaluation relied on essential metrics, including MSE, RMSE, and 

R2 values. Additionally, visual comparisons were facilitated through scatter plots. In 

comparison to finite element analysis, it was discerned that all ML algorithms yielded 

reasonably precise predictions of the critical buckling load. The models consistently 

exhibited low MSE and RMSE values, underscoring the proximity of predictions to the 

actual critical buckling loads. Additionally, high R2 values were obtained, suggesting 

that a significant proportion of the variance in the critical buckling loads could be 

explained by the models. These results are promising as they align well with the 
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outcomes of the finite element analysis, indicating that the chosen ML algorithms can 

effectively capture the complex behavior of thin-walled structures under different 

loading conditions. 

The advantage of using ML algorithms, such as Random Forest Regression and 

Gradient Boosting Regression, lies in their ability to handle non-linear relationships and 

capture intricate interactions among variables. As thin-walled structures often exhibit 

complex behavior due to geometric configurations and material properties, these 

algorithms can offer more accurate predictions than traditional linear regression 

approaches. 

The application of ML algorithms to predict critical buckling loads in thin-

walled structures can significantly benefit engineering applications. Firstly, these 

algorithms can save computational time and resources compared to finite element 

analysis, as they provide rapid predictions once trained. Finite element analysis involves 

solving complex differential equations, which can be time-consuming and 

computationally expensive for large-scale models. ML algorithms, once trained on 

suitable datasets, can quickly predict critical buckling loads for various design 

configurations, allowing engineers to explore a wide range of possibilities efficiently. 

Moreover, ML algorithms can help in the optimization of thin-walled structures. 

Engineers can use these algorithms to identify the key design parameters and their 

effects on the critical buckling load. By conducting sensitivity analyses, they can 

determine the most influential factors and optimize the structural design to enhance the 

load-carrying capacity while minimizing weight. Furthermore, ML algorithms can 

assist in the early-stage design process, where only limited data or preliminary designs 

are available. Engineers can use existing data and ML models to make informed 

decisions and guide the initial design iterations. As more data becomes available from 
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physical testing or simulations, the ML models can be continuously refined and 

improved.  

The successful application of various ML algorithms in predicting the critical 

buckling load of thin-walled structures demonstrates their effectiveness and potential in 

engineering applications. By providing accurate and efficient predictions, ML 

algorithms can significantly aid in the design optimization and decision-making 

process, leading to safer, more reliable, and cost-effective thin-walled structures in 

various engineering fields. 

4.3.6 Hyperparameter Tuning (Grid Search) 

In the hyperparameter tuning stage, a grid search is performed on the Gradient Boosting 

Regression model using the GridSearchCV class. Here is a breakdown of the steps 

involved: Firstly, a parameter grid is defined, specifying different combinations of 

hyperparameters. In this case, the hyperparameters being tuned are the learning rate and 

the number of estimators. Next, an instance of the GridSearchCV class is created from 

the sklearn.model_selection module. The Gradient Boosting Regression model and the 

parameter grid are passed as arguments to the GridSearchCV constructor. 

Grid search is then executed by calling the `fit()` method on the GridSearchCV 

object, providing the training data (X_train and y_train). This step performs an 

exhaustive search over the hyperparameter grid, evaluating each combination and 

selecting the best one based on the specified scoring metric. The best combination of 

hyperparameters is obtained using the `best_params_` attribute of the GridSearchCV 

object. This provides the optimal values for the learning rate and the number of 

estimators. Next, the model is retrained using the best hyperparameters obtained from 

the grid search. This ensures that the model is trained with the optimal settings. 
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Predictions are made on the test set (X_test) using the ̀ predict()` method of the retrained 

model. 

These above all evaluated metrics provide insights into the accuracy and 

goodness of fit of the tuned model. Additionally, a scatter plot is created to visually 

compare the predicted labels against the actual labels, allowing for a graphical 

assessment of the model's performance. By following these steps, the GridSearchCV 

enables the systematic exploration of different hyperparameter combinations for the 

Gradient Boosting Regression model. The best hyperparameters are identified, and the 

model is retrained and evaluated, resulting in improved predictions for the critical 

buckling load based on the given dataset. 

4.4 MACHINE LEARNING RESULTS MATRIX 

The results obtained from each step of the methodology may vary depending on the 

dataset and specific hyperparameters used. Detailed results for each model can be 

provided based on the specific dataset and implementation. Where, MSE, RMSE, and 

R2 are commonly used performance metrics in regression tasks. Here's an explanation 

of each metric: 

1. Mean Squared Error (MSE) is measuring the average squared difference 

between the predicted and actual values. It calculates the average of the squared 

residuals, where the residual is the difference between the predicted and actual 

values. The MSE gives higher weight to larger errors. 

 

   𝑀𝑆𝐸 =  (1/𝑛)  ∗  𝛴(𝑦_𝑝𝑟𝑒𝑑 −  𝑦_𝑎𝑐𝑡𝑢𝑎𝑙)^2   (4.1) 

A lower MSE value indicates better model performance, with a value of 0 indicating a 

perfect fit (where predicted values perfectly match actual values). 
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2. The Root Mean Squared Error (RMSE) serves as the square root of the MSE 

and is commonly utilized to gauge the error in units akin to the target variable. 

It offers an assessment of the typical magnitude of the residuals, rendering it 

more straightforward to interpret than the MSE. 

   𝑅𝑀𝑆𝐸 =  𝑠𝑞𝑟𝑡(𝑀𝑆𝐸)    (4.2) 

Like MSE, a lower RMSE value signifies better model performance, with a value of 0 

indicating a perfect fit. 

3. R2, also referred to as the coefficient of determination, reflects the fraction of 

the target variable's variance that can be foreseen from the model's independent 

variables. It serves as an indicator of the model's goodness of fit and its capacity 

to elucidate the variations in the target variable. 

 

𝑅2  =  1 − (𝑀𝑆𝐸_𝑎𝑐𝑡𝑢𝑎𝑙 / 𝑀𝑆𝐸_𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒)   (4.3) 

R2 ranges from 0 to 1, where 0 indicates that the model does not explain any variation 

in the target variable, and 1 indicates a perfect fit. A higher R2 value suggests better 

model performance, but it should be interpreted in the context of the specific problem 

and data. While MSE and RMSE measure the magnitude of the prediction errors, R2 

provides an indication of the proportion of variance explained by the model. These 

metrics should be considered together to assess the overall performance and fit of the 

regression model. 

Table 4.4 presents the evaluation results of different ML algorithms for 

predicting the critical buckling load of thin-walled structures under mechanical load. 

The following metrics were calculated for each model: MSE, RMSE, and R2 value. Both 

Linear Regression and Lasso Regression models have relatively high MSE and RMSE 
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values and negative R2 values. This suggests that these models do not perform well in 

predicting the critical buckling load, as the predicted values are far from the actual 

values. The negative R2 values indicate that these models do not explain much of the 

variance in the critical buckling load. The Decision Tree Regression model shows 

significantly lower MSE and RMSE values compared to the linear-based models, 

indicating better accuracy in predicting the critical buckling load. The high R2 value of 

0.996 suggests that this model explains a substantial portion of the variance in the 

critical buckling load. The Random Forest Regression model performs slightly worse 

than the Decision Tree model, with slightly higher MSE and RMSE values. 

Nevertheless, it still demonstrates good accuracy with an R2 value of 0.9951. The 

Gradient Boosting Regression model outperforms all other models in terms of accuracy. 

It exhibits the lowest MSE and RMSE values and the highest R2 value of 0.9978, 

indicating an excellent fit to the data and accurate predictions of the critical buckling 

load. 

In summary, the Gradient Boosting Regression model is the most accurate 

among the evaluated models, providing the most reliable predictions for the critical 

buckling load of thin-walled structures. This model's performance is significantly better 

than the linear-based models (Linear Regression and Lasso Regression) and comparable 

to the Decision Tree and Random Forest models, but with even higher accuracy and 

goodness of fit. The Gradient Boosting Regression model is, therefore, the preferred 

choice for predicting the critical buckling load in engineering applications, as it offers 

high accuracy and efficiency in handling complex relationships between variables. 
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Table 4.4 Evaluation matrix for mechanical load 

Sl. No. Model MSE RMSE R2 

01 Linear Regression 3330969.06 1825.09 -0.16 

02 Lasso Regression 3295965.72 1815.48 -0.15 

03 Decision Tree 11093.85 105.33 0.996 

04 Random Forest 13016.04 114.09 0.9951 

05 Gradient Boosting 6115.63 78.20 0.9978 

 

Table 4.5 presents the evaluation results of different ML algorithms for predicting the 

critical buckling load of thin-walled structures under thermal load. The following 

metrics were calculated for each model: MSE, RMSE, and R2 value. Both Linear 

Regression and Lasso Regression models have moderate MSE and RMSE values, 

indicating a reasonable level of accuracy in predicting the critical buckling load under 

thermal load. The R2 values of 0.7163 and 0.7226 suggest that these models explain a 

significant proportion of the variance in the critical buckling load under thermal 

conditions. The Decision Tree Regression model outperforms the linear-based models, 

with significantly lower MSE and RMSE values. The high R2 value of 0.9911 indicates 

that this model explains most of the variance in the critical buckling load under thermal 

load, making it an excellent fit to the data. The Random Forest Regression model 

performs slightly worse than the Decision Tree model but still exhibits good accuracy. 

The MSE and RMSE values are higher than those of the Decision Tree model, but the 

R2 value of 0.9854 shows that this model still explains a substantial portion of the 

variance in the critical buckling load under thermal conditions. The Gradient Boosting 

Regression model is the most accurate among all the evaluated models. It shows the 

lowest MSE and RMSE values and the highest R2 value of 0.9940, indicating a superior 

fit to the data and highly accurate predictions of the critical buckling load under thermal 

load. 
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In summary, the Gradient Boosting Regression model is the most accurate and 

reliable among the evaluated models for predicting the critical buckling load under 

thermal load conditions. It outperforms the linear-based models (Linear Regression and 

Lasso Regression) and offers slightly better accuracy than the Decision Tree and 

Random Forest models. The Gradient Boosting Regression model is, therefore, the 

preferred choice for predicting the critical buckling load in engineering applications 

under thermal load, as it provides highly accurate and efficient predictions in handling 

the complexities of thermal loading conditions. 

Table 4.5 Evaluation matrix for thermal load 

Sl. No. Model MSE RMSE R2 

01 Linear Regression 1127.64 33.5804 0.7163 

02 Lasso Regression 1104.25 33.2303 0.7226 

03 Decision Tree 35.0631 5.9214 0.9911 

04 Random Forest 57.7908 7.6020 0.9854 

05 Gradient Boosting 23.7657 4.8750 0.9940 

4.5 CHAPTER SUMMARY 

In this chapter, we present a detailed overview of the results obtained from our current 

work. Our investigation involved conducting finite element (FE) analyses to explore the 

impacts of different parameters on thin-walled composite structures. These parameters 

included the shape of cutouts, spacing ratio, opening ratio, and fiber orientation. The 

FE model provided valuable data that we then utilized for machine learning purposes. 

The objective of applying machine learning was to predict the optimal model 

for enhancing the design of thin-walled composite structures. By leveraging the data 

from the FE model, we employed various machine learning algorithms to develop 

predictive models. These models aimed to optimize critical design factors and improve 

the structural performance of thin-walled composite structures. Through the 
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combination of finite element analysis and machine learning, our study sought to 

provide valuable insights into the behavior of these structures under different 

conditions. The comprehensive results obtained from both analyses offered crucial 

information for engineers and designers to make informed decisions in the design and 

optimization of thin-walled composite structures. This holistic approach is expected to 

enhance the efficiency, reliability, and cost-effectiveness of engineering applications 

involving thin-walled composite structures in various industries. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.1 CONCLUSION 

In this research, conducted a comparative analysis of the buckling behaviour of a thin-

walled C-section channel subjected to mechanical and thermal loads, considering cases 

both with and without holes. The investigation involved utilizing the FEM to model the 

structure and simulate the results. Successfully examined the critical buckling load 

factor and mode shapes for each case. 

The findings of this study revealed that the presence of holes has a significant 

impact on the buckling behaviour of the structure. Notably, the mode shapes of the 

structure varied between the cases, indicating different buckling behaviours under 

mechanical and thermal loads. Moreover, the critical buckling load factor was found to 

be remarkably lower for the C-section channel with holes compared to the one without 

holes, indicating a higher susceptibility to buckling in the former case. These results 

emphasize the crucial importance of considering the presence of holes when designing 

and optimizing C-section channels. The presence of holes alters the structural behaviour 

and reduces the buckling load capacity, leading to potential buckling risks. Therefore, 

engineers and designers should carefully account for the influence of holes in their 

design choices and structural optimization strategies for thin-walled C-section channels. 

Also, conducted parametric studies to comprehensively investigate the impact 

of various factors on the buckling behaviour of the thin-walled C-section channel. These 

factors included hole shapes, sizes, positions, and materials composition. By 

systematically varying these parameters, we gained valuable insights into how different 
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configurations of holes influence the mode shapes and critical buckling load factors of 

the structure. 

The stacking sequence, ply orientation angle, spacing ratio, opening ratio, and 

shape of the hole collectively influence buckling strength and deformation stresses in 

composite laminates by affecting the distribution of internal stresses and strains, leading 

to variations in structural stability and response to mechanical and thermal loading. 

Through the parametric studies, we were able to understand the specific effects of each 

factor on the structural behaviour under both mechanical and thermal loads. This 

knowledge provided essential guidance for engineering decisions, enabling designers to 

make informed choices when designing thin-walled C-section channels. Moreover, the 

results of the parametric studies played a vital role in optimizing the design of thin-

walled C-section channels for enhanced performance and safety in real-world 

applications. By understanding the influence of different hole configurations, engineers 

can tailor the design to improve the structural integrity and buckling resistance of the 

channels, ensuring they can withstand mechanical and thermal loads without 

compromising safety. The parametric studies conducted in this research offer valuable 

information that enriches our understanding of the behaviour of thin-walled C-section 

channels with holes. This knowledge empowers engineers to design more robust and 

efficient structures, facilitating their application in various engineering fields where 

safety and performance are paramount concerns.  

The data obtained from the ANSYS is used as an input dataset for the ML model. 

The dataset contains features related to the geometry and orientation of the C-section 

column, along with the corresponding critical buckling load values due to mechanical 

load. Additionally, the models were also tested on critical buckling load values due to 

thermal load separately. The implemented machine learning models include Linear 
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Regression, Lasso Regression, Decision Tree Regression, Random Forest Regression, 

and Gradient Boosting Regression. All models were used for the future prediction of 

the critical buckling load of the C-section column based on the given features.  

Based on the model and the results the following conclusions can be made: 

• ML Model Performance: The ML models (Linear Regression, Lasso, Decision Tree, 

RandomForest, and Gradient Boosting) demonstrated strong predictive capabilities 

for estimating the critical buckling load of the C-section column. All models 

achieved high accuracy, with R2 scores ranging from 0.994 to 0.998, indicating an 

excellent fit to the data. 

• Feature Importance: Among the input features, the "Orientation" feature showed the 

highest importance in predicting the critical buckling load. The "Spacing ratio" and 

"Shape" features also had significant contributions to the predictions. 

• Model Comparison: The Decision Tree and RandomForest models exhibited 

slightly better performance compared to other models, achieving R2 scores close to 

1. These models are well-suited for the given dataset and can accurately predict the 

critical buckling load of the C-section column. 

• Optimal Solution: The ML algorithm, particularly the Gradient Boosting model with 

the best hyperparameter combination (learning_rate: 0.1, n_estimators: 50), can be 

used to find the optimal solution for the C-section column under mechanical and 

thermal loads. The ML model can efficiently estimate the critical buckling load, 

considering different loading conditions and input parameters. 

• Practical Application: The ML model provides a valuable tool for structural 

engineers and designers to quickly assess the stability of C-section columns under 

mechanical and thermal loads. By inputting the relevant parameters, the model can 



 

146 

estimate the critical buckling load, enabling the evaluation and optimization of the 

column's design for real-world applications. 

ML algorithm, specifically the Decision Tree, RandomForest, and GradientBoosting 

models, offers an accurate and efficient method to predict the critical buckling load of 

C-section columns under different loading conditions. The feature importance analysis 

helps identify the most influential parameters, aiding engineers in making informed 

decisions during the design process. This ML approach can be utilized to find optimal 

solutions and ensure the structural integrity of C-section columns in practical 

engineering applications. 

In summary, the main conclusions drawn from this research are as follows: 

• The c-section thin-walled laminated composite structure was successfully designed 

using the finite element method, with validation through comparison to existing 

work based on critical buckling load results. 

• Parametric studies were conducted, revealing the substantial impact of spacing ratio, 

opening ratio, laminate sequence, fibre orientation, and hole shape on the critical 

buckling load. 

• The application of machine learning algorithms proved effective in optimizing 

simulation data and identifying the optimal parameter combination essential for the 

design of the thin-walled structure. 

• Based on the results obtained FE and ML approach it has been found that the best 

optimum critical value is found for the parameter combination: 

o Mechanical load: Quasi-isotropic having circular hole with opening ratio 1.4 

and spacing ratio 1.6 and the critical buckling load 8804 N  
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o Thermal Load: Angle-ply having circular hole with opening ratio 1.4 and 

spacing ratio 1.7 and the critical buckling load 308.2 (T-critical) 

In summary, the study contributes to the understanding of the buckling behaviour of 

thin-walled structures under mechanical and thermal loading and highlights the 

importance of considering the presence of holes in the design of C-section channels. 

The findings of this study can be used to improve the design and optimization of C-

section channels and other thin-walled structures subjected to thermal loading. Further 

research can be done to explore other types of holes and their impact on the buckling 

behaviour of thin-walled structures.  

5.2 RECOMMENDATION 

Composite laminated thin-walled structures are composed of multiple materials that 

collaborate to achieve properties that would be unattainable for the individual 

components alone. Currently, both major and secondary constructions extensively 

utilize composite laminates. Composite laminates offer numerous advantages, including 

design flexibility, cost-effectiveness, corrosion resistance, durability, and more. This 

work emphasizes the significance of composite materials for thin-walled structures and 

explores their diverse applications. Furthermore, it delves into optimization methods 

such as design of experiments, and machine learning algorithms, providing a 

comprehensive explanation of their relevance. Moreover, the work serves as a guide for 

scientists seeking to implement composite laminates and thin-walled structures in 

engineering applications. It offers detailed descriptions and analyses of the literature 

concerning composite material applications. Additionally, it presents an overview of 

research areas within the field of composite materials. By identifying research gaps, 

researchers can gain insights and identify opportunities for new ideas, especially during 
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the early stages of this research domain. In summary, these research gaps provide 

valuable perspectives and indices to facilitate advancements in various research areas 

related to composite thin-walled structures. They serve as a catalyst for researchers to 

develop innovative ideas, particularly in the nascent phases of this research field.  
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APPENDIX C:  DATA SET AND SCALING 

Data set for machine learning(Mechanical and Thermal) 
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Data scaling of Mechanical and Thermal loads 

 


