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For structural designs, uncertainty is ubiquitous, ranging from simple models to
complicated systems, especially in the design of the composite submersible hull.
To deal with this problem, a method named uncertain interval optimization was
introduced in recent decades. However, the existing interval optimization
methods, such as the Nonlinear Interval Number Programming (NINP), which is
based on the first-order Taylor expansion, are only suitable for small interval
uncertainties. A large range of uncertainties will lead to a significant error. The
key challenge becomes how to develop another effective type of interval
optimization approach with enough efficient and reliable constraints. Therefore,
this research performs a novel double-loop interval optimization approach using
the Progressive TMRSM, the reliable constraints, and the MATLAB software to
limit the constraints effectively. Nevertheless, double-loop optimization means a
high computational cost even if a simulation such as the Finite Element Method
(FEM) or experiment is used. To solve this difficulty, a surrogate method is
introduced to replace the experiment or the FEM. Recently, there have been
various surrogate approaches for structural engineering. Scholars always seek
to attain more accurate and simpler models with fewer sample points.
Determining how to create a better surrogate model with fewer and more reliable
sample points and less other information becomes a critical and urgent topic.
This research first updates the traditional Response Surface Method (RSM) to a
new proposed Trigonometric Mixed Response Surface Method (TMRSM), which
can obtain a more accurate surrogate model with fewer and more reliable
sample points. However, the decision of the highest order of the TMRSM should
be determined in advance by designers for some high-nonlinear complex
structural problems. Another deficiency to be concerned about is how to
determine the highest order of polynomials for the RSM surrogate model. Thus,
a Progressive Trigonometric Mixed Response Surface Method (Progressive
TMRSM) is put forward to determine the highest order for the TMRSM. This
Progressive TMRSM consists of the t-test criterion, the determination coefficient,



and the mean relative error. The accuracy and the fitting performance of the
TMRSM and the Progressive TMRSM have been verified by four well-known
numerical functions. The results show that the Progressive TMRSM has the best
accuracy and perfect fitting performance. Due to the complex pressure
environment under the water and the uncertainty of the layup technology, the
design process of the submersible is faced with several uncertain factors. But
the optimization design considering the uncertain factors has not been studied
by any scholars. How to apply interval optimization design in the field of
submersible designs becomes another significant research issue. So, this
research carries out an uncertain interval optimization design (the buckling
properties and the failure criterion) for the composite submersible hull based on
the interval optimization approach, the Progressive TMRSM, and the Finite
Element Method (FEM) method by ANSYS software. This approach can obtain
a better solution with a narrower deviation of the objectives compared with NINP.
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Reka bentuk struktur, ketidakpastian ada di mana-mana, bermula daripada
model mudah kepada sistem yang rumit, terutamanya dalam reka bentuk badan
kapal tenggelam komposit. Untuk menangani masalah ini, kaedah yang
dinamakan pengoptimuman selang tidak pasti telah diperkenalkan dalam
beberapa dekad kebelakangan ini. Walau bagaimanapun, kaedah
pengoptimuman selang sedia ada, seperti Pengaturcaraan Nombor Selang Tak
Linear (NINP), yang berdasarkan pengembangan Taylor tertib pertama, hanya
sesuai untuk ketidakpastian selang yang kecil. Pelbagai ketidakpastian yang
besar akan membawa kepada ralat yang ketara. Cabaran utama ialah
bagaimana untuk membangunkan satu lagi jenis pendekatan pengoptimuman
selang yang berkesan dengan kekangan yang cekap dan boleh dipercayai. Oleh
itu, penyelidikan ini melaksanakan pendekatan pengoptimuman selang dua
gelung novel menggunakan TMRSM Progresif, kekangan yang boleh
dipercayai, dan perisian MATLAB untuk mengehadkan kekangan dengan
berkesan. Namun begitu, pengoptimuman gelung dua kali bermaksud kos
pengiraan yang tinggi walaupun simulasi seperti Kaedah Elemen Terhad (FEM)
atau eksperimen digunakan. Untuk menyelesaikan kesukaran ini, kaedah
pengganti diperkenalkan untuk menggantikan eksperimen atau FEM. Baru-baru
ini, terdapat pelbagai pendekatan pengganti untuk kejuruteraan struktur.
Sarjana sentiasa berusaha untuk mencapai model yang lebih tepat dan lebih
mudah dengan titik sampel yang lebih sedikit. Menentukan cara mencipta model
pengganti yang lebih baik dengan titik sampel yang lebih sedikit dan lebih
dipercayai serta kurang maklumat lain menjadi topik kritikal dan mendesak.
Penyelidikan ini mula-mula mengemas kini Kaedah Permukaan Tindak Balas
tradisional (RSM) kepada Kaedah Permukaan Tindak Balas Bercampur
Trigonometri (TMRSM) baharu yang dicadangkan, yang boleh mendapatkan
model pengganti yang lebih tepat dengan titik sampel yang lebih sedikit dan
lebih dipercayai. Walau bagaimanapun, keputusan peringkat tertinggi TMRSM
harus ditentukan terlebih dahulu oleh pereka bentuk untuk beberapa masalah



struktur kompleks bukan linear tinggi. Satu lagi kekurangan yang perlu
dibimbangkan ialah bagaimana untuk menentukan susunan polinomial tertinggi
untuk model pengganti RSM. Oleh itu, Kaedah Permukaan Tindak Balas
Campuran Trigonometri Progresif (TMRSM Progresif) dikemukakan untuk
menentukan susunan tertinggi bagi TMRSM. TMRSM Progresif ini terdiri
daripada kriteria ujian-t, pekali penentuan, dan min ralat relatif. Ketepatan dan
prestasi pemasangan TMRSM dan TMRSM Progresif telah disahkan oleh empat
fungsi berangka yang terkenal. Keputusan menunjukkan bahawa TMRSM
Progresif mempunyai ketepatan yang terbaik dan prestasi pemasangan yang
sempurna. Oleh kerana persekitaran tekanan yang kompleks di bawah air dan
ketidakpastian teknologi layup, proses reka bentuk tenggelam berhadapan
dengan beberapa faktor yang tidak pasti. Tetapi reka bentuk pengoptimuman
memandangkan faktor yang tidak pasti belum dikaji oleh mana-mana sarjana.
Cara menggunakan reka bentuk pengoptimuman selang dalam bidang reka
bentuk tenggelam menjadi satu lagi isu penyelidikan yang penting. Oleh itu,
penyelidikan ini menjalankan reka bentuk pengoptimuman selang yang tidak
pasti (sifat lengkokan dan kriteria kegagalan) untuk badan kapal selam komposit
berdasarkan pendekatan pengoptimuman selang, TMRSM Progresif, dan
kaedah Elemen Terhad (FEM) oleh perisian ANSYS. Pendekatan ini boleh
mendapatkan penyelesaian yang lebih baik dengan sisihan objektif yang lebih
sempit berbanding dengan NINP.
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CHAPTER 1

INTRODUCTION

1.1 Background

Terrestrial resources are becoming increasingly depleted as a result of resource
development, while the ocean, as a treasure trove of vast reserves and abundant
resources, has exceptionally high research and development values for its
mineral, biological, and energy resources. Additionally, as there are some
particular demands, such as exploring sunk ships and crashed planes, that is
where the underwater submersible becomes important. This submersible
technology has a wide range of applications in marine resource exploration,
marine environment survey, seabed rescue, and specific search (Zereik et al.,
2018).

7.

7103DSRV

CR-02 Zhishui 11(7B8)

Figure 1.1 : Underwater submersible diagram
(Source : Cui, 2018)

Chinese self-developed 4,500-meter deep-sea submersible "Hai Ma" has been
successfully tested in the South China Sea Basin (Walden & Brown, 2004).
Japan's submersible, named "Deep Sea 6500" can operate underwater for up to
8 hours (lwai et al., 1990). Russian "Peace 1" and "Peace 2" can reach a depth
of 6,000 meters and can operate for 17-20 hours (Sagalevitch, 1998). The
French "Nautilus" submersible can dive 6,000 meters, and it has completed
shipwreck and hazardous waste searches, submarine ecological surveys, and
other tasks (Bouleégue, J., liyama, J. T., Charlou, J.-L., & Jedwab, 1987). The
US "Alvin" manned submersible has completed 4500 submarine missions (S.
Zhang et al., 2019). Therefore, Most of the world's maritime powers have begun



to invest heavily in marine detection, and underwater submersible technology
has developed rapidly in recent decades (S. Zhang et al., 2019).

Submersibles are becoming deeper dive, longer range, and faster to meet
today's increasingly complex functional tasks. These requirements necessitate
a submersible with a stronger structure, less weight, less resistance, and greater
inner volume. Thus, the submersible hull should be able to carry a higher load
in order to meet the strength under extreme pressure in the deep-water
environment.

Generally, the most common materials for high-pressure underwater vessels are
high-strength steel, aluminum alloy, and titanium alloy (Moon et al., 2010). Ross
(2006) also explained that the main materials for submersible pressure hull
design are high-strength steels, aluminum alloys, and titanium alloys. A rising
application of laminated composite material was recently introduced to improve
corrosion resistance and reduce the weight-strength ratio compared with
traditional metal material for submersible hulls (Davies et al., 2016; Moon et al.,
2010).

Smith (1991) may be the first researcher to propose the use of composite
material in the underwater vehicle design field. And immediately after that, the
filament winding method was applied to the production of underwater
submersibles first time (Hahn HT, Jensen DW, Claus SJ, Pai SP, 1994). With a
great number of applications, the filament winding of cylinders focusing on
mechanical properties such as buckling, biaxial compression, and failure has
become a hot research topic (Davies et al., 2016). Therefore, the use of
composite underwater submersible hulls can be considered a promising trend
(Upputuri & Nimmagadda, 2020).

1.2 Problem Statement

A lot of scholars have made contributions to the research of composite
submersible shells. Messager, Pyrz, Gineste, and Chauchot (2002) described
the optimal composite design for the deep submersible based on the Finite
Element Method (FEM) and Experiments. Moreover, different orientation angles
could affect the buckling feature of the composite shell. Kaneko, Ujihashi,
Yomoda, and Inagi (2008) analyzed the impact of the pressurized composite
cylinder in different failure conditions for free-from failure based on FEM. Moon
et al. (2010) discussed composite cylinder's buckling and failure characteristics
under external pressure, which was made by filament winding method using
FEM and experiment testing. The results showed that the characteristics were
mainly affected by the helical winding angles.

Unfortunately, in practical engineering, hundreds and thousands of optimum
calculations for the FEM or Experiments need lots of time, for example, hundreds
of hours or a few weeks. In this case, Kemal Apalak, Yildirim, and Ekici (2008)

2



investigated layer optimization with three edge conditions for the maximum
fundamental frequency of the composite plate using the Genetic Algorithm (GA)
and Artificial Neural Network (ANN) model. This model, named the surrogate
model (or the approximate model), was used to replace the FEM or experiment
calculations. Mallela and Upadhyay (2016) performed a laminated composite
design with the development of a computationally efficient analysis model based
on ANN to predict the buckling of the composite shell under in-plane shear
loading.

Although these surrogate models provide a reasonable simulation response,
more sample points need to be added to provide more precise results. An
adaptive Response Surface Method (RSM) was created for high-dimensional
design challenges that are based on the Latin Hypercube Design (LHD) by G.
Wang (G. G. Wang, 2003). To update the decision function, Basudhar and
Missoum (2008) created a precise approximation explicit-decision function
based on an adaptive sample method. An adaptive Kriging model was used to
improve computation outcomes by adding additional sample points by Cheng et
al. (J. Cheng et al., 2014, 2015). Another sequential improvement criterion was
performed to obtain the resilient optimization solution while also advancing the
appropriateness of the Radial Basis Function (RBF) by Havinga (Havinga et al.,
2017). It is important to note that adding more sample points means not only a
more accurate response but also a higher processing cost.

Given such deficiencies, many researchers devise and implement more
accurate surrogate models with fewer sample points. Kim (2005) and Youn
(2004) combined the Moving Least Squares Method (MLSM) and sensitivity
information to build a more accurate surrogate model. Li and Kim (2012)
presented a doubly-weighted moving least squares approach that incorporates
the normal weight factor of MLSM as well as the distance between the most
likely failure spots. The RSM was implemented using the MLSM to reduce the
computational burden by Kaymaz (2005) and Taflanidis (2012). Even if the
aforementioned researchers did their best to construct an accurate surrogate
model with a minimal number of sample points, sensitive data or other
information is still required. Then Y. Lee and C. Lin proposed a novel RSM with
trigonometric functions for composite laminated structures to improve the
accuracy of the regression (Y. J. Lee & Lin, 2003; C. C. Lin & Lee, 2004).
However, the regression with trigonometric functions only plays a global
approximation over the whole domain rather than the local approximation. As a
result, determining how to create a better surrogate model with fewer and more
reliable sample points and less other information becomes a critical and urgent
topic.

It should be noted that all these abovementioned papers construct RSM models
by second-order polynomials. Nevertheless, only simple quadratic RSM models
may not be sufficient for high-nonlinear engineering problems. In practice, when
a high-nonlinear complex structural problem is to be performed, the decision of
the highest order of the polynomial should be determined in advance by



designers. Hence, another deficiency to be concerned about is how to determine
the highest order of polynomials for the RSM surrogate model.

In the traditional design of engineering optimization, deterministic parameters
are typically adopted to evaluate structural behavior. However, uncertainty with
respect to the actual values for parameters is widespread in practical
engineering problems, ranging from simple models to large systems. Geometric
dimensions, material qualities, stresses, boundary conditions, manufacturing
tolerance, and so forth are examples of intrinsic uncertain elements in real-world
situations (F. Li, Luo, Sun, et al., 2013; J. Wu et al., 2013, 2015).

Since the 1960s, Moore and Cloud (2009) proposed an uncertain interval
analysis that can calculate the upper bounds and lower bounds of the objective
functions without the premise of probabilistic density function or a great number
of data. Elishakoff (1994) and Ben-Haim (1994) may start to use this interval
analysis for structural engineering to solve uncertain problems. Qiu (1998, 2001)
used the anti-optimization technique to solve linear interval equations for small
and large interval static displacement bounds of structural performance. A
Nonlinear Interval Number Programming (NINP) method is proposed to
transform the uncertain optimal situation into a deterministic optimization
problem based on penalty functions and the first-order or second-order Taylor
expansion method by Jiang (C. Jiang et al., 2014; C. Jiang, Han, Guan, et al.,
2007; C. Jiang, Han, Liu, et al., 2008).
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Figure 1.2 : The relationship between two interval values

From the reviews, all these methods are performed with small interval deviations
rather than large perturbations. Nonetheless, addressing simply tiny deviation
problems in this research is insufficient because most engineering problems are
high-nonlinear. For these large interval ranges, Li et al. devised a nested loop
optimization approach for engineering design optimization based on Kriging
approximate model in order to produce more exact and trustworthy results (F.
Li, Luo, Rong, et al.,, 2013; F. Li, Luo, Sun, et al.,, 2013). A double-loop
optimization was presented using Radial basis functions (RBF) in which the
objective and constraints were rebuilt at each iteration step by Zhao (Z. Zhao et
al., 2010). Cheng and Liu (2016) constructed a nested genetic algorithm (GA)
direct interval ranking procedure with the Kriging model and the degree of
Interval Constraint Violation (DICV) to solve the uncertain constraints problems
by direct interval relationship. However, this direct interval ranking procedure



may lead to an error that the interval A is larger than the interval B when
m(A) > m(B) (See Figure 1.2).

In order to treat the constraints for interval optimization, a penalty function is
introduced by J. Cheng, C. Jiang and F. Li (J. Cheng et al., 2013; C. Jiang, Han,
& Liu, 2007, 2008Db; F. Li, Luo, Rong, et al., 2013; F. Li, Luo, Sun, et al., 2013).
However, the use of the penalty function may not limit the constraints strictly. In
conclusion, the key challenge becomes how to develop another effective type of
interval optimization approach with enough efficient and reliable constraints.

For the practical application, none of the scholars put their focus on the interval
optimization design for the mechanical performance of the underwater
submersible hull. Thus, how to apply uncertain interval optimization design in
the field of submersible designs becomes another significant research issue. At
last, the problem statements can be summarized as:

1. Determining how to create a better surrogate model with fewer and
more reliable sample points and less other information becomes a
critical and urgent topic.

2. Another deficiency to be concerned about is how to determine the
highest order of polynomials for the RSM surrogate model.

3.  The key challenge becomes how to develop another effective type of
interval optimization approach with enough efficient and reliable
constraints.

4.  How to apply uncertain interval optimization design in the field of
submersible designs becomes another significant research issue.

1.3 Research Objectives

This research aims to design a new interval optimization process for composite
submersible hull applications based on the interval Progressive TMRSM. In
order to fulfill this target, there are several objectives that need to be met below:

1. Update the traditional Response Surface Method (RSM) to a new
proposed Trigonometric Mixed Response Surface Method (TMRSM),
which can obtain a more accurate surrogate model with fewer and
more reliable sample points.

2. Develop a Progressive TMRSM model, which can determine the
highest order terms of the TMRSM as a surrogate model in the
uncertain optimization.

3. Perform a novel double-loop interval optimization approach using the
Progressive TMRSM, the reliable constraints, and the MATLAB
software to limit the constraints effectively.



4.  Carry out the optimization design (the buckling properties and the
failure criterion) for the composite submersible hull based on the
interval optimization approach, the Progressive TMRSM, and the
Finite Element Method (FEM) method by ANSYS software.

1.4 Research Contributions

This research aims to solve an uncertain optimization structural problem based
on a novel proposed Progressive TMRSM model and the interval optimization
approach for submersible composite hulls. And this novel interval Progressive
TMRSM model can iteratively ensure the highest order of the polynomial terms
and obtain a more accurate model with fewer samples and less information.
Then a double-loop interval optimization approach is performed to reduce the
overestimation problem and save computational costs. The detailed
contributions of this research are listed as follows:

1. A novel approximate method named the Trigonometric Mixed
Response Surface Method (TMRSM) is proposed based on the
Optimal Latin Hypercube Design (OLHD), the Moving Least Square
Method (MLSM), and trigonometric functions. And this method will be
proven to be more accurate than traditional RSM using MATLAB
software.

2. A Progressive TMRSM is firstly put forward to decide the highest order
of the polynomial based on the t-statistic test, the determination
coefficient, and the mean relative error.

3. A new proposed interval optimization approach is presented to obtain
enough efficient and reliable constraints.

4.  The optimal process for the composite submersible hull is designed
considering the orientation angles as variables and the layer
thicknesses and underwater pressures as uncertain interval
parameters.

15 Scope and Limitations

Throughout this research, the design of the composite submersible hull is only
focused on the optimization design of the buckling performance and the failure
criterion. Other optimal design properties, such as resistance, controllability, or
vibration performance, are out of the scope of this research. Furthermore, the
simulation of the critical buckling pressure and the Tsai-Wu failure criterion factor
index is carried out by the ANSYS simulation rather than the actual experiment.

In addition, the proposed interval optimization approach in this research is just
one type of uncertain optimization in which the uncertain parameters are random
in the interval bounds. Other uncertain optimization methods, such as



probabilistic and fuzzy optimization, are not included in this work. Moreover, the
optimization algorithm utilizes mature algorithms (Sequential Quadratic
Programming, SQP, and Particle Swarm Optimization, PSO). Some recent
algorithms, such as the Whale Optimization Algorithm (WOA), the Grey Wolf
Optimizer (GWO), Salp Swarm Algorithm (SSA), and the Bald Eagle Search
Optimization Algorithm (BES), are also out of the scope of this study.

For the surrogate approaches, both the proposed TMRSM and the Progressive
TMRSM are the basis of the RSM, which may have a strong advantage over
continuous functions. And these two models are suitable for problems with
orientation angles. Nevertheless, ANN algorithms with wider practicability are
beyond the scope of this research.

1.6 Thesis Outline

This research is organized by the layout style 2 of the Guide to Thesis
Preparation, School of Graduate Studies, Universiti Putra Malaysia. This
research will be arranged into six chapters. The overview description of this
research is shown in Figure 1.3. The rest of the research can be listed as:

Chapter 2: This chapter is to introduce the development of the literature review
on the subject of this research. The review of the literature includes the sampling
method, approximate method, and uncertain optimization method.

Chapter 3: In this chapter, the simulation of the EFM can be expressed to work
out the mechanical properties of the composite submersible hull. In this
simulation, the buckling and the Tsai-Wu failure criterion of the composite
submersible hull can be performed as the mechanical properties. Then a
process of the OLHD samples can be established and settled based on ANSYS
and Isight software.

Chapter 4: A novel Trigonometric Mixed Response Surface Method (TMRSM)
is proposed based on the OLHD, the MLSM, and the trigonometric functions
using MATLAB software. Then a method that can determine the highest order
of the polynomial named Progressive TMRSM can be put forward based on the
t-statistic test, the determination coefficient, and the mean relative error.

Chapter 5: This chapter establishes an interval optimization approach for the
composite submersible hull design associated with the interval Progressive
TMRSM model using MATLAB software. The design results and the analysis
can be carried out in this part.

Chapter 6: The conclusion of this research can be made in this chapter. And the
significant points of this study are highlighted. Furthermore, suggestions for
future research are also proposed to guide the direction of further research.

7



1.7 Summary

This chapter introduces the background of this research. Then, the problem
statements are proposed, following the background and research status.
Furthermore, four research objectives and four research contributions are
described based on the problem statements. After that, each research plan is
listed in six chapters, including overview descriptions.
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