=
&

Swansea University ‘C I'OIlfa

Prifysgol Abertawe Setting Research Free

Cronfa - Swansea University Open Access Repository

This is an author produced version of a paper published in :
Composite Structures

Cronfa URL for this paper:
http://cronfa.swan.ac.uk/Record/cronfa26490

Paper:
Mukhopadhyay, T., Naskar, S., Dey, S. & Adhikari, S. (2016). On quantifying the effect of noise in surrogate based
stochastic free vibration analysis of laminated composite shallow shells. Composite Structures, 140, 798-805.

http://dx.doi.org/10.1016/j.compstruct.2015.12.037

This article is brought to you by Swansea University. Any person downloading material is agreeing to abide by the
terms of the repository licence. Authors are personally responsible for adhering to publisher restrictions or conditions.
When uploading content they are required to comply with their publisher agreement and the SHERPA RoMEO
database to judge whether or not it is copyright safe to add this version of the paper to this repository.
http://www.swansea.ac.uk/iss/researchsupport/cronfa-support/


http://cronfa.swan.ac.uk/Record/cronfa26490
http://dx.doi.org/10.1016/j.compstruct.2015.12.037
http://www.swansea.ac.uk/iss/researchsupport/cronfa-support/ 

ssssssssssss

COMPOSITE
STRUCTURES

Accepted Manuscript

Note

On quantifying the effect of noise in surrogate based stochastic free vibration
analysis of laminated composite shallow shells

T. Mukhopadhyay, S. Naskar, S. Dey, S. Adhikari

PII: S0263-8223(15)01127-7

DOI: http://dx.doi.org/10.1016/j.compstruct.2015.12.037
Reference: COST 7072

To appear in: Composite Structures

Please cite this article as: Mukhopadhyay, T., Naskar, S., Dey, S., Adhikari, S., On quantifying the effect of noise
in surrogate based stochastic free vibration analysis of laminated composite shallow shells, Composite Structures
(2015), doi: http://dx.doi.org/10.1016/j.compstruct.2015.12.037

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to our customers
we are providing this early version of the manuscript. The manuscript will undergo copyediting, typesetting, and
review of the resulting proof before it is published in its final form. Please note that during the production process
errors may be discovered which could affect the content, and all legal disclaimers that apply to the journal pertain.



On quantifying the effect of noise in surrogate based stochastic free vibration
analysis of laminated composite shallow shells

T. Mukhopadhyay*', S. Naskar®, S. Dey, S. Adhikari*

“College of Engineering, Swansea University, Swansea, UK
®School of Engineering, University of Aberdeen, Aberdeen, UK
‘Leibniz-Institut fiir Polymerforschung Dresden e.V., Dresden, Germany

!Corresponding author’s e-mail: 800712 @ swansea.ac.uk; tanmoym.89@ gmail.com

Abstract

This paper presents the effect of noise on surrogate based stochastic natural frequency analysis of
composite laminates. Surrogate based uncertainty quantification has gained immense popularity in
recent years due to its computational efficiency. On the other hand, noise is an inevitable factor in
every real-life design process and structural response monitoring for any practical system. In this
study, a novel algorithm is developed to explore the effect of noise in surrogate based uncertainty
quantification approaches. The representative results have been presented for stochastic frequency
analysis of spherical composite shallow shells considering Kriging based surrogate model. The
finite element formulation for laminated composite shells has been developed based on Mindlin’s
theory considering transverse shear deformation. The proposed approach for quantifying the effect
of noise is general in nature and therefore, it can be extended to explore other surrogates under the
influence of noise.

Keywords: noise; uncertainty; natural frequency; surrogate; Kriging model; composite shell

1. Introduction

Composite materials and structures have gained immense attention from the research
community initiated from industrial needs over the last few decades. Such structures are
extensively used in aerospace, marine, construction and other industries because of their
application specific tailorable material properties along with weight sensitivity and cost-

effectiveness. Due to the inherent complexity, laminated composite materials are difficult to



manufacture accurately according to its exact design specifications, resulting undesirable uncertain
responses due to random material and geometric properties, which in turn affect the vibration
characteristics of the structure. Moreover, due to different forms of damages and defects, effective
material properties may vary considerably from the specified values. Many researchers have
studied free vibration characteristics of composite plates and shells following deterministic
framework [1-10] in last couple of decades. Recent studies on doubly curved composite shells
include vibration analysis considering elastic restraints and including the effects of shear
deformation, rotary inertia and initial curvature [6], non-linear free vibration analysis [7] and large
amplitude in free vibration analysis of thermally post-buckled composite doubly curved panel [8].
Tornabene et al. [9] have studied free vibration of laminated composite doubly-curved shells and
panels by using Radial Basis Function (RBF). Versino ef al. [10] have proposed a four-node shell
element based on the Refined Zigzag Theory for doubly curved multilayered composites. To
tackle the effect of stochasticity, in recent years researches have concentrated to quantify
uncertainties associated with different output responses of laminated composites [11-13]. One of
the most popular approach is Monte Carlo simulation (MCS) based uncertainty quantification [14,
15]. However the major drawback of the traditional MCS method for uncertainty quantification is
its computational intensiveness as thousands of finite element simulations are needed to be carried
out in this approach: To overcome this lacuna, surrogate based uncertainty quantification approach

has been proposed [16-19], which has gained huge attention in last couple of years.

(a) (b)

Fig. 1 (a, b) Laminated composite doubly curved spherical shallow shell model
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Fig. 2 surrogate based analysis of stochastic system under the influence of noise

In surrogate based approach of uncertainty quantification, a virtual mathematical model is
formed for the response quantity of interest that effectively replaces the actual expensive finite
element model. The surrogate model is built up on the basis of information acquired regarding the
behavior of the response quantity throughout the entire design space utilizing few algorithmically
chosen design points. There remains another inevitable source for second phase of uncertainty
associated with the information acquired through the design points that needs further attention
(refer to Figure 2). In the present paper, this second source of uncertainty associated with the
surrogate model formation has been addressed by developing a novel algorithm to account it in the
form of random noise. The effect of such simulated noise can be regarded as considering other
sources of uncertainty besides conventional material and geometric uncertainties, such as error in
measurement of responses, error in modelling and computer simulation and various other
epistemic uncertainties involved with the system. Noise effects are found to be accounted in
several other studies in available literature [20-23] dealing with deterministic analysis. In the
present article an algorithm has been developed to quantify the effect of noise for Kriging based
stochastic analysis of doubly curved composite shells (refer to Fig. 1(a)). Kriging model has been

successfully applied for uncertainty quantification recently and this has been found to be one of the
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most effective methods for surrogate based uncertainty quantification of laminated composites [16,
24]. To the best of authors’ knowledge, this work is the first attempt of its kind for assessing any
surrogate based uncertainty propagation algorithm under the effect of noise. The results presented
for different levels of noise have been compared by using probability density function to provide a

comprehensive idea about stochastic structural responses under influence of simulated noise.

2. Mathematical formulation for laminated composite shell

In present study, a composite cantilever shallow spherical shells with uniform thickness ‘#’
and principal radii of curvature R, and R, along x- and y-direction respectively is considered as
furnished in Figure 1. Based on the first-order shear deformation theory, the displacement field of
the shells can be described as

u(x, y, 2) =u’(x, y) - z 0g(x, y)

v(x,y,2) = VX, y)~ 2 0y (X, y) e))

W(x, ¥, 2) = WX, y) = W(X, Y)
where, u’, v°, and w° are displacements of the reference plane and 0, and 0, are rotations of the cross
section relative to x and y axes, respectively. Each of the thin fibre of laminae can be oriented at an
arbitrary angle ‘@’ with reference to the x-axis. The constitutive equations [25] for the shell are
given by

{F} =[D(@)] {e} 2
where Forceresultant {F} = {Ny, Ny, Ny, M,, M,, My, Q. Q)
T

hil2
(Fi=| [ to., o,, 7,, 0. 0. 7., 7. 7.)d

xz? vz ? xyz °
—h/2

and strain {e} = {&, €y, &y, k, Kk, kg, T, Yy 3
The elements of elastic stiffness matrix [D(&)] can be expressed as

n 3

[A;(@), B(@), D(@)]=), j [Q,@},. 1, [I z. 2’ldz  i,j=1,2,6
k=l

n_ % _ (3)
[S,@1= [ @ (0] dz i.j=45
k=l o



where @ indicates the stochastic representation and o; is the shear correction factor (=5/6) and

[Q.j] are elements of the off-axis elastic constant matrix which is given by

(0,1, =L@ [Q,1,, (L@ fori j=126

— - - . 4)
19,15 =T, (@)] " [Q;],, [T,(@)] fori j=45
m* n’ 2mn
T@))=| »* m> —2mn | and [T,(@)]= { " " }
., n m )]
—mn mn m —n
in which m = Sin@(@) and n=Cos@(@), wherein (@) is random fibre orientation angle.
Qll Ql2 O
J— . . N — Q44 Q45 . .
[Qij(a))]on = Q12 Q12 0 for L= 1’2’6 [Qij(a))]on = Q Q for L ]=4’5 (6)
0 0 Q66 45 55
where
_ K __E _ _WE
A 1-v,v, ° O 1-v,v, ° 9 1— ViyVy, O =Gy, Oy =Gy and Qs5=G,5

In case of doubly curved shallow shell elements are employed to model the middle-surface
geometry more accurately. An eight noded isoparametric quadratic element with five degrees of
freedom at each node (three translations and two rotations) is considered. The mass per unit area

for composite spherical shell is expressed as

P@)=Y | p(@) dz ™
k=1
The mass matrix can be expressed as
[M @)= [INTIP@)][N]d(vol) ®
Vol
The stiffness matrix is given by
[K@)]= [ [[B@)" [D@)] [B@)]dgdy ©)

—1-1
Using Hamilton’s principle [26] and Lagrange’s equation, the dynamic equilibrium equation for

the equation of motion of free vibration system with n degrees of freedom can be expressed as

[M (@)][8] + [K(@)]{5}=0 (10)



In the above equation, M(& ) and [K( @ )] are the mass and elastic stiffness matrices, respectively
while {8} denotes the vector of generalized coordinates. The governing equations are derived
based on Mindlin’s theory incorporating transverse shear deformation. For free vibration, the

random natural frequencies [, (@) ] are determined from the standard eigenvalue problem using

QR iteration algorithm [27].

3. Kriging based surrogate modelling

A surrogate is a mathematical and statistical approximation of the input-output relationship
that is implied by the underlying simulation model. Kriging is a Gaussian process based surrogate
modelling method, which is compact and cost effective for computation. Kriging model [28] for

simulation of required output is expressed as,

y(x) =y (x) + Z(x) (11)
where y(x) is the unknown function of interest; x is an m dimensional vector (m design variables),
Yo(x) is the known approximation (usually polynomial) function and Z(x) represents is the
realization of a stochastic process with mean zero, variance, and nonzero covariance. The
¥,(x) term is similar to a polynomial response surface, providing global model of the design space
[29]. In present study, y,(x) globally approximates the design space, Z(x) creates the localized
deviations so that the Kriging model interpolates the p-sampled data points for composite shallow
spherical shells. The covariance matrix of Z(x) is given as

Cov[Z(x'),Z(x")]=0” R [R(x',x")] (12)
where R is a (p x p) correlation matrix and R(x', x’) is the correlation function between any two of
the p-sampled data points x’ and x’. R is an (p X p) symmetric matrix with ones along the diagonal.

The correlation function R(x', x') is specified by the user, and a variety of correlation functions

exist. Using Gaussian correlation function



R(xi,xj):exp{—ié?k ‘x,i — x,{‘z} (13)
where 7 is the number of design variables, Gk i]:tlhe unknown correlation parameters used to fit the
model, and x| and x/are the k-th components of the sample points x' and x’, respectively. The
predicted estimates, y of the response y(x) at random values of x are defined as Kriging predictor

$=4+ ") R [y~ ] (19
where y is the column vector of length p that contains the sample values of the frequency
responses and f is a column vector of length p that is filled with ones when' y,(x)is taken as
constant. Now, r’ (x) is the correlation vector of length p between the fandom x and the sample
data points {x', x*,.....co.c...... x”}

rT(x) = [R(x,x"), R(x,x>), R(x, X )iseemeeune.. R(x,x") 1" (15)

B=("R IRy (10

An estimate of the variance between underlying global model ﬁ and y is estimated by
=GB R s B

Now the model fitting is accomplished by maximum likelihood (i.e., best guesses) for 6. The

A7)

maximum likelihood estimates (i.e., “best guesses”) for the 6y in Equation (13) used to fit a
Kriging model are obtained as

Max.I°(8,) = —% [p In(6*) + n|R|] (19

where the variance o and IRl are both functions of 6, is solved for positive values of G; as
optimization variables. For determining the quality of fitted model, maximum mean square error
(MMSE) and maximum error (ME) are calculated as,

1 k (19)
MMSE =max {; Z(E — yi)z}
i=1

(20)

i,MCS

ME (%) :Max|:yi,MCS - yi,Kriging:|
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where y,and Yy, are the vector of the true values and the vector corresponding to i-th prediction,

respectively. Latin hypercube sampling [30] has been employed in this study for generating
P y yp pling ploy

random sample points to ensure the well distributed representation throughout the vector space.

4. Effect of noise on surrogate based uncertainty quantification

In this section, the algorithm for quantifying effect of noise in surrogate based stochastic
analysis of composite laminates is discussed. The finite element formulation for laminated
composite shells (section-2) has been coupled with Kriging based surrogate modelling approach
(section-3) for stochastic analysis of the first three natural frequencies including the effect of noise.
The combined effect of layer wise stochasticity has been considered in material and geometric

properties of the laminated composite shell as follows:

g { 0((7))7p((7))7G]2((T))7G23((T))7E] ((T))}

2D
={ 2,(6,.6), P, (p,-.0,), P5(Gyp)-Giy))» Pu(G,

3(1)“G23(1) ), (1)5 (E](])”E](Z) )’q)s (E2(1>"E2(1)) }

where 6;, pi , Gi2i) , Ga3iy » E16) and Eyy are the ply orientation angle, mass density, shear modulus
along longitudinal direction, shear modulus along transverse direction and elastic modulus along
longitudinal and transverse direction, respectively and ‘I’ denotes the number of layer in the
laminate. @ is the stochastic representations for input parameters. It has been assumed that the
distribution of randomness of input parameters exists within a certain band of tolerance (+ 10° for
ply orientation angle and *10% for material properties) with their central deterministic mean
values following a normal distribution.

A second source of uncertainty has been identified in the surrogate based uncertainty
propagation approaches besides the conventionally considered uncertainties (g{ @ }) as discussed
in section 1. Focus of the present article is to analyse effect of the same through introducing
simulated noise in the system. To portray the effect of noise on surrogate based uncertainty
quantification algorithm, different levels of noise has been introduced in the responses of design

points while constructing the surrogate models as described in Figure 3. In the proposed approach,



Identification and definition of input parameters i.e.
sources of uncertainty

FE formulation to evaluate output quantity of interest

Selection of design points based on Latin Hypercube sampling

Obtain outputresponses of interest corresponding to each of
the design points and construct design dataset consisting of
design points and corresponding responses

Introduce simulated random noise in the responses keeping the
design points unaltered and thereby create 1000 such noisy datasets

l

Construct surrogate model using Kriging model
approach for each of the noisy datasets

MCS using the surrogates corresponding to each
of the noisy datasets

l

Statistical analysis

Fig. 3 Flowchart for analyzing the effect of noise on surrogate based uncertainty quantification

Gaussian white noise with a specific level (p) has been introduced in the set of output responses
(natural frequencies), which is subsequently used for surrogate model formation:

fin=fij+px¢; (22)
where, f denotes natural frequency with the subscript i and j as frequency number and sample

number in the design point set, respectively. &, is a function that generates normally distributed

random numbers. Subscript N is used here to indicate the noisy frequency.



Thus simulated noisy dataset (i.e. the sampling matrix for surrogate model formation) is
formed by introducing pseudo random noise in the responses, while the input design points are
kept unaltered. Subsequently for each dataset, surrogate based MCS is carried out to quantify the
uncertainty of composite laminates following a non-intrusive approach as described in Figure 2.
From the flowchart it can be understood that quantification of the effect of noise involves carrying
out 1000 surrogate based MCS requiring formation of such surrogates 1000 times for analyzing
each noise level. The kind of analysis carried out here will provide a comprehensive idea about the

robustness of surrogate based uncertainty quantification algorithm under noisy data.

5. Results and discussion

A four layered graphite-epoxy symmetric angle-ply (45°/-45°/-45°/45°) laminated
composite cantilever shallow doubly curved spherical (R,=R,=R and R,=<) shell has been
considered for the analysis. The length, width and thickness of the composite laminate considered
in the present analysis are 1 m, 1 mm-and 5 mm, respectively. Material properties of graphite—
epoxy composite [1] considered with deterministic mean value as E; = 138.0 GPa, E> = 8.96 GPa,
vi2=0.3, G2 =7.1 GPa, G;3="T7.1 GPa, G»; = 2.84 GPa, p=3202 kg/m3. A typical discretization of
(6x6) mesh on plan-area with 36 elements and 133 nodes with natural coordinates of an
isoparametric quadratic plate bending element has been considered for the present FEM approach
and the results for deterministic analysis has been validated with availavle literature (Table 1).

In the present study, total 28 numbers of stochastic input parameters have been considered
for combined effect of uncertainty in natural frequencies. The number of samples for constructing
the Kriging model has been finalised using a convergence study as shown in Figure 4. It has been
found that 600 samples provide adequate level of accuracy for all three natural frequencies. Figure
5 shows comprative results for original MCS (10,000 FE simulations) and Kriging based MCS
(600 FE simulations) without the effect of noise (p = 0) corroborating validity of the Kriging based

surrogate model. Figure 5 represents the stochastic natural frequencies due to conventionally
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0.3 . 9
—— First natural frequency .
—e— Second natural frequency 8 —=- First natural frequency
0.25 ~< —.—_Third natural frequency Y —— Second natural frequency
S ————T -~ e 7 \\ — - Third natural frequency
0.2 Ssg % 6 \
53] Sem o S \
2 : 20N
0.15
= £ 4 N
I N\
0.1 Z NS
==
=) \6\6_\::— —_—
0.05
1
0 T T T 1 0 T T T )
450 475 500 525 550 575 600 625 650 450 475 500 525 550 575 600 625 650
Number of samples Number of samples
(a) (b)

Fig. 4 Convergence study of sample size for first three natural frequencies following maximum
mean square error (MMSE) and maximum error without effect of noise by Kriging and MCS

considered material and geometric uncertainties. Scatter plot bounds depicting the effect of
simulated random noise on the prediction of Kriging based surrogates are presented in Figure 6 for
different levels of noise using 1000 simulations for each case. From the figure 6, it is evident that
as the level of noise increases, the deviation of the points from diagonal line also becomes more,
indicating higher influence of noise on surrogate predictions. Figure 7 presents probability density
function plots for first three natural frequencies showing the effect of noise with different levels. It
can be noticed from the figures that the response bounds increase with increasing level of noise for
all three natural frequencies. Normalised standard deviations (with respect to deterministic values
of respective natural frequencies) for the first three natural are presented in Figure 8. The figure
shows that the bounds of normalized standard deviation decreases for higher modes of frequencies

indicating subsequent reduction in sensitivity of noise.
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6. Conclusion

In this article, another prospective source of uncertainty has been identified in the surrogate
based uncertainty propagation approaches besides the conventionally considered uncertainties and
the effect of same has been analyzed through introducing simulated noise in the system. A novel
algorithm for quantifying the effect of noise on surrogate based uncertainty propagation approach
has been developed. The effect of such simulated noise can be regarded as inclusion of other
sources of uncertainty beside the conventionally considered stochastic material and geometric
parameters, such as error in measurement of responses, error in modelling and computer
simulation and various other epistemic uncertainties involved with the system. The kind of
analysis presented in this paper provides a thorough insight on the stochastic responses under
investigation. The representative results have been presented for laminated composite spherical
shallow shell based on Kriging approach considering different levels of noise, wherein it is evident
that the simulated noise has considerable effect on stochastic natural frequencies of the system.
Consideration of the effect of such noise is thus an important criterion for robust and
comprehensive analysis of stochastic systems. Though we have concentrated on Kriging based
analysis of spherical composite shells only, the proposed algorithm for quantifying effect of noise
in stochastic analysis is general in nature. Thus it can be extended to other structures and to

analyze other surrogates in future.
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