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Abstract: A nonintrusive dynamic response prediction
method is proposed to deal with the rigid-flexible multibody
systems involving hybrid uncertainties of random and inter-
val fields. The high-dimensional discrete representations of
random and interval fields are embedded into the multibody
system dynamics modeling based on the absolute nodal coor-
dinate formulation using the Karhunen-Lo¢ve expansion and
truncation technique, enabling an effective description of
spatially correlated uncertain parameters. To overcome the
challenges induced by high-dimensional uncertain variables
and long-time domain analysis, the local mean decomposi-
tion and high-dimensional model representation are applied
to construct a nonintrusive surrogate model for the system
dynamic response. The proposed approach improves predic-
tion accuracy while considerably reducing computational
cost and enhancing the efficiency of evaluating response sta-
tistics and boundary characteristics. The effectiveness and
applicability of the proposed method are validated through
two numerical examples of typical multibody systems in-
volving one- and two-dimensional random-interval fields in
handling spatial uncertainties and predicting system re-
sponse ranges.
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Accurate prediction of the dynamics of rigid-flexible
multibody systems is crucial for the design and reli-
ability of such systems. However, the parametric models
upon which such predictions rely inevitably contain un-
certainties, originating from sources such as geometric
tolerances, material properties, initial/boundary condi-
tions, and external excitations''?2’.
can lead to inaccurate predictions or even catastrophic

failures>*. Consequently, uncertainty analysis has be-

These uncertainties
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come a critical issue in assessing how these uncertain pa-
rameters influence the dynamic performance of the sys-

tem!®.

In multibody systems, uncertain parameters are
typically classified as random variables'®’ or interval vari-
ables'”). For systems defined by precise probability distri-
bution functions, probabilistic methods, such as Monte
Carlo simulations, are the standard approach. However,
in many practical scenarios, sufficient data to construct
accurate probability distributions are challenging to ob-
tain. When parameters are uncertain but bounded, treat-
ing them as interval variables is highly appropriate. For
such systems with interval parameters, interval methods
are employed to quantify the impact of uncertainty and
determine the upper and lower bounds of the dynamic re-
sponse.

However, existing studies often simplify uncertain pa-
rameters as independent random or interval variables. In
practical engineering, the uncertainty of material proper-
ties such as elastic modulus and density often exhibits
continuous spatial distribution characteristics, which can
be mathematically defined as random fields"®’. Owing to
the inconvenience of continuous index sets in numerical
computation, random fields must be discretized into a fi-
nite number of random variables. According to Ghanem
et al. ", the mainstream method for achieving such dis-
cretization is the series expansion method, whose core
idea is to expand any realization of a random field into a
series composed of deterministic basis functions. Among
various expansion methods, the Karhunen-Logve (K-L)
expansion is considered to be a high-precision discretiza-
tion method owing to its optimal convergence properties
in the mean square sense''®’. Random fields have been
widely applied in structural dynamics, civil engineering,
and environmental loading to model spatially varying un-
certainties, such as material loads in concrete structures
during construction''", the durability deterioration of re-
inforced concrete bridges[ 2] and the simulation of non-
stationary turbulent stochastic fields for exceptional
Notably, the theory of random fields has
gradually been introduced into the field of multibody dy-
namics to analyze the impact of spatial randomness in
material properties of flexible components on the overall
dynamic response''*'®. For example, Wu et al. "'* first
combined random fields with flexible multibody model-

winds'"?.
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ing, establishing an uncertainty analysis model consider-
ing the spatial random distribution of the material proper-
ties of flexible beams. Meng et al. ') further proposed a
dynamic computation method for flexible multibody sys-
tems considering imprecise random fields. This series of
advancements provides an important theoretical founda-
tion and modeling tools for more accurately describing
the uncertainty propagation in complex multibody sys-
tems.

In practical engineering, when sample data are scarce
and constructing complete random probability distribu-
tions is challenging, interval fields provide an effective
mathematical tool for characterizing system inputs that
are spatially dependent with unknown probability distri-
butions"'”. Nietal. ''*/ delved into the mathematical im-
plications of interval fields, the interval K-L expansion
method, and numerical techniques for solving eigenval-
ues and eigenfunctions, which form a complete modeling
framework for interval fields and provide a standardized
analytical approach for addressing spatial variability un-
der epistemic uncertainty. However, most existing stud-
ies treat random fields and interval fields in isola-
tion' %) | which struggles to effectively address the hy-
brid uncertainty issues commonly encountered in practi-
cal engineering. Some scholars simultaneously consid-
ered random and interval fields in structural static uncer-

tainty analysis'22*

. However, similar studies in the dy-
namic field are urgently needed. Therefore, this paper
focuses on introducing a unified analytical framework
that incorporates random and interval fields, providing
theoretical support and a methodological foundation for
improving the accuracy of dynamic predictions for
rigid-flexible multibody systems.

To achieve a unified analysis of random and interval
fields, hybrid uncertainty quantification is required to be
performed after uncertainty modeling. For the hybrid un-
certainty problem in multibody systems, the polynomial-
chaos-Chebyshev-interval (PCCI) method proposed by
Wu et al. ">/ combines the polynomial chaos expansion
(PCE) with the Chebyshev theory, providing an effec-
tive numerical strategy for hybrid uncertainty propaga-
tion. Subsequently, Feng et al. '** developed the polyno-
mial chaos-Legendre metamodel (PCLM) method,
which combines PCE theory with the Legendre polyno-
mial surrogate model. For specific issues in flexible mul-
tibody systems, several modifications were made to the
22 For example, to enhance compu-
tational efficiency, Guo et al. '>>/ proposed a sparse
PCLM method based on compressed sensing.
sponse to scenarios where probabilistic information is in-
complete in engineering practice, they further developed
a data-driven PCLM method that integrates statistical mo-
ment orthogonal polynomial construction®®. In addi-

basic framework'

In re-

tion, to overcome the challenge of fitting accuracy decay
with time in PCLM when dealing with periodic time-
domain problems, Meng et al. 2" introduced the local
mean decomposition (LMD) technique and proposed the
PCLM-LMD method. To address the “curse of dimen-
sionality” caused by high-dimensional inputs, the team
also integrated high-dimensional model representation
(HDMR) and proposed the PCLM-HDMR method, ef-
fectively achieving dimensionality reduction">®".

Addressing the high-dimensional variable problem re-
sulting from the discretization of random and interval
fields, as well as the accuracy degradation in long-time
domain analysis, this paper proposes an efficient dimen-
sionality reduction method based on the standard
PCLM-LMD approach. The method reduces the dimen-
sionality of the instantaneous amplitude (IA) , instanta-
neous phase (IP) , and trend terms obtained from the
HDMR decomposition of the response, thereby improv-
ing the dynamic prediction accuracy and computational
efficiency of rigid-flexible multibody systems under spa-
tial hybrid uncertainties.

1 Spatially Dependent Uncertainty

1.1 Random field—A stochastic model for spatially
dependent uncertainty

A random field is called a Gaussian random field
H,(x,w) if, for any x,e D, the random variable
Hy(x,, w)follows a normal distribution:

HN(xp,w)~N(,u Vx,eD (1)

o) o)

where u (5,0) and o (5,0) represent the mean and stan-

| X, @

dard deviation of the random variable at location x,, Te-
spectively; subscript N indicates a normal distribution;
and D € R? is a bounded domain. Rather than focusing
solely on the random variable at a single location x,, the
collection of variables over the entire domain is consid-
ered. Thus, the correlation function of the random field
is defined as

p(x,x,)=
E[H(xl’w)H(xzvw)}_E[H(xlvw)}E[H(xz’w)]

o(x)o(x,)

(2)
where E[ - ] represents the operation of computing the
mean, and o*(x) = E[(H(x,w) —u(x))z]. For uncer-
tainty modeling in beams and plates, one-dimensional
(1D) and two-dimensional (2D) formulations of the ran-
dom field are employed, with the corresponding correla-

tion functions given respectively as follows 2!

p(xl,x2>:exp(_"x'L‘ = ") (3)

X
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x -l Ay -yl
I - (4)

X y

p(x,,x,) = exp

where L, and L, denote the correlation lengths in the x-
and y-directions, respectively.

1.2 Interval field—A nonstochastic model for spa-
tially dependent uncertainty

The mathematical model of an interval field is de-
scribed by the following definition'™. Let {G(x),x e D}
be an uncertain parameter varying in space. If for a given
x, € D, the uncertainty is expressed as an interval param-
eter G'(x,) =[G"(x,), G'(x,)], then the spatial uncer-
tain parameter is an field,
{G(x) e G'(x), x e D}. The midpoint function and ra-
dius function of the interval field are defined as
GY(x) + G*(x) GY(x) - G*(x)

2 2

interval denoted as

G"(x) = , G'(x) =

(5)
The midpoint function G™(x,) represents the nominal
value of the interval variable G(x,), i. e. , the center of
the interval, whereas the radius function Gr(xp) reflects
the magnitude of G(x,,), which indicates the range of

variation around the nominal value.
To quantify the uncertainty correlation between x, and
X,, the correlation function p,(x,,x,) is defined as fol-

lows:

3.5
-0.5-0.4-0.3-02-0.1 0 0.1 0.2 0.3 0.4 0.5
X

(a)

-0.5 -0.5 X
(c)

Cov[G'(x,),G'(x,)]
Gr(xl)Gr(xz)

pc‘(xl’x2) :p(Gl(xl), Gl(xz)) =

(6)
The interval K-L expansion represents an interval field

as an infinite series of uncorrelated standard interval vari-
ables' '™

G'(x)=G"(x) + iG‘(x)\//Tin,.(w)wi(x)

o) el -1, 1] 7

where y, e[ - 1, 1], i = 1,2, -+ are the standard inter-
val variables; L is the truncation order of the interval
field; A, and ¢,(x) are the eigenvalues and eigenfunc-
tions of the correlation function p.(x,,x,), respec-
tively. The eigenvalues and eigenfunctions can be ob-
tained by solving the Fredholm integral equation of the
second kind, and an approximation degree « is defined to
assess the accuracy of the truncated K-L expansion:
L L %
K=i2/\i=z)\i A, (8)
| D | i=1 i=1 i=1
where | D| denotes the length (for a 1D interval field) ,
area (for a 2D interval field) , or volume (for a
three-dimensional interval field) of the spatial domain D.
Fig. 1 visualizes sample realizations of 1D and 2D ran-
dom and interval fields after K-L expansion. The 1D spa-
tial domains are denoted as D _=[ — 0.5, 0.5], and the
2D spatial domains as D, =[ -0.5,0.5]x[ - 0.5,

0.5]. To ensure consistency and comparability in the vi-

5.8
U
5.6|: / Upper bound G"(x)

44}
\ Lower bound G"(x)

4.2
-0.5-0.4-0.3-0.2-0.1 0 0.1 0.2 0.3 0.4 0.5
X

(b)
Upper bound G"(x,

-0.5 -0.5
(d)

Fig. 1 Schematic and comparison of random and interval fields. (a) 1D random field; (b) 1D interval field; (c¢) 2D random

field; (d) 2D interval field
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sualization, the mean function of both random fields is
set to w(x) =5, w(x, y) =5 and the standard deviation
function o (x) = 0. lu(x), o(x, y)=0. lu(x, y). Then,
the midpoint function of the interval fields is set to
m(x)=5, m(x, y)=5, and the radius function to
r(x)=0.1m(x), r(x, y)= 0. 1m(x, y).

tion length is uniformly set to L, = 2 in all cases.

The correla-

In Fig. 1, the interval field model explicitly defines
upper and lower bounds to describe the fluctuation range
of the uncertain parameter. By contrast, the random
field model does not inherently impose such bounds.
Moreover, the interval field model does not specify any
particular probability distribution within the bounds,
whereas the random field model requires a full character-
ization of the marginal probability distribution at each
spatial location. Consequently, the random field model
provides a highly refined representation of spatial uncer-
tainty, albeit at the cost of greater demands on sample
data. The interval field model, being coarser in its uncer-
tainty representation, requires only upper and lower

bounds of the uncertain variable.

2 Methodology for an Uncertain Rigid-Flexible
Multibody System

2.1 Rigid-flexible multibody system with random-
interval fields

According to absolute nodal coordinate formulation
(ANCF) "3 | the dynamic differential algebraic equa-
tions (DAEs) for a rigid-flexible multibody system with

uncertainties are written as follows:
M (&%, n')g+F(q, £ 7))+ @, (q, )X =
0(q, 4. £, 7"
D(q,1)=0

(9)

where ¢ is the vector of generalized coordinates; @ (gq, )
and @ (q,1) denote the vector of constraints and the Ja-

cobi matrix with respect to g, respectively; A represents
the vector of Lagrange multipliers; M, F, and Q stand
for the mass matrix, the vector of generalized elastic
forces, and the vector of other generalized forces, re-
spectively.

The Young’ s modulus E and mass density p are con-
sidered as Gaussian random fields, whereas the plate
thickness d and external loads f are treated as interval
fields. Using the K-L discretization, the E, p, d, and f

can be approximated by

E(x, &) =p, + O'Eztﬂ/ Ap é:E,id)E,i(x)

i=1

pulx, ) =p, + UPX,pr,f¢p.f(x>

i=1

KAI
dg(x, ') =d" + drz Ay Mgt g (X)

fg.(x, ,nl) :fm +ff2’m7]/;,‘lpﬁi(x> (10)

where the subscripts H and G' are introduced as nota-
tional labels to identify quantities associated with a ran-
dom field and an interval field, respectively, thereby dis-
tinguishing them from their deterministic counterparts.
wy and p, are the mean values of E,(x, £%) and
pu(x, £%), respectively; o, and o, are their standard de-
viations; d™ and f™ are the midpoint functions of
d.(x, ') and f_(x, n'), respectively; d" and f" are the
radius functions; &, and £, ; represent the independent
standard normal random variables; 7, , and 7, are the in-
dependent standard interval variables; K, K,, K,;, and K,
are the truncation order of the associated K-L expansion;
and A, , Ao Ay )\ﬁ,., by i d)p,i, Uy al‘ldl/lﬁi denote
the eigenvalues and eigenfunctions of the correlation
function.

From Eq. (10), the constant mass matrix, the vector
of generalized elastic forces, and the vector of other gen-
eralized forces in Eq. (9) are obtained as follows:

M =f pru(x, £)85(x, 7')S,(x, n')dVe
e
. ) de
F/ = . E’ S R .— dV©
fvg (%, &5 de’

[0 =f ES;.(x, n") fi(x, n')dve (n

where p’, and V* are the density and volume of the ele-
ment, respectively; ¢ is the vector of nodal coordinates
of the j-th element; EJ, is the fourth-order elastic tensor
matrix; & is the Green’ s strain tensor; f’ represents the
external force vector.

Using the random field of Young’ s modulus for the
fully parameterized beam as an illustrative example, the
discretization of random and interval fields is demon-
strated and embedded into the finite element formula-
tion, treated during a preprocessing stage. Based on Eq.
(10), the Lamé parameters of the material are expressed
as

EH(x’ f) v
(1+v)1-20)°
where v denotes Poisson’s ratio.

From Egs. (10) and (12), each component E,, of
E,(x, &)is expressed as

_ Ey(x, )

A(x, &) = m(x, &)= 2(1 + ) (12)

Eijkl(x’ §)=E_ijkl+ erttjkl(x)gEl (13)

i=1
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Where ézg?l ® o ®£l® ot ®§?m
~ ~ ~ ~ T
~ 206,68, + (1 = 2v)(8,8, + 6,6;) B E=[EW @ o] (17)
ikl — _ E
2(1+w)(1 = 2v) The sample points of interval variables are generated
Ej(x) = via the tensor product of the roots of univariate Legendre

28,8, + (1 - 20)(8,8, +8,5,)
2(1+v)(1 - 2v)

O-E,/E d)E,i(x)
(14)

During the computation of the element elastic force
and its Jacobian matrix, random variables &, ; in Eék,(x)

can be factored out of the integral. As a result, the inte-
grand reduces to a spatial function that yields a constant
matrix after integration over the element volume. There-
fore, the 1 + K, constant matrices corresponding to the
components E,(x, &) can be precomputed and stored
during the preprocessing stage to improve computational
efficiency.

For fixed £&® and 9", Eq. (9) is reduced to DAEs for a
deterministic system. At each time step, the determinis-
tic DAEs can be solved by the generalized-a integration
algorithm.

2.2 Computational strategy

Considering the generalized coordinate g (&%, ') in
Eq. (9), where £ ~N(0, )" and ' =[ - 1, 1]", the
output of £ (&R, n') exhibits characteristics of both ran-
dom and interval variables. Such a function can be ex-
panded using the Hermite series of order p and the Legen-
dre series of order ¢ sequentially, in an approach referred
to as the PCLM:

FES ) =F (& 9 = z(zﬁ,-,,-w,w) (£
(15)
where K = M and L 2%. The ¢,(&%)
m! p! n! q!
(i=0, 1, -, K- Dandih,(9)(j=0, 1, -, L - 1) de-

note the i-th term of the Hermite series and the j-th term

of the Legendre series, respectively, and the coefficient

matrix 8 = () is obtained through the least squares
YMIKXL

method:
-1
B=V' (" )¥(n®)) ¥ (n’)F' (& n")P (&)
-1
(P(£H)D'(£%)) (16)
where @ (&%) and ¥ (5®) denote the measurement matri-
ces corresponding to random samples £5 = { &5, &5, -+, &)
and interval samples 5°={n}, 5, -+, &5}, respec-
tively. The sample points of random variables are gener-
ated via the tensor product of the roots of univariate Her-
mite polynomials of order p+1 in the m-dimensional
space, thatis,

polynomials of order g+1 in the n-dimensional space,
that is,
=10 - @79 - 1,

T
~(2) Ag+ 1)
2) ... 17jq :|

Ay =[4" a (18)

The resulting sample pool comprises (p + 1)" (g + 1)"
candidate points, from which M = 2K, N = 2L are typi-
cally selected for analysis. Upon the B, the complete
form off(fk, 1') can be expressed and used to predict
the dynamic response.

Using the PCLM-LMD method™?” , the surrogate
model of response f (€%, 1) is expressed as
FE ) =Y 4, (65 n')cos(6, (65 0")) + #(£5, 9")

ii=1
(19)
where a, (£%,m"), ¢,(£%.m'), and 7(£%,9') are corre-
sponding surrogate models of IA, IP, and residual sig-
nal, respectively.

To solve the curse of dimensionality, the HDMR'? is
introduced to deal with surrogate models of TA, TP, and
residual signal. That is,

A m+n-1)(m+n-2
PRI RN IV P
(m+n=2)[ > al &)+ > a™M(n,)
1

j=1

+

i=

m— n-1 n

S Sae(ee)+ S S it (nn,)

J > 1 Ji J2>

arM(En )

= 7

(20)

J

i=

:(m+n—1)(m+n—2)

gai((fR’ n') ) Pio~
Serer(e) zgz»ﬁM(nj)) ;
i1 =1

o(e8 )+ S S e (nm, )+

(m+n-2)

m=1

T v

lz"' Ji >
SN G, m)) (21)
i=1j=1
- (m+n-1)(m+n-2)
F(E% ') = 5 ry -
(m+n- 2)( FIE(E) + DM () | +
i=1 j=1
m—-1 m n-1 n
z , V?PCE(fz,,§[2)+ zz }A’LM(njl,njz)+
L L2 B>
DD FN(EL ) (22)

j=

i=
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Combining with Eq. (19), the comprehensive coupled
model for the system response is constructed. The lower

and upper bounds of f (£%, 5') are described by
f(E) = min [f(£89)]

17'5[—1, 1]
F(E) = max [f(&%7")] (23)

nel-1,1]"

Herein, the mean of bounds (MB) and the variance of
bounds (VB) are defined as

we=ELf(E9) ] p=ELf(EY)]
0[2 = Var[f(£*)], o} = Var[ f(£")]

Based on the 30 rule, which corresponds to a confidence

(24)

interval of approximately 99. 73% for a normal distribu-
tion, the range of the system output can be estimated
from Eq. (24):

[f]CI=99.73% (25)

= [my =30 gy + 30 ]

3 Examples

3.1 Rigid hub-flexible cantilever beam

In Fig. 2, a rigid hub-flexible cantilever beam system
subjected to combined central driving torque 7 and ther-
mal radiation S, is analyzed. The flexible cantilever is
modeled using 20 fully parameterized spatial beam ele-
ments of ANCF. The parameter values are listed in Table
1. The total simulation duration is set to 20 s, with an in-
tegration time step of 0. 1 ms. The time-varying form of
the central driving torque is given by

5.000

— §=0 W/m’
— 5,=3 500 W/m’

4.998F

£
£ 4.996

4.9941

4.992
0

2 4 6 8 10 12 14 16 18 20

Time/s
(a)
0.08
0.07f
0.06
0.05}
=l
£0.041
0.03}
0.02¢ — 5=0 W/m’
0.01 — §,=3 500 W/m’

0

0 2 4 6 8 10 12 14 16 18 20
Time/s

(¢)

(26)

{SSin(Tl'l) r<2
T =

Fig. 2 Schematic view of the rigid hub-flexible cantilever
beam system

Table 1 Characteristic parameters of rigid hub-flexible canti-
lever beam system

Parameter Value
Length/m 5.0
Wall thickness/mm 2.35
Inner diameter/mm 10.92
Density/(kg-m™) 7 100
Young’s modulus/GPa 69
Poisson ratio 0
Thermal expansion coefficient 4x107°
Moment of inertia/(kg - m?) 5.0
Specific heat capacity/(J-kg™'-K™") 252
Thermal conductivity/(W-m™-K™) 16.61
Radiation absorptivity 0.5
Surface emissivity 0.13
Thermal radiation intensity/(W -m™) 3500
Initial temperature/K 173
Ambient temperature/K 173
Stefan-Boltzmann constant 5.67x107

Fig. 3 shows the deterministic dynamic response of the
system under combined central driving torque and ther-

0.301

— 5,20 W/’
0 — §,=3 500 W/’

8 10 12 14 16 18 20
Time/s

(b)

— §,=0 W/m’
— §,=3 500 W/m’

0.06
0.04f
0.02} [\

—0.02 1 f
—-0.04
—0.06 -
—0.08 -
—0.10F

—0.12 L
0 2 4 6

w/m

8 10 12 14 16 18 20
Time/s

(d)

Fig. 3 Deterministic dynamic response of the system under combined central driving torque and thermal radiation. (a) Displace-

ment in the x-direction at the endpoint A; (b) Displacement in the y-direction at the endpoint A; (c) Rotation angle of the rigid

body; (d) Transverse deformation at the endpoint A
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mal radiation. The red curve represents the system re-
sponse with both thermal radiation (S;=3 500 W/m®) and
torque input, while the black curve represents the case
without thermal radiation (S, =0 W/m?®). During the ini-
tial 2 s, the central rigid body and the flexible beam
driven by 7 undergo rotation, leading to remarkable
transverse deformation at the beam tip. Then, 7 drops to
0, and the system enters free vibration, driven solely by
inertia. Thermal radiation induces circumferential tem-
perature differences along the beam, causing static defor-
mation during free vibration. Thus, the tip displace-
ment, rotation angle, and transverse deformation gradu-
ally increase.

Based on the expressions in Section 2, the Young’ s
modulus of the flexible beam material is modeled as a
random field with a correlation length L” = 5. Simultane-
ously, thermal radiation intensity is modeled as an inter-
val field with a correlation length Lf' = 5. Using the K-L
expansion, the random and interval fields are discretized
as

EH(X’E) =gt U-Eifi/\/ Ag d)E, 5(x)

Sa(x,m)=8"+ SrZThA/ Agitrs, (x)

i=1

(27)

where p, = 69 x 10° and o, = 0. 01, denote the nomi-

— Upper bound
— Lower bound

2 4 6 8 10 12 14 16 18 2
Time/s

(a)

0.08f
0.07f
0.06f
0.05f
0.04F
0.03r
0.02¢ — Upper bound
0.01 —Lower bound

GIIIIIIIIII
0 2 4 6 8 10 12 14 16 18 20

Time/s

(¢)

MB of O/rad

nal value and the standard deviation of Young’s modu-
lus; §™=3500 and S"=0.1S™ indicate the nominal
value and the interval radius of thermal radiation. The ei-
genvalues and eigenfunctions are obtained as

A, =3.69%1, A,,=0.6900, A,,=0.2254

A,,=0.1066 i=E,S (28)
cos(w;x)
j=1,3
/L+ sin(2w,L)/(2w;)
Gpi(x) =t (x) =
sin (@;x)
: j=2,4
/L— sin(2w,L)/(2w,)
(29)

where L=2.5; w,=0.2613,0,=0.7346,w,=1.3169,
andw, = 1. 926 3.

The surrogate models a'(¢), (), and #'(¢) are con-
structed by the PCLM-HDMR method,
x,y,6,w. Based on the surrogate models, Figs. 4 and 5

where i =

present the predicted temporal evolution of MB and VB
of the responses, respectively. In the presence of ran-
dom and interval fields, the upper and lower bounds of
responses exhibit remarkable randomness. The variance
of these bounds increases gradually over time, making it
essential to further investigate the dynamic response of
the system.
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Fig.4 MB results of the system response. (a)x(#); (b)y(1); (c)0(¢); (d)w(r)

Based on the MB and VB responses predicted by the
complete surrogate models and the 3¢ criterion, the pre-
dicted regions for all time-varying responses are pre-

sented in Fig. 6. The upper and lower bounds of the sys-
tem responses progressively expand over time. This
growth in uncertainty indicates an increasing influence of
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uncertain parameters on the dynamic response and a pro-
gressively stronger nonlinear input-output relationship. In
general, the Monte Carlo scanning (MCS) method is
used for comparison; however, it requires at least N =
1.464 1 x 10* sample points, which is impractical for
this problem. Therefore, Fig. 7 shows the real response
results obtained from 5 000 randomly generated sample
points using the sample pool of MCS. A comparison dem-
onstrates that the nonintrusive surrogate modeling ap-
proach using the proposed method achieves long-time dy-
namic response prediction with only 481 sample points, en-
abling high-precision response prediction in hybrid uncer-
tain systems while maintaining computational efficiency.

3.2 Rotating hub-inclined thin plate system

The inclined rotating thin plate system consists of a
rectangular cantilever thin plate, with its left end fixed to
a rigid rotating hub, as shown in Fig. 8. The hub rotates
about a fixed axis according to a prescribed angular ve-
locity profile. The time-dependent angular velocity func-
tion is given by

t 1 . 2wt
0= QS(TS_Z’ITSHITS) < TS (30)
0, t>T,

S

where (2, = 10rad/s, T, = 5s. Point O denotes the refer-

s

ence point of the rotating plate, with its distance to the
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rotation axis set as 7 = 0.2 m. The frame {b,, b,, b,} is
obtained from the local coordinate {a,, a,, a;} via a
transformation defined by Euler angles, with the rotation
angle set as (0°, 0°, 30°). The geometric and material
parameters of the plate are listed in Table 2, and the ro-
tating thin plate is modeled using 8 X 4 reduced plate ele-
ments of ANCF.

Y

Fig. 8 Schematic view of the rotating hub-inclined thin plate
system

Table2 Parameters of the rotating hub-inclined thin plate system

Parameter Value Parameter Value

Length/m 1.0 Density/(kg-m™) 3000

Wide/mm 0.5 Young’s modulus/GPa 70
Thickness/mm 2.5 Poisson ratio 0.3

The density of the flexible thin plate is modeled as a
2D random field, where L =1, L7 =0.5. Further-
more, to account for the inhomogeneity in plate thick-
ness owing to practical manufacturing processes, the
thickness is modeled as an interval field*>' and its corre-

lation length is set as L% = 1, Lf' =0.5. Through K-L
expansion, the density random field and thickness inter-
val field are expressed as

pH(L)u§>=l%-+0¢jé§h/Api¢mi(x,y)

i=1
4
dg(xyom)=d™ +d" >, /A, iy (xy) (BD)
i=1
where u, is the nominal value and o, =0.02u, is the
standard deviation of the plate density; d™ and d' =
0. 02d™ denote the nominal value and the radius of the in-
terval field. The specific values and forms of eigenvalues
and eigenfunctions are obtained as follows:
A1 =0.2729,4,,=0.0510,A, ,=0.0167
A, =0.0095 i=p,d
d)p,l (x,y) = b, 1<xvy) =7y cos(w x)cos(wyy)
d)p,z(x’y) =y, 2(x9 V) =7, cos(w, x)sin(w,,y) +
Y2 Sin (@, x) cos (wy )
b, (x,y) =4, 5(x,y) = y,5c08(@,,x)cos(w,y) +
Y31 €08 (@,3x) cos (@, )
d),,,4(x’y) =, .(x,y) = yysin(w,x)sin(w,,y)
(32)
where w,, =1.3065, 0,=3.6732, w,;=6.5846,w,, =
2.6131,w,, =7.3464, w,; = 13.1692, v,, = 1.3886,
v,=1.1426,v,;,=1.0501,y,, =1.9974, y,,=1.2137,
V2 = 1.2666.

The PCLM-HDMR method is used to construct surro-
gate models a,(t), ¢,(¢), 7,(¢). Then, a complete non-
intrusive surrogate model w(t) is constructed for the de-
formation response under random-interval fields, and sta-
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tistical analysis is performed on the distribution character-
istics of the maximum transverse deformation response.
As shown in Fig. 9 (a), the combined spatially corre-
lated random and interval field uncertainties cause the
PDF of the maximum transverse deformation to be no
longer represented by a single curve but by two separate
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w/m

(a)

curves defining the upper and lower output bounds. Simi-
larly, the cumulative distribution function (CDF) in
Fig. 9(b) is now represented as an interval band, which
reflects the uncertainty within a confidence range, exhib-
iting the dual characteristics of randomness and interval

uncertainty.
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Fig. 9 PDF and CDF for bounds of the maximum lateral deformation. (a) PDF; (b) CDF

Figs. 10(a) and (b) illustrate the temporal evolution
of MB and VB for the lateral deformation, respectively.
The predicted region derived using the 3¢ criterion is
presented in Fig. 10(c). Fig. 10(d) provides reference
responses obtained from 5 000 samples generated using
the MCS sample pool, which serve as a benchmark for
validating the prediction accuracy of the proposed
method. Comparative results indicate that the DRPCLM-
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4 Conclusions

A nonintrusive computational framework is proposed
to analyze the effects of random and interval fields on the
dynamic response of multibody systems. By incorporat-

LMD modeling strategy effectively captures the evolv-
ing boundary behavior of the system response under
high-dimensional hybrid uncertainties. Furthermore,
the approach demonstrates reliable predictive capability
for extreme value statistics, highlighting its strong
adaptability and practical utility in handling complex
systems subjected to multiple sources of uncertain

fields.
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Response prediction of lateral deformation at Point P. (a) MBj; (b) VB; (c) Predicted region; (d) Real region

ing the K-L expansion, high-dimensional discrete repre-
sentations of these fields are embedded into ANCF ele-
ments. Computational efficiency is further improved by
precomputing constant matrices in the dynamic equa-

tions. To address challenges associated with high-
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dimensional inputs and long-time domain simulations,
PCLM is combined with the LMD technique, which de-
composes the system response into IA, IP, and trend
components. The HDMR technique is then employed to
effectively reduce the dimensionality of these compo-
nents, enabling accurate prediction of the overall system
behavior via a fully constructed surrogate model. The va-
lidity and efficiency of the proposed methodology are
demonstrated through two examples involving 1D and
2D random-interval field models. The results confirm
that the proposed approach effectively captures spatially
dependent uncertainties and considerably improves the
accuracy and computational efficiency in predicting sta-
tistical characteristics and boundary envelopes of rigid-
flexible multibody systems under hybrid spatial uncertain-
ties. This work establishes the efficacy of the method on
classical problems. Future research will extend its appli-
cation to strongly nonlinear regimes, including systems
with large deformations and non-smooth contact, to
more rigorously benchmark its advantages for complex
engineering analyses.
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