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HIGHLIGHTS

® An improved Latin hypercube design is proposed for correlated factors.

® The upper bound by uncertainty analysis is 5.26% higher than that by sampling.
® An uncertainty-based model updating method is proposed closer to test data.

® The nonprobabilistic TPS design is 3.44% lighter and verified by experiment.

ARTICLE INFO ABSTRACT

Reusable launch vehicles are subjected to intense aerodynamic heating during the hypersonic re-entry stage.
Thus, thermal protection system (TPS) design methods that consider uncertainty have become increasingly
important in recent years. In this study, a nonprobabilistic TPS optimization design that takes into account
deviations in temperature-dependent thermophysical property parameters is carried out with corresponding
experimental verification. An improved Latin hypercube design (ILHD) is first proposed to solve the sampling
problem in the case where the distribution domains of correlated uncertainty parameters interfere with each
other. Based on the ILHD, uncertainty and sensitivity analyses of the TPS heat transfer are performed, in which
the importance and effect trends of uncertainty parameters to responses are clearly identified. In terms of both
computational costs and accuracy, the ILHD method has a significant advantage because of the excellent abilities
of random sampling to satisfy certain constraints, space-filling, and nonlinear response-fitting. The ILHD’s su-
periority in uncertainty and sensitivity analyses is also proved compared with response bounds by sampling.
During experimental verification, an uncertainty-based model updating method is proposed to modify the heat
transfer numerical model of test pieces. Finally, a lighter design is obtained and the correctness and validity of
applied methods are verified.
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1. Introduction vehicle's weight and ensure its own thermal and mechanical integrity

during re-entry using lightweight materials that provide high thermal

The thermal protection system (TPS) applied to the external surface
of reusable launch vehicles must maintain the temperatures of the un-
derlying material and internal structure within acceptable limits as well
as satisfy the requirement of mechanical loads [1,2]. Inadequate
thermal insulation performance may cause the failure of the TPS or
even the vehicle itself because the temperatures exceed the specified
limits [3]. Therefore, efficient TPS design is required to minimize the

protection and insulation [4].

The TPS is divided into three categories: passive, semi-passive, and
active [5]. The passive TPS is considered the safest and most weight-
efficient [6], and has attracted the attention of researchers nationally
and internationally. The passive TPS can be classified as a heat sink
structure, hot structure, and insulated structure according to different
thermal protection principles [5]. The insulated structure has the
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Nomenclature

T temperature (K)

t time (s)

z spatial coordinate through the TPS thickness direction
ki effective thermal conductivity of i™-layer TPS (W/m'K)
k;; the jh interpolation point of k; (W/m'K)

o effective density of i-layer TPS (kg/m?)

oy the j" interpolation point of p; (kg/m?)

¢ effective specific heat of i"-layer TPS (J/kgK)

cy the j® interpolation point of ¢; (J/kgK)

Ty TPS initial temperature (K)

q re-entry heat flux (W/cm?)

Riop convection coefficient at TPS top surface (W/m2K)
Rpottom convection coefficient at TPS bottom surface (W/m>K)
€ Emissivity

o Stefan-Boltzmann constant (W/m2K?)

1 TPS’ total thickness (mm)

L thicknesses of outer insulation (mm)

Iy thicknesses of inner insulation (mm)

mass TPS’ mass (g)

T _max maximum temperature of inner insulation (K)
Ts_ max maximum temperature of skin (K)

Ti_aiow  allowable temperature of inner insulation (K)
Ts_anow  allowable temperature of skin (K)

n number of DOE factors

Xk the k™ factor

X1 the k + 1™ factor

xmin minimum value of x;

x,{‘}r”l‘ minimum value of Xy,

X maximum value of x

xrid interval median of x;

x,?}ri‘f interval median of Xy,

m number of levels, also number of distribution subinterval

for each factor

xe () the jth level of x;

Xete1()  the j™ level of xp4q

x} upper bound of i subinterval

X! lower bound of i" subinterval

I interference interval of [x[2, xma]

r number of x (j) in I

s number of x;;(j) in I

c number of cycles

) empty set

A distribution interval of T3_p,, by uncertainty analysis (K)

A, distribution interval of Ts_p,,x by uncertainty analysis (K)

B distribution interval of Ti_p.x by sensitivity and un-
certainty analyses (K)

B, distribution interval of Ti_p.x by sensitivity and un-
certainty analyses (K)

G distribution interval of T;_p,x by sampling (K)

C, distribution interval of Ts_n,x by sampling (K)

TyPPe. upper bound of Ty (K)
TPPe.  upper bound of Ti_pay (K)

T; -failure ~ failure temperature of inner insulation (K)

Ts faire  failure temperature of skin (K)

T. experimental heating load (K)

te experimental heating time (s)

te numerical calculation time (s)

Ty - max maximum temperature of TPS bottom surface (K)

T max corresponding time of Tg_max (S)

TEEM MED interval median of T;_max by finite element analysis (K)
t7PM-MED - interval median of fg,_,, by finite element analysis (s)

TEXP Ts—max for test data (K)
EXP

I Iy _max fOT test data (s)
w; the first weighting factor
w; the second weighting factor

advantages of both the heat sink structure and hot structure. It removes
most of the heat via thermal radiation and absorbs only a small amount
of the remaining heat, which is conducted through the insulation to the
inner structure and stored in the form of heat sinks. Typical insulated
structures include flexible ceramic blankets, rigid ceramic tiles, metallic
panels, etc. [7], all of which have multilayer features that make TPS
design difficult, especially the processes of advanced uncertainty ana-
lysis and optimization. The reason is the thermal insulation efficiency
determined by both the effective thermal conductivity and thermal
storage of the multilayer structures [8].

The uncertainty in TPS design has many sources and cannot be ig-
nored. The primary sources are: stochastic variability, including natural
fluctuations in atmospheric conditions and surface texture variations of
TPS materials; structural uncertainty caused by simplified physical
model or its numerical discretization; and parametric uncertainty
arising from the input model parameters [9]. Despite a number of
theoretical achievements in the deterministic analysis and optimization
design of TPS [10-14], there are few developments in TPS uncertain
design. Historical approaches for dealing with uncertainties depend on
expert judgment to assign uncertainty levels to factors affecting TPS
sizing [15]. Thereafter, the uncertainty design of TPS is usually per-
formed in the two following methods: Statistical Error Analysis (SEA)
and Monte Carlo Simulation (MCS) [16,17]. Dec and Mitcheltree first
applied the MCS to determine the TPS margins of the Mars Sample
Return Earth Entry Vehicle by a probabilistic design approach with
inevitably high computational costs [18]. The SEA has the lower
computational costs than the MCS, however, its calculation accuracy is
not as good as the latter. Aiming at the above problem, Gomez-San-

Juan et al. proposed an intermediate method to balance the computa-
tional costs and calculation accuracy between SEA and MCS [16]. In the
above-mentioned researches on the uncertainty design of TPS, on the
one hand, the temperature dependence and correlation of uncertain
input parameters are often ignored, which has failed to result in a high-
reliability TPS; on the other hand, the high computational costs asso-
ciated with uncertainty analysis using the MCS or SEA must also be
taken into account. Hence, a refined TPS uncertainty design that can
effectively assess and consider the impact of input-dependent un-
certainties on output responses must be developed with a lower com-
putational cost.

For a complex structure, the errors between calculated values ob-
tained by numerical analysis and true value are enormous [19]. Thus,
eliminating or reducing these deviations is a precondition of TPS re-
liability design Model updating technique can help realize this pre-
condition [20]. Model updating methods can be divided into two major
groups: the direct method and the iterative method [21]. The latter can
be formulated as a mathematical optimization model by sensitivity
analysis and computational intelligence techniques, and is more likely
to be adopted. In terms of the thermal mathematical model updating,
Torralbo and Sanz-Andres et al. have done a lot of work [22-23].
However, there are very few researches on model updating in TPS
transient heat transfer analysis considering the uncertainty of input
parameters, which restricts the high-performance design of TPS to a
large extent.

In view of the above-mentioned problems, and taking a typical TPS
as the research object, the focus of this study is illustrated in Fig. 1.
Firstly, an improved Latin hypercube design is developed and applied to
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Improved Latin Hypercube Design
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Fig. 1. Flow chart of the study.

the uncertainty and sensitivity analyses of TPS. The novelty of the ap-
proach is that it takes into account the correlations between the tem-
perature-dependent characteristics of the same kind of uncertainty
input variables. The relationships between uncertainty input variables
and output responses are identified, and the contributions of each un-
certainty input variable are ranked. Secondly, a complete non-
probabilistic optimization process, which is feasible for TPS, is estab-
lished by defining the thickness of each component as a design variable
as well as considering the temperature constraints, which significantly
reduce the computation time. Thirdly, an experiment on TPS thermal
insulation performance is used to verify all the proposed approaches,
and an uncertainty-based model updating approach for TPS heat
transfer analysis is proposed. The novelty of the approach is that it
directly selects the key responses related to the failure of a TPS or even
the entire vehicles as the objectives to be updated. Simultaneously, the
variables also depend on the service environment of the TPS. Finally, it
is shown that excellent results were achieved.

2. Deterministic design
2.1. Description and assumptions of the model

Fig. 2 shows a typical insulated TPS with six layers of components
consisting of, from to bottom, a carbon/carbon (C/C) panel, flexible
fabric, outer insulation, inner insulation, strain isolation pad, and load-
bearing skin, all bonded together with room-temperature vulcanizing
adhesive. As the external surface of the TPS, the outer surface of the C/
C panel is directly subjected to the severe aerodynamic heating during
re-entry. At this stage, only a small portion of the remaining heat is
transferred to the TPS interior, with a significant amount of heat ra-
diated to the environment.

The initial thickness and effective thermophysical property para-
meters of the TPS are listed in Table 1. Among them, the temperature-

dependent specific heat and thermal conductivities were obtained by
linear interpolation [4]. The interpolation points involved and curves
are shown in Fig. 3.

Combined heat transfer modes exist in the re-entry progress of a
reusable launch vehicle for an insulated TPS, including radiation, solid
heat conduction through each component, gas conduction and con-
vection [1]. For the convenience of TPS optimization design, the fol-
lowing assumptions were made [24,25]:

(1) Heat is transferred only in the thickness direction of the TPS. The
in-plane temperature gradients are small enough to be negligible.

(2) The effect of the adhesive on heat transfer is ignored.

(3) The contact resistances among substructures are ignored.

(4) No ablation occurs at the top surface of the TPS.

(5) No heat transfer occurs at the bottom surface of the TPS.

(6) The initial temperature of the TPS is the same as the ambient
temperature.

C/C panel
Flexible fabric
Outer insulation
Inner insulation

Stain isolation pad

DOEOED

Load-bearing skin

Fig. 2. Components of a typical TPS.
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Table 1
Initial dimensions and thermophysical properties for TPS.
Component layer first second third fourth fifth sixth
Thickness (mm) 4 3 20 30 3 3
Density (kg/m®) 1800 170 360 330 150 1650
Specific heat (J/kg'K) Fig. 3 (a) 1000 Fig. 3 (a) Fig. 3 (a) 1000 Fig. 3 (a)
Thermal conductivity (W/m'K) Fig. 3 (b) Fig. 3 (b) Fig. 3 (b) Fig. 3 (b) 0.03 Fig. 3 (b)
2100 100
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Temperature (K)

(b) Thermal conductivity

Fig. 3. Temperature-dependent thermophysical property parameters.

2.2. Transient heat transfer equations and analysis

Based on the above assumptions, the temperature field analysis of
the TPS was converted into solving a one-dimensional transient heat
transfer problem. Taking the external surface of the TPS as the origin, a
one-dimensional Cartesian coordinate system was established along the
thickness direction. Inside each component (i.e. each layer of the TPS),
the governing equation for conservation of energy can be expressed as:

9
9z

0T (z, t)

0Tz, 1) _ 0
0z

(ki(T) ot o

) = p,(Dei(T)
where index i denotes the i layer of the TPS, (i = 1, 2---,6), z is the
spatial coordinate along the TPS thickness direction, and ¢ is the time. T
is the TPS temperature, which is a binary function of z and ¢. k;, p;, and
c; are the effective thermal conductivity, density, and specific heat of
the i component, respectively, some of which are functions of tem-
perature. At the interface between the two components, the tempera-
ture and heat flux were set to be continuous.

Owing to the assumption that the bottom surface of the TPS is
adiabatic, the boundary condition only illustrates the heat transfer at
the top surface of the TPS, which can be divided into two stages.

Stage 1: Heat is applied to the top surface of TPS by heat flux and
dissipated by radiation during re-entry.

Stage 2: Heat is dissipated at the top surface of TPS by radiation and
convection after landing.

Thus, Eq. (1) is subjected to the initial and boundary conditions as
follows:

T(z,0) =Ty )
LT | q(t) = (T)a[T*(0, 1) — T}}]>Stage 1
"oz oy |- hep[T0, ) = T] = e(T)a[T4(0, 1) — T¢]—Stage 2 3)

where T; is the initial temperature of the TPS, which was assumed as
288K; q is a typical re-entry aerodynamic heating load applied to the
top surface of the TPS; hy,, is the convection coefficient shown in Fig. 4
[26]; € is the emissivity which is a function of temperature, and it is
simplified as a constant of 0.85 in the simulation analysis; and o is the
Stefan-Boltzmann constant of 5.67 x 1078 W/(m?-K%).

A simplified mathematical model of the TPS heat transfer has been

completed. The model was discretized by a commercial finite element
analysis software, as shown in Fig. 5. Further, the transient temperature
field of the TPS can be acquired.

Some temperature responses of interest are shown in Fig. 6. Among
them, the temperature of top surface represents the radiation equili-
brium temperature during the re-entry stage, which depends on the re-
entry heat flux and the emissivity instead of structural thickness.
Maximum radiation equilibrium temperature is 1450K less than the
allowable temperature of the outer insulation, that is, the outer in-
sulation is not at risk of temperature failure. Thus, the responses that
need to be considered and strictly controlled in the design stage are the
inner insulation and the skin’s maximum temperatures.

2.3. Deterministic optimization

The overall goal of TPS design is to minimize the vehicle's weight
while preventing its structure from exceeding its design temperature
limit during re-entry.

As a result of the vehicle’ sensitivity to weight, the optimization
objective is to minimize the TPS mass. The thicknesses of the outer and
inner insulation were taken as design variables because a certain

28 - 12
Stagel: heat flux and radiation Stage2: no heat flux but radiation J
24 | but no convection and convection 10
20 g
) : 1° é
£ 16 [ 1 s
z ! 16 &
z n} ! g
E : 1. 2
= 4L ! 2
! EN
i z
4t 1 12
i
0 L 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000

Time (s)

Fig. 4. A typical re-entry aerodynamic heating condition.
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Fig. 5. One-dimensional finite element model.
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Fig. 6. Time-dependent temperature responses of interest.
Table 2

Failure thresholds, allowable values and their safety margins.

Component Allowable value Safety margin Failure threshold
Inner insulation 873K 76.64K 949.74K
Skin 450K 37.15K 487.15K

thickness of insulation is needed to ensure adequate thermal insulation
performance. Except for the inner insulation and the skin, the allowable
temperatures for all remaining components are higher than their
maximum temperatures in practice. Therefore, the constraint condition
is that the maximum temperatures of the inner insulation and the skin

27501 o Start: [=20mm
[=31mm
2740 .
Optimization  Mass (g)
2730 Start 2748.60
3 5000l X End 2691.36
] Lessen 57.24
= 2710}
-\.\ 1=19.7mm
2700 . .
- 1,=29.4mm
2690 - —
1 1 1 1 1
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Improved iteration step

(a) Mass
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Require: x, (j)S X, (J)

min
!

max max

X, X

Fig. 8. Correlated factors of x; and x.

must not exceed their allowable temperatures respectively. Moreover,
the maximum temperature of the inner insulation must occur at the
interface between the outer insulation and inner insulation, while the
maximum temperature of the skin must occur at the interface between
the strain isolation pad and skin.

Therefore, the deterministic optimization model of the TPS can be
mathematically expressed as

find L, I4
min mass (L, 1)
S. t. Ti_max < Ti—alow
TS—max < TS—allow
L>0, L0

(4

where, I; and I, are the design variables, that denote the thickness of
outer and inner insulation, respectively; mass represents the TPS mass
function of s and ly; T3 _max and Ts_ ., are the maximum temperatures of
the inner insulation and skin; and Tz _.j0w and Ts_.0w are the allowable
temperatures of the inner insulation and skin. The failure thresholds,
i.e., the allowable values and safety margin for each constraint, are
listed in Table 2. The safety margins can be considered as the risks
allocated for each failure mode [27].

After the solution using the genetic algorithm, the design variable
values obtained by deterministic optimization are L = 19.7 mm and
l4 = 29.4 mm; and the corresponding structural mass is 2691.36 g. The
iteration histories of the TPS mass and two constrained responses are
shown in Fig. 7. Here, the deterministic optimization is the basis of
uncertainty-based design, and the former can provide a contrast for the
latter.

3. Uncertainty-based design
3.1. Improved Latin hypercube design

The design of experiments (DOE) has advantages in constructing the
approximate model, identifying key factors, determining the best
combination of factors and analyzing the relationship and trends be-
tween factors and responses. In DOE, “factor” and “response” are the
technical terms used for the input and output parameter, respectively;
and “level” is the technical term used for the specific value of the factor.

885
Ti-al\nw:873 K
870 | -~
‘\0—¢ /‘/
—_ L Q/‘
% 855 \/ 3-max
=4 ¥ —e— T
Z 840 Smax
51 =
19
Sas2f T, 450K
o
& gasr— 3 o===g
448
/./
444 o
./
440 ! L 1 L !
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Improved iteration step

(b) Constrained responses

Fig. 7. Iteration history.
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Fig. 10. Flow chart of first three steps for ILHD.

The distribution domain of each factor is an interval where the specific
value defined as a level is extracted. The combination of each factor’s
level is known as a sample.

The Latin hypercube design (LHD) is one of the DOE methods with
the excellent space-filling and nonlinear response-fitting abilities.
However, LHD has limited applicability because it is only suitable in
situations where the factors are independent of each other. In cases
where the factors are not mutually independent, i.e. are related to each
other, a specific correlation rule must be introduced to the LHD.
Consequently, the improved LHD (ILHD) is proposed.

ILHD’s superiority lies in the fact that it takes into account of the

correlation between factors in addition to retaining the LHD’s whole
advantages. For example, as shown in Fig. 8, factors x; and x, are cor-
related, and their levels (i.e., x; (j) and X, (j)) must comply with the rule
x1 () € % (j). Meanwhile, the distribution domains of factors x; and x,
are interrelated. If LHD is used, then the unsuitable sample of
(a (), % (j)), where x, (j) > % (j), will be generated incorrectly owing to
the LHD’s completely random sampling, as illustrated in Fig. 9 (a). On
the other hand, if ILHD is employed, all samples that meet the re-
quirement x (j) < % (j), owing to ILHD’s conditionally random sam-
pling, are suitable, as shown in Fig. 9 (b).
The detailed procedures of ILHD are outlined as follows:
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Step 1: Select the factor x; with its distribution interval of
™", ), k € [1, nl.

Step 2: Divide [x/™", x™%] into m subintervals of [x;}, x],i € [1, m],
evenly.

Step 3: Generate the level x; (j) from [x/~!, x{] by the probability

density function of x;, where j =i € [1, m].

The above three steps are consistent with the LHD method, as shown

in Fig. 10. The following steps for ILHD are illustrated in Fig. 11.

Step 4: Determine whether x; and x;; are correlated or not. If yes,
perform Step 6.

Step 5: Combine the residual levels of x; and x4, randomly.

Step 6: Compare interval medians of x™ and x4, If x™¢ >
then exchange x; and xj1.

Step 7: Compare x> and x3. If x

perform Step 5.

mid
Xic+15

is not greater than x%, then

Step 8: Record the interference interval [x, x™*] as I, and count

the levels of x; and X, in I, recorded as r and s in turn.

Step 9: Let ¢ = 0, where ¢ is the number of cycles.

Step 10: Select x;.4+1(%z) randomly, &, € [s + 1, m], and then combine
Xpe11(8) and xi ().

Step 11: Delete the subinterval [x/"~¢, x/"~*!] in I, add this sub-
interval into the non-interference interval, and then update the I,
recorded as [x/3, x"~¢].

Step 12: Delete x;+1 (%), and then update s and r.

Step 13: Letc=c + 1.

Step 14: Perform Steps 9-13 repeatedly until r = 0; then perform
Step 5.

Step 15: Perform Steps 4-14 from k =1 to k = n — 1 in turn, and
then end.

Thus far, a set of samples under the correlation constraint has been

obtained, recorded as m x n ILHD. Here, n is the number of factors; m is
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Fig. 12. Bounds of the specific heat for the outer insulation.

the number of levels; and the samples are combinations of different
levels of n factors, regarded as the points of n-dimensional space, whose
number is also m. Next, ILHD is applied to the uncertainty-based design
of TPS.

3.2. Sensitivity and uncertainty analyses based on ILHD

Nonprobabilistic interval analysis is suitable for dealing with im-
precise uncertainties to predict the range of responses, which has much
lower computational costs compared with the probability analysis
[28-31]. In this section, the sensitivity and uncertainty analyses based
on the ILHD of the TPS are studied with the input uncertainty para-
meters regarded as the nonprobabilistic interval data.

Before performing the sensitivity and uncertainty analyses, it is
necessary to define and quantify the uncertainty parameters. The un-
certainty parameters were set as the thermophysical property para-
meters of each component, including the density o> specific heat c,
and thermal conductivity k; of the i component at their interpolation
points; their estimated uncertainties were identified as = 5%. For ex-
ample, the upper and lower bounds of the specific heat for the outer
insulation at its interpolation points are shown in Fig. 12. It can be seen
that the correlation constraints of  ¢31() < ¢ () and
c33(j) < c34() < c35(j) exist and must be satisfied. Using traditional
LHD, some sample points depicted in Fig. 13 (a) violate the law of
c31(j) < ¢32(j). In contrast, all the sample points generated by ILHD in
Fig. 13 (b) satisfy the above correlation constraints, demonstrating il-
lustrates the superiority of ILHD.

The approximate modeling is the basis of sensitivity and uncertainty
analyses. This was also achieved using ILHD. First, all the uncertainty
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900 | [ line: ¢;, = ¢;,

880

(J/kgeK)

y

& 860 [

C
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820
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820 840 940

Fig. 13. Sample combinations of c3
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parameters with the number of 54 were regarded as the factors of ILHD.
Next, a sample matrix consisting of all the sample points was generated
by running the ILHD sampling code. A sample point was taken from the
sample matrix as the input parameters one by one, then the transient
temperature field analysis of the TPS was carried out, and B;_p,,x and
Ts_max Were exported to their response matrices. Lastly, using the re-
sponse surface method, two accurate approximation models were suc-
cessively constructed and confirmed, which describe the quantitative
relationship between uncertainty parameters and responses of T;_pax
and Ts_ pax.

On this basis, the global sensitivity analysis (also known as im-
portance measure analysis [32,33]) is presented by Parote graph which
represents the contribution rates of the normalized uncertainty para-
meter to the response [34]. The contribution rates of uncertainty
parameters to T3 _pmax and Ts_may in the top 20 are shown in sequence in
Fig. 14 and Fig. 15 by arranging the contribution rates in descending
order. The uncertainty parameters with contribution rates less than 1%
were ignored; hence, 17 and 19 key uncertainty parameters were se-
lected for T5_max, and Ts_may, respectively.

The effects of uncertainty parameters trends on T3,y and T;_pax are
identified in Fig. 16 and Fig. 17.

According to the effects of uncertainty parameters trends on re-
sponses, the combinations of levels were determined by inputting the
bounds of T;_. and Ts_p, that can be obtained. By uncertainty ana-
lysis based on ILHD, the response intervals of 4; and A, consisted of the
bounds of T3_pa.x and Ts_pax, respectively, considering all the un-
certainty parameters; meanwhile, the response intervals of B; and B,
consisted of the bounds of T;_p,x and Ts_max, respectively, considering
merely key uncertainty parameters; besides, the response distribution
domains by sampling were recorded as C; and C,, as listed in Table 3.
On the one hand, 4; D C; and A, D C;, which prove the validity of the
uncertainty analysis. A; and A, are respectively much wider than C; and
C,, and the upper bounds of 4, and A, are respectively 2.82% and
5.26% higher than that of C; and C,, which demonstrates the effec-
tiveness of the uncertainty analysis. On the other hand, 4; D B, and
A, D B,, which prove the validity of the sensitivity analysis. In addi-
tion, the width of B, and B, is respectively very close to that of 4; and
A, which demonstrates the effectiveness of the sensitivity analysis.

3.3. Nonprobabilistic optimization

In traditional deterministic optimization, with the safety margins
considered as the risk allocated for each failure mode, designs that are
either too conservative or too dangerous are realized owing to the
rough estimate of uncertainty. However, uncertainty-based optimiza-
tion meticulously takes into account the effects of uncertainty para-
meters on responses, which leads to a safer and lighter design.

The nonprobabilistic optimization model of the TPS can be

940
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900} [ line: ¢;; = ¢,

¢, (J/kgeK)

1 L 1 1
860 880 900 920
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(b) ILHD
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and c;, generated.
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Fig. 14. Contribution rates of uncertainty parameters to T5_max.

1 pél
.20 p,
©n w
5 . 3¢y, I3
o . (5}
§ -4k, §
g .50k, 8
b >
g .60 ky, £
s . s
§ No. 7: ¢, 5
Q
5 No. 8: ¢, 5
No. 9: ¢,
No.10: k,,
1 1 1 1
0 5 10 15 20 25
effecton 7, (%) effecton 7, (%)
(a) Top 10 (b) Top 20

Fig. 15. Contribution rates of uncertainty parameters to T5_pmax.

mathematically expressed as

find L, 1
min mass (L, 13)
s.t. T3P < Ty failure

upper
Tsfglax < T5 - faiture

L>0, 1,0 5)

where, mass is the function that represents the nominal value of the TPS
mass; Ty Pber and TeP2 are the upper bounds of the inner insulation and
the skin’s maximum temperatures respectively, obtained by the un-
certainty analysis of key uncertainty parameters; and T;. e and
Ts . failre are the corresponding failure temperatures of the inner in-
sulation and skin, respectively.

After the solution using the genetic algorithm, the final values of the
design variables by nonprobabilistic optimization are ; = 18.4 mm and
4 = 16.8 mm; the corresponding structural mass is 2598.75 g. The un-
certainty-based design is 92.61 g lighter than the deterministic design.
The iteration histories of the TPS mass and two constrained responses
are shown in Fig. 18.

4. Experimental verification
4.1. Experiment description
A thermal insulation performance experiment was conducted with

the two types of test pieces including the initial TPS prior to determi-
nistic optimization and the final TPS after nonprobabilistic uncertainty

optimization, to verify the correctness of the uncertainty analysis and
optimization design for TPS. One of the TPS test pieces is shown in
Fig. 19.

Because the bottom surface of the TPS test piece was exposed to an
enclosure during the testing process, the assumption that no heat
transfer occurs at the bottom surface of TPS test piece is inappropriate,
and was replaced with a TPS test piece in which the heat transfer
coupled with convection and radiation occurred at the bottom surface
of the test piece. An effective heat transfer coefficient hpoyom is proposed
and used to represent the combined heat transfer mode at the bottom
surface of the TPS test piece. Here, the boundary condition at the
bottom surface of TPS test piece is as follows:

9T, 1)
C ooz i=6

-k = hpottom [T(l, t) — ’I;]

(6)
where [ is the total thickness of the TPS.

Combined with the actual heating conditions, the experimental
heating load T, was set as the black curve in Fig. 20. At this stage, the
boundary condition at the top surface of the TPS test piece is as follows:

T, 1) =T(5), t €0, t] )

where . is the experimental heating time of 500s.

Five temperature sensors were installed at the center of the top
surface and bottom surface of each test piece for temperature control
and measurement. A schematic of the five temperature sensor locations
is shown in Fig. 21. The mean value measured by the temperature
sensors was taken as the test value.

The real heat loads from the first to the third experiment are
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Fig. 16. Effects of uncertainty parameter trends on T_max.

illustrated by the red, green, and blue dots in Fig. 20. The first and
second experiments take the initial test piece as the object, while the
third experiment takes the final test piece as the object. Compared with
the set value, actual heat loads have slight and acceptable deviations. It
is worth noting that the vast deviation at the initial stage of heating
resulted from the display range limitation of the equipment, and does
not indicate the actual deviation. The real heating process of TPS the
test piece is shown in Fig. 22.

After 500 s, heating was stopped and the heat source was removed.
At this stage, the boundary condition at the top surface of TPS test piece
was changed to the following equation:

_k 3T (0, t)
oz i=1

= —hp [T(0, 1) — T,] — e(T)a [T*(0, t) = T, t € [te, tc] 8)

where ¢, is the numerical calculation time of 6000 s; and h,p, as shown
in Fig. 23, is a natural convection heat transfer coefficient, which was

10

calculated by the following empirical formulas [35,36]:

Nu =

hipl n
T = C(GrPr)m (9)

where Nu is the Nusselt number; [ is the height of the top surface of the
TPS test piece when placed vertically; k is the thermal conductivity of
air; G, is the Grashof number; B is the Prandtl number; C and n are
constants depending on the flow state of the natural convection, whose
values are taken according to Ref. [36].

Except for the above boundary conditions, the governing con-

servation of energy equation under the experimental condition is the
same as that under the re-entry condition.

4.2. Uncertainty-based model updating and validation

Owing to the unavoidable differences between the results of the

numerical model and test data, model updating must be carried out to
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Fig. 17. Effects of uncertainty parameter trends on T5_max.

element model updating. For the TPS, the skin’s maximum temperature

bring the finite element model for the TPS unit closer to the actual test

piece.

and its corresponding time are essential to the thermal insulation per-
formance design. Hence, the objective function is to minimize the

Model updating usually minimizes errors between the numerical
model and the real tested structure by optimization. The single objec-

weighted sum of squares of the normalized residual of the interval

median of the TPS bottom surface’s maximum temperature and its

tive function method (SOF) was applied to the uncertainty-based finite

11
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Table 3 [ C/C panel
Bounds of the uncertainty responses.

| Flexible fabric
|

T-max(K) A = [553.50, 645.47] By =[555.72, 643.11] (G =[572.91, 627.78] 4 :Oum insulation

|

I . .
I | Inner insulation
|
[ 1 Stainisolation pad
—f

Tomax(K) Ay = [155.60, 200.18] B = [157.14, 197.97] C; = [164.23, 190.17]

corresponding time. The effective heat transfer coefficient hyyom was
selected as the only design variable to be updated. Finally, an un-
certainty-based model updating method for the heat transfer analysis
and design of TPS was proposed, and shown in the way of an optimi-
zation model as follows:

el K111

find hbottom

B 2 FEM - MED EXP  \2
. ngxhx/{axMED (hbottom) — TﬁEZ(xfx)mx [T6—max (tbottom) [Tﬁfmax
min w; e + w2 > Fig. 19. Test piece
“ma 6—max : . )

S. . w+w,=1
wy, Wy = 0 1500

(10) 1st actual val
—®— lst actual value
where TEEM MED and (FEM-MED are the interval median of the maximum 1250 e~ 204 actual value

temperature and corresponding time of the TPS bottom surface during
finite element analysis, respectively. Teon,, and tF<°  are the max-
imum temperature and the corresponding time of the TPS bottom sur-
face for test data, respectively. w; and w, are weighting factors and were
set to be equal.

The updated effective heat transfer coefficient was solved as
Rpottom = 1.75 W/(m?K). The finite element results before and after
model updating and their comparison with test data are shown in
Fig. 24. The red curve describes the nominal temperature history of the 250 L L L L
TPS bottom surface when hpoom = 0 during finite element analysis, 0 100 200 300 400 500
which corresponds with the assumption that no heat transfer occurs at Time (s)
the bottom surface of TPS. The blue curve represents the nominal
temperature  history of the TPS bottom surface when
Rvottom = 1.75 W/(m?K) during finite element analysis. The black curve
represents the experimental temperature history of the TPS bottom
surface. It can be seen that the nominal values of maximum tempera-
ture and the corresponding time of TPS bottom surface after the un-
certainty-based model updating are much closer to the test data, which
proves the validity of the uncertainty-based model updating method.
Meanwhile, the heat transfer model of the TPS test piece was validated.
The temperature history of the TPS top surface after model updating is
shown in Fig. 25.

—A— 3rd actual value

1000 Setting value

750

Temperature (K)

500

Fig. 20. Set heat load and three actual heat loads.

4.3. Experimental verification

Using the updated finite element model of the test piece, un- Fig. 21. Schematic of five temperature sensor locations.
certainty heat transfer analysis based on ILHD for Ts_m,x was carried
out. The distribution domains of the uncertainty analysis and test data
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Fig. 22. Heating process.
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Table 4

Bounds and test value of the Tg_pax.
Test Piece Lower Bound Upper Bound Test Value
Initial Piece 327.62K 351.60K 341.40K
Final Piece 334.54K 354.65K 347.15K

Deterministic design Uncertainty based design

/
\\ /

«—Safety margin—>; Temperature
Allowable Failure

Fig. 26. Reliability schematic of deterministic design and uncertainty-based
design.

for T;_max are presented in Table 4. For the initial test piece, the test
value is in the distribution domain of uncertainty analysis, which
proves the correctness of the uncertainty analysis based on ILHD. For
the final test piece, the test value is still within the distribution domain
of uncertainty analysis, which proves the correctness of uncertainty
optimization design.

The correctness of the uncertainty analysis and optimization design
for the TPS has been verified. Moreover, the response distribution do-
mains of uncertainty analysis based on ILHD all contain those obtained
by other methods, as shown in Section 3.2, which proves the effec-
tiveness of the uncertainty analysis based on ILHD. The TPS mass by
nonprobabilistic optimization is 3.44% lighter compared with that by
deterministic optimization. The former also maintains the same relia-
bility as the latter, as shown in Fig. 26, which proves the effectiveness
of uncertainty optimization design. Finally, a lighter TPS design was
obtained, and both the correctness and validity of the applied methods
were verified.

5. Conclusions

This paper presented a complete uncertainty-based TPS design
process that includes deterministic heat transfer analysis, sensitivity
and uncertainty analyses, nonprobabilistic optimization, and experi-
mental verification.

Firstly, an ILHD was proposed. It is an advanced method not only in
the field of sensitivity and uncertainty analyses but also in the area of
computer experiment design, with the ability to consider the correla-
tions between uncertainty parameters, have good space-filling, and fit
the nonlinear response well. Sensitivity and uncertainty analyses using
ILHD has both high accuracy and low computational cost. The TPS
weight by uncertainty-based design is 3.44% lighter compared with
that by deterministic design, which indicates that the uncertainty-based
design offers new ideas for structural weight loss. An uncertainty-based
finite element model updating method to modify the heat transfer nu-
merical model of the TPS was also proposed and applied, which pro-
vides some guidance for future experimental verification.

In summary, the TPS designed by the proposed uncertainty-based
methods has the advantages of adequate thermal insulation and light
weight compared with traditional design, and shows excellent potential
for applications in the development of high-performance hypersonic
vehicles.

Replication of results

The raw data required to reproduce these findings are available in
the figures and tables of the paper.
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