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Establishment and Optimization of Ablation Sur-
rogate Model for Thermal Protection Material

Weizhen Pan'g, Bo Gao

Abstract: The temperature response calculation of thermal protection materials, especially abla-

tive thermal protection materials, usually adopts the ablation model, which is complicated in pro-

cess and requires a large amount of calculation. Especially in the process of optimization calcula-

tion and parameter identification, the ablation model needs to be called many times, so it is neces-

sary to construct an ablation surrogate model to improve the computational efficiency under the

premise of ensuring the accuracy. In this paper, the Gaussian process model method is used to con-

struct a thermal protection material ablation surrogate model, and the prediction accuracy of the

surrogate model is improved through optimization.
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1 Introduction

In the design of the thermal protection system,
the thermal protection material plays a crucial
role. The ablation thermal protection material
absorbs heat through the pyrolysis of the mate-
rial when heated, and the surface emissivity of
the carbon layer produced by the pyrolysis
increases, so does the thermal radiation from the
surface of the material to the outside world. At
the same time, a large amount of pyrolysis gas is
generated during the pyrolysis process and enters
the boundary layer of the surface through the
mass ejection effect, resulting in thermal block-
age and further preventing the heat flow from
transferring to the internal structure[1]. The heat
protection mechanism greatly improves the ther-
mal efficiency of ablation thermal protection

materials, and moreover the density of ablative
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thermal protection materials is generally low,
making ablative thermal protection materials
widely used in re-entry vehicles and interstellar
exploration[2-5].

During the heating process, the thermal pro-
tection material gradually undergoes complex
physical and chemical reactions. As the tempera-
ture increases, pyrolysis reactions gradually occur
in the thermal protection material. During the
pyrolysis reactions, the pyrolysis phase of the
material (usually the resin matrix) gradually
pyrolyzes to generate pyrolysis gas and carbon
layer, and its own mass decreases. The pyrolysis
gas enters the boundary layer through diffusion
and convection through the internal pores of the
material. Secondary reactions also occur as the
temperature increases during the transport pro-
cess[6-8].

In scientific and engineering practice, to deal
with such problems with high computational
intensity and unknown function form, the com-
mon strategy is model approximation technology
or surrogate model technology. The surrogate
model is driven by data and has nothing to do
with the physical process. It is an approximation

to the response of the physical process model,
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with a small amount of computation, which can
save a lot of computational cost. The establish-
ment of the surrogate model is mainly divided
into two parts. The first step is the experimental
design. The parameter sample set X is extracted
by a certain sampling method from the parame-
ter space, and the output sample set Y is
obtained by experimental methods or simulation
analysis of X, resulting in the samples [X, Y]
required for modeling. The second step is to
establish a surrogate model by the selected surro-
gate model construction method. The classic sur-
rogate model technology includes four basic
steps: determining the sampling method, select-
ing the model that fits the sampling points,
selecting the fitting method, and verifying the fit-
ting model. The four steps are related to each
other. The key issue of surrogate model tech-
niques is to use existing information to build
approximation models with sufficient accuracy
and minimal effort [9].

Research on experimental design has been
carried out for decades, and there are reviews of
experimental design in the literature. Wang and
Shan [10] summarized and compared different
sampling methods and modeling methods, includ-
ing traditional experimental design methods,
such as complete and partial factorial design,
central composite design, Box-Behnken and other
methods, which tend to sample near the bound-
ary of the design space, and there are fewer sam-
ples in the central area; the computer experimen-
tal design mainly involves systematic errors
rather than random error of physical experi-
ments, so the experimental design should tend to
fill the design space rather than concentrate on
the boundaries, making traditional methods such
as central composite design fail or not as suit-
able as space filling design methods include sim-
ple grid design, orthogonal design, Latin hyper-
cube design, Hammersley sequential design, uni-
form design, etc. Ruichen Jin et al. [11] con-
firmed the researchers’ consistent recognition of

space filling in deterministic computer experi-

mental designs. Sushant et al. [12] summarized
the experimental design method, and summa-
rized the evaluation indicators of space filling
performance, mainly based on uniformity and
distance, including star deviation [13], L2 devia-
tion [14], potential energy criterion , maximum-
minimum distance, minimum-maximum distance
[15], etc., different sampling methods can be opti-
mized by using space filling performance evalua-
tion indicators, thereby improving their filling
performance. Researchers have compared differ-
ent experimental design methods, showing that
Latin hypercube sampling has obvious advan-
tages [16] and Hammersley sampling performs
better in large sample sizes [17]; some improve-
ments have been proposed for the Latin hyper-
cube design through the sequential realization
method [18], simulated annealing algorithm [19]
and continuous local enumeration method [20] to
improve the orthogonality and uniformity.
According to the method of establishing sur-
rogate models, surrogate models can be divided
into two types: parametric models and non-para-
metric models. Based on these two modeling
strategies, a semi-parametric model is also devel-
oped. Parametric models require preselecting the
underlying functional form with respect to the
parameters so that these basis functions can be
parameterized, such as polynomial models. Sim-
ple parametric models require fewer data points
to obtain computationally fast and physically
meaningful models, but parametric models are
less flexible, and can only achieve better accu-
racy when the wunderlying functional form
selected is close to the actual situation [21], so it
is only applicable if the functional form is known
in advance. The functional form is unknown in a
nonparametric model, so it cannot be parameter-
ized with any basis functions, such as smoothing
splines and kernel regression. Nonparametric
methods attempt to fit functions by using sam-
pled data to obtain the form of the model, rather
than “forcing” them to a particular class of mod-

els. Therefore, the model changes according to
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the sampled data, to reflect the nature of the
underlying function.

The commonly used surrogate model tech-
niques include Kriging model [22-24], radial basis
function model [25,26], response surface model
[27,28], support vector machine [29- 31] et al.
Many researchers compared different surrogate
models [11], showing that the Gaussian process
model is not limited by the number of samples,
experimental design methods and functional
forms, and has high flexibility [32], the Gaussian
process model and the radial basis function
method can be used for different experimental
design methods and sample sizes, with higher
accuracy [17], the input-output relationship is
always better estimated by Gaussian process
model [33], and that the prediction root mean
square error of the simple unit Gaussian process
model is smaller than that of the multivariate
model [34,35].

In recent years, surrogate models have also
been gradually used in complex physical and
chemical reactions. Xu Wu [36] adopted the max-
imum and minimum Latin hypercube sampling,
and reduced the dimension of the sample output
data through principal component analysis
(PCA), and established a Gaussian process using
the Matérn 5/2 kernel function. Inverse uncer-
tainty quantification of the five input scaling fac-
tors in the nuclear reaction simulator by
Bayesian method; Piyush M. Mehta et al. [37]
used the surrogate model technology to establish
the re-entry process of the near-Earth vehicle.
Approximate models for ablation, evaporation,
denudation and other processes; Chen Xin [38]
used improved maximum and minimum Latin
hypercube sampling to obtain parameter samples,
and established aerodynamic parameters through
eigen orthogonal decomposition combined with
Gaussian process model and radial basis function
model respectively. The surrogate model of the
thermal computational fluid dynamics (CFD)
calculation model is used to predict the bound-

ary of the hypersonic thermal environment.

It can be seen that for complex computing
models with high computational intensity, estab-
lishing surrogate models is an effective means to
reduce the amount of computation and improve
the computational efficiency while obtaining
approximate computational accuracy. The com-
monly used experimental design methods for
establishing surrogate models include complete/
partial factorial design, central composite design,
orthogonal array design, uniform design, Latin
hypercube design and various optimization meth-
ods. Commonly used surrogate models include
polynomial regression model, response surface
model, radial basis function model, Gaussian pro-
cess model (kriging model), etc. Among them,
Gaussian process model is widely used in approx-
imate model establishment and parameter identi-
fication due to its strong flexibility and high
accuracy.

This paper focus on the establishment and
optimization of ablation surrogate model for the
use in optimization calculation and parameter
identification of ablative thermal protection
materials. To this end, the Latin hypercube sam-
pling method is used to extract samples of
parameters, which is then used as input into the
ablation model to calculate the temperature
results. The dimension of temperature results is
reduced by PCA to obtain the principal compo-
nent. The input parameters and output results
and then utilized as training samples to con-
struct the ablation surrogate model by Gaussian
process model method, and the prediction accu-
racy of the surrogate model is improved through

optimization. The flow chart is shown in Fig. 1.

h L:rt(l;?lbe Samples of Ablation Temperature

Syalinpling parameters model results
Gaussian Training Principal PCA

process model samples component
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Fig. 1  The flow chart of the research
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2 Ablation Model of Thermal Pro-
tection Material

The purpose of studying ablative model of mate-
rials is to predict the transient thermal response
of materials under high heat environment, evalu-
ate the thermal protection property of materials,
and guide the design of thermal protection mate-
rials and structures.

Under the environment of high temperature,
as the material surface is heated, the material
temperature gradually raises, thus raw material
or one or more components of raw material
began to pyrolysis producing pyrolysis gas, which
overflows from pyrolysis area to the surface,
remaining porous residue (mostly carbon layer).
In this process, more complex phenomena will
occur, such as the reaction between pyrolysis gas
and the carbon layer during the process of over-
flow, resulting in corrosion or redeposition of the
carbon layer. Under the action of external force
or thermal stress, the carbon layer is denudated
or ruptured, and the enhanced phase leads to
melting and mechanical failure, leading to mate-
rial recession [6,39,40].

Therefore, in solving the internal thermal
response of pyrolytic materials, the primary task
is to characterize heat transfer and pyrolysis
reaction. In the solution process, it is assumed
that the model is a one-dimensional heat trans-
fer process, and the heat exchange between the
generated pyrolysis gas and the carbon layer is
completed instantaneously to reach a heat equi-
librium state, and no chemical reaction occurs
between the pyrolysis gas and the carbon layer.
There is therefore no carbon deposition or chemi-
cal denudation. It is also assumed that the result-
ing pyrolytic gas immediately passes through the
carbon layer. By analyzing the material heated in
the process of internal energy conservation,
chemical reaction process, the internal energy
balance of the conservation of mass and material

boundary problem, can obtain material internal

temperature measuring point, Aero Thermo
Company charring material ablation (CMA) [41]
of the method is put forward by solving equa-
tions and internal energy balance, the decomposi-
tion ablative material temperature at the surface
energy balance condition, solving process for
explicit process, calculation process and related
time step and space step, the calculation accu-
racy is hard to estimate, if the pyrolysis gas rate
or ablation back rate faster, calculation easy con-
vergence; NASA Langley Research Center pro-
posed (FTIAT)[42] algorithm to solve the thermal
response of ablative materials completely implic-
itly, which reduced the instability in the calcula-
tion process of CMA method. The analytical pro-
cess of ablation model calculation in this paper
includes chemical reaction process, internal mass
balance equation, internal energy balance equa-
tion and surface energy balance equation.

2.1 Chemical Reaction Process

When the thermal protected material is heated,
pyrolysis happens inside, which can be character-
ized by multi-component model. Assuming the
decomposition of 1 components occurs during the
heating of thermal protection material, the pyrol-
ysis degree of material at any moment, defined as
c=(p—p.)/(p, — p.), can be obtained by the fol-

lowing equation

c:icigi (D

where p, p,, p. are the density of real-time, origi-
nal material and residual carbon layer;c, and ¢
are the pyrolysis degree and the ratio of weight
loss to total weight loss of component 4, which
can be obtained by thermo-gravimetric analysis
test. The rate of pyrolysis reaction of any compo-

nents satisfy the Arrhenius dynamic reaction

equation
de. _E
dctl——Ai(l—ci)"iexp<RTl>,i—1,2,~~~ )

(2

where A,,E;,, and n, are the pre-exponential fac-

tor, activation energy and order of reaction [43].
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2.2 Internal Mass Balance

The flow of pyrolysis gas generated from the
internal reaction of the material from the inside
to the outside of the material needs to be consid-
ered in the internal mass balance. Assuming that
the pyrolysis gas flow is a quasi-steady-state one-
dimensional flow, the conservation of mass can
be expressed as [44]

o,  dp

dr Ot 3

where m, is the mass flowing rate; the material
density p is related to the density of solids p, and

gases p_, namely,
p = op, + p. (4

where ¢ is the material porosity, which can be
expressed as a function of the material porosity

before (¢,) and after pyrolysis (¢.)
¢:O[¢U+(1*C)(’ZSC (5)

The density of the solid phase material can
be expressed as a function of the density of the

material before and after pyrolysis
Pschu+(1_c)pc (6)

where p, is the density of the pyrolysis gas pro-
duced by the pyrolysis of the material in the

pores, which can be expressed as

M,p

g

Ps =R D

where M, is the mass of the gas produced in the
pyrolysis process reaching the surface of the
material by diffusion and entering the boundary
layer, and v, is the volume average flow rate of
the gas, which can be obtained according to
Darcy’s law [45]

1  0Op

where ) is the gas permeability of the material

v

and p is the gas viscosity coefficient.
(3) to obtain the

internal mass balance equation as follows

Substituting into Eq.

¢ Op ¢ OT

;pg at Tpga

(o — &) pe + po — pe) dc 9 (p.v,)

2.3 Internal Energy Balance

The energy transfer of heat protection materials
includes conduction heat transfer and mass trans-
fer heat transfer. During the heating process of
the material, pyrolysis occurs inside to generate
pyrolysis gas. The pyrolysis gas exchanges heat
with the solid material during the escape process,
and take the heat out of the surface of material,
resulting in mass and heat transfer. According to
the assumption of thermal equilibrium state
between the pyrolysis gas and the solid material,
the temperature of the solid and gas phases at
any position is the same. The internal energy
transfer of thermal protection material can be
characterized by the energy conservation equa-
tion of the volume element shown as [46]

o) | 0 (4IT) , Dléphre

ot Oz O Ox

=Q.. (10

The first term on the left side of Eq. (10) is
the energy storage rate, where h = (p.h, + dp,h,)/p
is the total enthalpy of the material, which can
be determined by the solid enthalpy h, and the
enthalpy value of the pyrolysis gas h,, and the
second term is the conduction heat flow, where k
is the material thermal conductivity. The third
term is the enthalpy change caused by the flow
of pyrolysis gas, where Q.. is the enthalpy change
caused by the pyrolysis reaction of the material.
The enthalpy of the solid phase and pyrolysis gas
can be calculated by the following formula

(1)

h,=U, = c

To

dT an

DS

T(t)

P e, dT+R,T  (12)

hy=U, + 4 = |

9 To
where ¢,. and c¢,, are the specific heat of the
solid material and the specific heat of the pyroly-
sis gas at a constant volume.
Substituting Eqs. (11) and (12) into Eq.
(10), and simplifying it to
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¢ oT
<pc + T TP ghg) 5‘t+

d
(P = )t (6= 6.) pib) G+
R oT 0(¢p,V,)
P 8:10( km«) “or
R
op, ( A (13)

where ¢, = (p.c,.. + ép,c,.,)/p is the macroscopic
specific heat of the material. The specific heat
and thermal conductivity of solid materials are
the input quantities of the material database,
and both the raw material and the carbonized
material are temperature-dependent functions.
The specific heat at any position in the pyrolyz-
ing zone can be obtained by linear interpolation
of the specific heat of the original material and
the carbon layer material using the pyrolysis

degree.

o +(1—=0)ec, (14)

Cps =

where ¢,, and c¢,. are respectively the specific

heat of the material before and after pyrolysis,
and p, and p, are respectively the density of the
material before and after pyrolysis.

(9)x h, (13) to get the

energy balance equation

(p + o= )8T+a(—kaT>+

Simplify Eqgs.

ot  Ox or
p\ 0T B
d) (chv,g + f) % c Uy =
da
Qec - (pv - pc) (hs - hg) E (15)

2.4 Surface Energy Balance

Surface boundary conditions usually include the
back wall boundary and the heated surface
boundary. The back wall boundary conditions are
usually designated as known temperature history
or convection boundaries. In the design of heat-
resistant structures, adiabatic boundary condi-
tions are usually selected as the back wall bound-
ary conditions. There are usually many options
for the boundary conditions of the heated sur-

face of the ablated material, including known

temperature history or incident convective or
radiant heat flow on the non-ablated surface. For
ablated surfaces, a more complex surface energy
balance is usually used, in which surface chemi-
cal reactions during the ablation process should
be considered. The surface energy balance can be

expressed as [46]

oT
o = 20 (T4~ T2) %t + 0000 — ) — (K5 )

(16

The left side of the equation is the cold wall
heat flux; the first term on the right side is the
radiation heat flux ¢, from the surface, where ¢
is the emissivity, T, and T,,, are respectively the
temperature of the wall and the ambient; and the
second term is the heat loss due to the hot wall
ho)/ (h. — ho); the third term
is the heat loss caused by the thermal blocking

effect Gue = qo(Pour —

effect ¢,, where v is the thermal blocking factor,

which can be determined by the following for-

M\ he
¢:B<M) muq QD)

0

mula

Among them, the parameters fSand 7 are
determined by the flow state of the boundary
layer. In laminar flow, 8 = 0.62 , n = 0.26, in tur-
bulence flow, §=0.20, n=0.33 [47]. M, and
M are respectively the average relative molar
masses of boundary layer gas and pyrolysis gas,
and 1, are the mass loss rate of pyrolysis gas.
The fourth item is conduction heat flux ¢..,. The
surface energy balance relationship can be repre-
sented by Fig. 2. The control volume shown in
Fig. 2 is fixed on the surface, where the energy
leaving the control volume includes heat conduc-
tion to the inside of the material, heat radiation
to the outside of the material, heat loss caused
by the hot wall effect, and heat loss by the ther-
mal blocking effect, the heat flowing into the
control volume is the cold wall heat flow, includ-
ing radiation and convective heat flux from the

boundary layer.
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Fig. 2 Surface energy balance diagram of material

3 Gauss Process Model

The Kriging model is based on a statistical pro-
cess to establish a surrogate model. It was first
proposed by Krige, and then applied to com-
puter experimental design and analysis [48] and
gradually promoted. It is also known as the
Gaussian process model in the field of machine
learning. The general form of the Gaussian pro-

cess model is [49]
f(x)ziwﬂ/)i(x)—&-a(a:) (18)

Among them, the known basis function
¥, (x) determines the mean value of the pre-
dicted value at samplex; e(x) is a normal dis-
tributed random error with a mean value of zero
at sampler. The prediction expression of the

Gaussian process model is

f@) =v(@)w +r(z)y (19)

Among them, ¢ (z) = [, (2) -+, ¥ (2)]"; w”
is the least square estimation of ; r (z) is the cor-
relation vector of e (z) and e (z;); w* and v* can

be estimated from sample point data:
w' = (P'R'W)'W'R Yy 200
v =R "'(y—Pw") 2D

where R is the covariance matrix, the elements of
which are the correlation between e(z;) and
e(a,); O=[(x®), -4 @™)]"; and y is the
output data of the sample set. The variance of

the predicted value is estimated as
s’(x)=6[1—r"R'r] (22)
(y —'w) R (y —¥'w)

= (23)
n

5_2

where R and r is determined by the kernel func-
tion. The commonly used kernel functions are
shown in Tab. 1, where m; is the distance
between two sample points; 6, is the hyperparam-
eter; d is the input parameter dimension; and K,
is the wv; order improved Bessel function, by
selecting the appropriate one, the derivative per-
formance of the kernel function can be controlled,
for example, v; =3/2 or v, =5/2 can respec-
tively guarantee the first and second order differ-

ential of the Matern kernel function.

Tab.1 Common used kernel functions

Name

Equation

Square exponent kernel function

Linear kernel function

Neural network kernel function

Matern kernel function

Knn (z,2") = 0; arcsin

d
Ksg (mj) = exp (- Z‘%‘mle)
j=1

d
Jj=1

o2aTa’ + o2 )

o2xTr + ol + 1\/J?Ux’Tx’ +o2+1

KL (mJ) = max 0,1—29.7' \mj\

1

d
Ky (m) =] oygu T (05 Im;])" Ko, (05 |m;])
j=1 (’U]) N

The hyper-parameters in the kernel function
can be obtained through maximum likelihood
(ML) estimation. The commonly used maxi-

mum log likelihood estimation is [49]

log ML (§) = — %[nln (%) + I (|[R(60))) +

(y — F"w ) R(0) " (y — F'w’)]
Q4

The maximization process of Eq. (24) is the

main part of the calculation time in the Gaus-
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sian process model. In order to select a suitable
training strategy to reduce the calculation con-
sumption of multi-matrix inversion, a lot of
research work has been carried out. However, the
parameter estimation process still limits this
method to low-dimensional problems, usually
around 20. The random error term allows the
Gaussian process model to give not only the pre-
diction result of the prediction point, but also the
variance value of the prediction result. In addi-
tion, the Gaussian process model has good
approximation ability for nonlinear problems, so
the surrogate model of the ablation process is
established based on the Gaussian process model

in this paper.

4 Principal Component Analysis

The temperature response data usually contains
temperature values at different locations at dif-
ferent points, corresponding to the multivariate
output of the surrogate model. Special process-
ing is needed to resolve their high correlation and
reduce the dimensionality of the output variables.
The dimensionality reduction of the output vari-
ables can solve this problem. The dimensionality
reduction method usually transfers the high-
dimensional data to the low-dimensional space
through a certain scaling rotation transformation,
so that the data in the low-dimensional space can
contain most of the high-dimensional data infor-
mation. Commonly used data dimensionality
reduction methods include linear discriminant
analysis (LDA)[50,51], principal component anal-
ysis  (PCA)[52-54], multi-scale transformation
(MDS) [55], kernel principal component analysis
(KPCA) [56], active subspace method[57] etc. In
this paper, PCA is used to reduce the dimension-
ality of the output data of the ablation model.
PCA projects high-dimensional data into a
low-dimensional subspace (also known as the
main subspace), so that the projected data has
the largest variance and is irrelevant. Principal

component analysis can be realized by eigen

decomposing the covariance matrix of the data.
However, due to numerical calculations, singular
value decomposition (SVD) of the data matrix is
usually the preferred method.

The temperature data of the internal mea-
suring points of the material may involve a large
number of output data. It is assumed that the
output data is p dimension, which leads to high-
dimensional problems. It is assumed that the
input parameters of N group are selected by the
sampling method, Calculate the temperature his-
tory of the internal measuring points of the
material through the ablation model, and obtain
the p x N output data matrix A. Since the rows
of the data matrix are correlated, the data corre-
lation can be removed by linear transformation
PA = B, where P is the transformation matrix
of p x p, and B is the resulting irrelevant matrix.
The process of obtaining the transformation
matrix is called principal component analysis,
which can be achieved through the following
steps[53].

1) Obtain centralized data: Define u as the
row average vector of the data matrix, and
obtain the centralized data A.,.. by subtracting
u from each column in the data matrix A;

2) Solve the singular value decomposition of
A e

A s =UAVT (25)

Among them U is an orthogonal matrix of
p X p, the columns of which are the left singular
vectors of the matrix; V is an orthogonal matrix
of N x N, the columns of which are the right sin-
gular vectors of the matrix; A is a diagonal
matrix of p x N, the diagonal elements of which
are the singular values of the matrix; the non-
zero singular values are the square root of the
non-zero eigenvalue of A AL, .. OT AL A ieed;
the diagonal elements of the matrix A are
arranged in descending order, and the larger sin-
gular value corresponds to the important feature

in the data matrix A -
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3) Set P =U", then:

PAccnlcrcd = UTAccnlcrcd = AVT - B (26)

Obviously, the covariance matrix of B is a
diagonal matrix. Each row of the matrix P (i.e.
each column of the matrix U) is called the prin-
cipal component, or load. The transformed vari-
able (rows of B) is called the principal compo-
nent value, which is the projection of the origi-
nal data A, in the principal component sub-
space. The eigenvalues of the covariance matrix
of A 1s the main component variance, which
corresponds to the square of the diagonal ele-
ments of the matrix A.

Determine the subspace dimension p* of the
principal component, which should be less thanp.
Usually the variance of the principal components
decreases rapidly, so does the importance of
responding principal components. Usually the
first p* principal components are reserved, the
principal component variance of which accounts
for 95% or 99% of the total variance, forming the

p* X p transformation matrix p~
P*Acentered = B* (27)

where B~ is the p* x Ndata matrix after dimen-
sionality reduction. So far, the number of output
variable is reduced from p to p*.

After completing the dimensionality reduc-
tion of the output data, the principal component
value of dimension p* can be used to replace the
p dimension output data in the original space,
and B* be used as a training sample to establish
a Gaussian process model. For a given input, the
prediction result of the established Gaussian pro-
cess model should be a p* x 1 vector b*, where
the superscript * represents the prediction result
in the principal component subspace, which can
be converted to the original space by P+ using

the formula
a=Pb"+u (28)

where a is the p x 1 output vector of the original

space changing with time.

5 Ablation Surrogate Model

The above ablation model simplifies the model
based on certain assumptions, but the calcula-
tion process is still very complicated. In the pro-
cess of solving inverse ablation problem, the abla-
tion model is usually called repeatedly making
the inverse problem solving process is very time-
consuming. In order to simplify the model calcu-
lation process and improve the efficiency of the
inverse problem calculation, it is necessary to
establish a surrogate model for the material abla-
tion model. The establishment of an ablation sur-
rogate model includes two steps: experiment
design and establishment of the ablation model.
Considering that the temperature response data
contains temperature values at different measure-
ment points and different moments, the amount
of data is usually large, so the principal compo-
nent analysis is considered to reduce data dimen-
sion.

5.1 Experiment Design

In the ablation model, the parameters related to
the thermal response of the material include the
specific heat capacity, the thermal conductivity
and the surface absorption coefficient. The spe-
cific heat capacity can be obtained by linear
interpolation of the properties of the original
material and the carbonized material. In order to
facilitate the construction of a surrogate model, it
is assumed that the thermal conductivity and
surface absorption coefficient of the material are
only related to temperature. Set the thermal con-
ductivity and absorption coefficient correspond-
ing to several temperature points. By piecewise
linear interpolation, the thermal conductivity and
absorption coefficient at different temperatures
can be obtained. The temperature response of the
measurement point inside the material is
obtained through the simulation calculation of
the ablation model. The surrogate model can be
established, using the thermal conductivity and
surface absorption coefficient as input, and the

temperature response of the measurement point
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as the output.

It can be seen from the results of the
thermo-gravimetric experiment that the pyroly-
sis mainly occurs at 300-800°C, and the absorp-
tion coefficient changes little during the experi-
ment. Therefore, select the thermo-physical prop-

erties as shown in Tab. 2.

Tab. 2 Thermophysical parameter setting

Variable Parameter
Thermal COHdUCtiVity kzn kmu ksllu o kwm kl 500
Absorption coefficient a

Among Tab. 2, k, — k50, are the thermal
conductivity corresponding to the temperature in
the subscript, and the parameter values of other
temperature points can be obtained by piecewise
linear interpolation, and « is the surface absorp-
tion coefficients. So the input parameter dimen-
sion is D = 8.

According to [58,59], the thermal conductiv-
ity of ablative heat protection materials is in the
range of 0 -1 W/(m-K). Without other prior
information, it is assumed that it satisfies a uni-
form distribution in the above range, and the
surface absorption coefficient of the material is
evenly distributed between 0.5 and 1.0.

In order to investigate the impact of differ-
ent sample numbers on the accuracy of the surro-
gate model, the Latin hypercube sampling
method is used to extract six sets of samples with
the sample numbers of 50, 75, 100, 200, 300, and
400 in the hypercube space of dimension D. The
maximum minimum distance method is used to
extract 1000 times for different sample numbers
to ensure the filling performance of the samples
in the space, and the one with the largest mini-
mum distance is selected as the training sample.

The samples in the above hypercube space
are transformed into a sample set within the
value range of the above parameters through
expansion and translation. The sample distribu-
tion in the sample sets are shown in Fig. 3 (take

kand eas an example). It can be seen that the

obtained samples by maximum minimum Latin
hypercube sampling have a good space filling per-
formance. The software of COMSOL Multi-
physics is used to establish and solve the abla-
tion model to obtain the temperature response of
the internal measuring point. In the calculation,
the heating time of the model is set as 90 s, the
data collection interval is 1 s, and the distance
between the measuring point and the heated sur-
face was 0 mm, 5 mm, 8 mm, 11 mm, 20 mm
respectively. Taking each sample set and corre-
sponding temperature response as the training
sample sets, a surrogate model for solving the
temperature of the measuring point can be estab-
lished.

5.2 Dimension Reduction of Temperature

Before using the sample data to establish the sur-
rogate model, the dimensionality reduction of the
temperature data of the material measurement
points in the sample is performed. Taking the
training sample of N =200 as an example, the
PCA method can be used to achieve dimensional-
ity reduction. The singular values of A, iS
obtained by singular value decomposition of the
centered training sample temperature data,
namely the diagonal elements and the principal
component variance (PCV) of A, as shown in
Fig. 4. Among them, the sum of the first 10 vari-
ances accounted for 99.7% of the total variance,
and the sum of the first 20 variances accounted
for about 99.95% of the total variance. Therefore,
the first 20 principal components can contain
most of the information of the original data,
which can be selected to create a surrogate

model.

5.3 Surrogate Model Establishment

The Gaussian process model is selected to estab-
lish the surrogate model of the ablation model. In
order to investigate the prediction effect of differ-
ent kernel functions in the Gaussian process
model, take the training samples of N =200 as
an example, use the square exponential kernel

function (SE), neural network kernel function
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Fig. 3
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10°
10°

(NN), Matern 3/2 (M32) and Matern 5/2
(M52) four kernel functions respectively to con-
struct surrogate models for the temperature data

at different measuring points inside the ablated

PCV

material at different times. 50 sets of input
parameters are randomly selected in the parame-
ter space as a verification sample set to verify the
accuracy of the surrogate model, and the abla-
tion model is used for simulation calculation to

obtain the temperature history at the measure-
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ment point. Use the constructed surrogate model
to predict the output corresponding to the
parameters of the verification group. The temper-
ature data corresponding to a certain set of
thermo-physical  parameters are randomly
selected, and the temperature prediction results
of the surrogate models corresponding to the four
kernel functions are compared with the simula-
tion model (SM) results, as shown in Fig. 5. In
the figure, “SM” represents the temperature cal-
culated by the simulation models of the three
measuring points, and “NN” | “M32”7, “M52”, and
“SE” respectively represents the temperature his-
tory predicted by the surrogate model corre-

sponding to different kernel functions.
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Fig. 5 Comparison of the results of different kernel function
surrogate model and numerical model

It can be seen from Fig. 5 that the surro-
gate models obtained by different kernel func-
tions can predict the temperature changing trend
of measuring points, with different prediction
errors. The prediction errors between the temper-
ature calculation results of each surrogate model
and the numerical model is shown in Fig. 6. For
the convenience of observation, only the pre-
dicted prediction error of the surface tempera-
ture is shown in the figure. It can be seen from
the figure that the maximum deviation of the
surface temperature prediction is 0— 7 s, which
corresponds to the time period when the surface
temperature rises quickly, and the maximum
deviation is about 2%. The prediction error of

the surface temperature is maintained at a low

level in other periods, approximately within
+0.25%.

2.5
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Fig. 6  Deviation of calculation results of surrogate models with
different kernel functions
In order to evaluate the effects of different
surrogate models, two indicators, the predicted
success rate P and the root mean square error
(RMSE) of surrogate models, are introduced

respectively. The expressions are shown as

M N
225
_i=1j=1 o
P==rN < 100% (29)
S;; =1 if |yij_gij| < B,
Si; =0 if |y1:j_:gz'j| > B,

f: i (Ys; — gz‘j)Z

i=1j=1

RMSE =
M x N

(30

In Eq. (29), S,, indicates whether the pre-
dicted value of the ith measuring point at the jth
moment of different samples is successful; if it
succeeds S,; =1, else S,; =0. B, indicates the
half-width of the confidence interval for the true
value. In most engineering models, it usually rep-
resents the noise error in the real value. For the
calculation data of the ablation model used here,
it is set to be 0.2% of the maximum temperature
response. For the above four surrogate models,
calculate the overall prediction success rate and
average root mean square error of the verifica-
tion sample set, as shown in Tab. 3.

It can be seen from Tab. 3 that among the

surrogate models established by the four kernel
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functions, the surrogate models of the three ker-
nel functions SE, Matern 3/2 and Matern 5/2
perform similarly. Among them, the prediction
success rate of SE is the highest, and Matern 5/2
has the smallest root mean square error. The
neural network kernel function predicts the low-
est success rate, and the root mean square error

is also greater.

Tab. 3 Surrogate model indicator calculation results

Indicator SE NN M32S M52S
P 0.9488 0.8371 0.9410 0.9471
RSME 2.78 5.92 2.88 2.69

6 Optimization of Surrogate Model

In order to reduce the prediction error of the
Gaussian process model and improve the predic-
tion success rate, the surrogate model is opti-
mized through the model averaging method and
the combined kernel function method.

For the

Bayesian model averaging method is introduced

model averaging method, the
to modify the surrogate models of the three ker-
nel functions of SE, Matern 3/2 and Matern 5/2
to reduce the uncertainty of the surrogate model
and improve the prediction accuracy of the
model. The model averaging method is a method
in which multiple different models are combined
with different weight coefficients according to
their importance to perform joint prediction.
From the prediction results of the surrogate mod-
els in the previous section, it can be seen that the
prediction accuracy and success rate of the out-
put results of different models are different, and
the prediction results of the model can be
improved by selecting appropriate weight coeffi-
cients. The general expression of the model aver-

aging method is

a:i:wiai 3D

where a; is the prediction result obtained by

using the ith surrogate model; w, is the corre-

sponding weight coefficient, and n is the number
of surrogate models.

Based on the model averaging method, the
expression of the Bayesian model averaging
method is [60]

a=> a,P(M,|D) (32)
where P (M,| D) is the probability that the model
M, is the optimal model when the data D is used

for model verification.
P (M;) P (D| M)

(33)
> P (M,) P(D| M,)

where P (M,) is the prior probability of M, being
the optimal model. With no other information, it
can be considered that each model becomes the
optimal model with equal probability. Therefore,
Eq. (33) is transformed into

p)_ _PDIM)

= — (34)
> P(D|M)

P(M,

where P (D|M,) is the probability that the data
D comes from the model M,. Assuming that the
prediction error of the model M, is a random
variable that satisfies a normal distribution with

a mean value of zero and a variance of o?, then

P (D|M,)=P(d,, -, dy| M) =

1((5) ovir)-

<2ﬁlag>m exp (—N/2)

(35

For the combined kernel function method,
three kernel functions of SE, Mater 32 and Mater

52 are used to construct combined kernel func-

tions:

Combined kernel functions (CKF) 1: K, =
Kot Kyspo

Combined kernel functions (CKF) 2: K, =
Ko+ Ky

Combined kernel functions (CKF) 3: K, =
I(AI3/2+ KMS/Z
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The surrogate models of three combined ker-
nel functions and the weighted surrogate model
(WS) obtained by the Bayesian model averag-
ing performed on the surrogate models with three
different kernel functions are used to predict the
output of the verification sample set. The predic-

tion results and errors are shown in Tab. 4.

Tab. 4 Improved surrogate model indicator calculation results

Indicator WS CKF1 CKF2 CKF3
P 0.9554 0.9504 0.9537 0.9501
RSME 2.59 2.68 2.53 2.64

It can be seen from the table that both the
weighted surrogate model and the combined ker-
nel function can improve the prediction accuracy
of the surrogate model. Compared with the sin-
gle kernel function, the prediction success rate is
improved, and the root mean square error is
reduced. The prediction success rate of the
weighted surrogate model is slightly higher,
because the prediction results are averaged by
the weighting coefficients, while the root mean
square error of the CKF 2 is relatively smaller.
Considering the increase in calculation of differ-
ent surrogate models caused by the weighted sur-
rogate model, the combined kernel function
method of CKF 2 is used when performing
parameter identification.

In order to examine the influence of the
number of training samples on the accuracy of
the surrogate model, the CKF 2 is used as the
kernel function, and the surrogate model is estab-
lished with the training sample sets of 50, 75,
100, 200, 300, and 400 respectively, and the veri-
fication data set is used to verify. The success
rate and root mean square error of the results are
shown in Fig. 7 respectively. It can be seen from
the figure that when the sample size enlarges
from 50 to 200, the model prediction success rate
gradually increases, and the root mean square
error gradually becomes smaller. As the sample
size continues increasing, the improving the accu-

racy of the model wanes, indicating that the

number of training samples influence less. At this
time, the calculation time required to solve the
temperature response of the 50 sets of verifica-
tion sample sets by the surrogate model is about
0.067 s, and the ablation model to solve the tem-
perature response of 1 set of parameters under
the same conditions requires about 10 s, which is
reduced by more than 99%, and the calculation

efficiency is obviously improved.

0.99 b 6.5
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096 lss
45.0
093+
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435 &~
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Fig. 7 Prediction results of different sample size models

7 Conclusion

In this paper, Gaussian process model method is
used to establish a surrogate model for the ther-
mal response calculation of ablation materials.
By comparing the Bayesian model averaging
method and the

method, the surrogate model is optimized, which

combined kernel function

improves the model prediction success rate and
reduces the root mean square error and computa-

tional efficiency increased by 99%.
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