Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 April 2021

Non-parametric Surrogate Model Method based on
Machine Learning

Jiajun Cao?, Qingbiao LiP, Liping Xu®, Rui Yang®, Yuejin Dai¢

“Whittle Laboratory, Department of Engineering, University of Cambridge ,Cambridge,
United Kingdom CB3 0DY
b Computer Lab, Department of Computer Science and Technology, University of
Cambridge, Cambridge, United Kingdom CB3 0FD
¢ Shanghai Turbine Works Co., Ltd. Shanghai, China 200240

Abstract

In this paper, a novel ”non-parametric” surrogate model method is introduced.
The method extracts geometric information from surface mesh of fluid domain
using Graph Neural Network (GNN) and predicts the two-dimensional distribu-
tions of flow variables (in forms of contours) using Convolutional Neural Network
(CNN). This method can extract relevant geometric information from surface
mesh automatically, while existing data-driven surrogate model methods need
manual parameterisation, which may generates a lot of uncertainties. Exist-
ing methods can only process geometries defined by their own parameterisation
methods because the inputs of existing surrogate models are human-defined ge-
ometric parameters, while new methods can process any geometries with the
same topology because its input is the surface mesh, which could potentially ac-
cess more designs from different sources to create a larger database. In addition,
this novel surrogate model is able to predict the contour of variables, not only
several performance metrics. Predicting contours can also prevent over-fitting
problem by balancing the data size of input and output. In this paper, this novel
surrogate model method will be demonstrated with an example: low pressure

steam turbine exhaust system. The new surrogate model uses 10 surface meshes
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of the system as input and predicts the power flux contour at the outlet of the
last rotor. To build the surrogate model, altogether 582 numerical simulations
have been created, which contains two types of geometries defined by different
methods. Among them, 550 cases are used for training, and 32 cases are used
for testing. The power output of the last two stages predicted by the surro-
gate model has 0.86 % difference compared with those of numerical simulations.
The similarity score that measures the differences between the simulated and
predicted contours is 0.9594 (1.0 being identical).

Keywords: surrogate model method, optimisation, graph neural network,

parameterisation

1. Introduction

The motivation of this study is to develop a surrogate model method
for multidisciplinary optimisation, especially for simulation domains with com-
plicated geometries. Surrogate model can accelerate the multidisciplinary op-

s timisation by making use of the result of previous simulation cases to evaluate
performance of new designs. However, the accuracy and flexibility of existing
surrogate model methods sometimes do not meet the requirement of industry, es-
pecially in some complicated application scenes. The authors of this paper think
the bottleneck that prevents further improvement of surrogate model method is

10 parameterisation. A lot of geometric information is lost during manual param-
eterisation, which are not compensable. Therefore, this study is trying to find
a new way to bypass manual parameterisation with the help of new tools from
machine learning.

Fig 1] highlights the differences between existing surrogate model methods

15 and this novel surrogate method. Unlike existing surrogate model methods, the
new method does not need parameterisation. It processes surface mesh directly
and picks relevant geometric information according to their importance to the
result. It also has the ability of predicting contours like numerical simulation.

These features are achieved by the application of GNN, CNN and conditional
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Figure 1: Comparison among numerical simulation, existing surrogate model method and

novel surrogate method

2 variational autoencoder, which will be introduced in details in the fourth chap-
ter.

Low Pressure Steam Turbine Exhaust System (LPES) is used as an
example for demonstration in this paper. Before further discussion of the sur-
rogate model structure, it is better to introduce the application scenarios and

s illustrate the necessity of the new method.

LPES is designed to recover the kinetic energy leaving the low pressure
turbine and convert to static pressure for condenser. It usually consists of three
parts: an axial-to- radial diffuser, an asymmetric collector and an extension.
If building surrogate model for LPES with existing method, the first thing to

0 do is to parameterise the geometry. Fig 2] shows a parameterisation method to
define the geometry of the system, namely, the diffuser length ratio (%),diﬂuser
area ratio (%),ﬂow guide height ratio (IL{—;) ,diffuser turning angle(A#),tip kink
angle(Oy;,), hub kink angle(O},,;), hood height ratio (Iz—é) and hood width ratio
(%1) Though using so many geometric parameters to describe the geometry

s of LPES, there are still a lot of geometric features missing, for example, the
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curvature of the diffuser, the height change of the collector, the width change
of the extension and many more details. But if using more parameters, it will

cause over-fitting problem in regression model.
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Figure 2: A typical down-flow type low pressure exhaust system for large steam turbine.

Figure adapted from [T]

From this example, manual parameterisation is shown to be an inappropri-
o ate way to describe complicated geometry because it loses too much geometric

details, which introduces too many uncertainties into the surrogate model.
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Though Surrogate model method has been widely-used in designing and
multidisciplinary optimisation, the studies of surrogate model still focus on re-
gression model, not how to reduce the parameterisation uncertainties. There are

s a wide range of surrogate model methods appeared in the recent decade, which
include:(1) Polynomial Response Surface Method [2]; (2) Kriging Model [3];
(3) Radial Basis Function and Extended Radial Basis Function []; (4) Artifi-
cial Neural Network [5]; (5) Support Vector Machine [6]. These studies, though
have some achievements in regression model, are limited by the parameterisa-

so tion. It not only prevents further improvement of prediction accuracy, but also
limits the application flexibility. The surrogate model trained by geometric pa-
rameters can only process design defined by the same parameterisation method.
But the input of new method is surface mesh, which means it can process any
geometry as long as they have same topology structure.

55 Compared with existing surrogate model method, a new function of new
method is predicting contours. This is achieved by Convolutional Neural
Network. It is a type of deep neural networks, which is designed to process
imagery. With the combination of convolutional layers, it can extract infor-
mation from figures, and recognises the convolutional result with multi-layer

o perceptron [7]. In this study, CNN is used to predict the contour based on the
latent distribution. Another reason why using CNN is to balance the data size
of input and output. If directly predicting the performance of design base on
geometric information extracted from surface mesh, the output is just a num-
ber, which is too small compared with data size of surface mesh. This will cause

s over-fitting problem.

This study uses Graph Neural Network to process surface mesh. It is
motivated by CNN [8]. CNN can only process regular Euclidean data like fig-
ures, while GNN can process non-Euclidean domain by defining the connectivity
of mesh points. Because of the ability of GNN to process non-Euclidean data,

7 the input of the present surrogate model can be both unstructural mesh and
structural mesh. With the connectivity matrix of mesh points, GNN can extract

geometric information more comprehensive. According to the original GNN pa-
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per [8], GNN is categorised into three types: Recurrent Graph Neural Network,

Spatial Graph Neural Network and Spectral Graph Neural Network. In this

s study, the surrogate model is built based on Spectral Graph Neural Network be-

cause it is more suitable for large mesh size and extracting features[9]. Spectral

Graph Neural Network is built on signal processing theory. The convolutional
operation is done by Chebyshev polynomial approximation [I0].

In conclusion, though surrogate model methods are widely used in optimi-

s sation, accuracy, flexibility and then generality are still limited by the parame-

terisation. The example shown in Fig 2 has very complicated geometry, which is

difficult to parameterise. Inappropriate parameterisation will lose information,

which makes surrogate model unreliable. And too many parameters will also

generate many uncertainties. But with the new machine learning tools appeared

s in the recent years, surrogate model method is free from parameterisation. The

GNN can extract geometric information from the surface mesh of the designs

automatically. And the CNN can predict the 2D distributions rather than 1D

variations, which can prevent over-fitting. The new method can also make use

of different types of designs because the input of model is the surface mesh not

o user-defined parameters.

2. Methodology

The present surrogate model consists of two parts: optimisation part and
machine learning part. Optimisation part is to build up the database for the
surrogate model. The designs are generated by genetic algorithm (GA) because

s GA can explore the design space more comprehensive compared with gradient-
based optimisation method.

To test the model’s ability of processing geometries defined by different meth-
ods, two types of geometries defined by different levels of details are used. One
is defined by 95 geometric parameters, the other by 66 geometric parameters.

100 The machine learning part is to train the surrogate model. It consists of

two parts: mesh encoder and conditional variational contour decoder. The
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mathematical theory of mesh encoder is from a mesh autoencoder [11], which

is to compress the mesh to a latent vector and reconstruct the mesh with less

similarity loss. In this study, the surface mesh of the design is defined by

s the coordinates of n vertices and edges, M=(V,E). V is the n vertices in the

FEuclidean space, which is an nx3 vector. The edges,E, are represented by the

sparse adjacency matrix A. Its size is nxn, where A;; = 1 denotes a connection
between vertex i and vertex j. Otherwise, A;; = 0.

The most important layers used in the mesh encoder is the fast spectral

convolution layer. The mesh convolution operator * is defined as a Hadamard

product in Fourier space:
zxy=U((U"z)® (U"y)) 1)

To reduce the computational cost, convolution is conducted by a kernel gg with

Chebyshev polynomial of order K.

T

g0 (L) =Y 6:Ti(L) (2)

=~
Il

where I = 2L/ Apmaz — I, is graph Laplacian matrix. It is defined as L=D-
A, where diagonal matrix D;; = Zj Aij. And 0, are the coefficients of the

Chebyshev polynomials. T} can be expressed as:
Ti(z) = 20Tg—1(x) — Ti—2(x) (3)

with the initial condition Ty = 1 and 77 = x. This represents a Chebyshev
o polynomial of order k.
With the mesh filter shown above,the fast spectral convolution layer can be

expressed as the following equation with nx Fj, input and nx F,,; input
Fin
i=1

where y; means the j'" feature.
Another important layer used in the mesh encoder is the mesh sampling
layer, which includes down-sampling layer and up-sampling layer in autoen-

coder [11]. Mesh sampling layer is to represent mesh in multi-scales so that
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Figure 3: A basic block of Residual neural network. Figure adapted from [13]

us convolution layer can capture the local and global geometric information. In
this study, only down-sampling layer is used in the surrogate model. The down-
sampling operation is conducted by a transform matrix Qgewn € {0,1}"*™,
where m is the number of vertices in the original mesh and n is the number of
vertices in the down-sampled mesh. Qgown(p,q) = 1 means the g-th vertex is
o kept during the down-sampling, while Q4own(p,¢) = 0 means the vertex is dis-
carded. The transform matrix is iteratively optimised to minimise the surface
error by quadric matrices [12].
Contour decoder is built by CNN. Its structure is a Residual neural network
(ResNet), a classical structure of artificial neural network, which is inspired
s by pyramidal cells in the cerebral cortex. ResNet simulates this by building
shortcuts to skip some layer, rather than passing information layer by layer.
Fig |3| shows a basic block of ResNet. F(x) is to fit the residual between x and
target mapping H(x) rather than directly fitting H(x). It is easier for optimiser
to minimise the residual to zero [13]. In this study, more hidden layers are
130 added to fit the highly non-linear relationship between input and output, but the
performance decreases rapidly with more layers. To solve degradation problem,
ResNet is adopted because it can pass information from front layers to latent
layers, which reduces the loss of information in more hidden layer.
The conditional variational decoder is an upgrade version of variational au-

toencoder(VAE). And VAE is an upgrade version of autoencoder(AE). AE uses
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CNN to compress graphical data to a latent vector and then reconstruct the
graph with the latent vector. The neural network is trained to reconstruct the
graphs with less loss, compared to the input graphs. VAE uses variational in-
ference to estimate the latent vector rather than directly encoding from input
graph[T4]. The latent vector z can be estimated by observation vector x using

the following equation:
p(z[2)p(2)
()
p(x)

However, p(z|x) is usually very difficult to compute directly. Therefore, another

p(zlz) =

s distribution ¢(z|z) is used to approximate the p(z|x). The Kullback-Leibler di-
vergence is used to measure the difference between two probability distributions,
which will be minimised during the training process. Conditional variational au-
toencoder adds conditions into the latent distribution so that different classes of
input data are categorised into different groups. In this study, conditions (blade

1w passages index) are added into the latent distribution twice to label the input
data.

In the optimisation scenarios, surrogate model will be used as a performance
evaluator in the framework of optimisation, which will replace numerical sim-
ulation and predict the performance of the design. But if the design is quite

us different from the existing designs in the database, this optimisation iteration
still needs the result of additional numerical simulation, and then adds it to the
surrogate model. Therefore, ideally, the optimisation will run in hybrid mode

shown in Fig [4

3. Optimisation Setup

150 In this study, optimisation is to build up the database for the surrogate
model. The framework is a typical optimisation process based on genetic algo-
rithm. In this section, the mesh generation process and numerical simulation

setup are introduced in details.
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Figure 4: Framework of optimisation process with surrogate model

3.1. Mesh generation

Mesh generation starts from the coordinates of control points given by ge-
netic algorithm. The control points will be used to generate non-uniform ra-
tional B-spline (NURBS) surfaces, and then evaluate the NURBS surfaces to
generate the surface mesh, which is the input of surrogate model. Volume mesh
will be generated by solving Laplace equation:

x 0%z 0%z
57 T et
2 2 2
0z 0%z 0%z
2 + 72 + ek 0
155 where x,y,z are the coordinates of mesh vertices and i,j,k are indices of mesh
vertices. The boundary condition is defined by the coordinates of surface mesh.

Since Laplace equation represents a potential field, equipotential lines do not

intersect and are orthogonal at vertices. The volume mesh can be generated

by solve x,y, and z coordinates potential field respectively. The mesh generation
10 method used in this study is able to generate mesh for the fluid domain with

same topology, regardless the change of geometry.

There are two types of geometries. One is defined by 95 parameters, the other

10



Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 April 2021

Genetic
Algorithm

1L

~

NURBS Surface
Generation

4L

Generate

Surface to Generate [: \C;Ll:‘nlzsln;?

Surface Mesh -
Equation

Il J1

Evaluate NURBS

Additional

Surrogate .
Numerical

Model . .
Simulation
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one is defined by 66 parameters. The first one firstly defines the cross section
of diffuser and collector, and then revolves it with ellipse equation to generate
15 circumferential distribution. It also has asymmetric features in extension. The
second one directly defines the cross section along the axial direction with ellipse
equations. Two types of geometries can test the ability of processing geometries

from different sources.

8.2. Numerical Simulation Setup

w  8.2.1. Simulation Domain
The fluid domain of simulation includes: two LP stages, axial-to-radial dif-
fuser, collector and extension. Fig [f] shows the geometry of two low pressure
stages, which is from a typical large steam turbine. It can generate a rep-
resentative inlet profile for the exhaust hood. In the downstream, there are

s axial-to-radial diffuser, collector and extension, shown in Fig[7]

8.2.2. Simulation Setup
The simulation solver is Ansys CFX, which is a widely accepted commercial

solver for research community and low pressure exhaust system. The simulation

11
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12
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is a Reynolds-averaged Navier—-Stokes (RANS) simulation. For the demonstra-
wo  tive purpose, k — e turbulence model has been used [I5].

The inlet flow condition is applied at the inlet of first stator, which has total
pressure and total enthalpy information. And the outlet of simulation domain
is at the outlet of extension, which has static pressure information. To perform
the part load simulations, total pressure is reduced at the inlet to reduce the

155 mass flow rate and work load. The outlet static pressure is 6.2kPa due to the
steam property at the condenser. The fluid material in the simulation domain
is steam3vl, which is from TAPWS package in the CFX and is widely used in
the simulation of low pressure exhaust system.

Another setup worth mentioning is the interface treatment method between

10 stages and the inlet of diffuser. Because the downstream of stages is asymmet-
ric, it is necessary to model the circumferential non-uniformity. The interface
treatment method used in this study is multiple mixing plane method, shown in
Fig[8] which is proven to be a reliable treatment method in the literature [15].
In the simulations, only four blade passages are simulated to generate inlet flow

15 condition for low pressure exhaust hood, which means one blade passage is re-
sponsible for a 90-degree section of the diffuser. The outlet boundary condition
of blade passage is copied to cover the section. Multiple mixing plane method,
though losing accuracy with 4 blade passages, reduces the computational cost

considerably.

20 3.8. Processing of Numerical Simulation results

In this study, the performance of designs is measured by the power output
of the last two stages. Therefore, the power contour at the outlet of the last
rotor is extracted from numerical simulations, which will also be the output of
the surrogate model. Because of the multiple mixing plane method, there are

2s four blade passages for each simulation, and five workload conditions for each

design.

13
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Figure 8: Demonstration of Multiple mixing plane method

4. Surrogate Model Setup

4.1. Neural Network Structure

[ Conditions: Blade Passage Index ]

E>[ Mean Vector ]I:>
Mesh ED Latent Latent
Encoder Distribution

Vector |:>[ Variance Vector ]E>

Contour
Decoder

Figure 9: Neural Network Structure

The neural network is built under the framework of Pytorch. Fig [0] shows

20 the main structure of network. Fig[I0]shows the change of data size through the
network. The input is 10 surface meshes, which have 195200 vertices. Therefore,

the input data is the coordinates of vertices and adjacency matrix. The mesh
encoder has 6 mesh encoder blocks. The size of filters in the front 4 blocks is

16, and it is 32 in the rear 2 blocks. This is to capture larger geometric features.

14
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After the mesh encoder, the mesh is compressed into a 128 x 1 latent vector.
Conditions (blade passage index) are added into the latent vector. Then, two
fully-connected layers are used to estimate the mean vector and variance vector
of latent distribution. Conditions are added into the latent distribution again.
The latent distribution are reshaped to be the input of contour decoder. The
first two blocks of contour decoder are ResNet blocks, and the rear two blocks

are basic blocks.

Mesh Encoder
»

I:> Fully Connected

Block Layer ‘ Mean Vector Latent Distribution
» Contour Decoder Contour Decoder 256 x1 2561
ResNet Block Basic Block Condition: / (]
] Blade Passage \ M
] Index l:> l:> i
Mesh Vertices L |:> :E> » » E>
195200 x 3 ] (> H
Adjacency matrix D » e (3 -
195200 x 195200 i H[32x4x4]
i H[32x4x4
N (1339 x 325X 32 i
.

195200 x 16

225

230

Variance Vector
256 x 1

Figure 10: The Change of Data Size in the Network

4.2. Mesh Encoder Block

The structure of mesh encoder block is shown in Fig One basic block is
consist of a Chebyshev convolution layer, a normalisation layer (batch normali-
sation), an activation layer (the rectified linear unit function), a down-sampling
layer and a pool layer (max pooling layer). The mesh encoder is consist of
several basic blocks, which is depends on the size of mesh vertices and latent
vector. More basic block means smaller latent vector, which may lose geomet-
ric information. But larger latent vector needs more training cases to prevent
over-fitting. Inside the basic block, the Chebyshev convolution layer is to scan
the mesh points and connectivity matrix with Chebyshev polynomial filter and

convert them to a vector. The normalisation layer is to normalise the value of

15

>

16 X 32 X 32

Contour
64 X 64
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vectors in the same batch. And the activation layer is to amplify the differences

of values in the vector. The pool layer is to keep the most significant values

25 and give up other values, which also reduce the dimension of the vector. After

several basic blocks, relevant geometric information is picked to form the latent
vector.

Mesh Encoder Block

\\ @ /

\ Chebyshev /
convolution layer |
\ ‘ Normalisation |
Layer |
@ "/

\ Activation Layer |
\ Down-sampling ‘ /
Layer

|| PoolLayer |

[
\ [
\

\ [

\

Figure 11: Mesh Encoder Basic Block

4.8. Conditional Variational Contour Decoder Blocks

Contour decoder consists of two types of blocks: ResNet block and basic

x0  block. ResNet block is shown in Fig[T2] which has three layers and one shortcut.
Basic block is shown in Fig has four layers. The contour decoder has two
ResNet blocks and two basic blocks,and the number of blocks can increase or

decrease according to the size of latent distribution and the contours.

16
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4.4. Loss Function

The loss function of the neural network is consist of three types of losses:
mean squared error (MSE) loss , Kullback-Leibler divergence (KLD) loss and
structural similarity loss. Mean sqaured error measures the average of the

squares of the errors. It is defined by the following equation:

n

MsE =L > (i - X,)? (7)

n
i=1

17
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KLD measures the difference between one probability distribution and the ref-
erence probability distribution. In variational autoencoder, KL loss is the sum
of all the KLD between the components in latent distribution and the standard
normal. With minimising the KL loss, the latent distribution is closer to the
standard normal, which can improve the interpolation ability of the surrogate

model. KLD is defined by the following equation [16]:

KLD(p,q) = —/p(x)logq(m)dw+/p(x)logp(m)da:
1 of + (1 —p2)? 1
= 5109(271’0’%) + T - 5(1 + lOg27TU%) (8)
2 2
oy of+ (1 —p2)® 1
p— l —_— _— —
090’1 + 20’% 2

Since it is to measure the KLD between the components in latent distribution
and the standard normal (oo = 1, ue = 0), it can be simplified as the following
equation for convenience:

n

KLloss = 2(0—7,2 + /1'3 - log(Jz) - ]-) (9)
i=1

25 where p is the mean vector, o is the variance vector.
Structural similarity loss, or structural similarity index measure (SSIM), is
a method to measure the similarity between two figures. It is defined as the
following equation:[I7]

(2pzpy + €1)(204y + c2)

SSIM (x,y) =
(z-9) (12 4+ 12 + 1) (02 + 02 + ¢2)

(10)

2

where p, i1, are the mean of x and y, o2, oy

are the variances of x and y, oy is
the covariance of x and y, ¢1, co are two variables to stabilise the division with
weak denominator.

Finally, the loss function of the surrogate model is defined by the following

0 equation:

loss =kiMSE + ko KLD + k3(1 — SSIM) (11)

The three coefficients k1, ks and k3 are determined by the experience of user.

18
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5. Test and result

5.1. Test Setup

To test the surrogate model, 32 cases are randomly selected from 582 cases. Therefore,
s there is 128 test cases in total because each design has 4 blade passages. And
during the training, there is a k-fold cross validation, which means 55 cases of
the remaining 550 cases will be used for validation every 10 epochs.

The result of surrogate model are contours of power output at the outlet of

the last rotor. There are 4 blade passages modelled for each simulation, and 5
x0  work load condition for each design. This means there are 20 contours for one
design.

As mentioned above,there are two types of sub-datasets. One has 333 train-
ing cases,and the other one has 249 training cases. During the training and test,
two sub-datasets are mixed with each other to test the ability of processing dif-

xs ferent kinds of geometries. In the test, there are two test sub-datasets, both of

which contains 64 cases.

5.2. Test Result

Fig[14] shows some typical results of the test cases, which shows some typical
flow features of 5 workload conditions. The figure shows power flux distribution
at the outlet of the last rotor. The performance of surrogate model is also
evaluate by three performance metrics: mean sqaured error, structural similarity
index measure and summed value error. Mean squared error measures the
convergence of the training process. Structural similarity index measure shows
the similarity of figures. A value of Structural Similarity index 1 means two
figures are identical. The summed value error (SVE) measures the differences

of predicted flow variables,which is defined by the following equation:

SVE = Zi—lgn_ %i—l yi (12)
i=1J°

19
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Figure 14: Contour results of computational fluid dynamics (CFD) and machine learning

(ML) of some typical flow features Unit: 1 x 10*kJ/s
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270

275

In the demonstration, it is the summed value of power go through the outlet
of the last rotor. It is because the objective of optimisation is to increase the
power output of the last two stages, which requires the summed values to be
evaluated. This error also indicates the uncertainties in predicting the averaged
value, like pressure, temperature, velocity, because the number of pixels are the
same for these contours. Table [I] shows the result of all 128 test cases. Among
them, there are two sub-datasets, both of which contains 64 cases. Summed
value error shows it is able to predict performance for optimisation. Contour
results, fig 14, shows it can predict most flow features of contours. Table 1
shows that the results of two test sub-datasets have some differences, but it is

acceptable because they have met the requirement of optimisation.
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Table 1: Summary of Result

Work Condition | Performance Metrics | Dataset | Sub-datasetl | Sub-dataset2

MSE Loss 0.0047 0.0038 0.0056

50% Similarity Index 0.9541 0.9520 0.9561
Summed Value Error | 0.0060 0.0068 0.0052

MSE Loss 0.0068 0.0042 0.0094

60% Similarity Index 0.9482 0.9517 0.9447
Summed Value Error | 0.0096 0.0122 0.0070

MSE Loss 0.0017 0.0016 0.0019

70% Similarity Index 0.9632 0.9602 0.9661
Summed Value Error | 0.0089 0.0095 0.0082

MSE Loss 0.0016 0.0017 0.0016

85% Similarity Index 0.9649 0.9618 0.9679
Summed Value Error | 0.0090 0.0104 0.0076

MSE Loss 0.0019 0.0019 0.0020

100% Similarity Index 0.9668 0.9641 0.9695
Summed Value Error | 0.0094 0.0108 0.0081

MSE Loss 0.0033 0.0026 0.0041

Mean Similarity Index 0.9594 0.9580 0.9609
Summed Value Error | 0.0086 0.0099 0.0072

6. Conclusion
280 This study presents a novel non-parametric surrogate model method, which

is demonstrated with low pressure steam turbine exhaust system. New method
directly takes surface mesh of fluid domain as input, which reduces the error
generated by manual parameterisation and loss of geometric information. This
has great advantage in building surrogate model for cases with complicated
s geometries. In the test, the average summed value error of 128 contours is 0.86

%, which has met the requirement of optimisation.
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This method also shows high flexibility and compatibility. Because the input
of new method is surface mesh, it can take geometries with same topology
as database. This means it is compatible with geometry defined by different

20 method. It is meaningful for further increase the size of database of surrogate
model.

Compared with existing surrogate model method, this new method can also
build a mapping relationship between surface mesh and 2 dimensional distribu-
tion of variables, which can be used to serve for many other purposes. In the

25 test, the average similarity score of 128 contours is 0.9594, which can reproduce

most flow features.

7. Discussion

Authors of this paper have proposed a concept: Let the surrogate model
knows what numerical simulation knows and predicts what numerical

s simulation can predict. The input of numerical simulation usually contains
mesh, boundary conditions and properties of material and the output of nu-
merical simulation are usually 2 dimensional or 3 dimensional distribution of
variables. Existing surrogate models are unable to process the mesh or 2D and
3D distributions so that they do not have the same amount of information as nu-

ss merical simulations have, which limits the accuracy. Also, they do not have the
ability of predicting 2D and 3D distributions like numerical simulations. With
the new tools, this novel surrogate model is able to take mesh, boundary condi-
tions and properties of material as input and predicts 2D and 3D distributions,
which means it is a ”complete” surrogate model of numerical simulation.

310 Though this novel surrogate model method is demonstrated with an aerody-
namics optimisation example, this method is not limited in the area of aerody-
namics. Since it can process unstructural mesh, it is also applicable in areas of
finite element analysis and electromagnetic analysis. It has application potential
in all areas that needs expensive numerical simulations.

315 However, there are still three important pieces of works to be done. The
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325

330

335

340

first thing is to take the contour of inlet boundary condition as input. In the

demonstration, the inlet boundary condition does not change too much, so this

ability has not been tested. The second thing is the confidence level calculation,

which can quantify the uncertainty of the surrogate model. This can be done

by using classifier, but still needs more efforts. Thirdly, the differences between

the results of two sub-datasets may due to the fidelity of numerical simulations,

which needs further evidences.
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