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Abstract Applying numerical optimisation methods in the field of aerodynamic de-
sign optimisation normally leads to a huge amount of heterogeneous design data. While
most often only the most promising results are investigated and used to drive further
optimisations, general methods for investigating the entire design dataset are rare. We
propose methods that allow the extraction of comprehensible knowledge from aerody-
namic design data represented by discrete unstructured surface meshes. The knowledge
is prepared in a way that is usable for guiding further computational as well as man-
ual design and optimisation processes. A displacement measure is suggested in order
to investigate local differences between designs. This measure provides information on
the amount and direction of surface modifications. Using the displacement data in
conjunction with statistical methods or data mining techniques provides meaningful
knowledge from the dataset at hand. The theoretical concepts have been applied to a
data set of 3D turbine stator blade geometries. The results have been verified by means
of modifying the turbine blade geometry using direct manipulation of free form defor-
mation (DMFFD) techniques. The performance of the deformed blade design has been
calculated by running computational fluid dynamic (CFD) simulations. It is shown that
the suggested framework provides reasonable results which can directly be transformed
into design modifications in order to guide the design process.
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1 Introduction

In the field of 3D aerodynamic shape optimisation, a large amount of geometric and
flow field data is generated during the design process that usually encompasses several
optimisation runs, manual design phases and experiments. Typically, only the most
promising results with regard to one or more possibly competing performance indices
are exploited to define the overall result of the design process. However, a lot of in-
formation about the process and the problem at hand that can be condensed into
comprehensive rules is hidden in all of the data. Even poorly performing shapes can
provide interesting insight into the interrelation between geometry and performance.
The knowledge extracted from the data set at hand can be prepared in such a way
that it is on the one hand usable by the engineer and on the other hand by a follow-up
computational design and optimisation process. This type of knowledge extraction is
the major focus of the present paper.

The paper is organised as follows. In the remainder of the first section methods for
guiding computational and human centred design optimisation processes are reviewed.
This is followed by the specification of unstructured surface meshes that are used as a
common geometric representation of 3D designs. In Section 2, we will outline the new
displacement measure, which captures local differences between designs. The extraction
of knowledge based on displacement and performance data is described in Section 3.
The theoretic concepts have been applied to the design of a 3D turbine blade geometry
and the results are discussed in Section 4. In the last section, we summarise the paper
and highlight open issues.

1.1 Guiding Aerodynamic Design Optimisation

Different techniques have been researched in order to make use of already generated
design data for guiding further optimisations with the objective of improving the aero-
dynamic properties of the design at hand. Response surface methodology [27] is one
of the classical approaches in this domain where the parameters of a regression model
are estimated based on previously made experiments. It is expected that the regression
model reflects the true trend in mapping the design variables to the performance num-
bers. The estimated trend is used to generate new designs that are likely to improve the
aerodynamic performance. In computational optimisation techniques like evolutionary
algorithms (EA) it is common to use information from already generated designs to
guide the optimisation, e.g. using step size adaptation techniques like covariance ma-
trix adaptation [8] in order to control the variation of the design parameters during the
optimisation process. Another class of computational optimisation algorithms that are
derived from evolutionary algorithms uses a probabilistic approach to guide the optimi-
sation, namely estimation of distribution algorithms (EDA) [21]. In EDA the crossover
and mutation operators are replaced by learning and sampling the probability distribu-
tions (e.g. using Bayesian networks) of the best individuals out of a population in order
to exploit the considered system parameters. Typically the evaluation time is the most
limiting factor for exploring large parts of the design space. In computational optimi-
sation so-called surrogate models (also termed as meta-models) are used to estimate
the performance numbers thus replacing time-consuming high fidelity simulations [16].
Different kinds of surrogate models have been applied, e.g. artificial neural networks
(ANN), support vector machines (SVM), Kriging Models, etc.. The existing data is



used to update the parameters of those models. Further techniques for incorporating
prior knowledge as well as knowledge acquired during the optimisation process are sum-
marised by Jin [17]. Keane and Nair [18] reviewed computer-aided design techniques
for analysing and optimising data applied to the aerospace domain.

Beyond those techniques, methods for extracting human readable knowledge from
aerodynamic design data are rare. The main purpose of knowledge extraction in this
domain is to guide human centred design optimisation by improving the understanding
of basic design principles related to the design problem at hand. Obayashi et al. [28]
have addressed the extraction of knowledge from a given data set in order to gain some
insights into the relationship between geometry and performance measurements. They
have used self-organising maps (SOM) [19] in order to find groups of similar designs
and for multi-criteria performance improvements and tradeoffs. Besides SOM, Chiba
et al. [4] have investigated the analysis of variance technique (ANOVA) in order to
identify the most important design parameters. Their methods have been applied to
supersonic wing design but the data and design parameter sets are generated by one
computational optimisation algorithm and were therefore well-defined. If there is no
common representation, like in the case the data are from different design processes,
including manual design processes involving data from CAD systems, their methods
can hardly be applied.

1.2 Surface Representation

Different geometric representations [29] make it difficult or even impossible to analyse
the whole data set based on one homogeneous parameterisation. If different optimisa-
tion runs have been performed with different design parameters, one first has to find an
adequate representation that captures all shape variations and that can be applied to
various data mining techniques. Therefore, we suggest the use of unstructured surface
meshes as a general representation. Each optimisation might be a manual or a com-
putational process and is possibly based on different shape descriptors. The majority
of shape representations are convertible to unstructured surface meshes, see e.g. [14],
[32].

Vz(vl,vz,vg,...)
N:(n,,nz,m,...)

Face {1,2,3} v
1

Fig. 1 Illustration of the specification of a triangular surface mesh M : (V,N,K) with V
containing a set of vertices, N capturing normal vectors at the position of each vertex and K
specifying the polygonal faces that built up the mesh.

For the description of the surface mesh we start with the mathematical framework
given in [1]. It is assumed that the shape of a 3D design is described using a polygonal
surface mesh M, which is a partially linear approximation of the contour of the design.
We postulate that each mesh M consists of a list of vertices V, a complex K and a list



of normal vectors N. The vertex list V = (v1, ..., vi) describes the geometric position
of the vertices in Rg, v; = (21, 2, :Eg)T. A vertex can be seen as a sample point of the
contour of the design. Each face of the polygonal surface mesh is defined by simplices of
the form {i1,42, i3, ..., i } where i;,1 € [1..n] are indices pointing to vertices that enclose
the polygonal face. Fig. 1 illustrates a triangular surface mesh where the number of
vertices, which have been used to form each polygon, is set to 3. In addition to the
vertex list, a list of normal vectors N' = (n1,...,n,) with n; = (n17n27n3)T is given.
Each normal vector n; has a defined direction perpendicular to the surface mesh and
provides local curvature information at the position of vertex v;.

The unstructured surface mesh as a general representation allows the analysis of
local shape modifications and their influence on the performance value(s) independent
of the parametric representation that has been used during the design and optimisation
process.

2 Displacement Measurement

Under the assumption that the surface triangulation results in surface meshes for which
the location and the number of vertices is sufficiently precise to capture the character-
istic changes of all designs in the given data set, the displacement is measured between
each vertex on the reference design and each corresponding vertex on the modified
design. Mesh refinement and simplification algorithms, e.g. [31,7], allow a further op-
timisation of the triangulation. In order to measure the displacement between two
vertices of different surface meshes, the correspondence problem has to be solved and
an appropriate metric has to be found for measuring the amount and the direction of
the displacement between the pair of vertices. The resulting displacement data is the
basis for knowledge extraction from the design data set, see Section 3.

2.1 Identifying Corresponding Vertices

An appropriate identification of corresponding vertices is essential for measuring the
correct displacement between two surfaces. Wrong estimates will lead to an error in
the displacement measurement and hence to errors in any further knowledge extraction
step. Let My and My, be two unstructured surface meshes, where M, is a baseline or
reference mesh and My, is the target or modified mesh. The main objective in solving
the correspondence problem is to find an appropriate function f which assigns to each
vertex vf € Vr from the reference mesh M, a corresponding vertex vgn € Vm from
the target mesh My,. More formally this can be written as:

f:Vr—=Vm, VrEMyp, Vpm € Mnm (1)

So far there exists no universal transfer function f that leads to robust solutions
without providing any prior knowledge or assumption concerning the design data set
at hand. A more specific function has to be found which is tuned to the design data
characteristics. It is assumed that no rigid design modification has been applied to any
of the designs. All designs are located in a universal position. We rely on the fact that
the differences between designs can completely be expressed in terms of local non-rigid
design modifications.



The following objective function is used in order to assign a corresponding vertex
vj' to each vertex v;:

J(vi) = min {[v =v}" - (2 =n} o)}, (2)

where n., equals the number of vertices that make up the surface mesh of the target
design, |v; — v}"'| defines the Euclidean distance and n; o n" measures the difference
between the normal vectors of the vertices. The objective function has been defined so
that the vertex V;-” that is closest to v; and has a similar normal vector is assigned
as the corresponding vertex. On the one hand if the normal vectors have the same
orientation the scalar product equals one and hence the function relies completely
on the spatial distance between vertices. If on the other hand the normal vectors
are perpendicular (pointing in opposite direction) the objective function is two times
(three times) the Euclidean distance. The objective function is a simplification of the
one used by Wang [33]. He additionally added a term that measures the difference in
the Gaussian curvature, which was mainly due to the application to the analysis of
brain images. In general, it is possible that one vertex from mesh My, is assigned to
more than one a vertex of mesh M. An overview of different techniques for estimating
corresponding vertices is given in [22].

2.2 Definition

The displacement measure should describe the position of a vertex with respect to
another design. One way to capture this information is to use the difference vector
sij = v; — V', which is the difference between vertex v; of mesh M, and the cor-
responding vertex v!*

J
placement between v; and v}n. However, the difference vector is sensitive to possible

of mesh My,. The difference vector clearly captures the dis-

errors resulting from wrong estimations of the corresponding vertices or from different
sampling methods of the surfaces of the geometries. Furthermore, the difference vector
requires d = 3 parameters for describing the displacement of one vertex in R3. Thus,
to capture the displacement between two complete surface meshes the number of pa-
rameters is 3 - n,, where n, equals the number of vertices that belong to the reference
mesh. To overcome the disadvantages of the difference vector, we suggest the following
displacement measure:

51T = §(vE, V) = (v —vi) oml,d € (—o0,+0) (3)
The displacement measure is defined as the projection of the difference vector
m
J
The absolute value of the displacement measure provides information on the amount

sij = (vi —v’") onto the normal vector n] of vertex v; of the reference design M.
of vertex modification while the sign of the displacement measure in conjuction with
the normal vector of the vertex provides information on the direction of the vertex
modification. The normal vector nj points towards the normal or positive direction of
vertex modification.

2.3 Major Properties

The displacement measure is by definition a non-symmetric vector quantity containing
both the magnitude and the direction of vertex modification. If the modified vertex



lies above the tangential plane described by the normal vector of the reference vertex,
the displacement measure is positive, see Fig. 2 a). Whereas if the vertex lies below
the tangential plane, Fig. 2 b), the displacement measure is negative. In the special
case where the modified vertex is located within the tangential plane, the displacement
measure is zero as shown in Fig. 2 ¢), which makes sense because we have to assume
that the difference is a result of a different triangulation. If the reference vertex has been
modified along the line described by the normal vector, the amount of the displacement
measure equals the Euclidean distance between the reference and the modified vertex.

Fig. 2 Examples of the displacement measure. Figures a) and b) illustrate that a vertex dis-
placement parallel (anti-parallel) to the normal direction results in a positive (negative) dis-
placement value. A displacement perpendicular to the normal vector results in a displacement
value of zero, as shown in c). Figure d) illustrates the error when calculating the displacement
measure, which results from the discretisation of the surface and the error when estimating
corresponding points.

As Fig. 2 d) indicates, the displacement value contains an error, which is mainly the
result of the discretisation of the surface using triangulation and of the correspondence
problem. Formally, this can be written as

5:7’;” =(s;j +e;)on; =s;jon; +e;on;, (4)

where e;; describes the error between the ideal displacement value and the measured
displacement value. Under the assumption that the curvature of both surfaces M, and
My, is similar at the position of the corresponding vertices it follows that n] =~ n}”.
Then, the error term from equation 4 simplify as:

e;jjon; Xej;on;. (5)

With e;j on" = |e;j|cos(£(e;;,n7")), if additionally a smooth surface or a small

error |e;;| is assumed, e;; is perpendicular to n}” and hence cos(é(eij,n;-”)) ~ 0.

Thus the error term becomes zero. Therefore, the displacement measure is relatively

insensitive to small errors arising from the surface triangulation or from an incorrect
estimation of corresponding points.

Another advantage of the displacement measure compared with the difference vec-

tor is that only n, parameters are required for the description of the differences between

two unstructured surface meshes, where n, equals the number of vertices of the refer-

ence mesh.

3 Knowledge Extraction from Design Data

In aerodynamic design optimisation the main goal is to find three-dimensional shapes,
that are optimal for specific performance measurements, like aerodynamic drag or



lift, under specific constraints, e.g. manufacturing limitations. In general, during the
optimisation process a large number of shapes are generated and evaluated based on
different representations and parameterisations. The results are heterogeneous design
data sets from which only a very small number of designs are used in the end to
determine the optimal shape (or a set of optimal shapes) that is processed further, e.g.
in rapid prototyping devices for experiments. As we noted in the introduction, we aim
at exploiting the information contained in the large remaining part of the data set. In
this section, we describe how the displacement measure in conjunction with statistical
and data mining methods can be used in order to extract meaningful information
(knowledge) from heterogeneous design data sets. Figure 3 provides an overview of the
entire knowledge extraction framework.

Method: Result:
) Calculate i Overview on
9 tD ni'SIg?'on — performance D’z’:::;;fs,;;ent —>  design
imizati ;
\ differences modifications
| Database itivi Sensitive
Triangulation _,| Sensitivity | | .
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surfaces .
§oo" e
Calculate Modelling )
— displacement interrelated || De|5|gn
values deformations rules

Fig. 3 Overview of the knowledge extraction framework for analysing design data resulting
from the design optimisation process.

3.1 Displacement Analysis

Analysing local modifications in form of vertex displacement helps to gain some insight
into the exploration of the design space. Two measures are suggested: the relative mean
vertex displacement that provides information on how a vertex has been modified with
respect to one reference design and the overall displacement variance that identifies
the vertices that have been modified most frequently.

3.1.1 Relative Mean Verter Displacement

In order to get information on local design modifications with respect to one baseline
design, we define the relative mean vertex displacement :

1 o
Si=x—1 2 % (6)

Given a data set of N unstructured surface meshes 3; evaluates the mean displace-
ment of vertex v} of all meshes My, m € [1... N] from the vertex v; of the reference



mesh M. Here, like in the following we assume that v;-” is the corresponding vertex

to vi. 32 provides information on how far a reference vertex has been modified along
its normal vector with respect to the whole data set. If SZ > 0, the vertex v}’ has
been modified parallel to the normal vector of the vertex and 3; < 0 indicates a mod-
ification anti-parallel to the normal direction of the vertex. If 3; = 0, the vertex has
not been modified, each displacement value was zero due to modifications orthogonal
to the normal vector or the modifications around the reference vertex in the data set
have cancelled each other out. If there are outliers that affect the calculation of 3;,
we recommend to use the median instead of the mean in order to retrieve the desired
information.

3.1.2 Overall Displacement Variance

In order to calculate 3;, the baseline mesh r must be given. An alternative would be
to calculate the mean displacement between all possible shape combinations in the
data set. However, this is not a good alternative, because if the normal vectors of
corresponding vertices are similar, it holds that 5;’;” ~ —52}"T and as a result such a
measure would always tend to zero.

In order to get an overview over the variations of local design modifications, an
overall displacement variance is defined as follows:

1 N N
= e 5:)2
0-6,0 N(N _ 1) g 72 ( .5 Z)
r=1m=1,m#r
N N
2
05, R | ——— - 52 7
di N(N— 1) ;m;_,’_l( i, ) ( )

This measure describes the strength and the frequency of local design modifications
based on the whole data set. Following our argument above, we can set 2?21 6; =~ 0.

3.2 Sensitivity Analysis

Sensitivity analysis relates the displacement measure to variations of the corresponding
performance values.

3.2.1 Relative Vertex Correlation Coefficient

The relative vertex correlation coefficient R; from Equation 8 formalises the linear
relation between local modifications in form of vertex displacements and performance
values with respect to a chosen reference design. ¢ = f™ — f" is the performance
difference between two designs r and m. ET is the mean value of the performance
differences with respect to the reference design r.

St e 00T =T (@™ ™~ )
(N = 1)osropr

Rl = (8)
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R} > 0 indicates that moving the vertex parallel to the normal vector is most
likely to improve the performance of the design and vice versa. Again two situations
lead to a vanishing R} value. Firstly, the obvious explanation is that an (anti)-parallel
modification of the vertex has no effect on the performance measure. Secondly, if the
vertex is already located in an optimal position, every modification will reduce the
performance and R; will also be close to zero. In order to distinguish between the
two cases, one could fit a linear model to the displacement and performance difference
pairs and calculate the residual of the linear model. This residual provides information
on the uncertainty of the correlation coefficient. Of course, the uncertainty of the
correlation coefficient might also result from noisy data or non-linear relations between
displacement measure and performance differences.

3.2.2 Vertex Sensitivity

In order to identify vertices that are sensitive to performance changes based on the
whole data set without referring to one baseline shape, the Pearson correlation coeffi-
cient [12], is calculated based on all pairwise design comparisons. As ¢™™ = —¢"",
calculating the mean value for all performance differences results in ¢ = 0. We define
the overall vertez correlation coefficient as follows (assuming again Zi\]:l 8; = 0):

Zr lzm 1,m#r ;";71(;57‘,777/ (9)
N(N —1)os,04

R; =

9 N N
7= N(N_n',; :Z (gnm)?

The overall vertex correlation coefficient captures the linear relationship between
the displacement and performance changes. In order to be less sensitive to outliers or
noise in the data, it is reasonable to apply the Spearman rank based coefficient [12]
instead of the Pearson correlation coefficient. Since the overall vertex correlation is
linear, information is provided to distinguish between those vertices which are more
likely to improve the performance by moving them parallel to the direction of the
normal vector and those which improve the performance when moving them anti-
parallel to the direction of the normal vector.

In aerodynamic design optimisation the interrelation between design modifications
and performance changes is often highly non-linear. In order to capture also non-
linearities, one could use information based measures like mutual information [6] to
determine the sensitivity of vertices. The disadvantage of non-linear methods like mu-
tual information is that the information to predict the direction of design improvement
with respect to the normal vector is lost.
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3.3 Modelling and Analysing Interrelated Deformations

For the calculation of the measures described above, the displacement of each vertex
is considered independent of the others. Especially in aerodynamics, the interrelation
between distant vertices or design regions and their joint influence on the performance
plays an important role. In this section, special characteristics for the extraction of
knowledge in form of associative rules based on data from unstructured surface meshes
are discussed. The rules describe the relation between the displacement of distant ver-
tices and their joint influence on the performance criteria. Modelling the interrelation
between input variables is achieved by applying well known modelling techniques like
Fuzzy rule induction, Bayesian networks, decision trees or others to the data set, for
an overview of these techniques see e.g. [24].

3.3.1 Dimensionality Reduction

In general, the number of input parameters must be kept small for most modelling
techniques in order to produce a small set of interpretable and manageable association
rules. For the shape representation of section 1.2, the number of inputs equals the
number of vertices n, which is large in practice. Therefore, a reduction of the number
of input parameters is strongly required. In order to reduce the number of parameters
it is reasonable to combine neighbouring vertices to form n. design regions where
ne <K n. During a design or optimisation process, it is unlikely that only single vertices
are modified. Rather entire design regions of a certain extent are considered for shaping
new designs.

Our suggested procedure for dimensionality reduction by means of identifying local
design regions is summarised in Algorithm 1 and explained in more detail as follows.
In a first step, vertices that do not seem to contribute on the performance of the
designs are filtered out from the entire set of vertices. Therefore, the overall vertex
correlation coefficient, R;, is calculated for each of the n vertices as formulised in Eq.
9. The vertices which seem to have no impact on the performance value are removed by
applying a threshold A to R;. Based on psychological research, done by Cohen [5], the
threshold is set to A = £0.3. Cohen states that a small or no correlation is observed for a
correlation coefficients with an absolute value smaller or equal to 0.3. The classification
of the correlation coefficient by Cohen is used just as a rule of thumb but helps us to
specify an appropriate threshold. The filtering based on the overall vertex correlation
coefficient results in a set of vertices that can be separated into two sets R4 and
R—. R4+ contains vertices where R; > 0 while R_ contains vertices with a correlation
value R; < 0. Finally, in order to form the desired design regions, a KMeans clustering
algorithm [23] is applied to each of the two resulting sets of vertices. Performing the
clustering on each set separately ensures that vertices that have a strictly different
impact on the performance are assigned to different design regions. The final clustering
splits the set of vertices based on a predefined distance measure into clusters. Generally,
the (squared) Euclidean distance is used. Thus, distant vertices are assigned to separate
clusters and neighbouring vertices to one and the same cluster (design region). The gap
statistic [11] is used to overcome the problem of selecting an appropriate number of
clusters in advance. Once the design regions have been identified the vertices closest to
the cluster centres are considered for modelling and for the extraction of design rules.
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Algorithm 1 Identification of design regions for dimensionality reduction
1: for i, 0 <i<ndo

2: calculate R; based on Eq. 9

3: if +\ < R; < 1.0 then

4: R4+ <= Ry U{vi}

5: else if —1.0 < R; < —) then

6: R_ < R_U{vi}

7:  end if

8: Cy < Gap(KMeans(R4))

9:  C- < Gap(KMeans(R-))

10: C«<CiUC, C:{Cl,CQ,...,Ck}, CiZ{Vl,VQ,...,Vni}
11:  CC <= ClusterCentres(C), CC ={vcci,vcce,---»VCCne}
12:

13:  return CC

14: end for

3.3.2 Rule Induction

Rule induction is one of the fundamental and most often applied tools in the field
of data mining and machine learning. Rules are easy to interpret by the engineer and
hence raise his/her understanding of the system in hand. In aerodynamics the influence
of one region of the design on the performance often strongly depends on the shape of
the remaining design regions. Our driving force is to extract knowledge describing the
complex relation between design regions and its performance number(s). It is important
that the aerodynamic engineer is able to use the rules for the further development of
new designs.

In the present framework rule extraction techniques are applied to the vertices
closest to the centre of the design regions, voc; € CC, that are the result of Algorithm
1. We basically distinguish between absolute and relative design rules. Absolute design
rules describe the interrelation between the absolute positions of the vertices and their
joint influence on the performance. An absolute design rule might look as follows:

IF vgee, >12 AND veer, < —0.2 THEN f=122

This rule states that a change in the x coordinate of the vertex vocoso above 1.2
and a change in the y coordinate of vertex voco7 below —0.2 is expected to result in a
performance number of f = 12.2. Absolute design rules have two main disadvantages.
Firstly, the number of parameters for rule extraction is three times the number of
considered vertices, n.. This directly increases the number of possible rules that are
generated from the data set. Secondly, it is difficult to directly use the extracted rules
to generate new designs due to the fact that the rules provide no information about
the position of the vertices which are not used for modelling.

Design rules that are generated based on displacement data describe the interrela-
tion of vertices and their influence on the performance relative to a predefined reference
design. An example of a relative design rule is the following;:

IF §3%, >0 AND &30 <0 THEN ¢"™ <0

From this rule it is expected that a modification of the vertex voco towards its
normal direction in conjunction with a modification of vertex voco7 against the di-
rection of the normal vector will result in a reduced performance value. For relative
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design rules the number of parameters equals the number of vertices which are taken
into account for rule extraction. Hence the number of possible design rules is small
compared to absolute design rules. The reference design the relative rules relate to is
usable as an initial shape for generating new designs. What means that the extraction
of relative design rules can directly be integrated into the design process. Apart from
the design rules, the elongation of the cluster centre provides a hint on the size of the
design region considered for design modifications. Dependening on the requirements
the parametric input for the design rules is real-valued or restricted to the sign of the
displacement.

4 Application to 3D Turbine Blade Design Data

In order to demonstrate the feasibility of the theoretical concepts, the suggested meth-
ods have been applied to the data of an ultra-low aspect ratio transonic turbine stator
blade of a small Honda turbofan engine. The data set, used for knowledge extraction,
result from several computational optimisation runs where evolutionary strategies have
been applied [9]. The different optimisations were driven by two objectives, consider-
ing the total mass averaged pressure loss and the maximum variation of the pitch-wise
static outlet pressure. Other criteria like low pressure drag, low heat transfer, low ma-
terial stress were not considered in the optimisation of the blade. In order to estimate
the performance numbers, computational fluid dynamic (CFD) simulations have been
applied. The CFD solver used is a parallelised 3D in-house Navier Stokes flow solver,
called HSTAR3d [2]. The control point coordinates of a B-Spline representation of the
blade geometry were used as parameters for the optimisation. For detailed information
on the optimisation techniques and the parametrisation of the blade geometry, the
reader is referred to [9] and [10].

In the present case the evolutionary optimisation runs provide the data for the
data analysis. In general the suggested algorithms for knowledge extraction are not
restricted to data from computational optimisations. The data also might come from
manual optimisation processes where the performance has been determined under real
physical conditions, e.g. with wind tunnel experiments. Furthermore, the analysis is
independent from the geometric representation of the turbine blade, as long as the
triangular surface mesh can be retrieved from the used representation. In the following
analysis, the influence of the different turbine blade geometries on the total pressure loss
w is under investigation. The analysis techniques described in this paper are restricted
to single performance numbers only. Multiple performance criteria can be considered
by calculating a weighted sum of the different performance numbers. More information
concerning the calculation of the pressure loss w from the CFD simulation results are
provided by Kuno and Sonoda [20].

Finally the data set under investigation contains 200 blade geometries and their
corresponding total mass averaged pressure loss values.

4.1 The Turbine Blade Geometry

The structure of the axial gas turbine is rotationally symmetric. Eight equally shaped
blades (NB = 8) are uniformally distributed around the hub of the turbine stator
section. Thus, each of the 200 different stator blade geometries from the data set defines
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together with the hub and the casing a complete stator section of the gas turbine. The
axial length of the hub is the same for all blade geometries. Figure 4 a) illustrates
the shape of the initial turbine blade. This turbine blade was the starting point for
the different optimisations and has been selected as reference design for the following
analysis. Additionally, in Fig. 4 the most important parts of the blade are named.

The parameters of the reference stator blade are those of a High Pressure (HP)
turbine in the Honda HF118 turbofan engine. In the real engine the stator blade has an
impingement cooling, but for research purposes the blade without cooling was used to
demonstrate the feasibility of optimisation and knowledge extraction methods, focusing
on the aerodynamic performance. The pitch to chord ratio of the blade is the inverse
of the stage solidity which has a value of 0.706. The blade has a zero inlet metal angle,
an isentropic exit Mach number of 1.04, an outlet metal angle of 72.80 degrees and the
Zweifel loading coefficient has been chosen to be 0.80.

In a pre-processing step, the unstructured surface meshes of the 200 blade ge-
ometries have been generated. Given the B-Spline representation of the blades, the
bounding surface of the blade geometry has been triangulated. In general the triangu-
lation depends on the used representation and possibly depends on the application as
well. In the present case a uniform triangulation has been chosen, where the minimum
edge length of the triangles is large enough to represent all significant modifications
of the 200 blade designs. The hub and tip cross-sections are ignored for the triangula-
tion because there is no aerodynamic flow. The resulting triangulation of the reference
blade is shown in Fig. 4 a). Each of the generated surface meshes consists of 1200
vertices. A normal vector is assigned to each vertex pointing towards the outside of the
blade contour. Based on the unstructured surface meshes and their related performance
numbers, all pairwise comparisons are generated. From the pairwise comparisons the
displacement of corresponding vertices and the performance differences between blade
designs have been calculated. The database subject to knowledge extraction comprises
200 x 200 x 1200 displacement and 200 x 200 performance difference values.

4.2 An Engineering Approach to Knowledge Verification

The verification of the retrieved knowledge is essential in order to demonstrate the
feasibility of the applied techniques. A standard way in machine learning is to split
the entire data set into a training and a test or verification set. The application of
this technique to the design data set is not advisable. The number of designs in the
data set is often quite small. Thus, one cannot guarantee that the desired deforma-
tions (required to verify a certain hypothesis) are correctly represented in the test data
set. In this paper, we apply systematic deformations to the reference blade and verify
the expected results by re-calculating the performance of the deformed design. Each
re-calculation requires the simulation of the fluid dynamics, which makes the verifi-
cation more time consuming. Nevertheless, this kind of verification allows the test of
hypotheses generated from the extracted knowledge.

In order to perform the desired deformations to the reference design direct manip-
ulation of free-form deformation (DMFFD) has been applied [13,25]. DMFFD is an
extension of the standard free-form deformation (FFD) method [30]. It has two major
advantages for the present task which will become apparent after a brief explanation
of the method.
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Fig. 4 Ilustration of the reference blade with a) its triangular surface mesh, b) its CFD grid,
¢) the control volume which is needed to deform the blade surface as well as the CFD grid using
DMFFD and d) the flow field resulting from the CFD simulation. The coordinate system is
chosen so that z is the streamwise, y the pitchwise and z the radial direction. The illustration
of the flow field shows the pressure loss (colour-coded) relative to the inlet total pressure as
well as the velocity (vector field) of the stationary flow. The pressure loss ranges from 0.000
(blue) to 0.643 (red) and the velocity from almost 0.000 Mach (small arrow) to 1.296 Mach
(large arrow).

FFD has been introduced in the field of computer graphics and represents varia-
tions of a baseline object. The object has to be embedded into a trivariate spline by
transforming the object points to the spline coordinate system. The spline is defined
by a control volume which has to be set up. By moving the control points of the spline
the volume is deformed as well as all objects within the control volume.

In the direct manipulation of FFD the modifications are specified by the displace-
ment of object handles instead of the control points. These object handles can be set
arbitrary within the control volume. Based on their movement the positions of the
control points are calculated.

In the present context, the DMFFD method is particularly suited to apply the
extracted design rules to the reference design for two reasons. Firstly, highly sensitive
vertices or vertices included in the premise of a design rule can be selected as object
handles and displaced according to the rule. Furthermore, the adjacent vertices are
displaced continuously and thus a displacement of a whole design region is realized.
The size of these concurrently displaced areas depends on the granularity of the control
lattice. Secondly, with respect to CFD a time-consuming re-meshing is omitted since
the deformations affect the surface mesh as well as the CFD grid. For further details
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on deformation methods and their application to shape and design optimisation the
reader is referred to [26,25] and references therein.

The calculation of the quality of the deformed blade is done using the 3D flow solver
HSTAR3d [2]. The CFD simulation requires the generation of a CFD grid which has
been generated by discretising the space between two blades. Fig. 4 b) illustrates the
CFD grid of the initial turbine blade. The flow is the same between every two blades.
Hence one has to simulate the flow only for one out of eight sections. The CFD grid
has to be deformed according to the modifications of the surface mesh of the blade. A
control volume containing 7 x 7 x 9 control points, Fig. 4 c¢), has been placed around
the CFD grid. In order to verify the results from the knowledge extraction procedure,
the following steps are carried out:

Step 1 Transform the vertices of the initial surface mesh (Fig. 4 a)) so that they are
embedded in the control volume which encapsulates the CFD grid (Fig. 4 ¢)).
Therefore, transform the vertices to their corresponding position related to the
orientation of the CFD grid. This requires to group the vertices into those which
belong to the suction side and those which belong to the pressure side of the blade.

Step 2 Once the transformation is done, select the desired vertices from the trans-
formed surface mesh and determine the new position of the vertices based on the
design rules.

Step 3 Adapt the control points representing the control volume so that the induced
transformations of the DMFFD method describes the required transition to the
new position of the vertices specified in Step 2.

Step 4 Deform the CFD grid based on the transformations done in Step 3.

Step 5 Calculate the flow (Fig. 4 d))and the aerodynamic performance based on the
deformed CFD grid in Step 4.

4.3 Displacement and Sensitivity Analysis

Given the turbine blade data set the relative mean vertex displacement 3:7 the overall
displacement variance o5, and the relative vertex correlation coefficient R] are cal-
culated. The values are colour-coded and mapped onto the surface of the blade, as
illustrated in Fig. 5. 3; as well as Rj are calculated relative to the reference blade il-
lustrated in Fig. 4. Fig. 5 a) provides a quick visual impression on the mean difference
of the reference blade to the remaining blade designs of the data set. A negative 3; dis-
placement indicates deformation towards the inside while positive values of 32 indicate
deformations towards the outside of the blade contour. Looking at the displacement
values at the suction side (Fig. 5 a) right) and the pressure side (Fig. 5 a) left) respec-
tively, one can see that most blades within the data set are much thinner nearby the
suction side leading edge and slightly thicker at parts of the pressure side involving the
pressure side trailing edge compared to the reference blade. The values of the overall
displacement variance, Fig. 5 b), highlight those regions which have been frequently
modified and those which have not been deformed at all. The values are transformed
to logarithmic scale to visualise also small variations. Vertices that are not deformed
at all might be interesting for the designer who can model those untouched regions to
test their influence on the performance of the blade.

The linear influence of the already deformed design regions on the performance is
illustrated in Fig. 5 c). Blue regions indicate a negative correlation (R; < 0) between
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Fig. 5 Illustration of the results of the displacement and sensitivity analysis: a) relative mean
vertex displacement, b) overall displacement variance and c) relative vertex correlation coeffi-
cient. The left column shows the pressure side and the right column the suction side respec-
tively.

the displacement and the performance difference. This is interpreted as follows. Moving
a vertex i from a bluish region along the normal direction (5;""" > 0), towards the
outside of the blade surface, will result in a decrease in pressure loss (¢"™™ < 0) what
leads to an increased blade performance. Positive correlations (Rj > 0) are visualised
with a reddish colour. Positive correlations indicate that a displacement of the vertices
towards the outside of the contour will result in an increase of the pressure loss and
hence will lead to a decrease of the performance. The vertices around the leading edge
of the blade seem to be highly sensitive to performance changes, considering a linear
analysis. The sensitivity analysis lead to the conclusion that deforming the surface of
the suction side at the leading edge towards the outside of the blade (6, > 0) will
increase the pressure loss w and thus decrease the performance. Vice versa, deforming
the leading edge to the inside of the blade is expected to increase the performance.

In order to directly verify whether the displacements of the vertices around the
leading edge are linearly correlated to changes in the pressure loss, a vertex (voor,
see Fig.7 b) ) from the surface mesh close to the leading edge has been chosen and
DMFFD has been applied. Thus, only vertices around the leading edge are deformed
while the position of the remaining vertices remains constant. The displacement values
Scir € {—4,-3,-2,—1,1,2,3} are used. A value of d;(;; = 1 corresponds to a dis-
placement of approximately 6% of the axial chordlength of the blade, measured at the
hub section. The shape of the 3D surface mesh has been deformed based on DMFFD.
Additionally, the differences in the pressure loss between the reference and the modified
design ¢ = w" — W™ are calculated. Fig. 6 summarises the results, which confirm
the expected linear relationship between the deformation of the leading edge and the
pressure loss. The reference blade and two experiments A and B are marked within
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Fig. 6 Results of the verification, showing the linear relationship between the deformation of
the leading edge and the resulting performance differences. A and B show the deformations of
the blade at the 2D hub cross section for a displacement of 3.0 and —3.0 respectively.

Fig. 6. For A and B the deformations are visualised on the 2D hub cross-section given
a displacement of dcc7 = 3.0 and dcc7 = —3.0 respectively.

4.4 Rule Induction

In order to extract meaningful design rules from the data set we first reduce the number
of considered vertices as described in Algorithm 1. The sensitivity value R; is calculated
for each of the n, = 1200 vertices. The threshold A = £0.3 is assigned to the correlation
values in order to filter the most sensitive vertices from the blade surface. The two
resulting sets of vertices R4+ and R— are illustrated in Fig. 7 a). Blue coloured regions
highlight vertices with R; < —0.3 while red coloured regions highlight those with
R; > 0.3. The remaining vertices (—0.3 < R; < 0.3) are not considered for clustering
and rule induction. KMeans clustering together with the gap statistic is applied to the
two sets of sensitive vertices to generate the design regions. The vertices closest to the
resulting centres of the design regions, v’écj,j € [1...n¢], are marked on the blade
surface which is shown in Fig. 7 b).

The sign of the displacement values from the vertices VTCCJ- as well as the sign
of the performance differences ¢™"™ are considered for the extraction of design rules.
A decision tree is generated in order to retrieve a set of comprehensible design rules
which are visualised in a tree like structure. The resulting decision tree is shown in Fig.
8. Because the decision tree is generated based on the displacement values it depicts
relative design rules. The tree has been generated by a recursive partitioning of the
input space with respect to the Gini index [24]. The Gini index is a measure of statistical
dispersion and is used to select the attribute upon which to split at each branch of the
tree. Each node of the tree lists information on the expected consequences specifying
the likelihood for increasing or decreasing the performance number. The root node
provides information on the distribution of the performance differences in the initial
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Fig. 7 Illustration of the results from dimensionality reduction. The filtered vertices are high-
lighted in a). A red colour is assigned to vertices with R; > 0.3 while vertices with R; < —0.3

are shown in blue. The vertices closest to the cluster centres, resulting from the clustering of
the filtered vertices are marked in b).

data set. It can be seen that quite a large number of blade designs (84%) show a better
performance than the chosen reference design. The branches represent a conjunction
of vertex displacements that entail a certain consequence. In order to keep the number
of rules manageable the growth of the tree has been limited to a predefined size. One
advantage of decision trees is that they can easily be converted into a set of IF-THEN-
rules. Exemplarily, the following two rules are extracted based on the branches marked
with A and B in Fig. 8:

A:IF 854, <0 AND 54,0 <0 AND 6§35 <0 THEN ¢"* <0
B:IF 650g>0 AND 650, <0 THEN ¢"% >o0.

Rule A suggests a strategy, where the involved vertices are moved against the
direction of their normal vector in order to decrease the pressure loss and hence to
improve the quality of the blade. While rule A is expected, rule B seems to be more
interesting. This rule indicates that an interrelated displacement of vertices around
voes towards the outside of the blade together with a displacement of the vertices
around voor7 to the inside of the blade will increase the pressure loss. This seems to
be contradictory to the experiments which are done in section 4.3. There it has been
shown that deforming vo o7 towards the inside of the blade decreases the pressure loss
and consequently increases the performance of the blade. From this one can conclude
that the latter statement only holds if voog is not deformed towards the outside of
the blade.

In order to verify the reliability of classification trees, DMFFD is applied in or-
der to deform the reference blade. Two deformed designs are generated based on the
rules A and B. With respect to rule A, the following displacements are assigned to
the corresponding vertices on the reference design: 5838 = —2.0, 58310 = —2.0 and
58@7 = —2.0. DMFFD deforms the remaining vertices accordingly. The displacements
of the deformed blade surface are illustrated in Fig. 9 a). It can be seen that apart from
the vertex used as object handle the displacement nicely tapers off. The re-calculation
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Fig. 8 Decision tree resulting from the 3D turbine blade data set. The vertices close to the
cluster centres are used as features for modelling the tree. Each node contains the probabilities
for increasing as well as decreasing the performance number. A and B mark branches (design
rules) verified by means of DMFFD.

b)

Fig. 9 Illustration of the applied deformations based on rule A a) and B b). The displacement
values are colour-coded and mapped onto the surface of the reference blade.

of the performance of the deformed blade shows a reduction in the pressure loss of
" = w" — w? = —10.50% compared with the performance of the initial blade. The
result confirms the expected outcome predicted from the design rule.

For rule B the following displacements are assigned: 6358 = 2.0, 6357 = —2.0.
The resulting deformations after applying DMFFD are illustrated in Fig. 9 b). The
re-calculation of the performance results in an increase in the pressure loss of ¢>T’B =
5.68%. This result confirms the prediction of the design rule B and consolidates our
conclusions that a deformation at the leading edge only leads to a decrease of the

pressure loss if the pressure side trailing edge is not thickened.
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5 Summary

In this paper, we investigated the task of knowledge extraction from heterogeneous
data sets that usually result from aerodynamic shape optimisation processes. The main
contribution described is the formulation of a displacement measure that acts on a gen-
eralised shape representation — the unstructured surface mesh. Only a general shape
representation allows to investigate design data independently from any of the repre-
sentations used during the design and optimisation process. Based on the displacement
and performance data set a framework has been presented that comprises a number
of approaches for displacement analysis, sensitivity analysis, dimensionality reduction
and rule extraction.

In order to demonstrate the feasibility of the suggested framework, we applied
the proposed methods to a data set taken from the optimisation of a 3D turbine
blade. Decision trees have been formulated to generate a set of comprehensive design
rules which refer to a pre-defined blade design. The reliability of the used methods
within the domain of aerodynamic design data has been demonstrated. The hypotheses
retrieved from the sensitivity analysis and the decision tree have successfully been
confirmed by actively deforming the reference blade using DMFFD and calculating
their aerodynamic quality.

One main goal of further research is to use the information from the data set in
order to improve the ongoing optimisation process, e.g. by specifying parameters of the
optimisation algorithms or by increasing the generalisation capabilities and reducing
the approximation errors of surrogate models [16].
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