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ABSTRACT 
 

This paper discusses a research related with the innovative use of a decision sup- port 

system based on data mining (to evaluate historical information) and the support vector 

machine method to determine the optimal values related with the cooling efficiency of a 

gas turbine blade and to determine the adequate selec- tion of components to build 

scenarios under uncertainty. This research allows the selection of a specific number of 

optimal values for components, in a time horizon of a power energy installation 

(approximately four hours). These com- ponents are evaluated with data from an 

information repository of a successful energy system. The intent of this research is to 

apply the computational proper- ties of an established model of intelligent optimization. 

The case study allowed the analysis of the individual features of each component with 

the emulation from set matching features (optimal values reached by our hybrid 

algorithm). This way it is possible to predict a better functionality in this kind of system. 
 

PALABRAS CLAVE: 

 
minería de datos, máquinas de vectores 
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sistemas de soportes de decisión 

RESUMEN 

 
En este artículo se discute el uso de sistemas de decisión de soporte basados en 

minería de datos (para la evaluación histórica) y máquinas de vectores de soporte, con 

la finalidad de obtener los valores óptimos relacionados con la eficiencia de en- 

friamiento en un álabe de turbina de gas para determinar la adecuada selección de 

componentes y construir escenarios bajo incertidumbre. Esta investigación permite 

seleccionar un número específico de componentes, los cuales son evaluados a partir de 

un depósito de información con datos de otro sistema de energía. La intención de la 

presente investigación es aplicar propiedades computacionales, en este caso un modelo 

de optimización inteligente. El caso de estudio permite analizar las características individuales 

de cada componente con la emulación de una serie de característi- cas 

correspondientes (valores óptimos alcanzados por el algoritmo híbrido). De esta manera 

es posible predecir una mejor funcionalidad en un sistema de este tipo.
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1 INTRODUCTION

;OL�OPNO�NHZ�[LTWLYH[\YLZ�YLNPZ[LYLK�H[�ÄYZ[�Z[HNLZ�PU�
a gas turbine can cause serious damages in blades. 
This is a critical situation if we consider that in today’s 
turbines temperatures at inlet are up to 1400°C. 
Higher thermal stresses, material corrosion and creep 
are typical situations when the machine is operated 
under these conditions and a considerable reduction 
in remnant life of the blades occurs [1]. Techniques 
SPRL�ÄST�JVVSPUN�HYL�\ZLK�[V�H]VPK�[OLZL�KHTHNLZ��;OPZ�
technique consists in ejecting air through holes placed 
in the leading edge. The interaction between the air 
HUK� [OL� THPU� ÅV^� NLULYH[LZ� H� ÄST� JVVSPUN� PU� [OL�
leading edge surface, keeping it at temperatures that 
don’t affect the blade’s integrity. Several investigations 
OH]L�ILLU�KVUL�HIV\[�WHYHTL[LYZ�VM�Å\PK�K`UHTPJZ��
such as blowing ratio, variations in density ratios and 
TVTLU[\T�Å\_�YH[PVZ��I\[�H�ZPTWSLY�TVKLS�[V�WYLKPJ[�
cooling effectiveness is still needed. Geometrical 
factors can increase or reduce the cooling effectiveness 
of holes and help to avoid damages in turbine blades. 
Diameters, ejection angles and separation between 
them can be used to predict cooling effectiveness and 
V[OLY� MHJ[VYZ�� SPRL� WLUL[YH[PVU� VM� JVVSPUN� ÅV^� PU[V�
THPU� ÅV �̂� ^OPJO� JHU� SLHK� PU� [\YU� [V� OPNOLY� SL]LSZ�
VM� [\YI\SLUJL� PU� [OL� PU[LYHJ[PVU� aVUL� VM� THPU� ÅV^�
HUK� JVVSPUN� ÅV �̂� :L]LYHS� PU]LZ[PNH[PVUZ� OH]L� ILLU�
performed about blade turbines using intelligent 
systems for optimization. Verstraete et al. improved a 
method to design and optimize the cooling channels 
on a high pressure gas turbine [8]. They showed that 
combining evolutionary algorithms with metamodels 
SPRL�HY[PÄJPHS�UL\YHS�UL[^VYRZ�HUK�YHKPHS�IHZPZ�M\UJ[PVU�
it is possible to optimize turbine components. Pierret 
and Van den Braembussche used simulated annealing 
to design blade turbines [9]. They found that there is a 
better performance in turbines with blades designed 
with the proposed methodology. Chunting et al. made 
a fault detection system for hydraulic turbines based on 
the support vector machine (SVM) method [10]. They 
JVUJS\KLK�[OH[�:=4�PZ�TVYL�LMÄJPLU[�MVY�JSHZZPÄJH[PVU�
and robust performance. Sosa Coeto et al. optimized 
the impeller and diffuser of an hydraulic submersible 
W\TW�\ZPUN�JVTW\[H[PVUHS�Å\PK�K`UHTPJZ��*-+��HUK�
neural networks [11].

In this work, decision support systems (DSS) based 
on data mining (DM) and SVM are used to improve 
a thermal analysis of a gas turbine blade in order to 

know its cooling effectiveness. The database for the 
HIV]L�HSNVYP[OT�^HZ�VI[HPULK�\ZPUN�*-+�HUK�KLZPNU�
of experiments method (DoE) was employed to reduce 
[OL� JVTW\[H[PVUHS� JVZ[� VM� *-+�� ;OL� KH[HIHZL� ZL[�
PUJS\KLZ�JVVSPUN�LMÄJPLUJ`�HUK�OLH[�[YHUZMLY�PU�H�NHZ�
turbine blade.

2 PROPOSED METHODOLOGY

2.1 Support vector machine

Classifying data is a common task in machine learning. 
Suppose some given data points in which each point 
belongs to one of two classes, and the goal is to decide 
which class a new data point will be in. In the case of 
SVMs, a data point is viewed as a p-dimensional vector 
(a list of p numbers), and we want to know whether 
we can separate such points with a �Sí���dimensional 
O`WLYWSHUL�� ;OPZ� PZ� JHSSLK� H� SPULHY� JSHZZPÄLY�� ;OLYL�
are many hyperplanes that might classify the data. 
One reasonable choice as the best hyperplane is the 
one that represents the largest separation, or margin, 
between the two classes. So we choose the hyperplane 
in which the distance to the nearest data point on 
each side is maximized. If such a hyperplane exists, 
it is known as the maximum-margin hyperplane and 
[OL�SPULHY�JSHZZPÄLY�P[�KLÄULZ�PZ�RUV^U�HZ�H�TH_PT\T�
THYNPU� JSHZZPÄLY"� VY� LX\P]HSLU[S �̀� [OL� WLYJLW[YVU� VM�
optimal stability.

2.2 Linear SVM

Given some training data D and a set of n points of the 
form:
where yi�PZ�LP[OLY���VY�ë���PUKPJH[PUN�[OL�JSHZZ�[V�^OPJO�
the point  xi belongs, and each xi is a p-dimensional 
YLHS� ]LJ[VY�� ^L� ^HU[� [V� ÄUK� [OL� TH_PT\T�THYNPU�
hyperplane that divides the points having yi � from 
those having yi ��. Any hyperplane can be written as 
the set of points x satisfying w·[�E �, where · denotes 
the dot product and w the normal vector to the 
hyperplane. The parameter 

b
w  determines the offset of 

the hyperplane from the origin along the normal vector w.
We want to choose w and E  so as to maximize the 

KPZ[HUJL�IL[^LLU�[OL�WHYHSSLS�O`WLYWSHULZ"�[OH[�[OL`�IL�
as far apart as possible while still separating the data. 
These hyperplanes can be described by the equations    
w·[�E ���and w·[�E ��  .
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Only a few Įi will be greater than zero. The co-
rresponding xi are exactly the support vectors, which 
lie on the margin and satisfy yi(w·xi�E�� ����-YVT�[OPZ��
one can derive that the support vectors also satisfy 

,which allows 

VUL�[V�KLÄUL�[he offset E. In practice, it is more robust 
to average over all NSV support vectors:

  

(2)

2.4 Dual form

>YP[PUN� [OL� JSHZZPÄJH[PVU� Y\SL� PU� P[Z� \UJVUZ[YHPULK�
dual form reveals that the maximum margin 
O`WLYWSHUL��HUK� [OLYLMVYL� [OL�JSHZZPÄJH[PVU� [HZR�� PZ�
only a function of the support vectors, the training data 
that lie on the margin.

Using the fact that ŒZ�����Œ��=�Z� Â�Z and substituting, 

one can show that the dual of the SVM 
reduces to the following optimization problem:

Maximize (in Įi)

   (3)

subject to (for any ni ,...,1� ) Įi��, and to the constraint 

from the minimization in .
/LYL�[OL�RLYULS�PZ�KLÄULK�I`�k(xi,xj�� �[i�Â�[j , and w 

can be computed thanks to the Į terms:

 

2.5 Biased and unbiased hyperplanes

-VY�ZPTWSPJP[`�YLHZVUZ��ZVTL[PTLZ�P[�PZ�YLX\PYLK�[OH[�[OL�
hyperplane passes through the origin of the coordinate 
system. Such hyperplanes are called unbiased, 
whereas general hyperplanes not necessarily passing 
through the origin are called biased. An unbiased 
hyperplane can be enforced by setting E � in the 
primal optimization problem. The corresponding dual 
is identical to the dual given above without the equality 
JVUZ[YHPU[����ÄN\YLZ�������

Note that if the training data are linearly separable, 
we can select the two hyperplanes of the margin in a 
way that there are no points between them and then try 
[V�TH_PTPaL�[OLPY�KPZ[HUJL��)`�\ZPUN�NLVTL[Y �̀�̂ L�ÄUK�
the distance between these two hyperplanes is  

w
2  , so 

we want to minimize ŒZ�����Œ. As we also have to prevent 
data points from falling into the margin, we add the 
following constraint: for each i either Z�Â�[i���E����    for xi   of 
[OL�ÄYZ[�JSHZZ�VY�Z�Â�[i���E�����   for xi  of the second.

This can be rewritten as:

 for all ����L���Q   (1)

We can put this together to get the optimization 
problem:

Minimize (in Z���E) ŒZ�����Œsubject to (for any L ���������Q) 

 . 

2.3 Primal form

The optimization problem presented in the preceding 
ZLJ[PVU� PZ� KPMÄJ\S[� [V� ZVS]L� ILJH\ZL� P[� KLWLUKZ�
onŒZ�����Œ, the norm of w, which involves a square 
YVV[��-VY[\UH[LS`�P[�PZ�WVZZPISL�[V�HS[LY�[OL�LX\H[PVU�I`�
substituting w with 

2

2
1 w  (the factor of 1/2, being used 

for mathematical convenience) without changing the 
ZVS\[PVU��[OL�TPUPT\T�VM�[OL�VYPNPUHS�HUK�[OL�TVKPÄLK�
equation have the same w and b). This is a quadratic 
programming optimization problem. More clearly:

Minimize (in w,E) 2

2
1 w subject to (for any L ������Q) 

.
By introducing Lagrange multipliers� Į� the 

previous constrained problem can be expressed as 

that is, we look for a saddle point. In doing so all the 
points which can be separated as     
do not matter, since we must set the corresponding Įi  
to zero.

This problem can now be solved by standard 
quadratric programming techniques and programs. 
The “stationary” Karush–Kuhn–Tucker condition 
implies that the solution can be expressed as a linear 

combination of the training vectors                            .
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3 CHARACTERIZATION OF THE PROBLEM

;OL�Å\PK�KVTHPU�PZ�YLWYLZLU[LK�I`�H�ZLJ[PVU�VM�H�NHZ�
turbine blade at midspan corresponding to a 150 MW 
NHZ�[\YIPUL�^P[O����ISHKLZ�PU�ISHKL�^OLLS��ÄN\YL�����

*VVSPUN�LMÄJPLUJ`�PZ�KLWLUKLU[�VU�[OL�OLH[�[YHUZMLY�
in the leading edge. Due to this it is necessary to 
solve a conjugate heat transfer analysis to know the 
[LTWLYH[\YL�KPZ[YPI\[PVUZ�PU�[OL�SLHKPUN�LKNL��;OL�ÅV^�
ÄLSK� PU� [OL� KVTHPU� PZ� KL[LYTPULK� I`� [OL� JVU[PU\P[`�
and the Navier-Stokes equations and the heat transfer 

Figure 1. H3 (green) does not separate the two classes. 
H1 (blue) does, with a small margin and H2 (red) with the 
maximum margin

is governed by the energy equation. In order to solve 
[OVZL� LX\H[PVUZ� H� *-+� JVTTLYJPHS� JVKL�^HZ� \ZLK��
The turbulence was solved using the k-İ model. 

   (4)

   

(5)

   

(6)

4 MULTIPLE MATCHING

Multiple matching is a series of many evaluations 
according to different combinations of optimal values 
associated with the components and a batch of 50 runs 
under different scenarios. In the evaluation phase, ther-
TVTLJOHUPJHS� ZWLJPÄJH[PVUZ� ^P[O� TVYL� ZPTPSHYP[PLZ�
will be given a preference, and then these aspects 
will be selected to compete. Components must be 
ranked according to their customers’ preferences 
HM[LY� [V\YUHTLU[Z�LUK��VUJL� [OL�ÄUHS� SPZ[�VM�T\S[PWSL�
matching is evaluated. The hybrid algorithm will 
be scheduled to set the timing for the comparison 
of different similarities using a round of multiple 
matching analyses based on the optimization assigned 
to a component. Then, components that qualify for 
selection in a model will be chosen on the following 
prioritized basis. Given the organization for each 
component and the matches for each round in the 
algorithm, components are assigned to state their par-
ticipation for its evaluation in each of the series. To 
ensure an active participation in the future, a minimum 
VM�[^LU[`�Ä]L�JVTWHYH[P]LZ�HYL�YLJVTTLUKLK�MVY�[OL�
four included rating lists and before the main rating 
list. When a component does not accept to participate 

Figure 2. Maximum-margin hyperplane and margins for an 
SVM trained with samples from two classes. Samples on the 
margin are called the support vectors

Figure 3. Gas turbine blade
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into a multiple matching series, then the selection 
process uses the average rating plus number of games 
played during the rating period. The algorithm repeats 
[OPZ�WYVJLZZ�\U[PS�YLHJOPUN�[OL�YLX\PYLK�X\HSPÄLYZ�VM�[OL�
multiple matching series.

5 EXPERIMENTATION

0U� VYKLY� [V� VI[HPU� [OL� TVZ[� LMÄJPLU[� HYYHUNLTLU[�
of components, we developed a cluster for storing 
the data of each representative individual for each 
component. The narrative guide is made with the 
purpose of distributing an optimal form for each 
evaluated component. The main experiment consisted 
in implementing components with our hybrid 
algorithm, with 500 issues and 200 epochs. The 
Z[VW� JVUKP[PVU� ^HZ� YLHJOLK� HM[LY� ��� P[LYH[PVUZ"� [OPZ�
allowed the generation of the best selection for each 
component. An optimal value was evaluated using the 
multiple matching model, as in Yang, Tao and Yu [10]. 
;OL�]LJ[VY�VM�^LPNO[Z�LTWSV`LK�MVY�[OL�Ä[ULZZ�M\UJ[PVU�
was Wi= [0.6, 0.7, 0.8, 0.5, 0.6, 0.9, 0.8, 0.7, 0.6, 0.9, 
0.5, 0.8, 0.7], which represents the importance of each 
component. Then, the hybrid algorithm would select 
[OL� ZWLJPÄJ� ]HS\L� VM� LHJO� JVTWVULU[� IHZLK� VU� [OL�
similarity of attributes. Each attribute was represented 
by a discrete value from 0 to 7, where 0 means absence 
and 7 the highest value of the attribute. The experiment 
design consisted of an orthogonal array test with in-
[LYHJ[PVUZ�HTVUN�]HYPHISL�JVTWVULU[Z"�[OLZL�]HYPHISLZ�
^LYL�Z[\KPLK�̂ P[OPU�H�SVJH[PVU�YHUNL����[V������ZWLJPÄJ�
to coordinates x and y. The orthogonal array was 
L-N(2**7), in other words, 7 times the N executions. 
;OL�]HS\L�VM�5�PZ�KLÄULK�I`� [OL�JVTIPUH[PVU�VM� [OL�
7 possible values of the variables with the values in 
the location range. In table 1 we list some possible 
scenarios as the result of combining the values of the 
attributes. The results allowed us to analyze the effect 
of all possible combinations of values.

TURBULENT 

KINETIC 

ENERGY

NUMBER OF 

REVOLUTIONS

RADIUS TEMPERATURE EXPANSION 

COEFFICIENT

KRONECKER DELTA RATE 

ENERGY 

DISIPATION

DEFORMATION 

VECTOR

VOLUMETRIC 

MODULE

LAME 

CONSTANT

DIAMETER MASS 

FLOW 

RATE

1 2 2 3 5 3 5 2 2 4 2 4 4

1 2 2 3 3 4 4 7 4 5 3 5 3

1 3 2 4 1 2 2 5 5 3 4 6 2

1 3 2 5 4 5 5 4 3 2 2 5 5

Table 1. The orthogonal array test

6 CONCLUSIONS

The use of the orthogonal array test facilitates the re-
organization of the different attributes. Aditionally, the 
array aids to specify the best possibilities to adequate 
correct solutions for each component. Different 
attributes were used to identify the real possibilities of 
improving a component set in a particular environment, 
HUK� [V� ZWLJPM`� P[Z� JVYYLSH[PVUZ� ^P[O� V[OLYZ�� (� *-+�
HUHS`ZPZ� ^HZ� YLHSPaLK� [V� ÄUK� V\[� [OL� [LTWLYH[\YL�
distribution HUK�LMÄJPLUJ`�PU�[OL�SLHKPUN�LKNL�VM�H�NHZ�
[\YIPUL�ISHKL��(M[LY�[OL�JSHZZPÄJH[PVU�VM�KH[H�IHZLK�VU�
relationships that keep their attributes, these changes 
can help to reduce thermal stress, thus ensuring the 
structural integrity of the blade. Therefore, we realize 
that the concept of “optimization under uncertainty” 
exists based on determining the acceptance function 
to propose an alternative optimization for the rest of 
[OL� JVTWVULU[Z�� -VY� M\Y[OLY� PTWSLTLU[H[PVUZ� ^L�
intend to analyze the level and degree of cognitive 
knowledge for each component. Additionally, this 
may help us to understand true similarities that share 
different components based on the characteristics to be 
clustered while keeping their own mechanical identity. 
In a related work [7], it has been demonstrated that 
small variations go beyond phenotypic characteristics 
and are mainly associated to tastes and related cha-
racteristics developed through time.
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