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METAMODEL-BASED OPTIMIZATION OF THE LABYRINTH SEAL

The presented paper concerns CFD optimization of the straight-through labyrinth
seal with a smooth land. The aim of the process was to reduce the leakage ow through
a labyrinth seal with two ns. Due to the complexity of the problem and for the sake
of the computation time, a decision was made to modify the standard evolutionary
optimization algorithm by adding an approach based on a metamodel. Five basic ge-
ometrical parameters of the labyrinth seal were taken into account: the angles of the
seal’stwo ns, and the nwidth, height and pitch. Other parameters were constrained,
including the clearance over the ns. The CFD calculations were carried out using the
ANSYS-CFX commercial code. The in-house optimization algorithm was prepared in
the Matlab environment. The presented metamodel was built using a Multi-Layer Per-
ceptron Neural Network which was trained using the Levenberg-Marquardt algorithm.
The Neural Network training and validation were carried out based on the data from
the CFD analysis performed for di erent geometrical con gurations of the labyrinth
seal. The initial response surface was built based on the design of the experiment
(DOE). The novelty of the proposed methodology is the steady improvement in the
response surface goodness of t. The accuracy of the response surface is increased by
CFD calculations of the labyrinth seal additional geometrical con gurations. These
con gurations are created based on the evolutionary algorithm operators such as se-
lection, crossover and mutation. The created metamodel makes it possible to run a
fast optimization process using a previously prepared response surface. The meta-
model solution is validated against CFD calculations. It then complements the next
generation of the evolutionary algorithm.

Nomenclature

a selected design variable, [variable unit]

aj, ay lower and upper range of limits for the selected design variable, [variable unit]
A cross-section area of passing uid, [m?]

b parameter specifying the non-uniform rate (b = 2), [ ]
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Cq discharge coe cient, [ ]
m mass ow-rate, [kg/s]
Pt in  inlet total pressure, [Pa]
R speci c gas constant,[J/(kg K)]
r number of initial vectors, [ ]
S random number between O and 1, [ ]
t generation number, [ ]
T maximum number of generations, [ ]
Twot in  inlet total temperature, [K]
Greek symbols
scaling factor, [ ]
ratio of inlet total pressure to outlet static pressure, [ ]
speci c heat ratio, [ ]

1. Introduction

Labyrinth seals are one of the main components of the gas turbine. They are
fairly e cient and ensure the machine long life at a relatively simple structure.
Due to design, strength and thermal limitations, di erent types of labyrinth seals
are applied in the gas turbine, e.g. straight-through seals, stepped convergent seals
and stepped divergent seals. Each of these may be con gured with a smooth or a
honeycomb land. The basic function of the gas turbine sealing is leakage reduction
or control. The reduction in leakage is the most essential in the area of the turbine
main ow, especially above the rotor blades. The tip seal leakage ow does not
participate in power generation and is an additional source of losses arising due to
the process of mixing with the main ow. The control function of the sealing is
used to obtain a correct spread of cooling air. Therefore, designing a labyrinth seal
that will best ful | its functions is an issue of great importance. Due to complex

ow phenomena occurring in the seal cavities, appropriate selection of geometrical
features is not an easy task. In order to meet a number of design requirements, those
geometrical characteristics can only be found using more sophisticated design tools
based on 3D ow modelling and optimization algorithms.

Nowadays, nondeterministic methods such as genetic algorithms are used in the
optimization process. Genetic algorithms are substantially di erent from traditional
methods. One of the di erences is that an entire population of points, not just one
single point, is taken into consideration in the space of possible solutions [1]. The
algorithms take account of the element of randomness and mimic real biological
processes. This gives them natural resistance to getting stuck in a local optimum.
Theiranother advantage, resulting from their structure, is the opportunity to perform
parallel computations.

A comprehensive study using a genetic algorithm and devoted to the search
for the optimum geometry of the stepped labyrinth seal can be found in [2]. In
[3], a more complex geometry of a seal with a honeycomb land is optimized by



METAMODEL-BASED OPTIMIZATION OF THE LABYRINTH SEAL 77

means of a genetic algorithm. A simpli ed geometry of the honeycomb is adopted
in this case, which makes it possible to substantially reduce the geometrical mesh
size and, consequently, to carry out a full optimization process. Another example
of optimization drawing on genetic algorithms are works [4, 5], which concern the
thermal and ow optimization of the turbine blades cooling system.

The application of genetic algorithms involves the need of calculating a very
large number of cases. Considering that some CFD computations are extremely
time-consuming, such algorithms may prove ine ective or even impossible to use.
For this reason, metamodel-based optimization techniques are now being developed
intensively. This approach signi cantly limits the number of the calculations of
the objective functions. An example of optimization using a response surface
constructed based on the Design of Experiment (DOE) is presented in [6], where
a commercial FEM code is used to optimize the shape of the rotor blades of
a supercritical steam turbine. However, using a metamodel increases the risk of

nding a local optimum only. This happens if the metamodel is built using too
few tests in the DOE or if the analysed problem happens to be strongly nonlinear,
with a large number of local optimums. An interesting combination of a traditional
genetic algorithm with the metamodel-based optimization is presented in [7], where
the Real-Coded Population Dispersion (RCPD) genetic algorithm is applied. The
obtained results were used for subsequent populations to build a response surface
based on a Neural Network. This approach enables a gradual improvement in the
metamodel goodness of t, bringing its solutions closer to the real results obtained
by means of a numerical analysis. It is possible to Il the solution space uniformly
owing to an analysis of results conducted with the use of the normal distribution.
Based on the distribution, it is also found in which case the objective function is
determined by means of the metamodel, and in which case it is calculated using a
rather time-consuming numerical analysis.

Quite a similar approach is put forward herein, but with a few essential modi -
cations. Here, the developed algorithm is based on a traditional genetic algorithm,
where some individuals are generated additionally using a metamodel based on an
arti cial Neural Network. The applied methodology thus makes it possible to com-
bine the advantages and avoid the downsides of the two methods. The presented
algorithm is used to calculate a simple geometry of a straight-through labyrinth seal
with a smooth land, which makes it possible to verify the algorithm and check its
suitability for solving the kind of problems currently discussed. It is planned that the
algorithm will be used in further calculations of the seal complex three-dimensional
geometries, taking account of the honeycomb structure and its optimization.

2. Optimization algorithm

The optimization process was carried out using an in-house code developed in
the Matlab environment. The algorithm is a considerable extension of the method
used in [3]. It co-operates with the Ansys-CFX 15 commercial code used for CFD
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analyses. The generation process of the geometry and the numerical mesh as well
as of the de nition of boundary conditions is completely automatic and it is run
in the Ansys-Workbench environment. The algorithm makes it possible to perform
optimization computations on many computers in parallel, which signi cantly
improves its e ciency.

The applied optimization algorithm is composed of two basic modules. One of
them is the main genetic algorithm based on encoding with real-valued numbers.
The other is an additional module a Neural Network creating what is referred to
as the response surface, which is used in an additional optimization process. The
obtained results are then veri ed based on CFD calculations and they supply the
population of the main genetic algorithm. The points that make up the response
surface are built based on the genetic algorithm subsequent generations. In this
way, the response surface goodness of t is gradually improved, bringing the
solutions obtained by means of the metamodel closer to real solutions derived
from a CFD analysis. A owchart of the optimization algorithm operation is shown
in Fig. 1.

Fig. 1. Optimization algorithm owchart

One of the di erences compared to a traditional genetic algorithm is the
replacement of the initial random distribution of design variables with a distribution
obtained using the DOE. This approach makes it possible to |l the solution space
uniformly. The presented algorithm makes use of the central composite design
of the experiment [8, 9]. The design is created from two-level fractional designs
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supplemented with star points and centre points. In the star points, individual
variables are changed one by one on two levels a, keeping the other variables at
level 0. The star points lie on coordinate axes and they are arranged symmetrically

two on each axis at the distance of a from the design centre. The a quantities
for individual design variables are often called the star radii.

Fig. 2. Composite design for two standardized variables

An example composite design for two standardized variables is presented in
Fig. 2. An application of the fractional factorial design for 5 design variables gives
the total of 27 combinations of their values. The results obtained based on the
experiment design constitute the rst population of the genetic algorithm and are
used to build a metamodel.

The metamodel is constructed using a Multi-Layer Perceptron Neural Network
with a single hidden layer (cf. Fig. 3). In this case, the input vector are ve design
variables constituting individual geometrical parameters of the seal, whereas the
output vector is a single value of the discharge coe cient determined based on the
labyrinth seal leakage mass ow (cf. Fig. 3).

Fig. 3. Structure of the Neural Network used to build the metamodel

A sigmoidal activation function is used for the hidden layer of neurons,
whereas for the output layer a linear activation function is adopted. The selection
of the Neural Network weights is based on the Levenberg-Marquardt backpropa-
gation algorithm [10]. A metamodel built in this way makes it possible to run the
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optimization process on the obtained response surface. For this purpose, a default

genetic algorithm implemented in the Matlab environment is used. It is assumed

that computations may be run for several di erent numbers of neurons used in

the Neural Network hidden layer, which gives several possible solutions validated

further on based on CFD calculations. The results obtained in this manner are the
rst approximation of the global minimum.

The proposed algorithm nowvelty is the gradual improvement in the response
surface goodness of t, which is achieved using individuals from subsequent gen-
erations of the main genetic algorithm. Subsequent populations of individuals are
generated using the genetic algorithm operators such as selection, crossover and
mutation. The generated individuals are additionally supplemented with optimal
solutions obtained from the optimization process run with the use of the metamodel.
The whole constitutes a new population for which CFD calculations are performed
and, thereby, the tness function is determined. At the same time, the calculations
enable validation of results obtained by means of the metamodel-based optimiza-
tion. The obtained results make it possible to construct an improved metamodel,
thus improving the response surface goodness of t based on a bigger number of
data.

An application of the genetic algorithm operators enables data concentration
in the global optimum area and ensures the response surface better goodness of t,
especially in this region.

It is assumed that the applied operators of the genetic algorithm are based on
encoding by means of real-valued numbers. The extended intermediate recombi-
nation algorithm is adopted for the crossover process. In this case, the values of the
o spring individual chromosomes are either included between the values of both
parents or are close to them, which means that the o spring is generated according
to the following principle [11]:

0 spring; = parent; + (parent, parent;) 1

0 spring, = parent, + (parent, parent;) @
where isascaling factor chosen uniformly at random over an interval [ d; 1+d].
For the extended intermediate recombination it is assumed that d = 0:25. The use
of extended recombination prevents shrinking of the interval of a given parameter
variability in subsequent generations.

For the mutation process, a non-uniform mutation factor dependent on the
generation number is assumed. At the beginning, the mutation factor is high but
its value decreases as subsequent iterations proceed. This kind of approach helps
the evolutionary algorithm to t the global optimum better. The mutation factor is
de ned by the following formula [12]:

Gy) =y s DD )

where y = a aj for random number equal to 1, y = a, a for random number
equal to 0.
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The new design variable a’ is calculated from the following relation:

oo Sat (ty)
Za ()
An additional function is used in the proposed algorithm to scale the obtained

results, which improves the selection process. It is assumed that results are scaled
using the ow maximum value in a given generation.

@)

3. Numerical model of the labyrinth seal

The subject of the numerical analysis is the model of the gas turbine rotor tip
seal. The labyrinth seal has two ns. Only the seal smooth land option is analysed
and the honeycomb land structure is omitted. The labyrinth seal initial geometry is
shown in Fig. 4.

Fig. 4. Labyrinth seal geometry

It is assumed that the optimization process is run for a single dimension of
the clearance  spom = 0:76 mm. The computational domain width is assumed
as w = 0:25 mm. The other dimensions of the seal and the ow parameters
correspond to the data of the measuring stand in the Institute of Power Engineering
and Turbomachinery of the Silesian University of Technology. It is a stationary
test rig that operates under vacuum pressure and is fed with atmospheric air. For
the seal under analysis, only the axial in ow of air is taken into consideration.
It is further assumed that the computational domain is stationary. The numerical
analysis is conducted by means of the Ansys-CFX 15 commercial program. The
basic boundary conditions assumed for the calculations are listed in Table 1.

Table 1.
Boundary conditions assumed for the analysis
Boundary conditions Value
Inlet Total pressure 100 kPa
Total temperature 20 C
Outlet | Average static pressure | 86.2 kPa

The high-resolution advection scheme is set up for continuity, energy, mo-
mentum and turbulence equations. The gas properties are set up as air ideal gas
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with the total energy heat transfer option. The two-equation Shear Stress Transport
turbulence model is applied.

In order to determine the seal performance, a dimensionless discharge coe -
cient cp isintroduced. The coe cientis de ned according to (4).

m
= 4
Mid )

The coe cient describes the ratio of the leakage mass ow to the ideal mass
ow. The ideal mass ow is a theoretical quantity for isentropic expansion through

a single nozzle [13]:

Cb =

_ QidProt inA

Ttot_i n
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The numerical mesh adopted for the optimization process is shown in Fig. 5. It was
generated using the Ansys-Meshing program. The generation process is automatic
and its parameters for all analysed con gurations of the seal are identical. The
mesh is of the hexa-dominant type and it is composed of about 138 thousand
nodes. The mesh is extended to the distance of 0.25 mm in the normal direction and
contains a single element only. This makes the analysis a two-dimensional one. The
circumferential component of velocity was omitted and only an axial component
was taken into account. However, this approach is often used in literature concerning
both numerical and experimental studies [2, 13]. The density of the presented mesh
is much higherinthe ntip area. The maximum value of the dimensionless quantity
y+ does not exceed 1.

Fig. 5. Numerical mesh adopted for the calculations

Before the optimization process was started, an analysis of the solution inde-
pendence of the numerical mesh was conducted. The obtained results showing the
values of coe cient cp are listed in Table 2. In total, 4 numerical meshes were
investigated. The rst three di er in the degree of concentration of elements in the

n area, whereas the last numerical mesh makes it possible to determine the impact
of discretization in the direction normal to the one presented in Fig. 5. Due to the
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comparatively small relative error, a decision was made to run the process of the
labyrinth seal shape optimization using the initial mesh.

Table 2.
Impact of the numerical mesh
Type of mesh Number of elements cD Relative error, %
mesh 0 adopted for optimization 130 000 0.590 0.3
mesh 1 188 000 0.595 0.5
mesh 2 293 000 0.596 0.7
mesh 2 5 layers in the normal direction 883 000 0.592 0

4. Optimization process

The basic parameters assumed in the optimization process using the presented
optimization algorithm are listed in Table 3. The data concern the main genetic
algorithm.

Table 3.
Basic parameters of the evolutionary algorithm
Evolutionary algorithm parameter Value
Number of generations for the main genetic algorithm 40
Number of individuals in a population 24
Crossover probability for the main genetic algorithm 0.7
Mutation probability for the main genetic algorithm 0.02

A bigger number of individuals in a population (60) was assumed for the
additional genetic algorithm operating in the response surface, and the maximum
number of generations was increased. The other parameters were the same as those
in the main genetic algorithm. The results obtained in this way were then veri ed
based on CFD calculations. After that, they were added to the subsequent population
of the main genetic algorithm. In each generation, the worst two geometrical
con gurations with the highest value of coe cient cp were rejected.

Five geometrical parameters were taken into account in the optimization pro-
cess: angles of the two ns, the n height, width and pitch. They are all presented
in Fig. 6. The calculations were performed for a constant clearance of 0.76 mm and
for a constant taper angle of the ns.

The range of optimization-related changes in individual parameters together
with the initial values are listed in Table 4.

Fig. 7 presents a comparison concerning the convergence process between a
traditional genetic algorithm and its modi ed version using additional data obtained
from optimization performed by means of the metamodel. The comparison con-
cerns the entire population tness function expressed as the total of coe cient cp
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Fig. 6. Seal geometrical parameters under optimization

Range of optimized parameters variability

Parameter | Parameter limits
FW, mm 0.25 15
FH, mm 5 12
FP, mm 18 26

LFA, 50 90
RFA, 50 90

Table 4.

of all individuals being members of a given generation population. It can clearly be
seen here that the proposed optimization algorithm is characterized by much better
convergence compared to the traditional genetic algorithm. The metamodel-based
genetic algorithm needed only 12 generations to achieve convergence, whereas in
the case of the traditional genetic algorithm even 40 generations were not enough
to do so. This characteristic is further proved by the obtained minimum value of
discharge coe cient cp, which is higher by about 2% for the traditional genetic
algorithm. The fast convergence process of proposed optimization algorithm was
possible owing to the use and validation of subsequent geometrical con gura-

Fig. 7. Genetic algorithm convergence process
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tions obtained based on the data from optimization performed by means of the
metamodel.

Fig. 8 presents the response surface goodness of t obtained based on data
from 5 generations of the genetic algorithm, including the initial points obtained
by means of the DOE. The presented data relate to the applied Neural Network
both training and validation. It can be seen here that the applied Neural Network
gives results that are very similar to those anticipated, which is proved by the
trend line slope of almost 45 . Therefore, the optimum solution found by means of
the response surface is very close to the one obtained after a veri cation process
run using a CFD analysis. The solutions quickly dominate the genetic algorithm
population, thus accelerating the algorithm convergence process.

Fig. 8. Response surface goodness of t

Table 5 presents a comparison between the initial and the optimized geometry.
Discharge coe cient ¢p is reduced here by more than 17% compared to the initial
geometry. Except for the n width, all optimized parameters reach limit values of
the assumed intervals of variability. The left n angle approaches the minimum
value of 50 , whereas for the right one the angle takes the maximum value of
900. The n pitch and height have become bigger.

Table 5.
Initial and optimum parameters of the labyrinth seal geometry

Parameter | Initial geometry | Optimum geometry
FW, mm 0.8 0.264
FH, mm 10 12
FP, mm 18.55 26
LFA, 79 50
RFA, 79 90
cD 0.594 0.490
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Fig. 9 and Fig. 10, respectively, present a comparison of the ow eld structure
for the initial and optimum geometries. The inclination of the rst n causes that the
vortex near the n root is much bigger than for the initial geometry. The inclination
of the left n changes the direction of the leakage in ow into the clearance and
causes a bigger contraction of the stream. The ow eld structure in between the
seal ns is also di erent. In the case of the optimum geometry, only one large
vortex with a disturbed ow structure is formed in between the ns near the left n
tip. In the case of the initial geometry, two smaller vortices with a di erent degree
of intensity are formed in between the ns. Furthermore, there is a signi cant
decrease in the ow velocity over both the rst and the second n in the case of the
optimum geometry.

Fig. 9. Distribution of streamlines and the velocity eld for the initial geometry

Fig. 10. Distribution of streamlines and the velocity eld for the optimum geometry

Fig. 11 presents the pressure distribution along a single streamline for both the
initial and the optimum geometry For the initial geometry, a higher pressure drop
occurs on the rst ncompared to the optimum geometry. The di erence is about
2 kPa. This means that in the case of the optimum geometry the carry-over e ect
is smaller. Therefore, the pressure value in the space in between the ns is higher.

5. Sensitivity analysis

The sensitivity analysis was performed in two basic stages. Both concerned
the global sensitivity analysis. The rst stage included the use of a scatterplot-
based graphical method, whereas the second stage of the sensitivity analysis was
conducted using the Morris method [14].

The scatterplot-based graphical method involves visualization of all simulation
points X™:Y™) in the form of a cloud presented in charts X; Yi, i = 1,d,
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Fig. 11. Pressure distribution along the streamline

where d denotes the subsequent variable parameter of the simulation [15]. The
charts obtained in this manner and illustrating the impact of individual geometrical
parameters of the seal on the value of discharge coe cient cp are shown in Fig. 12.
Due to the fact that the charts were made using the data from the entire optimization
process, the cloud of points is strongly concentrated in the area of the optimum
solution. The parameters with the greatest impact on the discharge coe cient are
the nwidth (FW) andthe n pitch (FP). It can be seen here that the cloud of points
is shifted distinctly downwards if the n width gets smaller and if the n pitch gets
bigger. In the case of the sensitivity analysis of the impact of the n height (FH),
and of the right n angle (RFA) in particular, it can be observed that the cloud
of points is strongly dispersed, which means that the impact of these parameters
on the objective function value is slight compared to the others. As for the left n
angle (LFA), the discharge coe cient value gets smaller as the angle decreases.
Nevertheless, the impact of this parameter is smaller than that of parameters FW
and FP.

The second stage of the sensitivity analysis was carried out using the Morris
method [14]. It is ascreening method based on discretization of analysed parameters
into levels. The method enables a quick search of the space of possible solutions
and determination of relationships between parameters, minimizing the number of
necessary calculations at the same time. In it, each subsequent parameter is changed
assuming that the other parameters are constant ( one-at-a-time (OAT) design).
The Morris method makes it possible to classify input variables into three groups.
The rst one comprises parameters with a slight impact only. The second group
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Fig. 12. Graphical illustration of the sensitivity of the objective function discharge coe cient cp
to a change in the seal individual geometrical parameters

includes parameters with a great linear impact that do not interact with the other
parameters. The last group includes parameters with a strong nonlinear impact or
those which involve strong interaction with the other parameters.

Taking r as the number of initial vectors X, composed of the analysed parame-
ters, and assuming that the parameter space is a d-dimensional mesh with n levels,
the Elementary E ect may be de ned as follows [15, 16]:

£ = FXO+ g) F(XD)
0=

(6)

. . : 1 . .
where: is a predetermined multiple ) and e;j is a vector of the canonical

base.
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Additionally, two basic indices may be de ned according to formulas (7) and
(8) below. The rst is the mean of the elementary e ect absolute value for a given
parameter, whereas the second is the standard deviation.

EY 7)

_ e 1Y e
= - D o g (8)

i=1, i=1 -

the mean of the elementary e ect is a measure of the e ect of the j-th input on
the output ; the standard deviation is a measure of nonlinear and/or interaction
e ects of the j-th input [15].

No additional CFD calculations were performed in the presented analysis to
determine the value of discharge coe cient c¢p for individual vectors of initial
parameters needed to conduct a sensitivity analysis. However, the previously de-
veloped metamodel using the optimization process data was applied. This enabled
a parallel comparison between the sensitivity analysis conducted by means of a
graphical method based on the real data from the CFD analysis and the sensitivity
analysis performed by means of the Morris method based on the metamodel data.
The Matlab toolbox for the global sensitivity analysis was used in the process [17].

Fig. 13 presents the values of elementary e ects for individual parameters
depending on their standard deviation. The obtained results coincide with the

ndings of the graphical analysis but they enable a better quantitative analysis of
their impact.

Fig. 13. Elementary e ects depending on their standard deviation [17]
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The results show that the parameter with the strongest impact on discharge
coe cient cp isthe nwidth (FW). This parameter also has a higher value of the
standard deviation, which indicates that it may have a signi cant impact on the
optimum values of the other parameters. The standard deviation values of the other
parameters are similar to each other. Despite this, however, the impact of both the

n pitch (FP) and the left n angle (LFA) is substantially bigger compared to the
impact of the right n angle (RFA) and the n height (FH), which is proved by the
mean of the elementary e ect value, which is about three times higher.

6. Summary and conclusions

The basic aim of the work was to optimize the shape of the labyrinth tip seal
using the Ansys-CFX commercial code and an in-house optimization algorithm.
A novel approach was presented that combines the advantages of a traditional evo-
lutionary algorithm with optimization run on a previously constructed metamodel,
which shortens the computation time considerably. Five geometrical parameters
of the seal were optimized. For each of them speci c intervals of variation were
assumed. The optimization process resulted in a reduction in discharge coe cient
Cp. The coe cient value was by 17.5% smaller compared to the initial geometry.
Moreover, the scatterplot graphical method and the Morris method were used to
conduct a sensitivity analysis. Based on the two methods, one may conclude that
the n width and the n pitch are the parameters with the greatest impact. The
ones with the least impact are the n height and the right n angle. The developed
optimization algorithm together with the conclusions drawn from the optimization
process and the sensitivity analysis provide a basis for further investigations aiming
to optimize the labyrinth seal shape, taking account of the honeycomb structure.
In this case, however, it is necessary to perform a three-dimensional CFD analysis,
which lengthens the computation time and requires an e ective optimization algo-
rithm. This will be the subject of further studies, both numerical and experimental.
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