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ABSTRACT

A modern numerical stochastic optimization method,
namely the evolution strategy (ES), was applied to an ultra-low
aspect ratio transonic turbine stator blade in order to seek a new
aerodynamic design concept for lower secondary flow losses.
The low stator blade count is selected to avoid the direct viscous
interaction of the stator wake with the downstream rotor blade.
This led to the ultra-low aspect ratio stator blade. In the opti-
mization, two kinds of objective functions were used, that is, (1)
minimization of the ”aerodynamic loss” (a single objective), (2)
minimization of the ”aerodynamic loss” and of the ”variation of
circumferential static pressure distribution” downstream of the
stator blade (multi-objective optimization). In the case of the
single objective, the aerodynamic loss is improved by an extreme
aft-loaded airfoil with a noticeable bent part near the trailing
edge, although the circumferential static distribution is slightly
worse than that of the baseline. In the case of the multi-objective
optimization, we observe a trade-off relation between aerody-
namic loss and variation of static pressure distribution which is
not easily resolved. A new design concept to achieve lower aero-
dynamic loss for ultra-low aspect ratio transonic turbine stator
blades is discussed.

NOMENCLATURE

β2 exit flow angle
δβ2 tolerance in exit flow angle
C chord length
M Mach number
ω total pressure loss = 1− Pt2

Pt1
Pt total pressure
Ps static pressure
PST static outlet pressure
PSTVAR pitch-wise variation of the static outlet pres-

sure
Θmin minimum thickness of the blade
Θmax maximum thickness of the blade
ΘTE,min minimum trailing edge thickness of the blade
r θ pitch-wise length
s solidity
x coordinate related to blade geometry (see

Figs. 7 and 8)
X coordinate related to stator passage and ax-

ial positions of cross-sectional blade to blade
views (see Figs. 3, 11 and 12)

y+ normal distance from wall in wall coordinate
system

1 Copyright c© 2005 by ASME



ABBREVIATIONS
AR aspect ratio
NB number of blades
LE leading edge
TE trailing edge
SS suction side
PS pressure side

SUBSCRIPTS
1 upstream position
2 just downstream stator TE or rotor LE position
3 far downstream of stator
ax axial

INTRODUCTION
In general, low-aspect-ratio (low AR) turbine stator blades

have rarely been adopted as components of conventional turbines
because of their poor performance. This is caused primarily by
increases of secondary flow losses due to the low AR. Therefore,
the secondary flow phenomena have received much attention in
the literature. It is known from experiments with low AR blades
that the secondary flow loss is particularly increased near the
hub-end-wall region [1]. Furthermore, for the commonly used
one-dimensional loss model, the secondary flow loss is almost
proportional to the AR [2–4].

A unique single-stage high pressure turbine has been re-
cently developed that is characterized by ultra low-AR (span
height / axial chord = 0.30) blades with the following design phi-
losophy: “avoid a direct viscous interaction of the stator wake
with the downstream rotor blade” [5]. The three dimensional
outline of the blades and the flow fields based on CFD results are
shown in Fig. 1. There is a very strong inward-radial cross flow
on the suction side as compared to conventional high-AR blades
(not shown here). The flow field near the hub-end-wall is very
complicated due to the interaction of the secondary flow with the
transonic main flow. As a result, the loss near the hub region
is considerably increased as compared to conventional high-AR
blades, as shown in Fig. 2. We can assume that the higher loss
near the hub region leads to poor stage efficiency. Indeed, the
stage efficiency is experimentally demonstrated to be only about
88% [5]; a value which is below the efficiency reached by state
of the art high-AR turbines that reach values well above 90%.

It is unlikely that the advanced design principles for high
AR blades will help us to improve the efficiency of ultra low-AR
turbine stator blades. The flow phenomena that can be observed
are too different to exploit design principles for high AR blades
directly.

Therefore, the objective of this research is to find a new aero-
dynamic design concept for suppressing the secondary flow loss,

Figure 1. Ultra low aspect ratio turbine stator blades and their flow fields.
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Figure 2. Radial total pressure loss distribution at stator exit (station 2)

for ultra-low AR and conventional high-AR blades. Data are taken from [5].

focusing on the hub-end-wall region using numerical optimiza-
tion methods.

Such a new design concept is likely to be useful also for the
aerodynamic design of smaller gas turbine engines in general.
The reason is that in both cases the key is to identify an aerody-
namic design concept that is able to control the strong secondary
flow, or in other words, the complicated three-dimensional nature
of the flow.

Recently, many reports on numerical optimization methods
have been published. For example, regarding the turbine com-
ponents, design concepts of shock loss reduction in 2-D tran-
sonic turbine cascades [6], 3-D optimization for a high-lift tur-
bine vane [7] and for a 1.5-stage turbine [8] have been reported.
None of these optimizations deal with ultra low-AR blades.

ULTRA-LOW-AR TRANSONIC STATOR BLADES
Figure 3 shows the meridional passage of the ultra low-AR

transonic turbine stator blades. The corrected mass flow rate is
0.87 kg/s with a zero inlet flow angle. The exit Mach number
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Figure 3. Meridional passage for ultra-low aspect ratio stator blades.

and flow angle is 1.04 and 72.8 degrees at mid-span height, re-
spectively. The blade count NB is only NB = 8. Due to manu-
facturing constraints, the blade geometry is defined by only two
cross-sections, the hub and the tip section. Linear interpolation
between these two sections is used to define the remaining blade
geometry. The stator blade is circumferentially leaned by 14 de-
grees in order to suppress the development of secondary flow
near the hub-end-wall.

Coordinate X = 0 corresponds to the trailing edge (TE) of
the ultra-low-AR blade and X = 0.233 refers to the LE-location
downstream of the rotor blade, called station 2. For additional in-
formation on the design specifications of the ultra-low AR blade
the reader is referred to [5]. In the following, we will refer to this
blade as the baseline blade, in particular when we compare it to
the optimization results.

DESIGN OPTIMIZATION WITH EVOLUTIONARY ALGO-
RITHMS

Evolutionary algorithms [9] are a class of stochastic opti-
mization algorithms whose use in design optimization problems
is well established by now [10].

These algorithms are inspired by principles of evolutionary
biology and make use of a population of individuals – each in-
dividual representing a specific design – to search the design
space for the optimum solution. Typical operators applied dur-
ing evolutionary optimization are selection to direct the search to
promising regions of the search space, recombination to combine
promising features of known solutions, and mutation to introduce
some random changes of the solutions.

In our approach to 3D turbine blade optimization, we use a
special variant of evolutionary algorithms namely an evolution
strategy (ES) with covariance matrix adaptation (CMA) [11].
The basic idea of CMA-ES is to make maximum use of the infor-
mation contained in the search history for a self-adaptation of the
search direction that is defined in terms of the covariance matrix
of a normal distribution from which new tentative solutions or
individuals are drawn. Thereby the population size is decoupled
from the dimension of the search space.

Especially the latter feature is indispensable in 3D blade op-
timization which is characterized by a fundamental conflict: on
the one hand the design space is very high-dimensional. As a
consequence a large number of different designs has to be eval-
uated during optimization. On the other hand each evaluation of
the blade performance is a computationally extremely demand-
ing task so that only a limited number of evaluations can be af-
forded.

Blade Model
A crucial point in design optimization is the parametric

model of the geometry that will be optimized since this deter-
mines the design space, i. e. the set of all possible designs and
the topology of the design or quality space.

There are a number of requirements for the parametric
model:

• flexibility: the model must be flexible enough to represent
wide variety of different designs,

• compactness: the number of parameters describing the
model must be low enough to allow for reasonable conver-
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control net
hub section

tip section

Figure 4. The blade model is created from the hub section (blue) and

the tip section (black) of the baseline blade. These sections are defined

by 25 control points each. The control net of the baseline surface model,

that connects neighboring control points is depicted by a red line.

gence times of the optimization algorithm, and
• locality: variations of a single model parameter should result

in only local variations of the model and should not affect the
global model shape.

A good choice to fulfill these requirements is to use non-
uniform rational B-spline (NURBS) surfaces [12] to represent
the blade. A B-spline surface is a tensor product of two B-spline
curves and hence is defined by two parameters, a set of control
points and two knot vectors. Usually not all of these parameters
are subject to optimization. We should note that the NURBS
representation only fulfills the flexibility condition if the number
of control points is sufficiently large.

Our blade model consists of a B-spline surface defined by
a periodically closed cubic B-spline in one parameter direction
and a second order open B-spline in the other direction. The hub
section and the tip section of the blade are each modeled using
25 control points so that all in all 50 control points are used. The
control net of the blade model is shown in Fig. 4. Using the co-
ordinates of these 50 three-dimensional control points directly as
design variables would result in a 150-dimensional search space.
Fortunately, we can exploit two facts to reduce the search space
dimension to only 88:

1. We note that we use closed periodic splines in the first pa-
rameter direction of the blade surface model to achieve a
closed and seamless shape that has no beginning or end
points. This implies that the first d and the last d control
points of each blade section coincide. Here d denotes the
degree of the splines which is d = 3 in our case of cubic
splines. This means that each of the two blade sections is

defined by only 25−3 = 22 independent control points.
2. The hub section as well as the tip section of the blade are

defined to lie on cylindrical surfaces. This means the z-
coordinates of the control points are implicitly fixed by the
blade geometry. Hence we only need to consider the x- and
y-coordinates of the control points. This means we have
2×22 = 44 parameters for each section. In total this makes
2×44 = 88 design parameters.

The knot vectors are not subject to optimization. Also the
end-wall geometry is fixed. Hence it is only the blade geometry
that is subject to optimization. Our design parameters – the x-
and y-coordinates of the non-periodic control points – are com-
pletely free to move. There are no constraints imposed on their
location.

Objective Functions
The performance of a specific blade design was given by

a weighted sum of the two objectives of the total mass aver-
aged pressure loss and the maximum variation of the pitch-wise
static outlet pressure. The averaged pressure loss is estimated
far downstream at station 3 for considering mixing losses (see
Fig. 3) and the variation of the outlet static pressure is estimated
at station 2, just downstream of the TE, cf. Fig. 3. Minimiza-
tion of these aggregated objectives was subject to a number of
constraints as detailed below:

f = w1 t1 +w2 t2 +
6

∑
i=3

wi t
2
i → min (1)

with
t1 ω
t2 PSTVAR, cf. Eq. 2
t3 max(0, |β2,design −β2|−δβ2)
t4 max(0,Θmin,design −Θmin)
t5 max(0,ΘTE,min,design −ΘTE,min)
t6 max(0,smax − smax,design)

We used the following design values and tolerances:

β2,design 72.0 deg
δβ2 0.5 deg
Θmin,design 0.72 mm
ΘTE,min,design 0.9 mm
smax,design 0.706

We considered two variants of the objective function Eq. 1:
(i) w2 = 0, i.e., only the pressure loss ω was minimized, and
(ii) w1t1 ≈ w2t2, i.e., the pressure loss ω and and an additional
criterion, the pitch-wise variation of the static outlet pressure
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PSTVAR, are jointly minimized where PSTVAR is defined as

PSTVAR = max
i=1...K

(∣

∣

∣

∣

max
j=1...L

{PST(i, j)}− min
j=1...L

{PST(i, j)}

∣

∣

∣

∣

)

.

(2)
Initially both objectives received the same weight.

The initial blade model lies within the feasible region of the
design space. According to Eq. 1 only violated constraints con-
tribute to the objective function. The weights on the constraints
were chosen such that the contribution of a violated constraint
by far outweighs the contribution of the objectives in order to
quickly drive the search back into the feasible region.

Flow Solver
For the simulation of the fluid dynamic properties of the

blade designs we used the parallelized 3D in-house Navier-
Stokes flow solver HSTAR3D, see [13], with Wilcox’s k-ω two
equations model [14]. In order to obtain a high resolution of
the boundary layer development, CFD calculations for the base-
line blade have been performed prior to optimizations for de-
termining the grid size. The computational grid consisted of
175× 52× 64 = 582,400 cells. The average y+ of the first grid
point from the wall is about 1.5 for all calculations. The com-
putation time for one run with this grid depends on the blade
geometry and varies between 2.5 hours and 6 hours on an AMD
Opteron 2 GHz dual processor.

Optimization Algorithm
A flow-chart of our optimization environment is given in

Fig. 5. The basic set-up is governed by two parallelization lev-
els. On the first level the evolutionary operators are used to gen-
erate the offspring population, i.e., the new blade designs. In
our algorithm, we do not use a recombination procedure. Instead
changes are induced during mutation by adding normally dis-
tributed random numbers to the design parameters that are sub-
ject to optimization. As noted in the introduction, the covariance
matrix of the normal distribution is adapted to the local topology
of the search space. The λ offspring individuals – here λ denotes
the offspring population size – are evaluated in parallel by send-
ing each blade representation to separate slave processes using
the Parallel Virtual Machine (PVM) library [15]. The slave pro-
cesses generate the computational grid and run the flow-solver
using an additional set of four processes which are distributed
using MPI [16]. This constitutes the second level of paralleliza-
tion. The slave processes calculate the objective function Eq. 1
and send the resulting quality value back to the master process.
The master collects the quality values for all λ individuals or
blade designs. Next, the best µ designs are selected from these
λ individuals to become the parent population of the next gen-
eration. In evolutionary algorithms this type of “deterministic”
selection method is written as (µ,λ)-selection. The evolutionary

Slave1

flow solver

flow solver

flow solver

flow solver

MPI

Slave2

SlaveN
...

no

yes

receive blade representation

generate grid

run flow solver

calculate fitness value

send fitness value

exit

read EA configuration

general PVM set−up

group definition ...

create initial population

for Evolutionary Algorithm

load initial blade model

evolutionary operators

...

send blade representation

to slave using PVM

send blade representation

to slave using PVM

receive fitness value

...

receive fitness value

selection

terminate?

Master

exit

PVM

PVM

PVM

PVM

Figure 5. Program flow chart. The program is parallelized at 2 levels: the

first level of parallelization is a master-slave model that uses PVM [15] to

organize the distribution of single individuals to slave processes while the

second level that is started by the slave processes is a node-only model

for parallelizing the flow solver calculations using MPI [16].

cycle proceeds with the creation of the next offspring genera-
tion as long as the stop criteria are not met. Ideally, stop criteria
should depend on the expected performance gain and stop the
optimization when this value falls below a certain threshold. In
reality, the optimization is stopped because of time constraints.

For the results presented in this paper, a (µ, λ) CMA-ES
with µ = 1 parent individual and λ = 10 offspring individuals was
used. The optimization was initialized with a geometry similar
to the baseline blade. All offspring individuals were evaluated in
parallel. For this we used a 40 processor computing cluster: 10
parallel processes were running in the first level of parallelization
and each of these spawned 4 processes in the second level of
parallelization. The results shown here were obtained after about
one month of computation time.

RESULTS AND DISCUSSION
In Fig. 6 we show the value of the objective function or fit-

ness function during optimization. The vertical lines in this fig-
ure indicate that in some cases even the fitness of the best indi-
vidual of the population lies outside of the range of the plot. This
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which even the best individual of the population does not comply with the

constraints and hence receives a high penalty.

means that the complete population moved out of the feasible
region of the optimization problem. In principle, this is critical
because the population may be lead astray and not be driven back
into the feasible region thus causing a failure of the optimization
process. But here these outliers are smoothly absorbed by the
optimizer and do not disturb the process. This demonstrates the
stability of the optimization method.

The optimized blade geometries at the hub and tip sections
are shown in Fig. 7 (a) and (b) together with the baseline sec-
tions. In the hub section of the optimized blade, the curvature
of the frontal part on the suction surface is considerably reduced
and a bent part near the TE can be seen, see Fig. 8. It seems
that the loading pattern at the hub is significantly shifted toward
downstream. This tendency is also observed for the tip section.

Figure 9 shows a comparison of the radial distribution of the
total pressure loss coefficient at station 2 and station 3 for the
baseline and the optimized blade. The data were obtained from a
3-D CFD analysis. In station 2, it can be seen that the total pres-
sure loss near the hub end-wall for the optimized blade is lower
as compared to the loss of the baseline blade. This tendency
is still present in station 3, although there is a strong develop-
ment of the boundary layer due to the high-swirling flow. Fig. 10
shows the Mach number characteristics for the hub section for
both blades, obtained from a 2-D CFD analysis. As expected,
the performance of the optimized blade is apparently worse than
that of the baseline blade. On the other hand, as already shown
in Fig. 9, the optimized blade is better than the baseline blade.
This means that the inward-radial cross flow on the blade suction
surface of the optimized blade is significantly suppressed. For
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(a) Baseline (b) Optimized

Figure 11. Positions of blade to blade cross-sections for (a) the baseline blade and (b) the optimized blade. The cross sections were taken at X =−0.8,

X = −0.6, X = −0.4, X = −0.2, X = 0.0, X = 0.2, X = 0.4, see Fig. 3.

further analysis, some cross-sectional blade to blade views are
numerically investigated.

The locations of the cross-sections at each axial chord are
shown in Fig. 11, cf. Fig. 3. The contours indicate the total
pressure. It can be seen that the flow pattern at X = +0.4 for
the optimized blade is better than the one for the baseline blade.
Figure 12 shows the details of the contours at X =−0.8, -0.4 and
+0.2 (around station 2).

Overall, the total pressure pattern is very similar for both
blades. However, there is a big difference between both blades
in the boundary layer development on the blade suction side.
At X = −0.8, corresponding to about mid-axial chord position
(50%), the flow pattern is already different between both blades.
The boundary layer of the optimized blade is slightly thinner than

that of the baseline blade and the boundary layer on the tip-side
is thicker than that on the hub-side. It seems that the inward-
cross flow in the optimized blade is significantly suppressed. At
X = −0.4, corresponding to about 75% of axial chord position,
we can see the large difference in the boundary layer develop-
ment between both blades. Just downstream of the stator, i.e.,
around a rotor LE position of X = +0.2, the performance of the
optimized blade is still better than that of the baseline blade, al-
though the difference is reduced. The cause for the reduction of
the difference downstream of the TE seems to be due to a sudden
decrease of velocity around 85-95% of axial chord and a stronger
TE shock on the pressure side for the optimized blade, see Fig. 13
(a) and (b).

Figure 13 shows the blade surface isentropic Mach number
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(a) Baseline, X = −0.8 (b) Optimized, X = −0.8

(c) Baseline, X = −0.4 (d) Optimized, X = −0.4

(e) Baseline, X = +0.2 (f) Optimized, X = +0.2

Figure 12. Comparison of total pressure contours at the stream-wise po-

sitions of X = −0.8, X = −0.4, and X = +0.2 (from top to bottom)

for the baseline blade (left) and the optimized blade (right). In each con-

tour plot, the left edge is on the suction side while the right edge is on the

pressure side, cf. Fig. 11.

for the baseline and the optimized blade. As previously men-
tioned, the loading pattern of the optimized blade is significantly
shifted downstream. Particularly noticeable is the steep increase
of the velocity near the TE on the pressure side. This is due to the
bent part of the blade geometry near the TE. Also, it seems that
the trailing edge shocks on the pressure side and on the suction
side of the optimized blade are slightly increased as compared
to the baseline blade. This might also affect the pitch-wise static
pressure variation of the optimized blade downstream of the trail-
ing edge.

The properties mentioned above are particularly visible in
Fig. 14, where the isentropic Mach number distribution at 10% of
spanheight – near the hub region – is shown for the baseline blade
and the optimized blade. Close to the the mid-axial chord posi-
tion, the pitch-wise static pressure gradient is reduced in the op-
timized blade, while the gradient near the TE is increased. These
features seem to control the pitch-wise migration of the low mo-
mentum fluid near the tip casing, as well as near the hub end-
wall. Figure 15 shows the iso-surface of entropy around the hub
region for the baseline and optimized blade. The entropy pro-
duction near the casing wall is omitted in order to obtain a better
view of the iso-pattern. The same threshold of the iso-surface is
used for both blades. It can be seen that the entropy production of
the optimized blade is delayed downstream and that the corner-
separation region, observed in the baseline near SS around TE,
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Figure 13. Blade surface isentropic Mach number distribution for (a) the

baseline blade and (b) the optimized blade. In both cases the LE is lo-

cated at axial chord length cax = 0.0 and the TE is located at cax = 1.0.

The figures show the Mach number distributions at 10% span-height (red),

50% span-height (blue), and 90% span-height.

is significantly diminished in the optimized blade. Fig. 16 shows
the entropy production accumulated from 0% to 50% spanheight
at each axial chord position within blade to blade. The entropy
production of the optimized blade is smaller than that of the base-
line blade from the downstream position of X = −1.0, that is,
from about 44% axial chord position. Also, the maximum gain is
obtained around 66% of axial chord position (X = −0.6). Fig.17
shows the comparison of the “blade surface streamline pattern”
and “the static pressure contours” for the baseline and optimized
blade. It can be seen that the strong inward-cross flow, starting at
around mid-chord position for the baseline, is significantly sup-
pressed for the optimized one. Therefore, we can see that due to

8 Copyright c© 2005 by ASME



0

0.2

0.4

0.6

0.8

1

1.2

1.4

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Is
en

tr
op

ic
 M

ac
h 

nu
m

be
r

Axial chord

Baseline SS
Baseline PS

Optimized SS
Optimized PS

Figure 14. Comparison of blade surface Mach number at 10% span-

height for the baseline blade (black) and the optimized blade (red).

the pitch-wise weaker driving force around the mid axial chord
position the strong inward radial cross flow on the suction sur-
face observed in the baseline blade is weakened and/or shifted
more downstream in the optimized blade.

Figure 18 (a) and (b) show contours of the static pressure
distribution at 10% spanheight for the baseline and the optimized
blade, respectively. Fig. 19 shows a comparison of the pitch-wise
static pressure variation at 10% spanheight at station 2 (down-
stream rotor LE position).

We observe from Figs. 18 and 19 that there is a relatively
small pitch-wise variation of the static pressure for the baseline
blade. This pattern is very similar to the one published by Vas-
cellari et al. [17] (Fig. 2 in their paper), although the variation
level (about 0.48 to 0.52) for the baseline blade is smaller than in
Vascellari’s paper (about 0.4 to 0.5). However, we observe a con-
siderably larger variation (about 0.46 to 0.54) for the optimized
blade due to the extreme aft-loaded pattern. The variation level
for the optimized blade presented here is much closer to the one
of Vascellari’s original blade.

Besides reducing the pressure loss, it is generally also de-
sirable to minimize the pitch-wise pressure variation. Whether
a “keep below a certain threshold” strategy is in practical terms
more advisable than true minimization will be discussed in the
next section. Strong pitch-wise variation is not desirable, since
unsteady losses might occur from the interaction between stator
and rotor. Therefore, we started a second optimization where we
combined (aggregated) the pressure loss and the pressure varia-
tion criteria.

In Fig. 19 the additional optimization result is shown de-
noted as optimized-II. A very small variation of the pitch-wise
static pressure distribution is clearly observed as compared to
the baseline blade.

However, unfortunately, the total pressure loss is worse than
for the baseline, as shown in Fig. 20. So far, we have not been
able to simultaneously minimize total pressure loss and pitch-

(a) Baseline

(b) Optimized

Figure 15. Comparison of iso-surface of entropy for (a) the baseline

blade and (b) the optimized blade.
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Figure 16. Comparison of normalized accumulated-entropy within the

blade passage for the baseline blade (black) and the optimized blade

(red).

wise static pressure variation. In the next section, we will dis-
cuss how to deal with this trade-off between both criteria from
an optimization point of view.

CONCLUSION
In this study, we employed a numerical, stochastic optimiza-

tion method, namely evolution strategies, to design an ultra-low-
AR transonic turbine stator blade. The target was to identify
new aerodynamic design concepts that achieve low aerodynamic
losses and low pressure variations. From an aerodynamic point
of view, we can draw the following conclusions:

• The extreme-aft loaded blade that is a result of a noticeable
bent part near the TE is effective for reducing secondary
losses.

• The reduction of the secondary flow loss is a result of the
reduction of the pitch-wise driving force which leads to a re-
duced migration of low momentum fluid near the tip and/or
hub casing around the mid-axial chord position.

• This results in a considerably delayed development of the
boundary layer on the suction surface.

• It seems difficult to resolve the trade-off relation between
aerodynamic performance and variation of pitch-wise static
pressure distribution. This issue will be one of the major
subjects of our future work.

The optimization results that we presented in this work, are
not the converged solutions of the evolution strategy. Indeed
it is difficult to estimate both convergence and expected future
progress. However, one can use several heuristics to stop the op-

(a) Baseline

(b) Optimized

Figure 17. Comparison of “blade surface streamline pattern” and “static

pressure contours” for (a) the baseline blade and (b) the optimized blade.

(a) Baseline (b) Optimized

Figure 18. Contours of static pressure distribution at 10% spanheight for

(a) the baseline blade and (b) the optimized blade.
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timization process, among those are small diversity in the solu-
tions during recent generations, sufficient improvement reached,
and allocated computation time exceeded.

From the optimization point of view the combination of the
different criteria and constraints constitutes an interesting prob-
lem. In particular the relation between the pressure loss and the
variation of the static outlet pressure deserves further attention.
The trade-off relation between both objectives has been previ-
ously pointed out in the literature [18]. In this paper, we em-
ployed the simplest way to combine the two objectives, namely
linear aggregation. Its advantage is that the problem remains sin-
gle objective and more efficient algorithms can be used than are
available for multi-objective optimization. The drawback is (be-
sides the linearity of the combination) the ad-hoc choice of the
relative weights. Indeed as our results show, the static pressure
variation has received too much attention during the optimiza-

tion. In other words, the selection pressure toward smaller pres-
sure loss values was not sufficient. There are two principle ways
to proceed. First, we can avoid the combination of both objec-
tives and use multi-objective optimization methods [19, 20] to
determine the Pareto, i.e., the trade-off, curve. Second, we can
regard the second criterion as a constraint. Thus, we set the vari-
ation of the static outlet pressure of the baseline blade as a soft
constraint, so that slight overshooting is penalized only slightly,
and only optimize the pressure loss. We intend to follow both
pathways in future optimizations.

Another topic for future research is the representation of the
blade model. In this study, we used a B-spline surface representa-
tion. However, the number of control points necessary to achieve
sufficient flexibility with this kind of model may become infea-
sibly large since this number directly determines the dimension
of the search space and hence the convergence time of the opti-
mization algorithm. This trade-off between the flexibility of the
model and the search space dimension cannot be resolved easily
if the representation is static. Instead, a dynamic and adaptive
representation is required as proposed in [21].
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