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Three-Dimensional Automatic Optimization Method
for Turbomachinery Blade Design
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In deriving automatic numerical optimization algorithms for aerodynamic applications, it is quite important to
chooseasuitable cost function and a suitableset of design parameters. The unknownairfoil/blade profiles are usually
chosen to be the design parameters. However, there are certain advantagesin using the pressure/velocity distribution
as the design variable in some applications; the optimized distribution can be used in a three-dimensional inverse
design method to generate the actual profile shape. In this paper this approach will be addressed. Two methods
are used to parameterize the circulation distribution for compressor blades. The Dawes code is used to calculate
the viscous effect. An automatic optimization algorithm is developed, and two objective functions defined by the
entropy loss or the aerodynamic blockage are examined.

Nomenclature
c, = specific heat
M = Mach number
Mu?2 = Mach number based on stagnation temperature
and impeller tip speed
m = meridional coordinate
N, = number of blades
pt,p~ = pressureon the upper and lower surface of blade
R = gas constant
vy = circulation distribution
S = entropy
Wy = relative velocity on blade surface

I. Introduction

INCE the developmentof computational fluid dynamics (CFD),

alot of efforts have been devoted to the derivation of automated
methodology. The general objectives that such efforts are trying to
accomplish are to decrease human involvement in the search for
improved designs; it is hoped that designers will have better tools
than the use of cut-and-try approaches.

One popularapproachto introduce automatic algorithmsis to use
numerical optimization methods. The design problem is formulated
as a constrained optimization problem so that standard techniques,
such as the gradient methods, can be applied. To formulate the de-
sign problem, firstof all, a suitable costfunctionis required. Second,
suitable design variables are required to give maximum design flex-
ibility with the lowest dimensions. Third, a reliable flow solver that
gives accurate flowfield prediction for a wide range of variations
in the design parameters is required. Fourth, practical optimization
algorithms are required to solve the problem within a reasonable
time limit. These issues will be addressed here for the design of
centrifugal compressor impeller blades.

In the design of impeller blades, it is often the case that when the
flow is separated, the off-design performanceis very poor. Because
the efficiency of the turbomachine should decrease when the flow
is separated, it is therefore natural to choose to minimize the loss,
which is a good measure of efficiency. Another good measure is the
blockagethatusually decreasessignificantly at the separatedregion;
therefore, the maximum blockage along the chord is another good
indicator of a poor flowfield. Both the loss and the blockage are
examined here in the optimization formulation.
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For the design variables one way is to parameterize the unknown
shape directly. The first attempt is to restrict the changes to a rela-
tively small number of smooth geometric modes and add to the orig-
inal profile shape as perturbations. This approach has been applied
by Refs. 1 and 2. Gradually, the use of spline functions to represent
the profile geometry directly has gained popularity because of their
smoothnessand flexibility in making localized modifications. Using
the compact support property, the designers can modify the geom-
etry in certain important regions only while keeping a smooth cur-
vature variation for the rest of the profile. In this way the dimension
of the problem is greatly reduced, which makes three-dimensional
optimization designs possible. This approach has been applied by
the authorsin Refs. 3 and 4 for two-dimensional designs and by the
authors in Refs. 5 and 6 for three-dimensionaldesigns.

Another way to define the design variables is to parameterize
the velocity distribution instead and solve for the blade by using
an inverse method. This approach was first explored by the authors
in Refs. 7 and 8, who parameterized the pressure distributions for
two-dimensional airfoil sections based on the flow characteristics
in different sections. Several successful inverse methods have been
developed today, such as in Refs. 9-11, in which a target pres-
sure/velocity distributionis imposed as a boundary condition to the
partial differentialequations. Traditionally, designers need to guess
a good target distribution based on experiences and input to the
inverse method. However, if the distribution is parameterized and
used as the design variables in an optimization context, the opti-
mal distribution input to the inverse design method can be sought
automatically.

There are several advantages of using the distribution as the
design variables instead of the blade shape itself, noticeably that
many experienced designers may find it easier to handle the pres-
sure/velocity distributions directly instead of the actual profile ge-
ometry because distributionsusually give more insight to the prob-
lem being solved than the shape itself. In addition, as pointed out
by Ref. 7, by judging from the data published in Ref. 12, relatively
simple pressure/velocity distribution modifications lead to compli-
cated variations in the profile geometry, which indicates that it may
be advantageous to optimize the distribution directly by numerical
optimization; this may lead to considerablesavings in computations
for some cases. A third advantage is that work (and therefore blade
loading) can be roughly kept constant throughout the optimization
process. Fixing the blade loading is quite important for many appli-
cations, but it is very difficult to maintain during the optimization
process with profiles being the design variable.!*> However, a con-
stant work constraintcan easily be imposed to the target distribution
and only those fulfilling the constraint will be generated.

In this paper the design variable is the blade-boundcirculation (or
swirl velocity) distribution. Two different ways of parameterizing
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the distribution are proposed and compared. The first method is
basedonathree-segmentdescriptionof the loading distributionused
in Ref. 14; the circulation distribution is then sought by integrating
the loadingdistribution. The second method is to represent the circu-
lation distribution directly using a cubic-spline curve bounded by a
control polygon. Once the circulationis defined, the inverse method
developedby Ref. 11isusedto calculatethe blade-wrap-angledistri-
bution and to generate the whole three-dimensionalblade geometry.
The Dawes code,!® which solves the full three-dimensionalNavier—
Stokes equationsin the blade-to-bladeplane, is evokedto predictthe
viscous flowfield. Because both the inverse method!! and the Dawes
code have been validated carefully, such as in Refs. 14 and 16, we
will concentrate on the application of these two methods here.

After the formulationof the optimizationproblem, a suitable opti-
mization method is needed. There are various techniquesdeveloped
today. In general, apart from the techniques being used in mathe-
matical programming, most of the methods are based on search di-
rections such that the objective function decreases along the search
direction in each iteration. Methods used to find a suitable search
direction can usually be categorized into two types. The first cate-
gory is the gradient methods or the quasi-Newton methods in which
the gradientinformationis used to define the search directions. The
second category is the no-derivative methods in which the search
directions are selected based on intuition. Computer costs increase
significantly with the number of unknowns for the no-derivative
methods. They are therefore useful only when the dimension of the
problem is low.

To choose the right method, typical characteristics of the prob-
lem are assessed, which include the cost to evaluate the objective
function, the cost and the accuracy to acquire the gradient infor-
mation, the smoothness of the objective function, and the number
of unknown parameters in the problem. In general, if the objective
function is highly nonsmooth, gradient techniques usually perform
poorly because they can easily be trapped by local minimums near
to the initial guess. In addition, if objective function evaluations are
very expensive computationally, or if the number of unknown pa-
rameters is large, the adjoint equation, which can be derived either
analytically'’~" or via automatic differentiations° is required to
calculate the gradient information to give a computationally viable
method.

In the present application because each evaluation of the objec-
tive functionrequires a solution of the Navier-Stokes equations,itis
therefore very expensive to calculate. Also, as the present Navier—
Stokes solver is used as a black-box solver, it is very difficult to
derivethe adjointequationlike Ref. 4. If the gradients are calculated
approximately via numerical differentiation, it will be very expen-
sive and may not be accurate enough. This is particularly so here
because of the convergence criteria for the Navier-Stokes solver.
It is usually sufficient from a practical point of view to achieve a
specified mass-flow rate within a certain percentagesof fluctuation.
But this narrow fluctuations in the solutions will greatly impair the
accuracy of numerical differentiations.

Another crucial selection criterion is the number of local mini-
mums, which is expected to be fairly large because of the nonlin-
earity of the problem. This is particularly so here because some of
the unknowns in the three-segment parameterization are integers;
such optimization problems are well known to have numerous lo-
cal minimums, and the objective functionis also nondifferentiable.
Thus, the gradient methods are not applicable.

Because the dimension of unknown parameters remains fairly
low for most of the applicationsand it has been reported earlier that
best results have been obtained using a simple line search method
rather than the use of a sophisticatedgradient technique, under such
circumstances the alternative-variables method*' and the simplex
method?? are employedhere. Both methods are tested and compared.

II. Objective Function

In measuring the performance of a machine, a measure of aerody-
namic loss is required. There are differentloss coefficient definitions
available, such as the stagnationpressureloss coefficient and the en-
thalpy loss coefficient. However, these blade-row loss coefficients

are not directly applicable here because the relative stagnation pres-
sure and the relative stagnation enthalpy can change as a result of
changes in radius. Another way to measure loss in an adiabatic ma-
chine is the entropy generation. Entropy is a particularly convenient
measure because its value does not depend on whether it is viewed
fromarotatingor a stationary blade row. For a perfectgas the change
in specific entropy is calculated as

S - Sref = Cp log(T/Tref) - Rlog(p/pref) (1)

where subscriptref denotesquantitiesat a particularreference point.
Using A S, the entropyloss coefficient can be defined and calculated.
Here, the loss at the trailing edge is used while the reference point
is taken to be the inlet.

Another way to measure the performance of the flowfield is
blockage. Although the aerodynamic blockage has been widely
used for different purposes such as processing of experimental
measurements?® its use in optimization has not been explored. In
external flow over aerofoils, it is usually possible to distinguish be-
tween viscous and inviscid regions, and therefore the aerodynamic
blockage can be defined using the displacement thickness of the
boundary layer. However, this definition is rather difficult for tur-
bomachinery calculations. A more appropriate definition is to use
the ratio of the area (pitchwise) averaged meridional velocity to the
mass-averaged meridional velocity, written as

‘_/;rea
Biro = =—— (2)
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m
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For an efficient machine the aerodynamic blockage should be close
to one. An aerodynamic blockage close to one indicates uniform
flow, which should minimize mixing loss. Notice that blockage
varies along the meridional direction and drops significantly when
thereis a flow separation;a practicalindicator for efficiency is there-
fore

1 - maX(Baero) (5)

where max is taken to be between the blade leadingedge and trailing
edge.

III. Circulation Distribution

The approach applied here is to search for the optimum swirl ve-
locity (denoted by rv,) distribution at both the hub and shroud and
then interpolate linearly between these values to obtain the overall
distribution in the meridional plane. This distribution can then be
used as the input to the inverse method.!! At the leading and trailing
edges the value of r vy is obtained from Euler’s pump equation. Fur-
thermore, because the jump in pressure across the bladesis given by

pT —p~ =Q2r/Ny)(pWy - Vrip) (6)

the derivative of rvy in the meridional direction must be set to zero
at the trailing edge to satisfy the Kutta condition; it is often set to
zero as well at the leading edge to fulfill the no-incidencecondition.

There are several ways to define the circulationdistribution com-
plying with the preceding criteria. As Eq. (6) suggests that the
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Fig. 1 Three-segment parameterization.

pressure distribution on the blades is directly related to the load-
ing distribution (meridional derivative of rvy), the first approach is
touse asmoothloadingdistributionand integrateto getrvg; this will
ensure a smooth pressure distribution. A typical parameterization
applied here is depicted in Fig. 1. The distribution is parabolic up
to the mesh point NC, then a linear variation between mesh points
NC and ND with a specified slope; this is followed by another
parabolic segment, which reduces the loading to zero at the trailing
edge (mesh point NB) so that the Kutta condition is satisfied. The
0rvy/om distributionis set up in such a way that the area under it is
fixed, thereby ensuring fixed specific work design. More details are
givenin Ref. 14. There are a total of eight parameters that will vary
the overall r ¥y distribution, namely (&b, Ghubs N Chubs N Dhyb) and
(Gip» Oip» NCip, N Dyp,). By varying NC and N D and the slope, the
loading distribution changes from fore-loaded to evenly loaded and
then to rear-loaded easily, which is a fairly comprehensive set. In
practice, bounds are imposed on the variables for both the hub and
shroud as

0<5<2, —78 deg <6 <78 deg

5<NC<ND<M-5 @)

where M is the number of meridional mesh points. In some high-
speed applications the impeller is usually designed to have certain
positiveincidence. Therefore, in this optimizationmethodology s
used to change the design point incidence, which can be seen from
Eq. (6).

The second way is to represent rvy by a cubic B-spline curve,
which has continuous first- and second-order derivatives and the
variation diminishing property?* Using a control polygon with co-
ordinates {b;, i =0, ..., n}, the cubic B-spline curve is defined as

P(t) = Z b, B,(t) (8)

i=1

where [ B;(1)] are the cubic B-spline basis functions with the set of
knots

Nz(tﬂa“'atn) (9)

Because the basis functions have compact local support, changing
a point in the corresponding control polygon changes the course of
the curve only locally, and the influence of each control point can
be pinpointed precisely. It is also possible to introduce additional
control points easily; therefore, less control points may be used ini-
tially to search for improved designs. In particular, if the set of knots
[Eq. (9)] is chosen to be the integer set

N =(0,....n) (10)

T’L_)g

Fig. 2 Spline parameterization.

Eq. (8) becomesthe uniform B-spline curve, which can be simplified
{025

T

IS -1 3 -3 1 b;
1 2 3 -6 30 bi+q
P(t) == 11
") 6 -3 0 30 bisr (1D
1 1 4 1 0 bi+s

where ¢ € [0, 1].

To fix theincidenceconditionat the leadingedge and to satisfy the
Kutta condition at the trailing edge, the second and the penultimate
control points are fixed to give the required slopes. Because rvg
is also given at the leading and trailing edge by the Euler’s pump
equation, two extracontrol points are used, one at each end extended
by an equal distance and slope with the corresponding segment. A
typical r vy together with its control polygonis shown in Fig. 2. The
loading distribution can be sought by differentiatingr vy.

In practice, although the cubic B-spline ensures the continuity
and differentiability of the loading distribution, it does not control
the number of inflection points in 7V, and the loading distribution
might have excessivenumbers of turning points, which in turn gives
rise to an impractical blade-wrap-angle distribution. To avoid this,
the total curvature of the circulation distributionis controlled via

/ [rvg" (s)] ds < € (12)

Sle

where €, is a predefined constant.

IV. Optimization Algorithms

One of the highly successful methods that requires only func-
tion evaluations,not derivatives, is the simplex method proposed by
Ref. 22. The method has a very delightful geometrical description.
A simplex is the geometrical figure consisting, in N dimensions,
of N + 1 points (or vertices) and all their interconnections. In two
dimensions a simplex is a triangle, whereas it is a tetrahedron in
three dimensions. During the searches, the simplex can be either re-
flected, expanded, or contracted depending on the conditions. More
details can be found in Ref. 26.

Another simple but useful method is the alternative-variables
method, which the search directions are simply chosen to be

8§ =e€; i=1,...,}’l (13)

wheree; denotethe Cartesianbasis vectorsand n denotesthe number

of parameters. Specifically, for i = 1,..., n, the point x** 1 is

calculated from x® by changing the kth component of x*) so that
. k k k

L[x(kJr 1)] = nimL[xi x L ax x(k)] (14)

> n

Thus, a complete optimization cycle includes n one-dimensional
optimizations.Although the method may be inefficient for functions
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with secondderivativesmuch largerin magnitudein some directions
thaninothersand has been shown by Ref. 27 to be nonconvergentfor
some pathologicalcases with certain starting points or with the same
order of searchingsin all cycles, it neverthelessperformsreasonably
well in practice for many functions to give significant decreases in
the first few complete cycles and can easily be switched to Powell’s
direction set method?® if neccessary.

Because each evaluation of L(c) requires the solution of the
Navier-Stokes equations once, it is advantageous to make the best
use of the present converged solution as the initial guess. If «a
changes gradually, the solver of the Navier-Stokes equations can
reconverge to a new solution quickly. In view of this, in solving the
one-dimensionaloptimizationproblemthe stepsize o/* isincreased
or decreased gradually by a fixed amount €, so that

L[x** V] = min L[x® + as®] (15)

where o = (€4, 2€,, ...) U (—€,, —2€,, ...); the search is stopped
only eitherif

|L[x(k) + a(k)s(k)] - L[x(k):H > € (16)

where €, is a predefined tolerance, or if the constraint [Eqs. (7)
or (12)] is violated. The searches used in Eq. (15) resemble the
spirit of the continuation method in solving a system of nonlinear
equations when the starting guess is far from the final solution.
Moreover, because the search will not be terminated until Eq. (16)
or the constraintis violated, a large €; will allow L(a) to increase as
well as to decrease, and this helps to bypass those local minimums
around x®.

V. Algorithm

In the algorithm the normal thickness distribution correspond-
ing to an original conventional impeller is specified. When the v,
distributionis varied during optimization, the meridional geometry,
rotational speed, and mass-flow rate are kept constant. The final
algorithm can be briefly summarized as follows:

0) Specify an initial vy distribution.

1) Use the inverse design method to generate the blade shape.

2) Use the three-dimensionalviscouscode to calculatethe viscous
flowfield and hence predict the loss or the blockage.

3) Modify the rv, distributionand goto 1.

From the present algorithm it is clear that the inverse design
method is used only as a mapping between the rv, distribution
and the blade shape. The inviscid flowfield is never used in the op-
timization process. Once the blade shape is generated, the objective
function (either the loss or the blockage) is calculatedin step 2 using
the three-dimensional viscous code. One way to view this formula-
tion is that the objective functionis a nonlinear function of the blade
shape defined via the three-dimensional viscous code, whereas the
blade shape is another nonlinear function of the rv, distribution
defined via the inverse design method. As a result, the objective
function is a highly nonlinear function of the rv, distribution. Un-
der this formulation, the optimization algorithm can be applied to
minimize the objective function with respect to the v distribution.
Either the simplex or the alternating-variables method is used in
step 3 to optimize the r vy distribution.

In using the three-dimensional viscous code in step 2, the exit
pressureis specified, and the mass-flow rate is predicted. To achieve
a certain mass-flow rate, an additional loop is constructed to iterate
on the backpressureuntil the desired mass-flow rate is reached. The
iterations can be summarized as follows:

1) Specify an initial exit pressure and a target mass-flow rate M /*

2) Solve the Navier-Stokes equations for the mass-flow rate M ’
via time steppings. The iterations stop if either a maximum number
of iterations is reached or the loss converges to satisfy |[LU+T) —
L®| < € (a constant), where T is a predefined number of time
steps.

I IM, — M/*.I > €, (a constant), update the exit pressure via
secant iterations and goto 2.

The choice of the tolerance €,, on the mass-flow rate convergence
was studied very carefully by testing the optimization algorithm on
a similar but slower speed problem with differenttolerant values. It
turns out that €,, can be increased to about £10% of the target mass-
flow rate without affecting the optimizationresults. It is therefore a
practical choice during optimization searches, both giving accurate
loss predictions and avoiding excessive iterations in the Navier-
Stokes solver.

VI. Application of Optimization Methods

The algorithm was applied to the design of two generic high
specific speed industrial centrifugal compressors. An initial blade
is chosen, which has performance of the same level as a state-of-art
compressor impeller. Viscous calculations were mostly performed
on meshes have a nonuniform pitchwise and spanwise mesh spacing
clustering toward the blades. The mesh size is chosen based on
previous experiences in the study of the three-dimensional viscous
code.'*16 Because the impelleris shrouded, tip leakage effects were
not modelled. The vy is nondimensionalized by the tip speed and
the tip radius. The design conditions for the first impeller are as
follows: number of blades, 17; tip diameter, 0.5 m; rotational speed,
13,369 rpm; mass-flow rate, 12.5 kg/s; exit axial width, 0.0424 m;
and exit tangential velocity, 240 m/s.

The designconditionsfor the secondimpellerare as follows: num-
ber of blades, 20; tip diameter,0.28 m; rotational speed, 21,000 rpm;
mass-flow rate, 2.25 kg/s; exit axial width, 0.017 m; and exit tan-
gential velocity, 200 m/s.

In the following, the first impeller is applied for various compar-
ison studies. Unless specified otherwise, the alternating-variables
method was applied.

A. Effect of Objective Functions

First of all, it is of interest to know whetherloss minimizationand
1—max(blockage) minimization will yield the same optimal solu-
tion starting from the same initial guess. Because the three-segment
parameterizationcontains integer variables, this is a more stringent
test for comparison study and is therefore used here. Only one com-
plete cycle was executed so that the one-dimensional minimization
[Eq. (15)] was executed once for each variable. From the conver-
gence history of the loss and blockage minimization (Fig. 3), a high
correlation is shown, which is a sign that the converged solution
should agree reasonably well with each others. As seen from Fig. 4,
both loading distributionsare rear loaded. At the leading edge of the
hub distribution, the discrepancy is high, but a careful examination
into the blockage variation during the optimization process reveals
that it is purely a numerical effect because the changes in block-
age are trivial when the hub loading at the leading edge is varied
from 0 to 0.75. The initial and final velocity vectors as predicted by
the viscous code near the suction side are shown in Figs. 5 and 6,
respectively. Clearly the separation has been eliminated by the al-
gorithm. Because the velocity vectors are extremely close for both
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800N | T C min. 1-max(blockage}
7.00 - - 0.18
6.00 o1s %
@ 5.00T ‘e ... B
2 et ) s
=400+ 0 tteee f et 008 ¥
3.00 + f
200 1 1 0.03
1.00 +
0.00 ——+—+—+—+—+—+—+—+—+—+—+ -0.02
0 5 10 15 20 25 30 35 40 45 50 55

Iteration

Fig. 3 Effect of different objective functions.
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Fig. 5 Initial suction-side velocity vectors.
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Fig. 6 Optimized suction-side velocity vectors.
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minimizations, only the result from the loss minimization is used
in Fig. 6. From this comparison study we can conclude that both
objective functions are effective in reducing separation and hence
improving efficiency. Also, for this test case the optimized result is
not sensitive to the hub loading movements at the leading edge.

B. Effect of Mesh Sizes

Second, it is of interest to know whether the optimization process
is mesh dependent, which is very important because the algorithm
converges a lot faster on a coarser mesh. We expect that when the
coarse grid has predicted the flowfield approximately the algorithm
should converge to the same solution. This is confirmed by Fig. 7,
which shows that the convergence history is reasonably correlated
when loss minimization is executed and the converged loading dis-
tributions agree closely. Here, the coarse grid contains 17 X 81 X 17
mesh points, and the fine grid contains 25 X 81 X25 mesh points.
Note that the loss predicted by both coarse and fine meshes are
closer when the separation has been eliminated. From this compar-
ison study we can conclude that the optimized result is not sensitive
to mesh dimensions, as long as the essential feature of the flowfield
has been captured in the calculations.

C. Effect of Design Parameterizations

When the B-spline parameterization is used in loss minimiza-
tion instead, the convergence history is shown in Fig. 8. Three
control points were used, and the viscous calculations were on a
17 X81 X 17 mesh. The level of minimum loss achieved is simi-
lar to the result of using the three-segment parameterization; how-
ever, from Fig. 9 the loading distribution is more rear loaded at
the hub. Figure 9 clearly demonstrates the flexibility a spline curve
can achieve comparing with the three-segment technique. The ve-
locity vectors at the suction side are very similar to Fig. 6 and are
not reproduced here. The off-design performance of this result is
assessed for different mass-flow rates using the viscous code. The
results are shown in Fig. 10. Clearly, there is quite a reasonable
range of mass-flow rates with efficiency greater than 94% for the
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Fig. 7 Effect of different mesh sizes.
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Fig. 8 Convergence history of the spline optimization.
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Fig. 10 Off-design performance.

Fig. 11 Solid model for the designed impeller 1.

designed blade. Note that a multigrid type of refinement in con-
trol points has been studied in Ref. 28 where three control points
were initially used; after one cycle of optimization, the algorithm
is refined to seven control points. However, for the present test
case no major improvement in loss was achieved by the refine-
ment. The solid model for the designed blade shape generated by
the visualization package advanced visual systems (AVS) is dis-
played in Fig. 11. For this test case a careful examination into the
loss variation during the optimization process reveals that the op-
timal result is not very sensitive to either the level of rear loading

at the hub and the loading distribution at the shroud. Despite the
discrepancy in the loading distributions, separation is eliminated
in both minimizations, and the minimum losses achieved are sim-
ilar. We can therefore conclude that a rear-loaded hub distribution
is the crucial point here in eliminating the separation. Also, we
can conclude that three control points are sufficient for this applica-
tion; consequentlythe number of unknown design variablesremains
small.

D. Effect of Optimization Techniques

Here, it is of interest to know whether applying a different opti-
mization technique may changethe convergedresultsignificantly. In
particular, the simplex method and the alternating variables method
are compared. The convergence history is shown in Fig. 12, where
only the hub distribution is optimized. The same initial guess is
used for both methods. The additionalstarting points for the simplex
methodare obtainedby perturbingthisinitial guess arbitrarily. From
the convergencehistory the simplex method appears to be more os-
cillatory, probably because of the flipping action of the simplex.
The alternating variables method gives a smoother convergence as
the variables are moved gradually away from the initial guess. The
optimal loading distributions are given in Fig. 12. Both converged
results are rear loaded, and the peak loading s a bit closer to the trail-
ing edge when the alternating variables method is used. Although
the loading distributionslook quite different, they are roughly com-
parablebecause the minimum losses achieved are similar. From this
comparisonstudy we can concludethat the optimal resultis not very
sensitive to the location of peak loading for this test case, as long as
the distribution is rear loaded. This conclusion agrees well with the

study of parameterizationin the preceding section.

E. Effect of Varying Meridional Geometry

In improving the efficiency of a machine, apart from designing
the blade geometry sometimes it may be necessary to move the
meridional geometry as well. It is suspected that this is essential in
multipointdesign. As a first step, the hub and shroud meridional ge-
ometry are parameterized by spline curves with five control points.
The alternating variables method is applied, and the convergenceof
the optimizationis shown in Fig. 13. The circulation distribution is
chosen arbitrarily and is fixed throughout. The initial and optimized
shapes are depicted in Fig. 14. From the ocillatory nature of the
convergence history, it is a sign that the meridional geometry may
not be a good design parameter for loss minimization. Some other
cost functions should be used instead.

F. Application to the Second Impeller

In general, B-splinecurvesshould give betterresults than the three
segment because of the increased flexibility in the approximation.
This is confirmed by this generic compressor design where the
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three-segment technique could not eliminate the separation. Af-
ter minimizing 1—max(blockage), the comparisons of the initial
and the optimal loading distribution are shown in Fig. 15. As seen
from the variationof curvatures, the three-segmentparameterization
would not be able to reproduce this type of variation. The velocity
vectors in the blade-to-blade plane near to the shroud for the initial
and designed impeller are plotted in Figs. 16 and 17, respectively.
Clearly, the separation has been eliminated completely. The solid
model for the designed blade shape generated by the visualization
package AVS is displayed in Fig. 18.

Fig. 17

Optimized streamwise velocity vectors near the shroud.

Fig. 18 Solid model for the designed impeller 2.
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VII. Conclusions

In this paper an automatic optimizationalgorithmhas been devel-
oped. Loss and blockage have been used successfully to suppress
flow separationsin three-dimensionalflowfields. The algorithm has
been applied to redesign two generic high specific speed industrial
centrifugal compressors. Two methods of parameterizing the circu-
lation distribution have been examined. The first method provides a
very smooth loading distribution and is a practical tool for design.
The second method based on B-spline curves is a more general
method, which has been demonstrated to surpass the first method
in certain situations where flow separation cannot be reduced by
the first method. In both parameterizations the number of design
variables remains fairly small. In choosing the appropriate opti-
mization algorithm the alternating variables method is preferred for
the present application because of a smoother convergence history.

The effectof differentmesh sizes has beenlookedat carefully,and
the optimized results for both selected coarse mesh and fine mesh
haveshowna very good agreement,demonstratingthat the method is
not mesh dependent. The application of the method to redesign two
differentcompressor impeller blades has been very successful. As a
first step toward the developmentof a multipointdesignoptimization
strategy, the optimization of the meridional geometry has also been
investigated.Furtherstudies are required to look into the appropriate
usage of the meridional geometry in the overall multipoint design
process.
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