











(a) Mesh Near Airfoil Surface.

(b) Entire Mesh.

Fig. 5.6: Example of Unstructured Computational Mesh Created for Optimization.
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Since DAKOTA had to use PBS to submit jobs, it did not have direct access to monitor
each OpenFOAM simulation. To monitor completion of jobs the simulator script captured
the job id when each job was submitted to the cluster. Using a while-loop, each job id was
periodically compared to the id’s of jobs active on the cluster. If the job id was not active
the script checked to make sure the job ran to completion. If the job had completed then
the loop would exit and move on to the next step of calculating lift and drag, but if it had
not completed the loop would automatically resubmit the job and wait for completion. The
loop compared job id’s every 300 seconds, putting the process to sleep between each check
to reduce the load on the login node.

Occasionally a simulation would end prematurely and resubmitting the job did not
result in a completed simulation. This would cause the optimization to hang because
DAKOTA must wait until all simulations for a particular surrogate model iteration are
completed before continuing. A simple solution was to change the time step of the sim-
ulation, although this would cause the simulation to run slightly longer. Changing the
time step had the potential to cause problems on its own since the while-loop checked for
a specific time directory while monitoring for completion. Changing the time step could
result in a different time directory than expected. The loop would act as if the job had not
completed and DAKOTA would hang as it continually resubmits the job. To end this loop
the user could simply create the specific time directory without stopping the optimization
or affecting the results of the OpenFOAM simulation.

The lift and drag coefficients of the airfoil were used as a guide to measure OpenFOAM
convergence and due to unsteadiness in the flow convergence was oscillatory. The oscilla-
tions were limited to ten complete cycles and took place over a period of 6,433 time steps.
Since the convergence is oscillatory no single value was returned for lift or drag, which is
necessary for the optimization to move forward. A python program averaged the lift and
drag coefficients over the interval of the steady oscillations and these average values were
then used to calculate a lift to drag ratio that was returned to DAKOTA as the objective

function value.
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For each OpenFOAM simulation a very small initial time step was used to initialize the
flow field, resulting in a maximum Courant number of 0.016 after 2000 time steps. The time
step was then increased and the simulation was carried out for an additional 17,500 time
steps with the final Courant number having a maximum value of 0.67. Each OpenFOAM

simulation ran for as little as 4 hours, while occasionally running for up to 5 hours.

5.3 Airfoil Surrogate-Based Optimization with Genetic Algorithm

5.3.1 Surrogate-Based Optimization Setup

A quadratic polynomial data fit surrogate model was used in combination with a genetic
algorithm to optimize the airfoil. During initial tests eight sample points were used for each
iteration of the surrogate model due to a lack of resources. Poor accuracy led to an increase
in the number of samples used for each iteration. After testing was complete additional
resources became available for the optimization so the number of sample points for an
iteration was increased to 24.

Resources were still limited, however, so only 12 sample points could be evaluated
on the cluster simultaneously. DAKOTA generated the sample points and assigned them
to individual DAKOTA processes. Each process was assigned two simulations to perform
which could only run one after the other. As a result, each iteration of the surrogate model
took twice the time possible for evaluations. In terms of computational time the efficiency
of the surrogate model is very dependent upon the computational resources available.

The surrogate model went trough ten iterations with a soft convergence limit of five
specified. The initial trust region covered the entire range of variables with specifications
that allow the trust region to contract to 85% of its previous value for poor accuracy or
allow the trust region to expand to 125% of its previous value for excellent accuracy.

The genetic algorithm used to optimize the surrogate model used a population size
of 10 with a maximum of 15 iterations. There was no crossover with a 100% chance of
mutation of sample points. Additional details of the surrogate-based optimization with

genetic algorithm setup are contained in the DAKOTA input file included in appendix B.1.
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5.3.2 Surrogate-Based Optimization Results

The surrogate-based optimization was performed at three different angles of attack:
29, 5%, and 10°. Two optimizations were performed for each angle of attack to test whether
the same optimum value would be returned for different simulations. Table 5.1 lists the
airfoil geometries that were returned from the surrogate-based optimizations at each angle
of attack. The only optimization that was able to return an identical airfoil for repeated
optimizations was the one for a 10° angle of attack. The two optimizations at a 2° angle of
attack had the same initial conditions but did not return the same solution. The resulting
airfoils were similar, with a difference of 1 bump and 1.1 mm in the bump height with the
lift to drag ratios of the two airfoils being fairly close. The optimization at a 5° angle of
attack resulted in greater differences in the number of bumps and the lift to drag ratios
while the bump heights only differed by 0.2546 mm

For each optimization the number of bumps stays very close to the original value, as
can be seen when comparing the initial number of bumps (n;) to the final number of bumps
(ng) in table 5.1. The final bump height, however, was always lower than the initial value
with most of the airfoils returning the same optimum bump height. The lowest bump height

returned was the lower limit for the given range of h.

Table 5.1: Optimal Airfoils from Surrogate Optimization.

a of optimization | ny hy Cl/Cd | n; h;
2 15 | 9.09375e-3 | 1.743 | 15 | 1.5e-2
2 14 8.0e-3 2.056 | 15 | 1.5e-2
b 11 | 8.2546e-3 5.429 | 11 | 1.2e-2
5 13 8.0e-3 7.002 | 10 | 1.0e-2
10 15 8.0e-3 5.521 | 15 | 1.5e-2
10 15 8.0e-3 5.021 | 15 | 1.5e-2

The results from all of the OpenFOAM simulations were plotted on a single chart for
each angle of attack with the data grouped by bump height (figs. 5.7, 5.9, and 5.11). At
each angle of attack the trend in the OpenFOAM simulations was for airfoils with lower
bump heights to have an higher lift to drag ratio. The plots also show that small variations

in the bump height can produce large variations in the lift to drag ratio. To gain a better
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understanding of the data linear trendlines were applied to the results. The trendlines
displayed in figures 5.8, 5.10, and 5.12 reveal the typical behavior of the simulations. They
better illustrate that a lower bump height leads to a higher angle of attack. The relative lift
to drag values of the trendlines also show that reducing the number of bumps can lead, in
general, to an increase in the angle of attack. The trendlines tend to have an increasingly

higher intercept of the lift to drag axis as the number of bumps decreases.
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Fig. 5.7: Cl/Cd Data from Optimization at o = 2.

The trendlines tended to be more meaningful for data sets for which there is a large
range in bump heights for each bump. Because the surrogate optimization did not always
match OpenFOAM results well the trust region contracted towards the lower range of bump
heights for most iterations. This resulted in more simulations for airfoils with lower bump
heights. Varying the bump height produced large variations in the lift to drag ratio so the
trendline slope for sets with a small range in bump height was typically higher than those
for which h has a larger range. This can be seen in the trendlines for the optimization at 10°

(fig. 5.12). The trendlines for nine bumps and twelve bumps would lead to the conclusion
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Fig. 5.11: Cl/Cd Data from Optimization at o = 10.
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Fig. 5.12: Trendlines of C1/Cd from Optimization at o = 10.

that twelve bumps would return the best lift to drag value, but the data in figure 5.11 shows

that an airfoil with nine bumps will result in the best lift to drag ratio.

5.4 Airfoil Optimization with Genetic Algorithm

The airfoil was also optimized using the coliny_ea algorithm by itself as a basis of
comparison for the surrogate model. The genetic algorithm optimization used the same
DAKOTA-OpenFOAM interface as the surrogate-based optimization.

The genetic algorithm creates a random sample set and submits the simulations to the
cluster. Once the simulations are completed and lift to drag ratios returned, the samples
are tested for fitness. The most optimal points are used to propagate new sample points for
new simulations. This process continues for the number of iterations specified by the user

or until the maximum number of function evaluations is reached.
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5.4.1 Genetic Algorithm Setup

The genetic algorithm optimization used a population size of eight with a maximum
of ten iterations. Enough resources were available for all eight simulations to take place
concurrently. A 100% mutation rate was specified with no specification of mutation scale
or mutation range, no crossover was used, and eight new solutions were generated for each
iteration of the algorithm. For additional details of the algorithm setup see the input file

in appendix B.2.

5.4.2 Genetic Algorithm Optimization Results
The genetic algorithm was used to optimize the airfoil twice at a 5 angle of attack.
Both optimizations from the genetic algorithm returned the same airfoil (table 5.2). One
of the surrogate-based optimizations at 5° returned the same bump height and lift to drag
ratio but a different number of bumps.
Table 5.2: Best Airfoil from Genetic Algorithm Optimization.

a of optimization | ny hy Cl/Cd
) 8 | 8.00e-3 | 4.288

5.5 Comparison of Optimization Methods

The optimum airfoil returned by the surrogate optimization was always an airfoil pre-
dicted by the surrogate model to have the best performance. The predicted lift to drag
ratio of the optimum airfoil did not always have a similar lift to drag ratio when tested
against an OpenFOAM simulation. Occasionally an OpenFOAM simulation used to create
the surrogate models had a better lift to drag ratio than the optimum airfoil returned by
the simulation. One instance of the optimizations at 10° returned an optimal airfoil that
agreed perfectly with OpenFOAM simulations, while the optimizations at 2° and 5° did not
return any. The best airfoils from OpenFOAM simulations are listed in table 5.3.

The surrogate-based optimization was set to run for 10 iterations and construct the

surrogate model from the results of 24 simulations during each iteration. However, com-
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Table 5.3: Best Airfoils from OpenFOAM Simulations in Surrogate Optimization.

« of optimization | nj hy Cl/Cd
2 8 | 8.96e-3 | 2.357
2 9 | 8293 | 1.886
) 7 | 9.03e-3 | 4.1203
5 8 | 8.0e-3 | 4.288
10 8 | 8.0e-3 | 5.521
10 9 | 1.02e-2 | 5.517

putational resources were limited and only 12 simulations could run simultaneously. Each
DAKOTA process created and submitted two OpenFOAM jobs but DAKOTA could only
submit one at a time and the other had to wait, meaning that each iteration of the surro-
gate model took twice the time it potentially could. The accuracy check of the surrogate
model also added time to each iteration. The total compute time for each iteration of the
surrogate model was triple the compute time for an individual OpenFOAM simulation.
Performed prior to the availability of more resources, the genetic algorithm was set to
use 8 simulations for each of its 10 iterations. Each iteration of the GA could run all of
the simulations simultaneously so each iteration of the GA only took the amount of time
required to run a single OpenFOAM simulation and one third the time it took to run each
iteration of the surrogate model. Table 5.4 lists the number of simulations and the time each
optimization method ran at the various angles of attack. Also listed is the computational
time saved through the use of surrogate model evaluations. The time savings calculations
are based on individual OpenFOAM simulations taking 4 hours with 12 SBO simulations

running simultaneously.

Table 5.4: Comparison of Run Times for SBO and GA.

method FOAM sims | surrogate sims | run time (hrs) | time saved (hrs)
GAat5° 88 N/A 14 N/A

SBO at 2° 251 1660 124 553

SBO at 2° 151 996 84 332

SBO at 5° 201 448 100 149

SBO at 5° 176 1162 88 387

SBO at 10° 176 1162 88 387

SBO at 10° 148 1162 76 387
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The GA took less time to run than any of the surrogate-based optimizations. Part of
this is due to the fact that fewer simulations were run by the GA, but also because each
iteration of the SBO had to run an accuracy check simulation after the surrogate model
was optimized. Had there been enough resources to run all 24 simulations at the same time
and had the GA also used 24 sample points for each iteration, the GA would run the same
number of iterations in roughly half the time.

The GA could double the population size or the number of iterations and run in the
same amount of time as the surrogate optimization. Since more simulations will be used
this should increase the accuracy of the GA. But according to the results of optimizations
on the Ackley function and Rastrigin’s function (see fig. 4.8), there is no guarantee that
such increases would improve the accuracy of the GA.

Figure 5.13 shows the progression of the solutions for the GA and some of the SBO’s
for each angle of attack. As stated previously the GA ran fewer overall simulations and took
less time than any of the SBO’s while following the trends predicted by the SBO’s. Based
on this fact alone it would seem that the GA is better suited to this problem. However,
comparing the progression of the solutions in figure 5.13, one can see that the surrogate
models all converged to their optimal lift to drag ratio on the third iteration while the
GA did not find its optimal airfoil until the fifth iteration. Furthermore, the GA does not
converge around the optimal geometry or lift-to-drag ratio like the SBO did.

The SBO tests the accuracy of its model and can terminate once sufficient accuracy
has been met, avoiding unnecessary use of computational resources. The SBO could be
set to terminate once two consecutive iterations returned the same optimum, decreasing
the overall time and number of simulations. The GA has no such capability. The only
way to check whether the GA has the best solution is to run more simulations and take
up resources. By using more computational resources and lowering the convergence limit
the SBO might have been able to find an optimal value in less time than the GA did while

giving more certainty as to the accuracy of the solution than the GA can.
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Chapter 6

Conclusions and Discussion

6.1 Surrogate Model With Genetic Algorithm

Although the genetic algorithm took less overall time to come to a solution and the
results followed the trends predicted by the surrogate model, the surrogate-based optimiza-
tion performed better. As discussed in the next section, the surrogate-based optimization
with genetic algorithm returned better airfoils. This was done while saving up to 553 hours
of computing time on 192 processors. The surrogate model was also able to reduce the

effects of noise created by changing the geometry of the airfoils.

6.2 Airfoil Performance

The optimized airfoils for 2° and 10° were swept through a range of angles of attack from
0° to 20° using the first order discretization scheme and then the second order discretization
scheme. The smooth, original bumpy, and modified bumpy airfoil (starting geometry in
optimizations) were also swept through the same angles of attack for comparison.

The results for angles of attack larger than 7.5° were omitted because the lift and drag
coefficients did not display steady oscillations at 12.5° and up for the first order scheme
and at 10° and up for the second order scheme, hence averages taken would not be a good
measurement of lift to drag ratios.

Figures 6.1, 6.2, and 6.3 compare the first and second order results. The first order
results follow very well from the results of the optimization. The lift to drag ratios and lift
coefficients for the surrogate optimized airfoils are higher than those for the original bumpy
airfoil but not as high as those for the smooth airfoil. The airfoil from the 2° optimization
has the best values. The drag coefficients for the surrogate optimized airfoils are lower than

the drag for the bumpy airfoil and some of the drag coefficients for the smooth airfoil.
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The second order results are slightly different from the first order results. The overall
lift to drag ratios tended to be lower for second order schemes than first order. For the
second order scheme the optimized airfoils have lift to drag ratios that are very close to the
lift to drag ratio of the original bumpy airfoil, but the optimized airfoils no longer show
the same improvement that the first order airfoils show. However, the values only changed
slightly between first and second order so an optimization carried out with a second order
discretization scheme should still follow the same trends as the first order scheme.

There are slight differences in the geometries of the original bumpy and modified bumpy
airfoils, which created differences in performance. Only comparing the optimized airfoils
to the original bumpy airfoil is not the best measure of performance for the optimization.
Although second order results do not show an improvement over the original bumpy airfoil,
the surrogate optimizations show an improvement over the modified bumpy airfoil used as
a starting point in all optimizations.

The airfoil optimized by the genetic algorithm, although it followed the trends suggested
by the optimization process, did not produce an improvement over the original bumpy airfoil
for first or second order results, which was a surprising result.

Out of all of the airfoils, the best overall came from the surrogate-based optimizations.
The two with the best performance are the airfoils optimized with the surrogate models at
22 and 10° angles of attack. They both outperformed the airfoil optimized with the genetic
algorithm at 5° and the surrogate optimization at 5°. The 2° and 10° airfoils are very close
in performance but for angles of attack of 5° and 7.5° the airfoil optimized at 10° shows the

best performance with second order discretization.

6.3 Flow Separation

One goal in maximizing the performance of the airfoil was to reduce or eliminate the
size of the separation bubble forming on the upper surface of the airfoil. The velocity profiles
of the airfoils optimized at 2° and 10° were compared visually to the velocity profile of the
original bumpy airfoil at a time when the airfoils have a similar trailing vortex. The 2°

optimized airfoil was compared to the original airfoil at a 2° angle of attack (fig. 6.4). The
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10° optimized airfoil was compared to the original airfoil with both at a 5° angle of attack.
For both comparisons the optimized airfoils showed no noticeable change in the separation

bubble.

(a) Original Bumpy Airfoil. (b) Optimized at o = 2°.

Fig. 6.4: Velocity Profiles for the Original and 2° Optimized Airfoils at o = 2.

~
=2 X

(a) Original Bumpy Airfoil. (b) Optimized at oo = 10°.

Fig. 6.5: Velocity Profiles for the Original and 10° Optimized airfoils at o = 5.

6.4 Summary and Future Work

A bumpy airfoil based on the Eppler 398 profile was optimized using a genetic algorithm
and a surrogate-based optimization. The surrogate-based optimizations saved up to 553
hours of simulation time using the computational resources at USU. The best airfoil found
during the course of the optimizations was from a surrogate-based optimization at 10° and
had 15 bumps with a bump height of 8 mm, which is the same number of bumps as the
original bumpy airfoil but smaller radii.

The surrogate-based optimizations had limited accuracy due to "noise,” or variations
in the lift to drag ratios as a result of small variations in bump height. The changes in
airfoil geometry also change the computational mesh which can change the discretization

error. This in turn can create additional noise in the simulations. The surrogate model can
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suppress noise in the function values and allow extraction of trends in the data. The trend
of the optimizations was that reducing the bump height or the number of bumps would
increase the lift to drag ratio of the airfoil. Based on this trend one would expect that the
best airfoil from an improved optimization would be one with the lowest number of bumps
and bump height possible.

Using more sample points to create the surrogate model for each iteration would result
in a more accurate model. This would result in a more accurate overall solution. Using
a second order scheme should also increase the accuracy of each OpenFOAM solution and
perhaps reduce the amount of noise present in the OpenFOAM results, which would be
another benefit for creating a more accurate surrogate model.

The modifiable airfoil created for the optimizations had a constant bump height for all
bumps along the surface of the airfoil. The original bumpy airfoil had a constant radius for
the bumps and since they had different arc lengths the bump height was slightly different
for each of the bumps with the largest bump near the 1/2 chord of the airfoil. The constant
bump height was used because it was difficult to change the radius to control the shape of
the airfoil without creating undesirable effects. Changing the radius also offered less direct
control over the bumps, making it more difficult to create small changes in the height of
the bumps. It might be beneficial to find a way to use a constant radius across the airfoil
surface, perhaps by controlling the height of one bump and then using the radius of that
bump for the rest of the bumps. This should offer more direct control over the bumps than
just changing the radius alone while producing varying bump heights.

The bumps help create lateral strength in a wing constructed from the 2D airfoil
section. Changing the number of bumps or the bump height may affect the weight the
wings can support, possibly resulting in an airfoil that will perform well aerodynamically
but not structurally. Using finite element analysis to test the strength of an inflatable wing
as part of the optimization might impose lower limits on the number and size of bumps

allowing for the creation of the best possible inflatable wing.
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Appendix A
DAKOTA Ackley Function Test Input Files

A.1 DAKOTA input file for Ackley function surrogate-based opitmization.
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# DAKOTA INPUT FILE - dakota_sbo_ackley
# Surrogate-based optimization to minimize Ackley's function.
# This file is formatted for use with DAKOTA version 4.1

strategy,
surrogate_based_opt
tabular_graphics_data
max_iterations = 100
soft_convergence_limit = 10
opt_method_pointer = "COLINY_EA'
L I
# the trust region (TR) commands specify the
# size of the first trust region, plus the
# scaling factors that are applied to the TR
# on subsequent interations
L e I
trust_region
initial_size = 0.3
minimum_size = 1.0e-6

contract_threshold = 0.25
expand_threshold = 0.75
contraction_factor = 0.75

expansion_factor = 1.25
HU R
# begin opt specification
T T e L e
method,
id_method = "COLINY_EA'
model_pointer = 'SURROGATE'
coliny_ea
population_size = 100
max_iterations = 1000
max_function_evaluations = 100000
crossover_rate 0.0
mutation_rate 1.0
mutation_scale = 0.1
mutation_range = 2
fitness_type linear_rank
crossover_type uniform
replacement_type random = @
new_solutions_generated = 10
initialization_type unique_random
mutation_type replace_uniform

model,



id_model = "SURROGATE'
surrogate global
responses_pointer = 'SURROGATE_RESP'
dace_method_pointer = "SAMPLING'
### Section to specify surface fit method.
polynomial quadratic

variables,
continuous_design = 2
cdv_initial_point 0
cdv_lower_bounds -5
cdv_upper_bounds 5
cdv_descriptor 'X

1
.0
.0

1

N o r

responses,

id_responses = 'SURROGATE_RESP'

num_objective_functions = 1

numerical_gradients
method_source dakota
interval_type central
fd_gradient_step_size = 1l.e-6

no_hessians

B B e Lt et
# Sampling method specifications for sampling in
# the trust regions of the SBO strategy
B Lt Lt ettt
method,
id_method = 'SAMPLING'
model_pointer = 'TRUTH'
nond_sampling
samples = 20
seed = 531
sample_type 1lhs
all_variables

model,
id_model = 'TRUTH'
single
responses_pointer = 'TRUE_RESP'
interface,

analysis_driver = 'ackley_simulator_script’
parameters_file "params.in’

results_file = 'results.out'

file_tag file_save aprepro



A.2 DAKOTA input file for Ackley function genetic algorithm.
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# DAKOTA INPUT FILE - dakota_ga_ackley.in
# This input file optimizes the Ackley function using
# the coliny_ea genetic algorithm

strategy,
single_method
tabular_graphics_data

method,
coliny_ea

population_size = 5
max_iterations = 10
max_function_evaluations = 400
crossover_rate 0.0
mutation_rate 1.0
mutation_scale = 0.1
mutation_range = 2.0
fitness_type merit_function
crossover_type uniform
replacement_type random = @
new_solutions_generated = 10
initialization_type unique_random
mutation_type replace_uniform

variables,
continuous_design = 2
cdv_initial_point
cdv_lower_bounds -5.
cdv_upper_bounds
cdv_descriptor X

-1 U1
oo
1
-1 U1
NSO R

interface,
system
analysis_driver 'ackley_simulator_script'
parameters_file "params.in’
results_file = 'results.out’
file_tag file_save aprepro

responses,
num_objective_functions
numerical_gradients
fd_gradient_step_size
no_hessians

I
H

.0000001



Appendix B

DAKOTA Airfoil Optimization Input Files

B.1 DAKOTA input file for airfoil surrogate-based opitmization.
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# DAKOTA INPUT FILE - dakota_sbo_bumpy.in

# Surrogate-based optimization to minimize a bumpy airfoil.
# For use with DAKOTA 4.2

strategy,
single_method
method_pointer = 'SBLO'

method,
id_method = 'SBLO'
surrogate_based_local
model_pointer = 'SURROGATE'
approx_method_pointer = "COLINY_EA'
max_iterations = 10
soft_convergence_limit = 5
T T L e L e
# the trust region (TR) commands specify the
# size of the first trust region, plus the
# scaling factors that are applied to the TR
# on subsequent interations
L L L
trust_region
initial_size = 1.0
minimum_size = 1.0e-6

contract_threshold = 0.30
expand_threshold = 0.85
contraction_factor = 0.85
expansion_factor = 1.25

HHH RS
# begin opt specification
HHH R
method,
id_method = "COLINY_EA'
coliny_ea
population_siz = 15
max_iterations = 10
max_function_evaluations = 150
seed=11011011
crossover_rate = 0.0
mutation_rate = 1.0
fitness_type linear_rank
crossover_type uniform
replacement_type random
new_solutions_generated

I
S

50



initialization_type simple_random
mutation_type replace_uniform

model,
id_model = "SURROGATE'
surrogate global
responses_pointer = 'SURROGATE_RESP'
dace_method_pointer = 'SAMPLING'
correction additive zeroth_order
### Section to specify surface fit method.
polynomial quadratic

variables,

discrete_design = 1
ddv_initial_point 15
ddv_upper_bounds 22
ddv_lower_bounds 5
ddv_descriptor

continuous_design = 1
initial_point 0.015
lower_bounds 0.0
upper_bounds 0.02
descriptors 'h'

responses,
id_responses = 'SURROGATE_RESP'
num_objective_functions = 1
numerical_gradients
method_source dakota
interval_type central
fd_gradient_step_size = 1.e-6
no_hessians

HHAHH IR
# Sampling method specifications for sampling in
# the trust regions of the SBO strategy
HHAHH R
method,
id_method = 'SAMPLING'
model_pointer = 'TRUTH'
nond_sampling
samples = 24
seed = 531
sample_type lhs
all_variables



B.2 DAKOTA input file for airfoil genetic algorithm.
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# DAKOTA INPUT FILE - dakota_ga_bumpy.in
# This Dakota input file optimizes the bumpy
# airfoil using coliny_ea
strategy,
single_method
tabular_graphics_data
method,
coliny_ea
population_size = 8
max_iterations = 10
max_function_evaluations = 200
seed = 1234
crossover_rate 0.0
mutation_rate 1.0
#mutation_scale = 0.1
#mutation_range = 2.0
fitness_type linear_rank
crossover_type uniform
replacement_type random = @
new_solutions_generated = 8
initialization_type simple_random
mutation_type replace_uniform
variables,
discrete_design = 1
ddv_initial_point 18
ddv_upper_bounds 22
ddv_lower_bounds 5
ddv_descriptor !
continuous_design = 1
initial_point 0.011
lower_bounds 0.008
upper_bounds 0.02
descriptor 'h'
interface,
system
evaluation_static_scheduling
analysis_driver './bumpy_simulator_script'

A}

n

parameters_file = 'params.in'
results_file = 'results.out’
file_tag file_save aprepro

responses,
num_objective_functions = 1
no_gradients
no_hessians



