
Proceedings of the 2009 INFORMS Simulation Society Research Workshop 
L.H. Lee, M.E. Kuhl, J.W. Fowler, and S. Robinson, eds. 

ABSTRACT 

Wind tunnel test campaigns involve a large number of ex-
perimental data points, can take a long time to accomplish, 
and can consume tremendous resources.  Design of Expe-
riments (DOE) is a systematic approach to experimental 
design and analysis that has the potential to improve the 
efficiency and effectiveness of wind tunnel testing.  We 
employ a legacy wind tunnel test campaign and compare 
the resulting data from that campaign to data generated us-
ing smaller experimental design strategies.  The compari-
son is accomplished using a Monte Carlo sampling metho-
dology coupled with a statistical comparison of the 
estimated surfaces.  Initial results suggest a tremendous 
opportunity to reduce wind tunnel test efforts without los-
ing test information. 

1 INTRODUCTION 

Wind tunnel testing is a critical factor in the Developmen-
tal Test and Evaluation (DT&E) of United States Air Force 
(USAF) aeronautical systems including aircraft, spacecraft, 
and munitions.  In fact, essentially every system that inte-
racts with the air medium has been or will be tested in the 
wind tunnel’s controlled laboratory environment to assess 
overall aerodynamic performance.  Engineers test design 
concepts, optimize configurations, or study stability and 
control (S&C) characteristics of new and modified aero-
space systems such as Small Diameter Bomb, F-22, and B-
1B.  A wind tunnel test may validate a modeling and simu-
lation effort or serve as a precursor to open-air flight test. 
Ultimately, system program managers use wind tunnel 
output to support performance evaluation, trade-off studies, 
risk analysis, assessments of potential operational utility, 
and to demonstrate that the development process is com-
plete and that the system meets specifications. 
 The USAF is interested in improving the effectiveness 
of its wind tunnel test programs.  The significant time and 
resources required for testing directly impacts the system 
development cycle length and overall system cost.  This 
fact is especially relevant for a service that must replace its 
aging equipment in a politically turbulent and resource 

constrained environment.  Savings in the development 
schedule and/or budget are needed.  The length of the de-
velopment schedule devoted to ground test is a focus of 
this research.  In general, current high-performance mili-
tary aircraft development programs require up to 3,700 
wind tunnel test hours in the conceptual design phase and 
up to 18,500 hours in the development/validation phase 
(American Institute of Aeronautics & Astronautics 
(AIAA), 2003).  The Arnold Engineering and Develop-
ment Center (AEDC), a world-class flight simulation test 
facility, has sought “reductions of up to 75 percent in costs 
and cycle time in developing and fielding new weapons 
systems” (Peters et al, 1999). 

Conventional wind tunnel tests are based on an ex-
haustive data collection method that typically involves va-
rying one independent variable (factor) across its entire 
range.  This popular method is termed one-factor-at-a-time 
(OFAT) testing (Montgomery, 2005).  The OFAT method 
is ineffective in terms of cost and effort as well as in con-
trolling experimental uncertainty, detecting variable inte-
ractions, and producing minimum variance predictions.  
Nevertheless, it has been widely used since the time of the 
Wright Brothers despite great advances in experimental 
design addressing OFAT shortfalls. 

In this research we examine whether systematically 
designed experiments can lead to a reduction in the overall 
required test effort without significantly degrading the 
amount of information generated during the test.  This is 
accomplished by conducting a Monte Carlo experiment 
comparing the information obtained from a traditional 
wind tunnel campaign with information obtained via sys-
tematically defined experimental design strategies.  To 
compare the information content obtained via either strate-
gy, the resulting empirical surfaces are compared using 
both graphical and statistical methods. 

2 BACKGROUND 

In a conventional OFAT wind tunnel test one independent 
factor is varied at a time.  The factor of interest varies se-
quentially, usually in a single direction, through its selected 
range while the other factors are held constant.  This is 

 
 

APPLICATION OF MONTE CARLO SAMPLING TO ASSESS EXPERIMENTAL DESIGNS IN 
DEVELOPMENTAL TEST 

 
 

Derek A. Leggio 
 

Capability and Resource Integration 
United States Strategic Command 

Offut AFB, NE 68113, U.S.A.  

 Raymond R. Hill 
 

Department of Operational Sciences 
Air Force Institute of Technology 

WPAFB, OH 45433, U.S.A. 
   

   

Page 28 



Leggio and Hill 
 
equivalently termed a sweep or polar.  These incremental 
changes are often uniform in size.  For instance, angle of 
attack (AoA) polars may consist of two degree steps in the 
cruise region and one degree steps in the stall region (Bar-
low et al., 1999).  The outputs of interest (responses) are 
recorded at each combination of factor settings (treatment).  
To illustrate, a common force and moment test may study 
Mach number, Reynolds number, AoA, sideslip, roll angle, 
and control surface positions as factors.  Responses of in-
terest would be lift, normal, and drag forces as well as the 
coefficients of the pitch, yaw, and roll moments. 

An alternative to OFAT is to hold several factors con-
stant while varying some select number of the remaining 
factors.  Although this strategy may vary several factors at 
once, it is often called OFAT due to the sequential setting 
of factor levels in each test run.  Barlow et al. provide a no-
tional test program for an aircraft configuration evaluation 
using this concept (Barlow et al., 1999). 

OFAT tests contribute directly to the productivity 
goals of modern test facilities.  Test facility productivity is 
often measured by the quantity of data collected with allo-
cated resources.  Sequentially ordered factor level changes 
maximize the data acquisition rate, making OFAT tests 
highly efficient in terms of total data volume.  Tracking 
metrics such as “cost per polar”, “cost per data point”, “po-
lars per hour”, and “data points per facility per year” are 
common (DeLoach, 2000).  As a result, improvement in 
the wind tunnel community is often synonymous with col-
lecting larger data sets.  This mode of operation can be 
counter-productive and should be changed to a model of 
efficiently collecting data for the test. 

Despite widespread usage, OFAT designs have major 
deficiencies from a statistical and modeling point of view.  
They may produce biased data sets in the presence of time-
varying systematic error.  Creeping changes to test condi-
tions (nuisance factors) such as set-point error associated 
with each chosen factor level, measurement error due to 
instrumentation drift, temperature variations, and changes 
in flow angularity can occur over the duration of a test en-
try.  These errors can become compounded with the true 
factor effects, biasing the results. Prominent is OFAT’s in-
ability to efficiently detect interactions between factors.  
An interaction is the failure of one factor to produce the 
same effect on the response at different levels of another 
factor (Montgomery, 2005).  OFAT tests featuring non-
varying factors at a baseline level throughout the test are 
blind to interaction effects.   

Researchers regularly gather many more points than 
necessary to support the modeling goals of their projects.  
It is likely that no data threshold is determined at all for 
many tests.  The prevailing view of “data is the ultimate 
product of the test” discounts a key use of the created data 
sets: building predictive models (AIAA, 2003).  Large data 
sets are often unnecessary for efficient modeling of a sys-
tem’s aerodynamic characteristics.  Appropriate sample 

sizes can be determined mathematically to support models 
of varying complexity with prescribed levels of inference 
error precision.   Once sufficient data has been collected to 
answer the researcher’s questions, the test may stop.  Fur-
ther effort to gain more data can waste time and resources. 

Design of Experiments (DOE) is a planning process 
used to systematically assign factor combinations that en-
sures the collected data can be analyzed using appropriate 
statistical methods.  In many industrial applications of 
DOE, a first or second-order response model sufficiently 
describes the entire region defined by the individual factor 
ranges (inference space).  Wind tunnel models tend to be 
considerably more complicated and require higher preci-
sion (DeLoach & Erickson, 2003).  Often, an appropriate 
model will require polynomial terms of third order or high-
er. (Simpson & Landman, 2008).  One method to avoid 
these higher-order, more complicated models is to partition 
the inference space so that a first or second-order response 
model will sufficiently describe each subspace.  Partition-
ing benefits the aeronautical researcher by allowing the 
creation of different models for fundamentally different 
flight regimes.  For example, the model needed for the 
stall-vulnerable regions (usually high AoA) may be com-
pletely different than that needed for a benign cruise re-
gion. Thus, partitioning allows the explicit use of subject 
matter expertise in the choice of experimental design strat-
egy. The disadvantage of this approach is that more data 
and models are required to describe the inference region.  
The researcher should seek the largest subspace ranges 
possible that can be modeled with low-order, less compli-
cated functions (DeLoach & Erickson, 2003). 

Partitioning the inference space can lead to a response 
surface that may contain discontinuities at subspace boun-
daries.  The predicted response offered by the models on 
either side of a boundary may differ in mean value and in 
the width of its prediction interval.  DeLoach compares this 
situation to the occurrence of random variation at a repli-
cated point and states that concern is only warranted if the 
difference in the predictions from different models is larger 
than the required precision for the response (DeLoach & 
Erickson, 2003).  DeLoach points out that techniques are 
available to smooth the boundaries, but that this improve-
ment in the perceived problem come at the expense of lost 
precision in both models (DeLoach & Erickson, 2003). 

 The choice of experimental design is often unique 
for each project.  DeLoach and Erickson (2003) used parti-
tioned inference spaces and low-order (quadratic or less) 
response models in wind tunnel testing.  They used fewer 
design points in well-behaved (e.g. nearly linear) regions 
and more design points in areas of highly nonlinear beha-
vior.  Morelli & DeLoach (2003) used a  Central Compo-
site Design (CCD) augmented with a third-order, D-
optimal design for each subspace.   Dowgwillo and De-
Loach (2004) consider six subspaces for AoA and angle of 
sideslip and they used CCDs in each subspace augmented 
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with a third block of points to support a sixth-order model.  
Landman et al. (2006) used a Face-Centered Design (FCD) 
in a low-speed force and moment test of an aircraft with a 
complex control surface configuration.  The factors ex-
amined were AoA, angle of sideslip, power level, and six 
control surface deflections.  In short, experimental designs 
have been used to benefit in wind tunnel experimentation.  

3 METHOLOGY 

AEDC provided a data set from a production wind tunnel 
test for a supersonic expendable low-altitude target drone.  
The system, designated here as the S-XX, was intended to 
simulate a high-speed anti-ship missile.  The test set-up 
featured a 21-percent scale model of the system with ac-
tuated fin deflection.  The test facility utilized model sup-
port with automated pitch capability and an automated roll 
capability.  The missile was tested in the transonic and su-
personic ranges to characterize overall aerodynamic per-
formance as a function of attitude, control surface deflec-
tion, and speed.  The set contained approximately 9,000 
runs.   

Multiple linear regression was used to model the lega-
cy test data.  The objective of this modeling effort was to 
closely approximate the true relationship between the six 
factors (X1,…,X6) and output, Y, revealed by the data set.  
Regression models created for production wind tunnel data 
may have R2 values in excess of 0.9999 (DeLoach, 2000).  
These models often contain terms higher than third order 
(Simpson & Landman, 2008).  For the purpose of this 
work, a reduced level of accuracy was acceptable and the 
models were limited to a full quadratic model and pure cu-
bic terms.  These models were built within a partitioned 
inference space so that a low-order polynomial model 
would sufficiently describe each subspace.  

Initially, two linear regression models were built on 
the entire inference space: a full quadratic model plus pure 
cubic terms (Quadratic Plus) and a full cubic model (Cu-
bic).  Subsequent analysis led to the partitioning of the in-
ference space into a transonic region and supersonic re-
gion. A response model was then constructed in each 
subspace to represent the true response surface. Each mod-
el was constructed in a similar fashion using similar model 
terms. The models were validated by partitioning the data 
set into two subsets, a training set and a validation set. A 
rigorous model fitting exercise was conducted on the train-
ing set. The validation sample was used to re-estimate the 
regression coefficients of the model built from the training 
data.  Cross-validation of the models examined the esti-
mated regression coefficients, their estimated standard er-
ror, the error sum of squares (SSE), the mean SSE (MSE), 
and R2 for both models. These comparisons provided as-
surance of the modeling approach.  After validation, both 
subspace models were re-estimated with the full data set. 

The best way to examine the efficiency and effective-
ness of experimental design strategies in wind tunnel test-
ing is to run the wind tunnel tests with those strategies.  In 
the present case, we are examining whether experimental 
design strategies can replicate the information obtained at a 
fraction of the experimental costs. 

The empirical models fit to the wind tunnel data con-
stitute “ground truth.”  These models, with their high de-
gree of fit and high values of R2 represent what an experi-
menter would like to replicate with a parsimoniously 
designed experiment. Thus sampling from the ground truth 
models of the wind tunnel data serve as our proxy for the 
wind tunnel experiments. 

Our approach is to develop alternative experimental 
design strategies.  These strategies produce a schedule of 
experimental design points.  These points are then used to 
������� 	
��� ��� �
����� �
��� ������� ���� ����� �2) noise 
added.  The resulting data is then used to fit an empirical 
model based on the alternative experimental design strate-
gy.  These empirical models are then compared to the ac-
tual wind tunnel generated ground truth model using both 
graphical and statistical methods.  A high degree of agree-
ment between the models indicates some level of equiva-
lence between the data collection strategies. 

The first alternative design is called the Nested FCD 
(NFCD). This is a FCD variant supporting quadratic mod-
els with pure cubic terms.  The NFCD was designed for 
cuboidal design spaces and was particularly well suited for 
joining subspaces in a partitioned inference space.  The 
higher number of edge points as compared to an inscribed 
CCD provided less variance at subspace boundaries.  The 
design is a five-level design that fills the inference space in 
a fairly homogeneous fashion.  Figure 1 shows the smooth 
changes in prediction variance from its basic FCD compo-
nents. 

The JMP I-optimal design was also used.  JMP allows 
for rapid, practical creation of the design in a cuboidal de-
sign space to fit the appropriate hypothetical model.  The 
design may be blocked and the user may specify the num-
ber of factor levels so that a five-level design results. It is 
not limited by the subspace framework and is designed to 
provide the minimum average prediction variance across 
the entire subspace, including the boundary.  JMP made 
this design particularly easy to construct and analyze.   

Once the alternative experimental designs were deter-
mined, the design points were evaluated by sampling from 
the ground truth model of the actual test data with random 
noise added to the sample.  With the fully sampled experi-
mental design, the data were then fit to appropriate mul-
tiple regression models without using the knowledge per-
taining to the ground truth model.  The intent is to fit a 
model with the reduced overall sample size of the alterna-
tive experimental designs and compare the surface infor-
mation obtained via the alternative experimental designs 
and the ground truth surface obtained from the actual test 

Page 30 



Leggio and Hill
 
data.  We call the models GT, for the wind tunnel surface, 
ND, for the NFCD, and JD, for the JMP design. 

 

 
(a) 

 
(b) 

Figure 1: Standard Error Plot of FCD in (a) as compared to 
the Standard Error Plot of NFCD in (b) 

4 COMPARATIVE METHODS AND RESULTS 

The comparison among the surfaces involved three com-
parison steps.  The first was a graphical comparison in-
volving subsurfaces of the surfaces. Since the true response 
surface of the S-XX system in terms of the six input factors 
of interest cannot be displayed, we examined three-
dimensional subspaces (2 factors and output).  For each 
two-factor combination we overlay the surface plot of the 
GT response surface with the surface plot from a alternate 
experimental design (either ND or JD).  Figures 2 and 3 
provide sample results for Supersonic subspaces based on 
the NFCD and the Transonic subspaces based on the JMP 
I-Optimal design.  Other than some areas of minor disa-
greements, the reduced sample size experimental designs 
do quite well in matching the models obtained via the wind 
tunnel experimentation. 

The second method of comparison involved compar-
ing the coefficients of the empirical models.  Unfortunate-
ly, we are unable to show those comparisons in this paper.  
In general, when the empirical models were build based on 
the ND and JD data, the parameters in the final model were 
effectively the same.  When the ND and JD empirical 
models were fit to match parameter-wise with the GT 
model, the parameter coefficients were statistically equiva-
lent.  

The third and final method of comparison involved 
statistically comparing the GT model to each of the ND 
and JD models. First, we suppose that the real unknown 
response surface of the S-XX system is well represented by 
GT.  Each alternative experimental design surface, ND and 
JD, represent the estimated surface such as obtained via 
testing.  Let  be responses from the GT surface 
and then either alternative surface (AS representing either 
ND or JD).  

An identical grid of data points was established de-
noted by , for 

.  Both surfaces were then sampled at 
each point in the grid, , 
so that for all forms a sample of paired 
responses.  The difference of the responses was defined as 

.  Since the pairs of 
responses are independent and identically distributed, the 

 are independent and identically distributed with 

  
and  

                              
The unbiased estimator of  is , where 

  
and the unbiased estimator of  is 

  
Since the individual responses  are approx-
imately normally distributed for any given , the dif-
ferences are normally distributed so that the statistic 

  
under the null hypothesis  had a t distribution with 
K-1 degrees of freedom.  This null hypothesis corresponds 
to the case where the surface estimated via the experimen-
tal design strategy is statistically equivalent to the surface 
determined by the actual wind tunnel test data. 
 The grid of 9,450 points for each subspace was 
created. Table 1 contains the 95% confidence intervals re-
sulting from the analysis. While none of the confidence in-
tervals are statistically the same as zero, in a practical 
sense we claim the surfaces in each of the subspaces are in 
fact sufficiently similar. 

5 SUMMARY AND CONCLUSIONS 

This work represents an initial study.  The complete wind 
tunnel test campaign studied involved nearly 9000 data 
points.  The alternative experimental design strategies em-
ployed approximately 900 data points to cover the entire 
inference space consisting of the partition of the subspaces, 
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transonic and supersonic.  This is a 90% reduction in expe-
rimental effort. 
 
Table 1: 95% CI for Mean Difference Values between Es-
timated Subspace models and the GT Subspace Models 

 Lower 95%  Upper 95% 
NDT 0.00162 0.00169 0.00176 
NDS 0.00181 0.00166 0.00151 
JDT 0.00008 0.000133 0.00018 
JDS 0.00074 0.000814 0.00088 

Subscripts are T for Transsonic, S for Supersonic subspaces 
  
 A reduction in experimental effort is quite easy to at-
tain.  However, a reduction in effort that is also accompa-
nied by little to no loss in information is not so easy to at-
tain.   
 Our methodology involved rigorously developing a 
surface accurately representing the 9000 data points from 
the test campaign.  We then treated this surface, labeled 
GT for ground truth, as an accurate representation of the 
true system, a system we called S-XX.  With this surface 
we then consider two alternative experimental design strat-
egies, a NFCD and an I-Optimal design from JMP.  These 
design strategies were completed via a Monte Carlo sam-
pling from GT.  The data from the designs were used to 
generate surfaces ND for the NFCD and JD for the I-
Optimal design.  A comparison of these surfaces indicated 
little to no differences in either subspace for each of the 
surfaces. 
 This lack of difference among the surfaces leads us to 
an initial insight that we can in fact significantly reduce the 
overall effort involved in wind tunnel testing; in our case 
that reduction was 90% of the effort with no significant 
loss of data. 
 Naturally, future efforts abound.  As an initial effort 
we cannot claim universal savings.  However, we are look-
ing at additional case studies.  Our comparisons among 
surfaces is quite conservative; in future efforts we hope to 
exploit subject matter expertise in the selection of experi-
mental design strategies.  Finally, we want to expand our 
look into those surfaces with higher levels of partitioning; 
this initial look involved very simple partitions of the infe-
rence space. 
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Figure 2: Comparison of Surface GT Transonic (Green) and JD Transonic (Blue) 
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Figure 3: Comparison of Surface GT Supersonic (Green) and ND Supersonic (Blue) 
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