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Abstract

In Computational Fluid Dynamics validation studies, close matching of experimental bound-
ary conditions is necessary for assessing model performance. Boundary condition uncertainty will
otherwise have an unknown impact on solution quality. In this work, an Uncertainty Quantifica-
tion study of the effect of inflow variation on wind predictions in downtown Oklahoma City is
performed. A velocity parameterization characterizes the inflow variation using several stochastic
variables and a non-intrusive code is used to manage stochastic collocation runs. The results show
regions where the effect of inflow uncertainty impedes further model assessment and how finite
additional measurements could reduce uncertainty propagation to simulation outputs.

1 Introduction

The validation of Computational Fluid Dynamics (CFD) simulations against existing experimental
datasets is an important step in the development of new and improved modeling approaches. In the
case of Reynolds-Averaged Navier-Stokes (RANS) simulations for example, the parametrization of
turbulent fluctuations plays a key role in the quality of the solution. To obtain an accurate assessment
of model performance it is important to match simulation initial and boundary conditions as closely
as possible to those of the reference dataset. Oftentimes however, data sparseness in the reference set
necessitates introducing additional assumptions into the simulation setup. Ultimately this complicates
the assessment of model performance as the relative contribution of uncertainty in the simulation setup
is unknown. In the case of atmospheric flows, collecting a dataset in the field that completely spec-
ifies the boundary conditions required by a CFD simulation is impractical given the scales and costs
involved. Given this reality, two key questions arise: (1) How can the effect of boundary condition
uncertainty be quantified in simulation results? (2) Can finite experimental resources be better posi-
tioned to minimize this uncertainty?
To address the previous questions, experimental data from the Joint Urban 2003 study of Oklahoma
City, Oklahoma, USA were utilized as a reference dataset (Allwine & Flaherty, 2006). The field cam-
paign measured wind velocities throughout the city as well as concentration of a tracer gas during
several planned test releases. For this work, an Uncertainty Quantification (UQ) study is performed
through a series of RANS simulations predicting the wind velocity throughout Oklahoma City. The
Stochastic Collocation (SC) technique is utilized to introduce uncertainty in the simulation inflow
condition through a number of stochastic input variables discretized on a Clenshaw-Curtis type sparse
grid (Trefethen, 2008). A non-intrusive code developed as part of the PSAAP program at Stanford
called Ray (Iaccarino, 2012) was used to setup the collocation points, queue the simulations, and post-
process the results in a parallel Linux environment.
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Figure 1: Oklahoma City computational domain.

The remainder of this work is organized first to describe the computational geometry for a simulation
with the nominal inflow condition. Then the parameterization of the inflow profile will be described
along with a description of the chosen stochastic parameters. Finally, preliminary SC results will be
highlighted.

2 Nominal Simulation Setup

The Oklahoma City simulation domain is shown in Figure 1. The steady, incompressible RANS
equations,
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are solved on unstructured meshes of 1.5 and 10 million cells with FLUENT using the k − � turbu-
lence closure of Launder & Spalding (1974). Simulation results are evaluated at 34 “probes” defined
throughout the domain at the location of experimental measurement stations. All experimental data
were timestamped and hence allow for readings at an inflow measurement location (see Figure 1) to be
matched with those throughout the city. Further information on experimental data parsing and mesh
creation can be found in Philips (2012).

2.1 Boundary Conditions

The nominal inflow condition is southerly inflow extrapolated from a single velocity measurement
point at the southern face of the domain. In the vertical direction, an atmospheric boundary layer
(ABL) profile is defined from the equation,

V (z) = Vref
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Table 1: Description of the stochastic variables.
Name Description Range DistributionMinimum Maximum
SV1 West Gust Location 0.00km 0.56km Uniform
SV2 West Gust Strength 3.80m/s 7.6m/s Uniform
SV3 East Gust Location 1.92km 2.71km Uniform
SV4 East Gust Strength 3.80m/s 7.6m/s Uniform
SV5 West Angle Slope −2.3× 10−3 2.3× 10−3 Uniform
SV6 East Angle Slope −2.3× 10−3 2.3× 10−3 Uniform

where zref is the height of the measurement and Vref is the velocity at that point. The vertical profile
is applied uniformly across the horizontal width of the southern boundary face. Turbulent kinetic
energy and dissipation profiles were also specified at the southern boundary. These were defined from
a turbulence intensity profile and turbulent viscosity ratio, respectively,

TI = 0.07
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; νt/ν = 100 (3)

where the turbulence intensity, TI =
�

(2k/3)/V (z).
The northern face of the domain is set as a pressure outlet while the east, west, and top faces of the
domain are zero-stress surfaces. The no-slip condition is enforced along the bottom of the domain and
at the building surfaces.

3 Inflow Parameterization

To study the effect of variation in the inflow condition away from the sensor location, a horizontal
velocity profile was defined using six stochastic variables. A separate function was used to specify
the velocity magnitude and velocity angle at the inflow. The magnitude function was constructed
by superimposing Gaussian “gust” profiles on either side of the measurement location. Each gust
was defined by two stochastic parameters, peak strength and location, and the width was fixed by
matching the experimental measurement. The velocity angle function was setup as a two-segment
cubic spline. At the domain edges and the measurement location the angle was fixed as a southernly
inflow. A stochastic variable was then used at each edge of the domain to specify the slope and hence
to complete the definition of the cube spline function. Experimental measurements made within an
hour of the nominal inflow condition were used to guide the amount of variation in the magnitude
and direction of the inflow. Table 1 lists the variables with the ranges selected and Figure 2(a) gives
one sample inflow condition. To complete the inflow specification, the vertical variation was again
extrapolated using Eqn. 2 and the turbulent kinetic energy and dissipation were computed from Eqn. 3.

4 Preliminary Results

The previously described velocity magnitude and direction functions were implemented in FLUENT
through the use of User Defined Functions. A 257 point Clenshaw-Curtis sparse grid collocation (Tre-
fethen, 2008; Iaccarino, 2011) was performed for the “coarse” 1.5 million cell mesh using the Ray UQ
tool. Preliminary results at four experimental measurement locations within the domain are shown in
Figure 2(b). The figure highlights in red the region surrounding the nominal simulation result that ac-
counts for one standard deviation of variation from the collocation mean. The result indicates that the
mean flow magnitude and direction is significantly influenced by the specification of the inlet profile.
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Figure 2: (a) Sample velocity inflow variation. (b) Preliminary UQ results: black arrow, experimental
measurement; blue arrow, nominal simulation; shaded red, one standard deviation of error due to
inflow variation.

At the two central locations, the velocity magnitude discrepancy is accounted for. There is, however,
not enough variation to account for the directional discrepancy between the nominal and experimental
values. This is as expected, since in order to fully capture the uncertainty, additional uncertainties such
as the turbulence level and geometry, and also the uncertainties related to the turbulence model used
should be considered.
The initial results point in several directions for further investigation. Computed Sobol sensitivity
indices will be processed to assess which stochastic parameters were most responsible for the error
propagating from the inflow. Simulations on a refined 10 million cell mesh will then be performed
to improve spatial accuracy. To lower the computational cost, a subset of the collocation variables
will be utilized guided by the Sobol indices obtained on the coarse mesh. Identifying aspects of the
inflow that create the most variation within the domain will help answer the second question from
Section 1. Meanwhile, sensitivity within the domain will also be analyzed with respect to properties
like proximity to the measurement location and local geometry.
This work was supported by the Army High Performance Computing Research Center at Stanford.
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