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14 HIGHLIGHTS

*  Employment of EnKF to calibrate model coefficients for urban problems.

e Main calibrations based on reattachment lengths for improved accuracy.

*  Model generalizability found to be closely related to model formulations.

* Potential generalizability of the calibrated MMK to single-building problems.

* Limited generalizability from isolated roughness flow to skimming flow.
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Abstract

The low accuracy of Reynolds-averaged Navier-Stokes (RANS) modeling of urban airflow and
airborne pollutant dispersion is attributed to model flaws and uncertainty contributed by closure
coefficients. Previous studies have attempted to improve the performance of RANS modeling
by ad hoc calibration of the turbulence model coefficients specifically for urban problems.
However, these models failed to accurately reproduce the key features like the reattachment
lengths. In addition, there was a lack of generalizability evaluations of the calibrated models.
To optimize the accuracy and generalizability of those turbulence model, this study considered
the effects of optimization objectives and model formulations. Six k-¢ based turbulence models
calibrated using the ensemble Kalman filtering (EnKF) approach were compared. A wind
tunnel experiment consisting of key features of the airflow around a single-building model was
conducted to provide the training data. The proposed optimization objective prioritizing the
reproduction of the reattachment lengths in the calibrations enabled the calibrated models to
capture the key features of the airflow with better accuracy. The six turbulence models before
and after the calibrations were compared for a single-building test case and a building-array
test case with respect to the reattachment lengths, velocity, turbulence kinetic energy, and
airborne contaminant concentration. The calibrated models with different formulations exhibit
distinctive generalizability. The calibrated Murakami-Mochida-Kondo k-¢ model (MMK)
exhibited strong potential for generalizability to single-building problems. However, the
generalization from the single-building isolated roughness flow regime to the street canyon

skimming flow regime is limited.
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1 Introduction

Urban airflow and pollutant dispersion around buildings are important environmental problems
[1]. High wind speeds introduced at the pedestrian level by high-rise buildings can cause wind
nuisance and safety issues [2]. High concentrations of pollutants emitted by vehicles and from
building exhausts harm pedestrian health and contaminate indoor air through building intakes
[3]. Therefore, it is essential to investigate airflow and pollutant dispersion around buildings.

Studies of the airflow field and pollutant distributions around buildings often use field
measurements [4-7] and reduced-scale wind tunnel experiments [8]. However, experimental
studies are very expensive and have often been limited to typical cases. Meanwhile,
computational fluid dynamics (CFD) has been extensively employed in urban studies in recent
decades [9]. The two most popular CFD approaches are large-eddy simulation (LES) and
Reynolds-averaged Navier-Stokes (RANS) modeling. LES resolves large-scale turbulence
with high spatial and temporal resolution and exhibits better agreement with experimental data
than RANS [10], but LES is computationally demanding, especially when the full scale of
urban problems is considered [11]. Most wind engineering applications still employ steady
Reynolds-averaged Navier-Stokes (SRANS) modeling as the main workhorse because of its

computational efficiency and readily available guidelines [12-16]. However, commonly
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employed two-equation turbulence models have known issues in urban problems, such as the
overprediction of velocity in weak wind regions around buildings, inaccurate prediction of
reattachment lengths, and underprediction of turbulence kinetic energy [17-21]. The low
accuracy of two-equation models can be attributed mainly to the Boussinesq hypothesis and
the uncertainties contributed by empirical formulations and closure coefficients. Various
modifications to the two-equation models may fix certain flaws. Advanced techniques like data
assimilation and machine learning can also improve the performance of RANS modeling [22].
However, employing these advanced frameworks in practical usages often requires user
expertise and sometimes extra computing resources [23].

Another approach to improve the performance of RANS modeling is the calibration of the
closure coefficients in the turbulence models. Once calibrated, the coefficients can be readily
employed in engineering applications. Several attempts have been made to calibrate the
coefficients of the models specifically for urban problems. The calibrated models include the
standard k-¢ model (SKE) [24—-26], Kato-Launder k-¢ model (KL) [27,28], Durbin k-¢ model
(DKE) [29], Re-Normalisation Group k-¢ model (RNG), and Spalart-Allmaras model [30]. The
consensus was that a case-specific calibration of model coefficients would allow wind tunnel
data to be reconstructed with greater accuracy. However, the calibrated models can still fail to
accurately reproduce the key features like the reattachment lengths. For example, the calibrated
k-¢ models in Shirzadi et al. [27] and Shirzadi et al. [28] still overpredicted the reattachment
lengths behind the isolated building by around 30%. The exaggerated recirculation zone would

contribute to wrong results in dispersion modeling, which is one of the main topics in urban
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studies but has not been tested for the calibrated models. One possible way to mitigate this
overprediction is to adjust the optimization objective by including the key features of the
airflow. However, there were not many wind tunnel experiments reporting the reattachment
lengths both on the roof and behind the building. In addition, previous studies did not conduct
generalizability tests for the calibrated models. As pointed out by some researchers, the
inherent shortcomings of the RANS-based turbulence models cannot be eliminated simply by
tuning the model coefficients [25,27,28]. As a result, a bespoke calibration suitable for one
scenario may bring adverse effects to another scenario, which hinders the application of the
calibrated models. The model generalizability might be related to the model formulations,
calling for comprehensive model comparisons. Previous studies employed different methods
to reduce the complexity of the optimization problem. Two of the studies [26,29] adjusted only
a few key coefficients out of the whole set, while other studies [24,25,27,28] reduced the
unknowns by using the empirical relationship between the model coefficients in the
atmospheric boundary layer (ABL) flow described by Richards and Hoxey [31], which only
holds for the standard k-¢ model, strictly speaking. For different model variants with many
coefficients, a calibration of the whole set of model coefficients is necessary. The increased
complexity of the problem requires a robust optimization method. The ensemble Kalman
filtering (EnKF) approach has been used successfully in the calibration of closure coefficients
for the Spalart—Allmaras model [32], k- SST model [33], and k-aw-y-Ar four-equation model
[34] for different flow problems. However, this method has not yet been employed to calibrate

turbulence models specifically for urban problems.
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Previous investigations failed to accurately reproduce the key features like the reattachment
lengths. They did not conduct generalizability tests for the calibrated models. This investigation
used a wind tunnel experiment to obtain the velocity field around an isolated low-rise building
as well as the reattachment lengths both on the roof and behind the building. The EnKF
approach was used to optimize the accuracy of k-¢ models by including the key features of the
airflow. The generalizability of the obtained turbulence model was further evaluated by

employing two test cases featuring different flow regimes.

2 Methods

This section describes the main methods used for model coefficient calibration. The chosen k-
¢ based models for calibration are introduced in Subsection 2.1. The calibration was based on
an EnKF loop (see Subsection 2.2), which iteratively updated the model coefficients
determined from the discrepancy between CFD results and observation data from a wind tunnel
experiment (see Subsection 2.3). The validity of each calibrated model was assessed according
to the metrics introduced in Subsection 2.4. The framework of the calibration methods is

provided in Fig.1.
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that iteratively updated the model coefficients determined from the discrepancy between

CFD results and observation data from a wind tunnel experiment.

2.1 Governing equations and turbulence modeling

This subsection describes the governing equations and the turbulence models chosen for
calibration. The steady-state incompressible RANS equations in conservation form, without

considering body forces, can be written in Einstein notation as

ou,
i 1
FR (1)

2
pOx; Ox; @)

V—-uu,
Ox; !

o(uU) 1op, o ( oUi —
'j B 5)6] 7))’



120

121
122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

where U, U; are the mean velocity components, u;, u] are the fluctuating velocity components

in the x;, x; directions (i, j = 1, 2, 3). p is the pressure, v is the kinematic viscosity, and p is the
density.

A prescription is needed for computing ;u] for the calculation of all mean-flow properties.
Assuming that the Boussinesq linear isotropic eddy-viscosity hypothesis is valid, the specific

Reynolds-stress tensor is expressed by

— 2

where v, is the kinematic eddy viscosity, k = lz};}l’.—is the turbulence kinetic energy (TKE),
2

S;=(0U;/0x;+0U,/0x;)/2 s the strain rate tensor, and J;; is the Kronecker Delta function. In this

study, the k-¢ two-equation model was chosen to close the equation system. The transport

equation for k and the turbulence dissipation rate ¢ are
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where Py is the production term, ¢ is the turbulence dissipation rate, and S, is the source term.
Variants of the k-e model differ mainly in the calculation of v,, P, and S, . This study chose the
most popular k-¢ models in urban studies for comparison [35,36]. Table 1 outlines the
formulations of the six chosen k-¢ based models without considering the buoyancy effect,
including the standard k-¢ model (SKE) and five variants featuring modifications related to

overproduction of TKE (KL, MMK, and DKE), spreading rate (Realizable k-, denoted RKE),
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137  and small scales of motion (RNG). The standard values of the model coefficients listed in Table
138 1 were initially determined by ensuring agreement with observations in fundamental flow
139  phenomena such as decaying homogeneous isotropic turbulence, channel flow, simple shear,
140  and pure extension [37]. These ‘standard’ coefficient sets may not be suitable for commonly
141  encountered issues such as airflow around buildings featuring impingement, separation, and
142 vortex shedding [38], and therefore they should be calibrated for better application in urban
143 problems. Unlike some previous studies which focused on only a few key coefficients instead
144 of the whole set [26,29] or reduced the unknowns using empirical formulae [24,25,27,28], the
145  present study calibrated all the listed coefficients for each turbulence model.
146
147  Table 1 Formulations and model coefficients of the turbulence models. The chosen models
148  were the most frequently used k-¢ models in urban studies.
Turbulence model v, Py S Coefficients
Standard k-¢ i v,82, € &2 Cyr Cop, Ca,
(SKE) [39] G S=/25,5;, CoghrCay 0 0,
Kato-Launder k-¢ v,SQ,
(KL) [40] 0= 20,9,
_1(oy; ou;
) ox; i Ox;
Murakami- K v,
Mochida-Kondo Cﬂ;(Q/SZI),
k-¢ (MMK) [41] e
Cﬂ ?§ (.Q/S<1)
Durbin k-¢ (DKE) | C,Tk, 1 2 Cy Cat, Coa,
[42] o (F L1 CapPrCop 04, O,y O
=min e’a\/gCﬂS .
Realizable k-¢ i &? Ay, Cpa, 04, 0,
(RKE) [43] G C,Se-Cyy P
C/f;*. C,=max [0.43, % ,
(See Shin et al. [43] for ’7255

detailed formulations
for 4, and U")




Re-Normalisation e e L& Cu» Co1, C,

Group k-¢ (RNG) Cu? Ca %Pk-ng;, AN

[44] * C/4773 (1_77/770)

Cy.= Gy, e
Ul
149
150  The gas dispersion is modeled by a convection-diffusion equation:
9 _2 (2, )X ©)
Ox; ox; [\Sc ~ Sc,/ ox;|
151 where C is the concentration, Sc is the Schmidt number, and Sc, is the turbulent Schmidt
152 number.
153 2.2 EnKF for model coefficient calibration
154  To fine-tune the model coefficients introduced in the above subsection, a calibration framework
155  was needed. This subsection provides a brief description of the optimization problem in the
156  calibration process and the EnKF approach to solve it.
157  The model coefficient calibration is based on an inverse problem aimed at finding the
158  coefficient set x?’ that leads to the CFD result that agrees most closely with the chosen
159  observation y, which can be constructed with point data for measured quantities or key
160  parameters such as the reattachment lengths. The inverse problem can be written as
x°P'=argmin J, with J(x) = || H(x)-y||?, @)

161  Where argmin means the argument of minimum, Jis the cost function, and H is the forward
162  operator which represents the mapping from the coefficient set space to the observation space
163 by the CFD simulation.
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From a Bayesian point of view, the solution of the inverse problem equates to finding the
posterior distribution P(x|y) by combining the data distribution P(y|x) and the prior distribution

P(x) and can be written as

P(xly) o< P(y|x)P(x). (8)
In this form, the inverse problem can be solved with the use of the EnKF approach. EnKF was
first introduced by Evensen [45] and was employed extensively in data assimilation studies.
Iglesias et al. [46] proposed the application of EnKF as a derivative-free optimizer for solving
inverse problems. The method is simple in its conceptual formulation and easy to implement.
A brief description is provided below.

EnKF is an ensemble method, which means that the prior statistics are represented by an
ensemble {x,f)}j]il in the kth step, where N is the ensemble size. In this study, each ensemble is

a collection of N coefficient sets, which are updated iteratively. Each sample x,(j) is updated as
X =xD+K(y - HY), 9)
where K is the Kalman gain matrix and calculated as
K =PH (HPH"+I) . (10)

Here, P is the covariance of the ensemble and 7" is the observation covariance error, which can
be determined from the variations of the measured quantities from repeated experiments.

The main loop of the EnKF calibration procedure can be summarized as follows:

1. Prepare the initial ensemble {xg)}j]ilaround the default coefficient set x,, with the use of a

sampling technique;
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2. For each ensemble member, solve the RANS equation to map the coefficient set to the
observation space and obtain H for the step;

3. Calculate the Kalman gain matrix K according to Eq. (10) and update the ensemble based
on Eq. (9);

4. Return to Step 2 until further minimization of the discrepancy cannot be achieved; and

5. Output the ensemble average as the calibrated coefficient set.

2.3 Wind tunnel experiment

The observation data introduced in the above subsection is often obtained from wind tunnel
experiments. Previous studies mainly used point data for various flow quantities as
observations. However, as mentioned in Section 1, it is meaningful to include the key features
of the airflow like the reattachment lengths in the optimization objectives. Since this study
included both calibration and generalizability tests, two datasets reporting the reattachment
lengths were needed. Wind tunnel experiments reporting the reattachment lengths both on the
roof and behind the building were scarce. Therefore, a wind tunnel experiment was conducted
to obtain the velocity field and the reattachment lengths.

The wind tunnel experiment was carried out in an open-circuit wind tunnel at Tianjin
University. The cross-section at which the measurements took place had effective dimensions
of 0.35 m in width x 0.225 m in height. A set of four triangular spires, designed in accordance
with Irwin’s approach [47], were mounted in the extreme upstream region. Seven thin bars
were attached horizontally to the spires to maintain the necessary turbulence intensity, with

inspiration from the lattice method for part-depth ABL flow simulation in wind tunnels [48].
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A roughness-element fetch was arranged downwind of the spires with cubes of decreasing
heights. After continuous adjustments to the spacings between the bars and the layout of the
roughness elements, an ABL flow profile was achieved. The vertical profile of the mean wind
velocity followed a 0.25 power law (Eg. 11). The profile of the streamwise turbulence intensity
I, followed the empirical equation (Eg. 12) suggested by the American Society of Civil
Engineers (ASCE) [49]. In Eq. 12, o;,(2) is the standard deviation of the measured velocity,
and the regional roughness height z, = 1.8x10™* m. Despite several measured values of , far
from the theoretical curve in the upper region, relaxing the requirement for 7, would not affect
the validation study since it is a common practice to prescribe the measured values, instead of
the theoretical profiles of the ABL, as the boundary conditions. Fig. 2 shows the measured

velocity and turbulence intensity profiles of the incident flow.
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Figure 2 Profiles of (a) velocity and (b) turbulence intensity of the formulated ABL flow
for the wind-tunnel experiment, which provides the training data for the calibration. The

formulated velocity profile follows a 0.25 power law (Eqn. 11) and the turbulence intensity

profile follows Eqn. 12 [49] with a roughness height z, = 1.8x10™ m.

After the successful formulation of the ABL flow, a 2:2:1 building model was established at
the position where the incident flow was measured. The windward facade was perpendicular
to the wind direction. The dimensions of the building model were 0.09 m in length and width,
and 0.045 m in height (H). Hot-wire measurements were conducted along nine vertical sample
lines around the building. The reattachment points on the roof (X;) and behind the building
model (Xr) were also located by probing along the centerlines close to the wall. Fig. 3 provides
a schematic view of the measurements. The measurements around the building model were
repeated three times on different dates for the determination of the mean and variance of each

quantity.
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All the measurements used a single-wire constant temperature anemometer (CTA) TSI IFA-
300 mounted on a traverse system. The sampling frequency was 40 kHz, and for each
measuring point, 2,097,152 samples were collected within one minute. The reference wind

speed of Un = 14.5 m/s ensured a building Reynolds number of Re=UH/v=43,500.

(a) (b)
Wind i i
X . Side View 2.0
o H
| x| 1.5
% Top View < | i i i
. y p X 1.0 :
Wind % “ .
—) 0.5
= .
: 08y 1 0 3 T2
L=2H WH

Figure 3 (a) Schematic of the wind tunnel experiment; (b) measurement locations. The streamwise

velocity magnitude measured at these locations was for the calibrations based on point values (PD).

2.4 Validation metrics

The validity of the turbulence models needed to be quantitatively assessed with various metrics.
This study employed the ‘hit rate’ value (HR) [50] and the so-called ‘factor of two’ value
(FAC2) [51] for quantitative comparison between the point values of simulation results (S7M\,)
and the experimental observation (£EXP;). Data points at which the model result differed from
the observation value within an allowed range were marked as hits’. The allowable range was
defined by a relative difference value (RD) and an absolute difference value (AD). The hit rate
(HR) was defined as the fraction of the ‘hits’ out of all the data points and was calculated using

the following equation:
15
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HR = —ZN,- with N=4 1 | EXP,
n

i=1 0, else

| <RD or |SIM-EXP;|SAD

The FAC2 was similar to the HR because it also counted the fractions of marked data points,
but the allowable difference was relaxed. In addition, data points with near-zero values were
also counted if the model result and experimental observation were both within an allowable

threshold (AD). The FAC2 was calculated using the following equation:

< (1,if 0.5< |%‘ < (14)
FAC2 = —ZN,. ith N, =4 i .
niL W il, if SIM, <AD and EXP,<AD
~ 0, else

The HR was chosen for the normalized velocity and normalized TKE, denoted HRy and HRy,
respectively. For the normalized airborne contaminant concentration, the FAC2 was chosen
and denoted FACZ2c, in light of the contrasting high and low values in the concentration field
and the frequent appearance of near-zero values. The RD value was 0.25 for the normalized
velocity and the normalized TKE. The AD values were 0.05, 0.017 [50], and 0.003 [51] for the
normalized velocity, the normalized TKE, and the normalized contaminant concentration,
respectively. An acceptable HR was defined as being no less than 66%, and an acceptable
FACZ2c as being no less than 50% [51].

In addition to the metrics for point values, the reattachment lengths on the roof (X;) and behind
the building (X7) were evaluated for the single-building cases. The reattachment length

prediction was deemed acceptable if it was within £25% of the measured value.
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3 Case setup

The previous section described the main calibration methods used in this study. For the
calibration of model coefficients and the generalizability evaluations, appropriate
configurations were required. This section describes the choice of test cases for generalizability

evaluation, the details of the CFD simulations, and the setup of the EnKF.

3.1 Test cases

The wind tunnel experiment described in Subsection 2.3 provided the training data for the
calibration process, and it is called the ‘training case’. The generalizability evaluations required
separate cases upon which the calibrations were not based (called ‘test cases’). The test cases
needed to be based on high-quality, comprehensive wind tunnel data for the velocity field,
turbulence field, and concentration field, better with measurements of reattachment lengths.
This investigation selected two test cases. Test case | was based on the benchmark case H
provided by the Architectural Institute of Japan (AlJ) [52], a 1:1:2 shaped building model with
a downwind release from a point source. Test case Il was based on AlJ case K [52], point-
source dispersion in a building array with a street canyon aspect ratio of unity. According to
the classification by Oke [53], the configurations in the training case and test case | correspond
to the “isolated roughness flow’ regime, featuring large-scale fluctuations and strong turbulence
owing to the interaction between the building wake and the ABL. In comparison, the
configuration of test case Il corresponded to the skimming flow regime featuring a stable vortex

and mild turbulence in each street canyon with little interference from the bulk. The test cases
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could be used to test the generalizability of the model for the two distinctive flow types. This
section describes the two test cases briefly.

In test case I, the targeted building was that of AlJ case K, a 1:1:2 model with a height H =0.2
m. The wind direction was perpendicular to the windward facade. The incident flow followed
the 0.25 power-law with a reference velocity at the building height Uy = 4.2 m/s. The flow
Reynolds number was 5.6x10%. Tracer gas was released from a point source 0.25H downwind
of the leeward fagade with a flow rate of ¢ = 5.83x10°° m3/s. The concentration of the released
gas was C,,=1.0% 10° ppm. A schematic of the experimental setup is shown in Fig. 4(a). Point
data for velocity (U), TKE (k), and tracer-gas concentration (C) was obtained on a vertical
plane in the middle (y = 0) and on multiple horizontal planes. The measured concentration C
was normalized by the reference concentration C0=Cgm,q/(H2 Up). Reattachment lengths on the
roof (Xr) and behind the building (Xf) were also measured. In test case I, the normalized
reattachment lengths (X.//H and X¢#/H) and point data for normalized velocity (U/Un),
normalized TKE (k/U%), and normalized concentration (C/Co) in the y = 0 plane were used for

validation. Fig. 4(b) shows the 207 data points in the y = 0 plane.
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Figure 4 (a) Schematic and (b) measurement points of test case I; (c) schematic and (d) vertical

sample line locations of test case II.

In test case I, the targeted building array was that of AlJ case K, represented by 9x9 cubic
blocks with the same height H = 0.06 m and a uniform spacing equal to H. The wind direction
was perpendicular to the windward facades. The incident flow had a reference velocity Uyt =
4.94 m/s at the reference height Hrer = 0.2 m. The Reynolds number defined by Urerand Hyes
was around 6.7x10*. Tracer gas was released from a point source in the center of the second
canyon with a flow rate of q=3.6><10'6 m3/s. The released gas had a concentration of
Coas=1x1 0° ppm. Fig. 4(c) is a schematic of the experimental setup. Point data for velocity (U),
TKE (k), and concentration (C) was obtained along vertical sample lines both in the canyons

and on the streets with a total of 203 data points. Fig. 4(d) shows the top view of the sample
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line locations. The measured concentration C was normalized by the reference concentration
Cozcgasq/(erfU,.ef). In Test case I, all the reported point values for normalized velocity

(U/Un), normalized TKE (k/U%), and normalized concentration (C/Co) were used for

validation.
3.2 CFD simulation setups

As mentioned in Subsection 2.2, the EnKF calibration process required iterative CFD
simulations of the training case. The calibrated coefficients were then used in the CFD
simulations of the two test cases described in the subsection above for the generalizability
evaluation. This subsection describes the computational domain, mesh generation, and
numerical setups of the CFD simulations.

For the training case and for test case I, the computational domain was set in accordance with
the AIJ guidelines [14]. The distances from the building to the inlet, the sides, and the top of
the domain were all set as 5H, and the distance to the outlet was 10H. For test case II, the
computational domain had the same setup as the wind tunnel experiment, since the building
models were placed very close to the two sides of the wind tunnel, and the effect of the
configuration on the airflow should be taken into consideration. The distances from the
building array to the inlet, sides, top, and outlet boundary were 4H. 1.5H, 15.7H, and 10H,

respectively. The outlines of the computational domains are shown in Fig. 5(a-c).
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Figure 5 (a-c) Outline of the computational domain and (d-f) regional view of computational

Ground otiet

grids for the training case, test case I, and test case II.

Computational grids of the three cases were generated by the open-source mesh generation tool
snappyHexMesh. Grid-independence studies (not shown here due to space limitations) were
conducted to ensure the grid insensitivity of X, Xs, U, and k. In light of the computational cost
of the calibration process, the mesh for the training case was as coarse as possible while
ensuring grid insensitivity. For the two test cases, fine meshes were chosen to provide better
resolution. The meshes employed for the training case and test cases | and Il had cell numbers
of 180,906, 1,420,509, and 2,055,383, respectively. The mesh details are shown in Fig. 5(d-f).
Further refinements of the meshes contributed to an offset of X within 5% and offsets of X;,
HRu, and HRk within 2%.

The simulations were conducted in the open-source code OpenFOAM-v2012 [54]. The inlet
boundary conditions for U and k were directly imposed by interpolating the measured profiles

of the incident flow, while the inlet profile of & was calculated from U and k using the empirical
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equations suggested by Mochida et al. [36]. At the side and top boundaries, the symmetry
boundary condition was applied. For the solid walls of the buildings, standard wall functions
were applied for k, ¢ and v,, respectively, while for the ground surfaces, zo-type wall functions
suggested by Richards and Hoxey [31] were applied. The values of the surface roughness
length zo in each case were estimated from the measured values of U and k closest to the ground
in the incident flow [36]. In terms of physical properties, v=1.5x10~ was set for air and Sc =
0.7 for the passive scalar representing the ethylene used in the experiments. A standard value
of 0.7 was used for Sct [21].

The simpleFoam solver based on the SIMPLE algorithm was employed to solve Egs. (1-5),
and then Eq. (6) was solved for the tracer-gas concentration field based on the steady-state
results for the airflow field. The central linear scheme was applied for gradient terms and
Laplacian terms. For the divergence terms, the second-order upwind scheme was used for U,
the Van Leer scheme for k and ¢, and the central linear scheme for C. The simulations were of
second-order accuracy. The convergence criterion was 10 for the residuals of all the variables.
An automatic post-processing script was used to obtain the reattachment lengths and point
values of simulated results. The reattachment points were located by sampling along the
streamwise centerlines on the roof and behind the building and finding the zero point for

velocity.
3.3 Calibration setup

The discrepancy between the CFD results for the training case and the observation data from

the wind tunnel experiment was imported to the EnKF for model coefficient calibration. This
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subsection describes the setup of the EnKF. The initial ensemble of the coefficient set was
generated using Halton sequence sampling [55] and ranged from 0.5 to 2.5 times the default
values of the coefficients. Natural logarithms were taken for localization to ensure that the
ensemble updates would not lead to negative values [56]. For example, in the calibration
process for RKE, In(ay), In(o,), In(C,,) and In(4,)) were worked upon. For each calibration,
the input of the observation array y was constructed using the mean values of the measured
quantities, while the observation covariance error I" was built using the variances of the
measured values from repeated experiments. The open-source code DAFI [57] was employed
to perform the EnKF loop. The stopping criterion was that the change of each parameter was
within 0.001.

As discussed in Section 1, the choice of the optimization objective is vital to the calibration
process. In addition, the ensemble size used in ensemble methods can have a crucial effect on
the results [58]. Before calibration of the six selected models that were introduced in Subsection
2.1, a preliminary test with respect to the choice of observation variables and ensemble sizes

was conducted to determine the suitable calibration setup (see Subsection 4.1).

4 Results

As described in this section, a preliminary test was conducted to determine the observation and
ensemble size for the main calibration. Next, the determined calibration setup was used to
calibrate the six selected turbulence models with the wind tunnel data for the training case.

Simulations of the training case and the two test cases were performed, using the original and
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calibrated coefficients. Validation metrics of the model results were compared to assess the

model performance.

4.1 Effects of chosen observations and ensemble sizes

As mentioned in Subsection 3.3, the proper choice of observations and ensemble sizes is vital
to a successful calibration. This subsection presents the preliminary test with respect to the
choice of optimization objectives and ensemble sizes. To minimize the uncertainty contributed
by complex interconnections among the model coefficients and allow a clear comparison, RKE
was chosen because it has the fewest model constants among the six models. Two observations
were considered, namely, the point data (PD) and reattachment lengths (RL). Observation PD
was constructed using a total of 229 values for the measured streamwise velocity magnitude
|U,| in the wind tunnel experiment and observation RL was constructed using two values, X
and Xr. The ensemble size should be determined from the number of model coefficients in each
model. A rule of thumb is to choose an ensemble size no less than ten times the number of
unknowns [59]. In this test, the selected ensemble sizes were 5, 10, and 20 times the number
of unknowns; therefore, for RKE with four coefficients, ensemble sizes of 20, 40, 80 were
chosen for comparison.

Six sets of RKE coefficients were obtained; they are compared with the original coefficients in
Table 2. The coefficient sets were named in accordance with the chosen observations and
ensemble sizes. For example, ‘PD20” means a calibrated coefficient set for which the point
data are the observation and the ensemble size is 20. Calibrations based on point data exhibited

an irregular pattern as the ensemble size increased, while calibrations based on reattachment
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lengths tended to converge. The calibration for RL20 failed because the ensemble size was

insufficient.

Table 2 Comparison of calibrated coefficient sets for Realizable k-¢ model using different
EnKF settings. ‘PD’ means the calibrations were based on the point data and ‘RL’ the

reattachment lengths. The suffix numbers 20, 40, 80 mean the ensemble size employed in the

EnKF.
Coefficient O o, Cy Ay
Set
Original 10 12 19 4.0
PD20 079 071 096 0.24
PD40 136 0.06 6.60 0.84
PD80 1.00 1.60 1.50 4.4
RL20 - - - -
RL40 150 0.21 260 0.68
RL80 159 033 215 0.69

The validation metrics for the training case using RKE with the obtained coefficients are
compared in Table 3. The original model exhibited a satisfactory hit rate but greatly
overpredicted both Xrand Xs. Among the calibrated models, PD40 had the highest hit rate, while
RL40 was the most accurate in reproducing the two reattachment lengths, with a slightly lower
hit rate than that when the original model was used. Models calibrated with 20 or 80 ensemble
members either failed to converge in the simulations or produced less satisfactory results.
Therefore, PD40 and RL40 were seen as representative for each corresponding optimization
objective and were further compared. Fig. 6 depicts the normalized streamwise velocity
magnitude distributions using the original model, PD40, and RL40 and compares them with

the measured values. The original and RL40 underpredicted the velocity overall, while PD40
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delivered better agreement with the measured values, mainly in the wake region. However,

PD40 overpredicted the velocity on the roof.

Table 3 Comparison of normalized reattachment lengths (X:/H and X¢/H) as well as hit rate for
velocity (HRu) for the training case using Realizable k-¢ with original and calibrated coefficient

sets for different EnKF settings.

Validation metrics Xi/H (on the roof)  X¢/H (behind the building) HRu (%)
Value  Offset v Offset (%)
0 alue
(%)

Original 0.49 +69.9 2.89 +88.15 82.54
PD20 0.12 -61.04 1.31 -14.71 75.11
PD40 0.32 +3.90 1.75 +13.93 85.59
PD80 - - - - -
RL20 - - - - -
RL40 0.31 +0.65 1.59 +3.52 81.66
RL80 0.33 +7.14 1.67 +8.72 79.91
Exp. (present study) 0.308 1.536

2.00 3

Measured |
1.751 —— oOriginal
PD40

L | - RL40

1.25 v g
< 1.00 z Zf

0.75

0.50 .

0.25

0.00 - — z 1 ) 3 3 T

Figure 6 Vertical profiles of normalized streamwise velocity magnitude (|U,|/Uy) in the
vertical section y = 0 using three sets of RKE coefficients and measured experimentally, for
the training case (2:2:1 building model). This comparison exhibits the effect of the

optimization objectives.

According to the preliminary test, when the reattachment lengths were chosen as the

observation parameters, the EnKF successfully found the coefficient set that simultaneously
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reproduced both X: and Xr accurately. It is also apparent that for the RKE model, optimal
reproduction of the reattachment lengths and the velocity field at the same time was not
possible. Since an accurate reproduction of the recirculation zones is essential for predicting
airborne pollutant transport, the reattachment lengths were prioritized and chosen as the
optimization objective for the rest of the study. The ensemble size for each model was
determined as ten times the number of unknowns since this size yielded a stable calibration

process and produced reasonably good results.

4.2 Calibration of coefficients in selected turbulence models

With the EnKF setup as determined in the previous subsection, the chosen k-¢ based models
were calibrated. The coefficients for each model before and after the calibration are listed in
Table 4. For clarity, the models with original coefficients are called ‘original models’ and have
the suffix ‘O’. Those with calibrated coefficients are called ‘calibrated models’ and have the
suffix “C’. Simulations of the training case using the original models and calibrated models
were conducted. Table 5 shows the validation metrics of the results using different turbulence
models before and after the calibration. None of the original models passed the validation in
this case, since they all strongly overpredicted X: by at least 50%. The original models also
failed to reproduce X:, with the exception of KLO. The HRy values of the original models all
exceeded the required minimum of 66%. After the calibration, the predictions of both X; and
Xt exhibited significant improvements for all the models. Before and after the calibration, HRy

was maintained at the same level for SKE, RKE, DKE, and KL, while improvements no less
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than 10% were observed for RNG and MMK. All the calibrated models passed the validation,

and thus the calibrations were successful.

Table 4 Original and calibrated coefficients in selected RANS-based turbulence models. The

models with original coefficients were with the suffix ‘O’ and those with the calibrated

coefficients were with the suffix ‘C’. See Table 1 for the abbreviations for the turbulence

models.
Model o Ca Co ok Oc Ao a S 70
coefficients
SKEO 0.09 1.44 192 1.00 1.30 - - - -
SKEC 0.04 331 642 198 0.70 - - - -
RKEO - - 1.90 1.0 1.2 40 - - -
RKEC - - 26 150 0.21 0.68 - - -
RNGO 0.0845 1.42 168 0.71942 0.71942 - - 0.012 4.38
RNGC 0.03 143 471 1.24 0.38 - - 0.011 8.71
DKEO 0.09 1.44 192 1.00 1.30 - 1.00 - -
DKEC 0.15 0.38 137 2.88 0.70 - 041 - -
KLO 0.09 1.44 192 1.00 1.30 - - - -
KLC 0.048 281 516 211 0.93 - - - -
MMKO 0.09 1.44 192 1.00 1.30 - - - -
MMKC 0.13 557 7.81 1.26 3.04 - - - -

Table 5 Comparison of normalized reattachment lengths (X./H and Xi/H) and hit rate for

velocity (HRu) using different turbulence models for the training case (2:2:1 building model).

Validation metrics Reattachment lengths Point value
Xt/H (on the roof) Xi/H (behind the building) HRuy (%)
Value  Offset (%) Value  Offset (%)
SKEO 0.19 -38.31 2.32 +51.04 84.28
SKEC 0.27 -12.34 1.53 -0.39 85.15
RKEO 0.49 +59.09 2.89 +88.15 82.54
RKEC 0.31 +0.65 1.59 +3.52 81.66
RNGO 0.19 -38.31 2.30 +49.74 69.87
RNGC 0.31 +0.65 1.55 +0.91 83.84
DKEO 0.66 +114.29 2.43 +58.20 83.41
DKEC 0.33 +7.14 1.56 +1.56 80.35
KLO 0.36 +16.88 2.58 +67.97 82.96
KLC 0.34 +10.29 1.79 +16.54 82.53
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MMKO 0.58 +88.31 2.60 +69.27 69.87
MMKC 0.35 +13.64 1.56 +1.56 82.10
Exp. (present study) 0.308 - 1.536 - -

4.3 Test case |

To determine the generalizability of the calibrated models to a single building with a different
aspect ratio, simulations of test case | were conducted using the original and calibrated models.
Table 6 shows the validation metrics for this case. The original models greatly overpredicted
Xz, by at least 67.64% (DKEO) and up to 93.88% (RKEQ). In addition, the original models
underpredicted X, significantly, with the exception of RNGO, which predicted X exactly. Most
of the original models had reasonable HRu. Still, none of the original models had an acceptable
HRk, and the only original model that met the requirement for FAC2c was DKEO. In
comparison, the calibrated models all provided accurate predictions of X, with discrepancies
as low as 2.04% (RKEC and SKEC) and as high as 18.37% (MMKC), indicating a significant
improvement over the original models. However, in terms of X, most of the calibrated models
provided results that were only slightly better (SKEC, DKEC, and KLC) or that were even
worse (RKEC and RNGC). Only MMKC reproduced an adequate X, that met the requirement.
HRu remained at almost the same level before and after the calibration. HRk exhibited
significant improvements for RKE, DKE, KL, and MMK but declined for SKE and RNG after
the calibration. Once again, the only model that met the requirement for HRx was MMKC. With
respect to FAC2c, the calibrated models exhibited considerable improvement over the original
models, with the exception of RKEC, and surpassed the required minimum. In the simulations

of test case I, the only model that passed the validation was MMKC.
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Table 6 Comparison of normalized reattachment lengths (Xi/H and X¢#H), hit rates for velocity
and turbulence kinetic energy (HRu and HRy) as well as the ‘factor of two’ value for

concentration (FAC2c) using different turbulence models for test case I (1:1:2 building model).

Validation Reattachment lengths Point value
MEUICS  y/H (ontheroof)  XdH (behind the building) '?O/RO)U Z',/ff)k Fﬁ,z)zc

Value Offset Value Offset (%)

(%)

SKEO 0.09 -66.17 1.17 +70.55 68.12 3333 47.83
SKEC 0.17 -36.09 0.7 +2.04 7053 3237 61.35
RKEO 0.08 -69.92 1.33 +93.88 6135 285 24.15
RKEC 0.03 -88.72 0.7 +2.04 70.05 56.52  29.95
RNGO 0.26 -2.26 1.23 +79.30  70.05 4251  45.89
RNGC 0.19 -28.57 0.81 +18.08 7295 33.33  55.56
DKEO 0.15 -43.61 1.15 +67.64  69.57 39.62 50.72
DKEC 0.18 -32.33 0.63 -8.16 7391 4202 61.35
KLO 0.16 -39.85 1.26 +83.67 68.12 38.16  46.38
KLC 0.16 -39.85 0.77 +12.24 7198 50.24 61.35
MMKO 0.1 -62.41 1.17 +70.55  70.04 4396 47.34
MMKC 0.22 -17.29 0.56 -18.37 715 6812 6232
Exp. 0.266 - 0.686 - - - -

Fig. 7 to 9 compared the contours and vertical profiles at the chosen locations of the normalized
velocity, normalized TKE, and normalized concentration in the vertical plane y = 0 using SKE
and MMK with original and calibrated coefficients with the experimental data. These two
models were chosen because SKE is the basic formulation of the k-¢ model, while MMKC was
the only model that passed the validation for test case I, since it was the only model that met

the requirement both for X and HRx.
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Figure 7 Contours of normalized velocity magnitude (U/Un) using (a) SKEO, (b) SKEC, (c)
MMKO, (d) MMKC, (e) determined experimentally (remade from the database [52]), and
() vertical profiles of normalized streamwise velocity, in the vertical plane y = 0 for test case
I (1:1:2 building model).

488

31



WU,

00 002 004 006 008 01 012 014 017
|

Experiment

01 02 o.bs 0.10 015
KIU?
Measured w== SKEQ® ~—— 'SKEC -== MMKO —— MMKC
Figure 8 Contours of normalized turbulence kinetic energy (k/U?) using (a) SKEO, (b)
SKEC, (¢) MMKO, (d) MMKC, (e) determined experimentally (remade from the database
[52]), and (f) vertical profiles of normalized turbulence kinetic energy, in the vertical plane

y = 0 for test case | (1:1:2 building model).
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Figure 9 Contours of normalized tracer-gas concentration (C/Co) using (a) SKEO, (b)
SKEC, (c) MMKO, (d) MMKC, (e) determined experimentally (remade from the database
[52]), and (f) vertical profiles of normalized tracer-gas concentration, in the vertical plane

y = 0 for test case | (1:1:2 building model).

As shown in Fig. 7, the distributions of the simulated velocity using SKEO and MMKO were
very similar, and a similarity was also observed among all the original models (not shown).
Furthermore, all the calibrated models predicted the velocity field with slight differences. The
results of the original models differed from those of the calibrated models mainly in the
recirculation regions, which can be more clearly identified in the verticle profiles of the
streamwise velocity as shown in Fig. 7(f). The accurate prediction of the reattachment length

behind the building by the calibrated models contributed to the better agreement with the
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measured streamwise velocity in the far-wake of the building, for example, at x/H = 1.0.
However, the improvement was not global. For example, at x’H = 0.5 in the near-wake,
decreased accuracy was observed for the calibrated models.

Unlike the observed pattern in the velocity field, the distributions of TKE differed significantly
among the models, as depicted in Fig. 8. SKEO greatly overpredicted the TKE in the
impingement region of the windward wall, where there was only a slight overprediction by
MMKO. Neither SKEO nor MMKO reproduced the peak value of TKE above the central area
of the roof. The distributions of TKE behind the building predicted by SKEO and MMKO were
very similar, both with apparent underprediction. After the calibration, the overprediction of
TKE in front of the windward wall by both models was mitigated, but the overprediction by
SKEC was still extreme. The spread of the overpredicted TKE from the upwind corner to the
roof by SKEC was greater than that by SKEO. The overprediction was transported further
downstream to the wake region, where an enormously exaggerated TKE can be observed for
SKEC. The overprediction of TKE on the roof and in the building wake was also observed for
other calibrated models (not shown), with the exception of MMKC, which reproduced a
distribution of TKE on the roof and behind the building that agreed well with the experimental
data.

For the tracer-gas concentration field shown in Figure 9, differences in the results for different
models were observed mainly near the gas source, near the leeward wall, and in the far region
of the wake. All the models overpredicted the concentration near the gas source. The

overprediction was transported upward, and thus an over-contaminated leeward wall was

34



519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537
538

predicted by SKEO and MMKO. The overprediction of concentration at the leeward wall was
mitigated for SKEC and MMKC, with MMKC predicting a vertical concentration distribution
near the leeward fagade that agreed well with the experimental results (x’H = 0.05). The passive
scalar was not accurately transported downstream by SKEO and MMKO (x/H = 0.5, 1.0). In
comparison, the ground-level concentration distribution reproduced by SKEC and MMKC was
in better agreement with the experimental data. However, none of the turbulence models
reported the concentration distribution in the upper region of the wake as it was observed in

the experiment. All the models overpredicted the concentration in this region.

4.4 Test case Il

For evaluation of the generalizability of the calibrated models to a building array, simulations
of test case Il were conducted using the original and calibrated models. Table 6 lists the
validation metrics for this case. Most of the original models predicted turbulence and tracer-
gas concentration fields that agreed well with the experimental data. However, none of the
original models met the requirement for HRu, and thus they did not pass the validation for case
I1. In comparison, most of the calibrated models were more accurate in reproducing the airflow
field and concentration field. The highest HRuy and FAC2c were both achieved by MMKC.
However, all the models predicted the TKE less accurately after the calibration. The calibrated
models that passed the validation were SKEC, DKEC, and MMKC, among which MMKC had

the highest HRu, HRy, and FAC2c.
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Table 7 Comparison of hit rates for velocity and turbulence kinetic energy (HRy and HRx) as
well as the ‘factor of two’ value for concentration (FAC2c) using different turbulence models

for test case Il (building array).

Validation metrics  HRu (%) HR« (%) FAC2c (%)

SKEO 62.07 84.23 64.53
SKEC 85.71 67.98 70.44
RKEO 46.31 83.25 68.97
RKEC 39.90 81.77 71.43
RNGO 53.69 80.30 63.55
RNGC 69.46 66.01 42.36
DKEO 63.05 84.24 64.53
DKEC 84.23 80.78 62.56
KLO 63.05 84.23 65.51
KLC 89.16 58.12 71.92
MMKO 62.56 83.25 66.50
MMKC 90.64 67.98 83.74

The normalized scalar velocity, normalized TKE, and normalized concentration in the canyons
downwind of the release point (y = 0) using SKE and MMK with original and calibrated
coefficients are compared with experimental data in Fig. 10. Figs. 11 to 13 compare the
contours of the quantities in the same plane using MMK with original and calibrated
coefficients. The velocity distributions in the canyons predicted by the four turbulence models
were very similar (Fig. 10(a)), all agreeing well with the experimental values, especially at
ground level. MMKC predicted a decreased velocity level compared to MMKO, near the
leeward facade of the downwind building and therefore a different vortex structure (Fig. 11).
The TKE predictions differed greatly between the original and calibrated models, as shown in
Fig. 10(b). The original models reproduced the TKE distribution quite well. In contrast, the
calibrated models predicted only the TKE at ground level with acceptable accuracy and
overpredicted the TKE in the upper regions. Fig. 12 illustrates a higher level of TKE for
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MMKC not only in the canyon but also in the bulk stream and the impingement region of the
leeward building. When it came to the gas dispersion in the canyons (Fig. 10(c)), all the models
overpredicted the concentration level at the location where the gas was released (x = -2.5H).
The measured normalized concentration had a global peak value of 205.68 only in the
proximity of the source. Both the original and calibrated MMK strongly overpredicted the
concentration in the canyon where the gas was released, as shown in Fig. 13. An over-
contaminated leeward wall of the upwind building was predicted by MMKO, while MMKC
mitigated the overprediction, similar to the observation in test case | as illustrated in Fig. 9. In
the first (x =-0.5H) and second (x = 1.5H) canyons downwind of the source, the original models
overpredicted the concentration level, while the calibrated models achieved better results. In
the third (x = 3.5H) and forth (x = 5.5H) canyons, all four models predicted the concentration

distribution accurately.
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Figure 10 Vertical profiles of (a) normalized velocity magnitude (U/Uyre), (b) normalized
turbulence kinetic energy (k/U; ef) and (c) normalized concentration (C/Co) in (d) the vertical

lines in the canyons downwind of the source (y = 0), for test case Il (building array).

Wrer e e——
Figure 11 Contours of normalized velocity magnitude (U/Uye) in the y = 0 vertical plane using

(a) MMKO and (b) MMKUC, in the canyon where the gas was released, for test case Il (building

array).
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Figure 12 Contours of normalized turbulence kinetic energy (k/Ufef) in the y = 0 vertical plane
using (a) MMKO and (b) MMKUC, in the canyon where the gas was released, for test case Il

(building array).
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Figure 13 Contours of normalized concentration (C/Co) in the y = 0 vertical plane using (a)
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elease point

MMKO and (b) MMKC, in the canyons downwind of the source, for test case Il (building

array).

5 Discussion

In the preliminary test for the appropriate EnKF calibration setup, the calibrated coefficients
based on velocity point data exhibited an irregular pattern as the ensemble size increased. In
contrast, the calibrated coefficients based on the reattachment lengths tended to be independent
of the ensemble size. The possible reasons are as follows. As pointed out in previous studies,
the two-equation models have inherent shortcomings [25,27,28]. They cannot be forced to
achieve a perfect match with the whole dataset simply by tuning the model coefficients. As a
result, the prediction accuracy of different quantities at different locations can be conflicting,
making the EnKF optimizer unstable or even diverge. It is stable to choose only a single
quantity like the streamwise velocity magnitude for point-data-based calibration. Moreover, in
this study, there were uncertainties in the point data for the streamwise velocity magnitude

measured by the single-wire CTA, especially in the low-velocity regions. The single wire CTA
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measures the ‘mean magnitude’ of the streamwise velocity, while SRANS predicts the
‘magnitude of mean’. The mismatch in the low-velocity regions could have been considered in
the calibration process by relaxing 7" in Eqn. 10 for improved stability. However, this handling
would not necessarily contribute to better results. Models calibrated against point data in
Shirzadi et al. [27] and Shirzadi et al. [28] still overpredicted Xtby around 30% in their training
case. In contrast, the optimization objective of reattachment lengths is straightforward and
easier to meet. It is reasonable to prioritize the accurate prediction of reattachment lengths,
since they are key features of the airflow, and the velocity field cannot be perfectly reproduced
with either observation setup.

The generalization from the training case (2:2:1 isolated building) to test case | (1:1:2 isolated
building) was successful only for MMKC. 1t is indicated that the calibration of model
coefficients is meaningful for generalizability only when the turbulence model is suitable for
the problem in a formulation sense. In the wake region, although all the calibrated models
accurately predicted Xt in test case I, most of them exaggerated the TKE behind the building,
except for MMKC. In terms of the impingement region, most of the calibrated models could
not predict X, as accurately in test case I as in the training case. The generalizability concerning
X is challenging since X is not only related to the building aspect ratio, but also the inflow and
predicted turbulence level at the building height. MMK has a well-formulated production
limiter, which takes effect not only in the upwind impingement region but also in the lower
part of the recirculation region behind the building where Q/S <1 [41]. In comparison, KL has

the flaw of inconsistency between the modeling of Pk and the Reynolds stress [41], and the
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limiter of DKE takes effect only in the upwind impingement region [60]. Results in this study
seem to suggest that MMKC is the only model that exhibits strong potential for generalizability
to other single-building problems. The performance can be hardly achieved by the original two-
equation models. The generalization to test case Il seems a bigger leap, in light of the pitfall
contributed by distinctive flow features [23]. For single building problems, the large-scale
unsteady motions in the wake of the building cannot be resolved by SRANS, which is the main
reason that SRANS underpredicted TKE in the wake and overpredicted X; [61]. The calibrated
models compensate for, often with exaggerations of, the underpredicted TKE to achieve an
accurate Xs. However, the compensation for the single-building isolated roughness flow is not
compatible with the street canyon skimming flow, since the large-scale flow structures are not
dominant and the turbulence should be stabilized by the steady vortex in the canyon. Urban
airflow comprises combinations of isolated flow, wake-interference flow, and skimming flow
[53]. It is understandable that in Shirzadi et al. [28], calibrations for the same model based on
different urban problems such as wind around a single building, street canyon flow, and cross-
ventilation produced distinctive coefficient sets. The incompatibility issue requires further
modifications to the model formulations for a seamless adaption, accompanied by coefficient
calibrations. The comprehensiveness of the measured data in the two test cases facilitated the
awareness of the several generalizability issues. However, one limitation of the chosen test
cases is that the simplified geometries cannot fully represent real urban topologies. Future
works will test the model performance in real urban domains after addressing the challenging
incompatibility issues.
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In previous studies, sensitivity analysis concerning one single coefficient can help to analyze
the contribution of the tuning [27,29,33]. However, for the change of the whole set of
coefficients, it is difficult to analyze the mechanism since the effects of the multiple coefficients
are interconnected. Common patterns of the coefficient change cannot be directly identified
(Table 4). Multi-parameter sensitive analysis may provide additional information. The
dispersion modeling in this study employed the standard Sc: value of 0.7. Previous studies
tended to use smaller values of Sct for urban dispersion problems to compensate for the
underprediction of TKE by RANS-based turbulence models [21]. This compensation approach
cannot be generalized and may lead to misleading results in different cases. A change of Sct
value from the standard one can only ensure improved accuracy at limited positions while
leading to worse results at the rest regions [62]. So the standard value was used in the present
study and no sensitivity analysis concerning Sctwas conducted. However, since the Sc: value
should not be global, more advanced Sc: formulations may yield better results [63,64].
Furthermore, steady RANS cannot reproduce the fluctuation of flow properties, which is vital
for the accurate prediction of airborne pollutant dispersion [65]. Transient simulations such as
unsteady RANS may provide better results. Whether the calibrated model constants for steady

RANS can be readily applied to transient simulations requires further investigation.

6 Conclusions

In this study, the EnKF approach was adopted to calibrate turbulence model coefficients for

urban problems. To optimize the accuracy and generalizability of the obtained model, both the
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effects of optimization objectives and the turbulence model formulations were especially
considered. The conclusions are as follows:

With proper setup with respect to ensemble sizes and optimization objectives, the EnKF
approach can be successfully employed in the calibration of turbulence model coefficients for
urban problems. An ensemble size 10 times the number of model coefficients was sufficient
for a stable calibration. Prioritizing the key features of airflow in the observation setup can
further improve the reconstruction of experimental data, exhibiting greater effectiveness than
commonly employed point-data-based approaches for coefficient calibration.

The generalizability of the calibrated turbulence models is closely related to their formulations.
The generalization within the isolated roughness flow regime can be realized, provided that the
model formulation is suitable. For a single-building test case with a different aspect ratio,
different calibrated models exhibited distinctive generalizability. All the calibrated models
maintained the accuracy of the reattachment length behind the building (X), but they often
predicted an exaggerated TKE in the building wake. Furthermore, most of the models exhibited
poor generalizability when it came to the reattachment on the roof (X;). The only model that
provided an acceptable prediction of X, and TKE was MMKC, which was also the most
accurate in predicting tracer-gas concentration in this case.

A distinctive flow regime can also lead to generalizability issues. In the building-array test
case, all the calibrated models overpredicted TKE, except in the ground-level regions. The
generalizability of the models calibrated against a single-building case is believed to be limited

for multi-building problems, despite the fact that most of the calibrated models yielded
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improved results for velocity and tracer-gas concentration in the building-array simulation. The
generalization from the isolated roughness flow regime to the skimming flow regime requires
further modifications to the model formulation.

The turbulence model finally identified by this study is MMKC, which exhibits strong potential
for generalizability to single-building problems. Future studies should focus on modifying the
model formulation to make it generalizable across a broader range of urban problems, taking
complex building topology and different urban airflow regimes into consideration. In addition,

the applicability of the calibrated coefficients for transient simulations should be investigated.
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