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Abstract

In this paper, we investigate the application of probability density function (PDF) Monte Carlo methods to scalar
release from small sources in a turbulent flow spanning a large physical domain. This is a typical situation encountered
when modeling the dispersion of a gaseous substance in the atmosphere. Monte Carlo PDF methods have recently been
applied to atmospheric modeling responding to the need for predicting the higher statistics and the concentration PDF
generated by the continuous release of reactive and non-reactive substances. In this work we introduce some optimized
numerical techniques based on the paradigm that the main field of interest is the scalar field and not the fluid dynamic
field; the scalar are considered dynamically passive and the statistical characteristics of the turbulence velocity field are
assumed known. These techniques are a block-structured grid coupled with a particle splitting/erasing algorithm and a
localized time stepping. The proposed technique is different from others presented before since the particle splitting and
erasing is done in a more straightforward and consistent manner. This method has been applied to the study of scalar dis-
persion from localized line sources in a canopy generated boundary layer. The line source has been treated as a point
source in a two-dimensional space but the extension to three dimensions is straightforward. Our framework allows for
an evaluation of the effects induced by different levels of discretization in the velocity space of the involved micro-mixing
model, starting from the interaction by the exchange with the mean (IEM) toward the more physically consistent interac-
tion by exchange with the conditional mean (IECM). Therefore, aside from the algorithm description and a complete
numerical analysis of the code, a comparison between the IEM and IECM micro-mixing models has been investigated.
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Nomenclature

a; drift coefficient

by diffusion coefficient

By bybpl2

By bias

bo bias coefficient

Co Kolmogorov constant for the Lagrangian velocity structure function
C. Richardson—-Obhukov constant
Cy micro-mixing constant

d; relative expansion

Dy discretization error

Yo deterministic error for Q

e turbulent kinetic energy

6o computational error for Q

Jou velocity-composition joint PDF
modelled fluctuating velocity PDF

14 modelled fluctuating composition PDF

fin modelled fluctuating velocity-composition joint PDF
L Lagrangian PDF

g gravitational acceleration vector

io cell index

% kernel function

/ subgrid index
L length scale of most energetic eddies
L.,L, domain dimensions

m computational weight
n particle splitting factor
Ny, number of subgrids
N, total cell number

b total number of particles
Ng” number of particles in cell i,

Ny, number of velocity cells in u; space

0 generic quantity

2 source emission factor

q1 probability for a particle to survive in SE algorithm
q> probability for a particle to be erased in SE algorithm
() mean pressure

p' fluctuating pressure

o autocorrelation function of the process Q

Ro variance reduction factor for time averaging

Lo statistical error for Q

S, oth scalar source/reaction term

t time variable

84m) 2 dimensional calculation time for each time step

té? Q signal correlation time

TL Lagrangian integral time scale

Tav averaging time

T, time to reach stationarity

T; local particle age
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local residence time of particle j in every cell
velocity

sample space for velocity

fluctuating velocity

sample space for fluctuating velocity
horizontal component of velocity

vertical component of velocity

horizontal component of fluctuating velocity
vertical component of fluctuating velocity
modelled fluctuating velocity

mean velocity

ith spatial coordinate

modelled position

initial particle position

mean plume height

state vector of (x;u;, ¢,) process

sample space of Z

statistical error slope

local time coefficient

global time coefficient

Dirac delta

Kronecker delta

global time step

local particle time step

cell dimensions

velocity space transformation angle
molecular diffusion of «

dissipation rate of turbulent kinetic energy
turbulence time scale

Reynolds stress tensor

Lagrangian integral time scale
micro-mixing time scale

dissipation time scale of concentration variance
variable for drift coefficient definition
standardized random variable

composition variable for o

modelled random variable for a particle composition
source composition

micro-mixing term for oth scalar species
sample space variable for ath scalar species
density of fluid (air)

scalar source coordinates

kinematic viscosity

locally averaged velocity variance

scalar source size

mean plume depth

instantaneous plume spread

u; standard deviation

relative velocity fluctuation

standard deviation of ¢

standard deviation of transformed fluctuating velocities
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Lij inverse of Reynolds stress tensor
& n transformed fluctuating velocities
¢ Wiener process

() ensemble average

(-]-) conditional ensemble average

cell average
B time average
[r relative error

1. Introduction

The probability density function (PDF)/Monte Carlo method is a useful technique for chemical engineering
applications, and more in general in such disciplines where complex turbulent reactive flows are studied
[10,24,26]. This is the case, for example, of atmospheric dispersion modelling, where the behavior of many
reactive species in high Reynolds number turbulent flows has to be predicted. Nevertheless the application
to the atmospheric dispersion problem has been investigated only recently [2,14,17].

In general, the strength of the PDF approach lies in the ability to deal exactly with chemical reactions and
to reproduce all one-point statistical properties (i.e., one-point PDF) of the related concentration field. This
means that unclosed terms do not arise in the equation due to chemical reaction.

Here, we use a velocity-composition joint PDF approach in which the one-point statistics of both velocity
and concentration are considered. In the standard method [26,29] both the PDF of velocity and that of con-
centration are considered unknown. Here we modify this method by coupling the Thomson’s [40] approach
for the motion of fluid particles with a standard PDF technique for the concentration. In other words, we
are actually using an assumed shape for the velocity PDF while we are dealing with an unknown PDF of
the concentration. This kind of coupling has shown to be very powerful when the turbulence structure is suf-
ficiently predictable and main flow statistics are available from measurements [2-5].

In the Lagrangian PDF/Monte Carlo approach a large number of particles are moved in the computational
domain while solving a system of stochastic differential equations (SDEs) for position, velocity and concen-
tration carried by each particle. By some sort of grid-averaging procedure we obtain a discretized velocity-
composition joint PDF which represents the solution of the studied problem. To obtain meaningful solutions
an adequate number of particles must be used in the averaging.

In many practical cases the computational requirements of PDF technique can become very high due to the
dimensionality of the problem, the number of the chemical species involved and the need to adequately resolve
inhomogeneity in the flow and/or scalar fields. In such a case optimized computational techniques have to be
applied. Some studies have been devoted to this topic (see e.g. [18,15,22,31]).

The use of an assumed velocity PDF to move particles in a turbulent flow is a standard procedure in atmo-
spheric application (see e.g. [42]) and allows us to introduce a PDF/Monte Carlo algorithm specifically opti-
mized for the efficient computation of the properties of the scalars field. We note that the sources size of scalars
emitted in the atmosphere is usually very small compared to the size of the domain interested by the dispersion
thus imposing severe limitations to the applicability of non-optimized PDF methods.

In the present work we model the dispersion of a dynamically passive (i.e., not altering the flow field) non-
reacting scalar released from a small and localized (point) source in a two-dimensional space; this can be con-
sidered as a prototype of real world applications. In the region close to the source a high level of detail is
required while in zones away from the source coarser grid can be used. For this purpose a non-homogeneous
block-structured grid is employed and coupled with a particle splitting and erasing technique. These tech-
niques are useful for the reduction of computational errors in smaller cells and more generally for the optimi-
zation of the particle distribution/localization within the computational domain. We note that the use of an
unstructured grid would be also possible but an unstructured grid requires more expensive computational pro-
cedure to locate particles and does not allow an efficient treatment of the particle splitting and erasing. For
example in [18] a mass sorting algorithm was used in each cell before application of the particle splitting
and erasing. With a block-structured grid this is not needed, and the correct particles density is maintained
in a straightforward manner as we will see in detail in Section 3. Moreover, in the application related to atmo-
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spheric scalar dispersion there is no need of the extra flexibility allowed by unstructured grid that, on the con-
trary, can be fundamental when fluid dynamic calculations are involved.

A complete numerical analysis of the algorithm is performed following the work of [43] to accurately eval-
uate the effects of the block-structured grid and particle splitting and erasing technique. Besides the numerical
analysis a comparison is performed between discretized versions of two micro-mixing models: interaction by
exchange with the mean (IEM) and interaction by exchange with the conditional (over the velocity) mean
(IECM). We point out that from a discretized point of view the IEM could actually be viewed as a [IECM
model with only one velocity class. A micro-mixing model represents a fundamental part of composition
PDF modeling because it simulates the dissipative effects of scalar fluctuation associated with turbulence
and molecular diffusivity. What will appear from the analysis is that even a small increase in the number of
velocity classes used (from one to three) gives a great improvement in the model results.

In the next section the PDF transport equation is introduced and the relationships with a system of SDEs
are discussed. Section 3 introduces the numerical algorithm. The numerical analysis is conducted in Section 4.

2. PDF approach
This section introduces the fundamental concepts of the PDF modelling applied to turbulent dispersion.
2.1. Basic equations

The exact transport equation for the one-point joint velocity-composition PDF, f, = fit,x; Vi, ,), of an
incompressible fluid is

fpu o

Afpu 1 9(p)\ v
e ey T ( iy axi> ov, tay VeuS:W)
o (. 1 op d
=~ <f¢U<VV2Ui —;a—i Z = z>) T, (fou (T V20,1 Z = z)), (1)

and can be obtained with standard methods from the Navier—Stokes equation and the scalar transport equation
(see [29)). In this equation x; represents the physical space variable, U; the instantaneous velocity variable with
its sample space V;, ¢, the composition variable with sample space . {p) is the mean pressure and p’ is the
pressure fluctuation. Z stands for the vector state considered in the PDF, thus Z = (U, ¢) and (4| Z = z) repre-
sents the ensemble average of the generic variable 4 conditioned on the realization of the vector state z = (V, y).

The left-hand side (LHS) of this equation is completely closed while the right-hand side (RHS) terms are
not closed because of the unavailable two-point information that defines conditioned mean Laplacians [20].
Consequently, to solve Eq. (1) these terms need to be modelled. The RHS terms are respectively the conditional
acceleration and conditional diffusion [29,10].

In general the solution of a modelled (closed) counterpart of Eq. (1) using standard PDE techniques (finite dif-
ference, finite volume) is computationally intractable since a great number of dimensions are involved (see e.g.
[10]). For example for our case of a statistically stationary two-dimensional flow with only one scalar a five-dimen-
sional grid would be required. The solution is more easily achieved using Monte Carlo techniques. Here we use
a Lagrangian Monte Carlo method to simulate by a stochastic integration the trajectories of a sample of ““fluid
particles” and obtain the solution of the PDF transport equation by some sort of averaging operation [10,21].
Here, a fluid particle is intended to be a point moving with the fluid, with the local continuum fluid properties [29].

It is very important to underline the difference between true fluid particles and simulated fluid particles.
Simulated fluid particles represent the real fluid only in a statistical sense; for example if we follow the trajec-
tory of a modelled particle in the physical space we see that it is very different from that of a real fluid particle
although one point statistics of the velocity field could be identical.

The stochastic system that simulates the evolution of fluid particles trajectories is

dx; = (u; +(Uy)) dt, (2)
du; = a;(x",u’,t) dt + by;(x",u*, 1) A, (3)
do. = @, (o, x",u’,t) dt + S,(¢7) dt, (4)
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where x* is the modelled particle position vector, #* the modelled particle velocity fluctuation vector, (U;) the
mean Eulerian velocity at particle location, ¢, the modelled instantaneous particle concentration of ath chem-
ical species and S, the scalar source/reaction term. d{; represents an incremental Wiener process, and asterisks
identify modelled variables. a;, b;; and ¢, are, respectively, the drift, the diffusion and the micro-mixing terms.

System (2)—(4) corresponds to a Fokker—Planck (FP) equation [13] for the evolution of the model joint PDF
of velocity fluctuation and composition, f7,, that is

O , QWi+ (UNSG, _ Baity, OByfy, 9.1y, 0S.1;, )
ot 6x,- - 61),« aU,' an @lﬁa alﬁx ’

where By = bybj/2.

Comparing Eq. (5) with (1) shows that the drift coefficients a;, the diffusion coefficient b;; and the micro-
mixing term ¢, are modelling terms for the unclosed conditional acceleration and diffusion terms of Eq.
(1). Mean velocity field is assumed to be known therefore the terms involving g; and d{p)/dx; in Eq. (1) are
implicitly included in the drift, ;.

To define b; we follow [23] (see also [27]) imposing the consistency with Kolmogorov similarity theory for
the Lagrangian structure function in the inertial subrange,

by = 8;(Coe)'?, (6)

where C is the universal constant of the Lagrangian structure function and ¢ is the dissipation rate of the
mean turbulent kinetic energy. To define a¢; we use an approach largely adopted in the study of atmospheric
dispersion due to [40]; the drift coefficient is defined assuming that the one-point marginal PDF of the velocity
fluctuation, f* = f*(u;,x;,t), has a known shape (here Gaussian), built using known information about turbu-
lent flow such as a,,, (ua;), that are obtained from measurements or theoretical assumptions (see Appendix A
for further details on ¢; evaluation). This definition of the coefficient guarantees the well-mixed (i.e. uniform)
distribution of modelled particles into physical domain for incompressible flows (see Eq. (19)).

Once we have defined a; and b;; it remains to define a model for the micro-mixing term, ¢,. This is described
in more detail in the next section.

2.2. Models for the micro-mixing term

The micro-mixing model, ¢,, describes the effect of molecular processes in the dissipation of scalar fluctu-
ations (see e.g. [36]) and actually defines the evolution of the one-point marginal composition PDF, f. Var-
ious micro-mixing models have been developed [7] and a set of constraints and desirable features have been
proposed [10,29] to define good models. Simplifying we can restate these as: (i) at high Reynolds number
the mean scalar fields must not be affected by micro-mixing; (ii) micro-mixing must dissipate the scalar fluc-
tuations (o,); (iii) the scalar field must be bounded (i.e., concentration must not be negative, ¢ > 0); (iv) for
homogeneous scalar fields (i.e., statistically homogeneous scalar fields in homogeneous isotropic turbulence)
the scalar PDF should tend to a normal centered about the mean, {¢). In particular, [6] argued that the PDF
should tend asymptotically to a Dirac delta function about the mean, d(¢p — {(¢)), where the ensemble mean,
{¢) converges to a positive value in bounded domains and to zero in unbounded domain.

One of the most used micro-mixing models is the IEM introduced by [41]. The IEM assumes a linear relax-
ation of the scalar toward its average value:

40“ — (]51 <d)y‘xi X,> , (7)

Tm

where 1, is the micro-mixing timescale. This model reflects the concept that the ultimate action of mixing is to
homogenize the concentration field. Although simple, fast and widely employed in the PDF approach (for an
atmospheric application see [14]), this model has been shown to have two major disadvantages. The first is the
inability to respect property (iv), but this is not a necessary condition for satisfactory results in inhomogeneous
flows [39]. The second is the inability to fulfill constraint (i) due to the creation of spurious fluxes, which alter
the mean concentration field, as shown by [28] and further investigated by [37].
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A simple alternative to IEM capable of solving the problem of spurious fluxes is the interaction by exchange
with the conditional mean (IECM) model [9,28]:
C—=A{prlxr = x,uf = v
B ) )

Tm

In this case the instantaneous scalar field relaxes to a mean that is local in physical-velocity space. Simplifying
this means that particles interact with others that have a similar position and velocity. Physically this could be
seen as the scalar-mixing that occurs between fluid elements that belong to the same eddy [9].

As discussed in [18] this class of mixing model is more suitable for PDF calculation involving splitting and
erasing of particles then particle-interaction mixing models as, for example, modified Curl’s models (see ¢.g.
[26]).

In Section 4 we explore some differences in scalar field results obtained using IEM and IECM models since,
from a discrete point of view, the IEM is just an IECM with the lowest possible resolution in the velocity
space.

A problem using micro-mixing models comes with the definition of the micro-mixing timescale, t,,,. This
quantity, defines the scalar fluctuations dissipation rate and depends on scalar and turbulence characteristic
scales.

Under conditions of homogeneous turbulent mixing with no mean scalar gradient, t,, = 7, and 7, ~ 7 = ¢/
&, where 7, is the dissipation time scale of concentration variance, 7 the turbulence time scale, e the mean tur-
bulent kinetic energy and ¢ its dissipation rate.

Several DNS simulations and laboratory experiments provide estimates of the constant of proportionality
between 74 and 7 (see [2] for a short summary of related experiments).

In conditions of inhomogeneous turbulent mixing (e.g., when the scalar length scale is smaller than the tur-
bulent length scale), t/7, is not constant, 7, # 7, and in general this time scale should be different between
IEM and IECM model, though an exact formulation for 7., is not available. However, the analysis presented
here should be only weakly dependent from the value of the micro-mixing time scale.

In our simulation of releases from a localized point source (see Section 3.1) in inhomogeneous non-isotropic
turbulence we use the phenomenological model for 7, described in [2] for a neutral atmospheric boundary
layer. In this model 7, is a function of the plume relative expansion (d;) and of the turbulent time scale
(7). See Appendix B for a brief description of the model.

3. Numerical method

We will introduce now some simple computational techniques to obtain physically consistent results main-
taining affordable computational costs.

The code has been developed mainly to study the dispersion of chemical reactive species in the atmospheric
environment when strong vertical mean velocity gradients and inhomogeneous turbulence conditions are pres-
ent. However, in the present work the code setup is for the study of a non-reactive tracer dispersion (i.e., o = 1)
in a two-dimensional model canopy layer.

From now on, asterisks will be omitted from modelled variables, so that x; = x}, u; = u; and ¢, = ¢,. More-
over, we will consider x = x; and y = x, as the horizontal and vertical space coordinates, while U = U; and
V' = U, will be the horizontal and vertical components of instantaneous velocity field ((U) # 0, (V) = 0).

3.1. Brief description of the experimental flow and scalar field

The experiment we refer to is described extensively in [19,32,33]. In this experiment one-point statistics of
velocity and passive scalar (heat) released from a line source have been measured in a wind tunnel equipped
with a model canopy layer composed of metallic rods. Some experimental features are presented in Table 1.
A full comparison of the model results with the measured scalar statistics up to the fourth order can be found
in [5] and shows good model performance.

Velocity field statistics shown in [32,33] are sampled and used to generate profiles from polynomial inter-
polation, as shown in Fig. 1. These profiles are used to define both the one-point marginal Gaussian velocity
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Table 1

Some simulation details

Feature Value

Domain dimension (m) L.=10,L,=045

Number of grid blocks N,=4

Cell dimension ratio between adjacent grid blocks n=4.0

Scalar source position (m) uy=0.44, n, =0.051

Scalar source sigma (m) 6o=750x10"3

Grid block number Coordinates: x; = [min, max] (m)
Block 1 =10.3,1.3], y =[0,0.45]

x =
Block 2 x =1[0.35,0.9], y = [0,0.25]
Block 3 x =[0.4,0.65], y =[0,0.13]

Block 4 x =[0.42,0.55], y = [0.02,0.095]

PDF, f, = f;, from which coefficient ; is obtained and both the dissipation & from which the coefficient b;; is
computed (see Appendix A). The validity of the Gaussian approximation for dispersion inside a canopy has
been explored by several investigators (see e.g. [8,25]).

3.2. Monte Carlo code and block-structured grid

As discussed above, the best way to solve the joint velocity-composition PDF equation uses a Monte Carlo
integration of the differential equations shown in Egs. (2)~(4). What we obtain is a set of N, trajectories in the
phase space, (x;,u;, ¢,), which are a statistical representation of the fluid movement and scalar dispersion pro-
cesses. This means that by adopting kernel averaging we estimate all the moments of the process modelled by
the stochastic system at a given position in space, x;. Here we use a particle-mesh method with cell centered
statistics. Therefore, the domain is covered with a mesh and the kernel estimates are related to each cell center
(see e.g. [10,29)).

3.2.1. Block-structured grid

Considering a typical computational domain for a short range prediction of atmospheric pollution the ratio
between the characteristic length scale of the source and the size of the domain can be easily less then 107>,
The grid should be refined in order to provide details of the concentration field around the scalar source and as
a consequence, a large number of particles need to be simulated in order to have meaningful statistics at each
grid point. Because in PDF calculations the computational cost (W) is directly related to the number of par-
ticles per cell (N g°> where i, = 1,..., N, is the cell index), the number of cells (N.) and the total number of time
steps (Ny), 1.e.,

Nc¢
W N Y N =NN, (9)
ic=1

it could be necessary to use some kind of locally-refined grid. As outlined in Section 1 unstructured grids can
be used but their use is computationally expensive and they are not required to have satisfactory performance
in scalar PDF calculation. In this work, computational costs have been lightened by adopting a block-struc-
tured grid approach.

The grid is composed of N, blocks (subgrids) of different dimensions and resolutions. The smaller blocks
are nested within the bigger ones. The grid system is shown in Fig. 2. The characteristic dimension of cells in
the /th grid block is an integer fraction of that in the (/ — 1)th grid block

AxDAYD = M7 (10)

n
where n(=4) is the ratio between the cell size of neighbor blocks (see Table 1). The quantitative characteristic
of the grid structure can be deduced from Tables 1 and 2. All the grid resolutions used in the simulations are
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Fig. 1. Velocity statistics input profiles obtained from [32,33] experiment, used to define coefficients @; and b;;.

reported in Table 2. Some calculation performances are given in Table 3 for different grid setups and model
configurations.

We point out that the block-structured grid allows for more complex grid configuration than that shown
here and is enough flexible to treat multiple source configurations and complex geometry (urban environ-
ment), thus being an optimal tool for atmospheric dispersion predictions.

Because of the globally non-uniform cell dimensions, a splitting/erasing (SE) algorithm has been introduced
for error-reduction purposes (see Fig. 3) as will be fully discussed below.
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block 1

;
LT

scalar source block 4 block 3 block 2

Fig. 2. Representation of the block-structured grid of dimension L, X L, =1 x 0.45, discretized with N, = 680 cells. The scalar source
location (0.44,0.051) is centered on block 4.

Table 2

Grid settings employed to evaluate discretization error

Setting Properties: Ax; = [min, max] (m), N,

1 (0) Ax=1[63%x107250x107%], Ay =[5.6x 1073,4.5x 107%], 773
2(0) Ax=[50%x10734.0x1072), Ay=[4.7x1073,3.75x 1072], 1152
3(A) Ax=[42x1073,3.33x1072], Ay =[3.7x 1073,3.0 x 1072], 1743
4 (%) Ax=[3.1x1073,25%x 1072, Ay =[2.2x 1073 1.8 x 107?], 3928

Symbols refer to curves in Figs. 13 and 14.

3.2.2. Computational algorithm
The computational algorithm is composed of the following main steps:

o Initialization of particle properties, (x;,u;,m,p);
e Main time loop, (7= T+ Ar'®);
— Time loop on every particle, (71°¢ = 7119 4 A/1°9)y:

Update (x;,u;) from Egs. (2) and (3);
Apply boundary conditions (see below);
Apply Splitting/Erasing (update m and N,);
Update ¢ using Eq. (4);
Account for scalar source (¢ = ¢4(x,»));

— Update cell-centered statistics, (&-C, qbzic, etc) using Eq. (16);
e Calculate time averaged statistics, (¢, gy, etc.) using Eq. (30).

A set of N, stochastic particles of computational weight m are initially distributed with uniform density (see
Eq. (19)) in a physical domain of dimension L, x L, = 1. x 0.45 m?, discretized with a block-structured grid,
and then moved in phase-space (x;,u;, ¢) by numerically integrating the stochastic system (2)—(4) using an
Euler-Maruyama integration scheme, which has a first order convergence in weak sense (see e.g. [16]). At
the end of every local time step, Ar°?, near-source particles are marked by a scalar concentration, ¢(x,y)
defined around the source by a two-dimensional Gaussian function,
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Table 3
Some computation performances by varying some simulation parameters
Mixing model Grid setting (Table 2) Nested SE N g“) t&“dim)
Increasing particle number, nested grid
IEM Setting 1 Yes Yes 14 1
IEM Setting 1 Yes Yes 44 3
IEM Setting 1 Yes Yes 88 6
IEM Setting 1 Yes Yes 147 10
Changing mixing model, nested grid (Section 4.2)
IEM Setting 2 Yes Yes 620 107
IECM (3 x 3) Setting 2 Yes Yes 620 120
IECM (9 x9) Setting 2 Yes Yes 620 125
IECM (27 x 27) Setting 2 Yes Yes 620 135
Increasing cell resolution (IEM ), nested grid
IEM Setting 1 Yes Yes 88 6
IEM Setting 2 Yes Yes 88 14
IEM Setting 3 Yes Yes 88 32
IEM Setting 4 Yes Yes 88 45
Increasing cell resolution (IECM 9x9), nested grid
IECM (9 x9) Setting 1 Yes Yes 88 6.5
IECM (9% 9) Setting 2 Yes Yes 88 15
IECM (9 x9) Setting 3 Yes Yes 88 34
IECM (9 x9) Setting 4 Yes Yes 88 50
Increasing cell resolution, regular grid

Ax x Ay, N,

IEM 6.3x 107 x5.6x 1073, 12,720 No No 88 61
IEM 42x107°x3.7x 107, 28,798 No No 88 148
IEM 3.1x107°x2.2x107?, 65,688 No No 88 332

tgad

Time required for each global time step ( im)) is in adimensional form. Grid settings for nested grid refer to Table 2.

Refined
grid

Refined
grid

Coarse
grid

Fig. 3. Sketch of the particle erasing procedure (left) with probability 3/4 when entering a coarser grid block. The surviving particle retains
its characteristics while the computational weight (m) is increased. Particle splitting (right) when entering a refined grid block, the new
particles have a computational weight 1/4 of the mother particle.

2(As)) c—p) O-n)
_ x : 11
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where 2(Az1°9)) is the source strength, 6o = 5.0 x 107> m the source diameter and (u, = 0.44, i, = 0.051) m the
source position.
When particles arrive in boundary regions, the following conditions are imposed:

e top boundary, perfect reflection of particles velocity and position and absorption of the concentration;

e bottom boundary, perfect reflection of particles velocity and position while the concentration is not
changed;

e left and right boundaries, periodic condition for particles velocity and position and absorption of the
concentration.

At the end of every global time step cell-centered statistics, ¢ are updated; the new calculated values of q.’)
are used during the next global time step in the micro-mixing process.

With the SE algorithm all the cells in the domain have (statistically) the same number of particles N ) dur-
ing the whole simulation. See Fig. 4 for a plot of the instantaneous and mean, N p“ Each particle has a welght
m, which depends on the size of the cell within which it is located: smaller the cell smaller will be m. More
precisely m is a function of the grid “level”, /, in which particle is located,

m=1/n"". (12)
The SE algorithm is composed of two parts:

particle splitting: when a particle of weight m starting from a cell of grid / — 1 arrives in a cell of grid /it is
split into n “‘children” particles. These particles inherit all the features of the mother particle (u, v, x,y, ¢)
except the computational weight that becomes mi/n. On successive time steps these n particles become inde-
pendent. In other terms we can consider splitting as a “ramification” of a trajectory of the stochastic pro-
cess into n independent trajectories starting from the same initial state.
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Fig. 4. Instantaneous (N ](;“)) and time-averaged (N g“)) particle number, in each grid cell (i, = {1,..., N¢}).
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particles erasing: when a particle of weight m starting from a cell of grid / arrives in a cell of grid / — 1 it has
a probability g, = 1/n to proceed and a probability ¢, = (n — 1)/n to be erased. The weight of the “surviv-
ing” particles becomes n times the original one: n X m.

The SE procedure used here is simpler compared to others used in the literature (see e.g. [18,38]) since it is
directly related to the ratio of adjacent cells size. More specifically, it does not need any control of the total
mass (computational weight) in each cell, any sorting algorithm to decide the particle to be split and any arti-
ficial threshold to decide what particle should be split and when. The method is straightforward to apply in
structured grid and it could be also applied to unstructured grid although with a lower efficiency.

Every (global) time step is composed of a series of time sub-steps; every particle is moved respecting a local
extended Courant criteria,

At(loc) (u + <U>) Af(IOC)O'L- At(loc)g At(loc)
max , , , <1,
Ax; Ay, e Tin

lc

(13)

where Ar’° is the position-dependent (local) time step of each particle; here , is the standard deviation of the
vertical velocity. The local time step is thus defined as,
At(loc) — min (a(loc) Axic , a(loc) Ayic , a(loc) f , a(loc)rm> , (14)
(u+(U)) Oy &
where 0 < ¢1°? < 1. All the variables involved in this equation are evaluated at particle location (x, ). Using
position-dependent time steps allows one to avoid unnecessary calculations for particles located in greater cells
since these can be moved using a longer A7'°®).

Particles are synchronized using a global time step, At'®,

Ax(=D
A =o® — 0 <o® <1 (15)
max((u))

A condition is imposed on Ar'° to ensure that 71°° + A7/1°9 < A7'®. We note that under stationary condi-
tions an alternative more rigorous method of local time stepping can be used [22]. This method is perfectly
consistent and very simple to implement when coupled to a posteriori treatment of particles distribution.

When 719 + A#1°9 = A'® cell-centered statistics are updated using the following averaging operation (Q
is a generic variable, such as ¢,...,¢"),

5 ZNP ?(x/)Q m; Jm
C A (x)m, TV

where T ;") is the residence time of particle j in each cell during a global time step, A is the kernel function

defined as
—~ {1 if xic<xj<xiC+Axica

(16)

H (%)) = (17)

0 otherwise.
This vector inequality means that the particle j is selected for the average in the physical cell i, if it is contained
inside the cell. This kind of kernel has the desirable properties to respect both local and global mean conser-
vation [10]. In our case we cannot find any significant improvement in the results using a more spatially accu-
rate kernel. The mean number of particles present in the cell i, during a A#® is given by

Ny (’)
o DA ()m T
P mle) Af(®) ’
where m) represents the characteristic weight of particles in cell i.. Particle density within a cell is given by

Np - 7"
ol = ZR X T (19)
P AvAyA®

(18)

in incompressible flows p](}) is statistically homogeneous in space and time.
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In this setup, particle cell localization is a trivial and fast task. Cells are numbered sequentially using the
simple formula,

ie = (ke = DN + ky + N0, (20)

where N represents the number of cells in y direction at grid block Z, N{*/~" is the total number of cells in-

cluded in subgrid 1 to / — 1, k, and k, are the local indexes of the cell in its block, respectively, in the x and y
directions.

When velocity conditioned averages are required (i.e., in IECM micro-mixing), computational cells extend
also in velocity space and cell-centered statistics are calculated using

Np 7 r

_ A (xm)Qm T
ive T N, —~ =
Z«,-Lf(’?/a”j)ijﬁ)

(21)

where T;") now refers to cells in (x;, u;)-space, i, is the index of space-velocity cells, and the kernel estimator is,

?(xj,llj) =1 if Xie < xj < Xie —+ Ax,-vc and u;. < uj < uj,. + All,‘vc, (22>
y(x_,-,uj) =0 otherwise.

This vector inequality means that the particle j contributes to the average in (21) if it is contained inside the cell
of index i, in the four-dimensional physical-velocity space. Velocity space discretization is achieved by creat-
ing cells of equal-probability in the «; domain. For example, if we assume a Gaussian shape for the PDF of the
horizontal velocity fluctuation (see Section 2.1), u, given by

1
G(u) = ——— exp[—u* /267, 23
(u) e pl—u/20,] (23)
to discretize the u-space we require that
Ukt +o0
/ G(w) dw =~ / G(w) dw/N,. for each k, (24)
Uy —00
where k= {1,...,N,.} and N, represent the node index and the number of cells of the velocity grid.

When velocity components are correlated (i.e., (uv) # 0) the reference system is modified to simplify the cell
creation (see Appendix C for more details).

4. Numerical testing

Solving a physical problem by numerical methods is always a delicate task, and the main efforts in devel-
oping a numerical code are finalized on obtaining an accurate solution while minimizing the computational
costs.

4.1. Computational errors

Following [43], numerical error (&, where Q represents a generic computed quantity, i.e. a scalar statistic)
can be defined as the sum of two components: statistical error (Sp), and deterministic error (Zy), so that it
reduces to

6o =Sy + Dy. (25)

The two errors have different origins and behaviors.

4.1.1. Statistical error

The statistical error (Sp) is due to the fact that the number of particles representing the joint PDF in each
cell, N gC) is finite. If we consider a generic variable Q, for which we calculate an instantaneous cell-centered
statistic, using Eq. (16), Sy is defined as,
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0= 0i. —(0i)- (26)
The second term in RHS represents the ensemble average of the instantaneous cell-centered mean. _
In the left plot of Fig. 5 we show the evolution of the instantaneous cell-centered mean concentration, ¢,
for different measurement points. For simulation times within the stationary regime (i.e., 7> Ty~ 0.5s), the
fluctuations around <¢ ) are caused by the statistical error. U
Fig. 6 shows the root-mean-squared (rms) statistical error of qb,c and o, = (¢2 — qSZ)l/ ? as a function of the
cell particle number N p’° for IEM and IECM 9 x 9 mixing models, both with and without SE algorithm. From
now on N, X N, will be used to point out the number of velocity classes used by the IECM model (i.e., 9 x 9
means that the velocity space is discretized with N,, = 9 cells in both « and v directions for a total of 81 cells).
The expected relation,

Sp =20, (27)

(ic)
Np

is confirmed: the statistical error is a function of the square root of the cell particle number. Here o, is the

slope of the fit lines and ¢ is a standardized random variable (we can see also that S, = g¢/ /N <99, [43]).
The number of N p’“ for the NSE (no splitting/erasing) simulation is different at different measurement points
since they are located in different grid blocks.

For different measurement points, given the same N g“), the statistical error can vary significantly.

An alternative and more relevant representation of the instantaneous error, within a stationary regime, is
shown in right plot of Fig. 5. This is the relative error and is given by the concentration fluctuation, (¢; — ¢.)
normalized by the time-averaged concentration (see Eq. (29)), ¢.,

_G-%)
.

Differences between temporal series are due to different turbulence and scalar mixing characteristics in the
flow. The statistical error of [¢;] r and [0,]r approximately collapse on the same curve in Fig. 7, for different
measurement points. This is more evident when the SE algorithm is used since the statistical error tends to be
only a function of the N fj“) and irrespective of the location. However, the collapse is not perfect showing that
there is still a weak dependence on the location.

[filr = (28)
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Fig. 5. Left: time evolution of the instantaneous i.th cell-centered mean concentration, 5 Different curves represent different
measurement points: continuous line (0.46,0.047), dashed line (0.6,0.047), dash-dotted line (0.8,0.047) and dotted line (1.136,0.047). T is
the simulation time (s). Right: time evolution of the instantaneous relative error of ¢, on ¢;, in two different locations: continuous line
(0.46,0.047), dotted line (1.136,0.047). T is the simulation time (s). N ’°> = 88 and grid corresponds to setting 1.
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Fig. 6. Root-mean-squared (rms) statistical error of the instantaneous cell-centered mean concentration (a,c, Al to B2) and scalar
variance (d,, Cl to D2). Top plots (Al, B1, C1 and D1) refer to simulation with SE algorithm while bottom plots (A2, B2, C2 and D2)
refer to simulations without SE algorithm (NSE). Left column plots refer to IEM micro-mixing model, while right column plots refer to
IECM (9 x 9). Measurement points are (0.46,0.047: O), (0.6,0.047: (J), (0.8,0.047: A) and (1.136,0.047: $). Grid corresponds to setting 1.

In Fig. 6 we can evaluate the statistical error reduction induced by the splitting/erasing algorithm, especially
in regions with smaller cells (symbols O and [J) where, without SE, Ng°> is very small if compared with larger
cell regions. Therefore, maintaining constant the total number of particles, N, the SE algorithm results in a
significant reduction of the statistical error in the near source region. Moreover, using the SE procedure the
statistical error is more uniform in the entire domain.

For statistically stationary time series, statistical error can be further reduced via time-averaging,

_ - 1 Ts+Tay —
O, =0i = T / 0Oi.(s) ds, (29)
av J Ty
calculated using
5 a0y
0. = N, (30)

where (k) refers to the kth global time step.
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In Fig. 8 we show a comparison between the instantaneous cell-centered mean concentration 5 ;. and the
time-averaged concentration ¢;, for increasing averaging time T, (once the process has reached its stationary
state). It is easy to see that the variance of the time-averaged variables decreases with increasing 7,,, thus
removing the presence of statistical errors.

A measure of this variance reduction obtained from a series of 30 independent IEM simulations is shown in
Fig. 9 where the variance reduction factor of the time averaged concentration is plotted against the averaging
time. For generic quantity Q the variance reduction factor is defined [30,43] as
1/2

@) | 31

var(Q;,)

where “var” stands for the variance computed using the 30 independent simulations just mentioned. Fig. 9

shows that to reduce the statistical error by time averaging we need to average for a time 7,, that is longer

than a factor of the time scale té?. t<Q°) represents the correlation time of the time series and consequently,

%Q:
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Fig. 8. Instantaneous cell-centered mean concentration J,C (top) and time averaged mean concentration ¢;, (bottom) as a function of the
simulated time 7 (s) and the averaging-time T, (s). N ’L = 88 and the grid corresponds to setting 1.

the efficiency in reducing the statistical error using time-averaging technique. In particular, t¢ shown in Fig. 9
can be found by fitting the curve of Z, (for Q = ¢) in the region of steeper slope. Alternatively ¢ t ) can always
be computed as the integral of the autocorrelation function, r4(s) = (¢(£)$(t +s)) of the serles

tﬁ:) = /000 ro(s) ds. (32)

As we see in Fig. 9, the value of t< and ¢ (slope of linear fits) is not homogeneous in the whole domain: it
depends on local characteristics of turbulence and micro-mixing process. In general where signal fluctuations
have lower frequencies (greater té))), the averaging time requested to reduce significantly the statistical error
will be longer.

Averaging time in the order of 100 times 1 can reduce the statistical error by two orders of magnitude.
Although Fig. 9 refers to IEM simulation with SE, the same consideration extends to IECM results.

4.1.2. Deterministic errors

Statistical error plays a fundamental role in error analysis but another major contribution to the inaccuracy
of the numerical solution comes from deterministic errors, %Y. &, originates from the use of discrete math-
ematics in solving differential equations. In particular, we can separate deterministic errors in two main parts:
bias (Bg) and discretization error (D).

Bias, By, results from using a finite number of particles. We can define the bias as the difference between the
time-averaged solution with N gc) particles, and the solution obtained for N SC) — 00, maintaining constants all
other simulation features (N, A¢),

Bo(Ni)) = Mz‘c — O(c0);. G33)
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In general, since we do not know the value of QO(c0);,, we need to adopt another procedure to evaluate the bias.
In Fig. 10 we show the value of ¢, for different values of N](}‘). Increasing N ]()’9 results in a decrease of By fol-
lowing the relation

By =2, (34)

where the bias coefficient b is an empirical constant which can be deduced from the slopes of the linear fits in
Fig. 10. Bias plots obtained from Eq. (34) are shown in Fig. 10.

Values of by are shown in Fig. 10. The first aspect we notice from these plots is that IECM solutions are
more sensitive to the cell particle number N](j°) than IEM solutions. This is an expected behavior because in the
IECM model particles need to be located also in velocity space; the computational grid is four-dimensional
(x,y,u,v). For this reason, a velocity-conditioned mixing model requires a greater number of total particles
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Fig. 10. Time-averaged concentration ¢, as a function of the cell particle number, N SC). IEM (O) and IECM 9 x 9 () results are shown
both with SE algorithm (A1, B1, C1 and D1) and without SE algorithm (NSE, A2, B2, C2 and D2). Bias coefficient, b, is included at the
top of plots. Measurement points are (0.46,0.047: A), (0.6,0.047: B), (0.8,0.047: C) and (1.136,0.047: D). Grid corresponds to setting 1.

(N,) to reach the same level of bias of a velocity-non-conditioned model. We point out that looking at the bias
from the NSE simulations, care should be taken in considering that we do not have the same number of par-
ticle in different cells; i.e. the bias coefficient should be divided with a different number of particles depending
on the cell size. Comparing IECM simulation with SE and without SE we can see that there is a reduction of
the bias in the smaller cell (about six times smaller) while the reduction is less evident in the larger cell (about
two times smaller). o

Fig. 11 shows the time-averaged scalar standard deviation o4 = (¢* — 52)1/ * as a function of 1 /N](D"C). We
can see that the bias of the variance is less dependent on the micro-mixing model used. Moreover, comparing
IECM simulation with SE and without SE we can see that there is a very strong reduction of the bias in the
smaller cell (about twenty times smaller) and in the larger cell (about five times smaller).

The discretization error, Dy, comes from the discretization of computational (spatial and temporal) space.
Although this code uses spatial discretization only for the computation of scalar field statistics, the use of a
cell-centered algorithm on broad cells can influence the accuracy of the micro-mixing step, because the instan-
taneous scalar field relaxes to a mean concentration which is not sufficiently local in physical space. To better
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Fig. 11. As in Fig. 10, but for the scalar fluctuation, o,4. IEM (O) and IECM 9 x 9 () results are shown with and without SE algorithm.
Bias coefficient, b, is included at the top of plots. Measurement points are (0.46,0.047: A), (0.6,0.047: B), (0.8,0.047: C) and (1.136,0.047:
D). Grid corresponds to setting 1.

isolate this effect, a constant value (0.1 s) for 7., has been imposed throughout the domain. Fixing N](j°> and
varying cell dimensions can help to get a raw, but significant estimation of Dy for IEM and IECM (9 x 9),
Do = do(AxAy)'? /a,, (35)

where d is the slope of the line fits in Fig. 12. Fig. 12 shows ¢;. and o4 obtained from IEM and IECM 9 x 9
simulations for various grid setups. Grid setups are summarized in Table 2. Local grid dimensions are normal-
ized on local plume mean depth g,, defined as

7= [ o-nE e / | a (36)

0

where y is the mean plume height,

y= /0 mﬁ(y) dy / /0 m@(y) dy. (37)
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Fig. 12. Time-averaged concentration (¢;,) and standard deviation (4) plotted against local cell dimension ((Ax Ay)l/ 2) normalized on
local mean plume depth (g,), for both IEM (O) and IECM 9 x 9 () mixing models. Spatial discretization coefficients dy and d,, are
included at the top of plots. Measurement points are (0.46,0.047: A), (0.6,0.047: B), (0.8,0.047: C) and (1.136,0.047: D). Né’” = 88.

From Eq. (35) we can calculate a discretization error that remains in all the cases under 5%.

A better qualitative picture of the effects of grid variation is shown in Figs. 13 and 14. Here some vertical
profiles of ¢, and ¢, are traced at different positions in the x direction, for different grid setups (see Table 2),
both for IEM and IECM 9 x 9 models. What we can observe is the major sensitivity of IECM on AxAy vari-
ations, in particular where cells are larger (i.e., plot D).

Also time discretization plays a relevant role in discretization error. In this work two discretization times
have been introduced: the global time step (A7®) and the local time step (A7!°9). A1 is the effective inte-
gration time of the differential equations (2)—(4). A major stability factor is given by the ratio between these
two time scales. Fig. 15 shows that, within our range of variability of the parameters o'® and o'°?, IECM 9 x 9
simulations give better results by increasing the ratio o'®/a1° . This is due to the fact that, given Ar'®), a reduc-
tion in A’°? increases the probability that all velocity classes are visited by the particles, especially when low
values of Ng"c) are used.
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Fig. 13. Mean concentration vertical profiles, for IEM (continuous line) and IECM 9 x 9 (dashed line) micro-mixing models, obtained
varying the local cells dimension. Measurement points are (0.46: a), (0.6: b), (0.8: ¢) and (1.136: d). Refer to Table 2 for grid settings
details.

4.2. Micro-mixing model effects/choice

The choice of the micro-mixing model to use is not an easy task. In this section we compare the mean scalar
fields obtained from using IEM and IECM models, maintaining fixed all the other simulation features. Firstly,
we compare the mean concentration fields obtained using IEM and IECM (with different levels of discretiza-
tion of the velocity) to the mean concentration obtained by a marked particle (MP), used as a reference. Sec-
ondly, we compare the concentration fluctuations field (o), between IEM and IECM using the IECM with
27 x 27 velocity classes as a reference.

We now briefly discuss the marked particle approach explaining why we are using this mean field as a ref-
erence. In the marked particle approach we do not use a micro-mixing model to compute the mean concen-
tration field, {¢(x, 1)); this is obtained by releasing (instantaneously or continuously) a set of independent
tracer particles from the source point and using the identity [29],

(@(xi, 1)) = fLlxi,1]yi0) 2, (38)
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Fig. 14. As in Fig. 13 but for the scalar standard deviation, ¢,. Refer to Table 2 for grid settings details. Ng“) = 88.

where f1(x;, t|yio) is the Lagrangian PDF for a particle starting at time #, from position y;, to arrive at time 7 at
position x;; in this case y;o represents the scalar source location. 2 is the instantaneous mass of tracer released
from the source.

The solution of Egs. (2) and (3) for a set of independent particles starting from point y;, at time ¢, corre-
sponds to the solution of the FP equation for the Lagrangian joint PDF of velocity fluctuations and position,
S =i, xis t|vio, Yio),

Ofi O+ (Ui _ daify OByfi  09,fi

o . ou | oudy, | ow, (39)

Jr(x; t|yio) is related to fi by the relationship

Sl tlyo) = / / £ (0132, 1100, o) dt; dog. (40)

This approach allows one to obtain a mean scalar field directly from the dynamic equations, without using
micro-mixing models, and to some extent we can say that the marked particle approach gives the exact esti-
mation of {¢p(x, 1)) for an assigned velocity PDF. Although very precise, this approach cannot provide mo-
ments of the scalar field higher than the first order and cannot handle directly a reactive scalar. This is the
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Fig. 15. Time-averaged concentration at locations (0.46,0.047: a) and (1.136,0.047: b) plotted against the ratio «®/o'*®. Symbols are
IEM (O), IECM 3 x 3 (O) and IECM 9 x9 (A). The number of particles per cell in each simulation is Ng“) = 88.

reason for which we need the PDF micro-mixing modelling. For the same reason we will use the highly re-

solved (in velocity space) IECM as a reference during the comparison of the scalar fluctuation.

Figs. 1618 show the comparison between the scalar field obtained by PDF modelling against that obtained
by marked particle modelling. Fig. 16 is a scatter plot of ¢; for IEM model with N, = 10° and IECM with
3 x 3 velocity classes and 10° particles against the marked particle simulation. The plot on the right is a zoom
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Fig. 16. Scatter plot of the time-averaged concentration (¢;,) for IEM (+) and IECM 3 x 3 ({J) against marked particle model (MP), using
N, = 10° total particles. Lines are: continuous 10%, dashed 50% and dotted 100% differences. Right figure is a zoom of the left figure. Grid

corresponds to setting 2.
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Fig. 18. Cumulative distribution function (CDF) of mean concentration relative error, [5,6]9“)) for IEM (+), IECM with 3x 3, 9x9 and
27 x 27 velocity classes ([, > and x) against marked particle model.

of the plot on left. Here we can see the distortion created by the IEM model since it does not respect the con-
straint (i) explained in Section 2.2. The improvement obtained using only three velocity classes is surprising
and it will be better quantified. In general these scatter plots show that the differences between the mean ref-
erence field and that obtained by the IEM model increase with the distance from the source since the micro-
mixing model acts for a longer time.

Fig. 17 shows the same comparison but for the IECM with 9 x 9 and 27 x 27 velocity classes (N, = 109). Tt
is easy to see the great improvement obtained with respect to the results of IEM and IECM 3 x 3 by increasing
the number of velocity classes (an IEM can be seen as an IECM with only one velocity class). There are only
minor differences between IECM 9 x 9 and 27 x 27 as we can see from Fig. 17.

A more quantitative comparison is given in Fig. 18; for each simulation is shown the cumulative density
function (CDF) of relative differences,
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()™ = abs(, — o) /oM. (41)

The plot tells us that with the IEM model we have almost 100% of probability to obtain a result with relative
difference under 80% and only 40% of probability to have a relative error below 5%. For IECM with 27 x 27
velocity classes the relative errors are with almost 100% probability under 20%. What is surprising is the great
improvement of IECM 3 x 3 with respect to IEM; we have almost 80% of probability to have a relative error
below 5%. The improvement obtained from 27 x 27 in comparison with 9 X 9 is not significant, if we consider
the increase in computational requirements by increasing the number of velocity classes.

Figs. 19-21 show the comparison between the fluctuations of the scalar field obtained by IEM and IECM
modelling with 3 x 3 and 9 x 9 velocity classes against IECM modelling with 27 x 27 velocity classes. IEM

(27x27)
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Fig. 19. Scatter plot of the time-averaged scalar variance (4) for IEM (+) and IECM 3 x 3 (0) against IECM 27 x 27 simulation, using
N, = 10° total particles. Lines are: continuous 10%, dashed 50% and dotted 100% differences. Right figure is a zoom of the left figure. Grid

corresponds to setting 2.
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Fig. 20. Scatter plot of the time-averaged scalar variance (a,) for IECM 9 x 9 ($) against IECM 27 x 27 simulation, using N, = 10° total
particles. Lines are: continuous 10%, dashed 50% and dotted 100% differences. Right figure is a zoom of the left figure. Grid corresponds

to setting 2.
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Fig. 21. Cumulative distribution function (CDF) of scalar variance relative error, [0,/,];27”7) for IEM (+), IECM with 3x3 and 9x9
velocity classes (] and <) against IECM with 27 x 27 velocity classes.

brings poor results. The IEM 3 x 3 give again a good improvement especially for higher values of ¢4. IECM
with 9 x 9 classes is in good accordance with reference simulation results, as we can also see in Fig. 21, where
CDFs of relative difference

[J¢]§;{27X27) — abs(0'¢ _ O_E;7><27))/0_;)27X27) (42)

are presented. This comparison is somewhat less rigorous than that with the marked particle model since there
is a dependence from the micro-mixing time scale, i.e. the time scale could be modified to give a better agree-
ment for the IEM model. However, the improvement would be only apparent since actually the intensity of
concentration fluctuations (the ratio of the rms and the mean) would be different.

5. Conclusion

A probability density function (PDF) code for the study of atmospheric scalar dispersion from small
sources has been developed. This is based on a Monte Carlo algorithm in which model fluid particles are
moved in a block-structured grid using [40] well-mixed criteria and adopting a splitting/erasing procedure that
preserves a constant number of particles in every cell. This algorithm allows to refine the computational grid in
near-source regions thus accounting for sharp scalar gradients and optimizing computational resources.

The numerical analysis of this PDF/Monte Carlo code emphasizes the benefits introduced by the algorithm,
in particular, underlining the effective reduction of the numerical errors (statistical and bias) introduced by the
splitting/erasing procedure.

A fundamental part in every PDF simulations of scalar dispersion is the micro-mixing model which defines
the rate of decay of scalar fluctuations. A comparison between interaction by exchange with the mean (IEM)
and interaction by exchange with the conditional mean (IECM) micro-mixing models has been achieved,
showing the superiority of the IECM model with respect to IEM when the mean concentration field calculated
from a marked particle simulation is used as a reference. In particular, the IECM model introduces effective
improvements in evaluating statistics of the scalar field even using only 3 x 3 velocity classes. The IECM model
has shown a major sensitivity on simulation parameters (i.e., number of particles per cell, time step size, cell
dimension) by showing a bigger level of bias if compared to IEM model results; this is primarily due to the
need of also distributing particles in velocity space.

Although numerical analysis is presented for a two-dimensional situation, extension to three-dimensions is
straightforward.
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Appendix A. Drift coefficient
The drift coefficient, a;, introduced in Eq. (3) is obtained following Thomson [40] for the well-mixed con-

dition to be satisfied it is sufficient that the modelled PDF for the Eulerian velocity fluctuation,
[ = f*(ui,x;, 1), satisfies Eq. (5). If we assume a Gaussian shape for f,

_ _ |
f: = (27’[) 3/2(det ’Eij) 12 €Xp |:—514,"Ci/-luj:|, (Al)

satisfying the Fokker—Planck equation (5), then the well mixed condition is

" 0 (1 y
a,-fu = a—Xk <§b11blkﬁ4) + @,‘(”, X, t), (A2)

and following Sawford [35]
00, _ of, @

= —(u; + (U f7, A3

5=~ gl (U] (A3)

with ® — 0 as |u| — oco. Given (b;b;) = 9,;Coe, the Thomson’s solution for the drift coefficient is
Coe O,

4= (%)Xkuk o (A4)
where the first term on RHS is the fading memory term. The second is the drift correction term and is given by
[35]

@,‘ - 1 aT” )'jm 6‘[,—,,, )]m @‘E,m /lkm 61?1—,,,

7oy + [ 5 ( 3 )}uj—k {2 (Ug) =— o R ax, Uy, (A.5)

where Z; = 7', and t; = ( ).
In two-dimensional cases (directions x; and x»), assuming horizontal homogeneity (8/0x; = 0), stationarity
and that U, =0 the two components of a; become

Coe 1 01y, A1 01 12 0112 A2 OTp2 A1z 0T1
a = —7()11% + Apptr) + 2, + (7 a—xz)uztﬁ + <7 a—xz)uzul + (7 6—xz>u§ + (7 @—xz)u%’

(A.6)
and
Coe 1 Ot A 0112 A2 T A1z 0Tpp )
= — y e L2 ez e
@ > (Aauy + Zpou) + 2 + ( > axz)uzul + < > ax)”z“l + (2 6x2>u2
Jop 0Ty 2
A7
+ ( 2 6X2>u ( )
Here
I = (= /), (A.8)
Jop = (T — ng/T11)71, (A.9)

Aip = (T2 — titn/T) (A.10)
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Appendix B. Micro-mixing time calculation

We define the micro-mixing time scale as t,,, = ut, = po,/oy., where uis an empirical constant, o, the instan-
taneous plume spread and o, is the standard deviation of the relative velocity fluctuations, ¢, = <uf>1/ 2 u,
represents the difference between a turbulent velocity component and the corresponding velocity component
of the instantaneous center of mass of a cluster of particles (see e.g. [12]).

oy 18 modelled using the following formulation [11], strictly correct only in the inertial subrange,

oA 2/3
a=a(7)" (B.1)
where ¢ define a locally averaged velocity variance o> = 2e¢/3 = (o> + o> + 6,0,)/3, where ¢ is defined for the
canopy layer using [1]. L = (362/2)3/ %/ is a characteristic length scale of the most energetic eddies. From Eq.
(B.1), when o, = L all the energy contributes to the plume expansion, and when o, > L the constraint g,, = 7 is
imposed.
g, 1s parametrized as

dZ
0_2 — . r ;
1+ (d —a)/(03 4 202 T1Lt)

(B.2)

where the relative expansion is discretized as
d*(t + At) = d*(1) + 3Ce(to + 1)° At (B.3)

with the condition df(O) = g, where a7 is the size of the scalar source, C, the Richardson-Obukhov constant
and Ty = 20%/Cye the Lagrangian integral time scale. The upper boundary for 7., is fixed to its default value
2e/(Cye), where C, is an empirical constant. The constants value that give a satisfactory agreement with the
experimental data of [19] are: Cy =2, u=0.8, C, =0.1, C, = 2. We note that better parameterization for z,
and therefore 7, could be obtained following the approach proposed by [12].

All these quantities are calculated at the particle location, obtaining a position dependent 7,,.

Inside the code, 7., is calculated during a pre-processing step, using a small ensemble of particles (1 x 10°)
released instantaneously at the source location. From this first step a cell-centered mean 7, is calculated and
then used during the remaining of the simulation. In regions of the domain not reached by the pre-processing
particles 7,,, is assumed to be 2e/(Cye).

Appendix C. Velocity conditioning and coordinate transformation

In concentration field estimation the IECM needs the conditioning on physical and velocity space. This
implies that particles interact with those located in the same physical-velocity-cell. This means that in 2D com-
putation we need to estimate the mean concentration field in a 4D space (x, y, u, v)-space. The more this space
is discretized the more the estimation is precise (given an appropriate number of particles per 4D cell). The
velocity space is divided in equally probable cells; that is, given a standard deviation (o, gy) for the velocity
fluctuations (u, v), the cell dimension is defined under the normalized velocity PDF so that the cells contain the
same probability to occur.

In many cases the velocity components are correlated; therefore, to simplify the creation of the cells in
velocity space it is better to define a new coordinate system for the velocity PDF.

In this context we define the following correlation angle, 7y,

2{uv)
tanZy:TO_z, (Cl)
which defines principal axes of the velocity space,
& =ucosy+nsiny, (C.2)
N = —usiny -+ vcosy. (C.3)

and consequently
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= g2 cos’ y + a2 sin’ y 4 2(uv) sin y cos 7, (C4)
2

o = ¢2sin’ y + a2 cos® y — 2(uv) sin y cos y, (C.5)

which represents the standard deviations for the transformed velocity space, (&,7), PDF.
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