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Chapter 1

Background on Scalar Mixing
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1.1 Transport Equations for Passive Scalars

Momentum balance:
ou; ou; *U;  19p

ot " Yax T Vaxax,  pox 11
Chemical species mass balance:
0o ;0 _ T
Y + U ax]- = ram + Sa(q)). (1.2)

Solution for velocity depends on Reynolds number (Re)
Solution for inert scalars depends on Re and Schmidt number (Sc = v/T)

Solution for reacting scalars also depends on Damkohler numbers (Da)
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Modeling challenge: Direct-numerical simulations (DNS) are intractable for

turbulent flows of interest, how can we use transport equations?

Turbulence Models

Reynolds-averaged transport equations are unclosed:

Mean momentum balance:

AUy AU _ FU) 13(p)

= — 1.
ot ox; oxj0x; p 0x; (1.3)
Mean chemical species mass balance:
0 w o(U;j o 82 o
<(P > i < ](P > —T <(P > i <Szx<¢)> (1'4)

ot aX]' - “axjax]-
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¢ Reynolds stresses: (u;u;)
e Scalar fluxes: (u¢y)

e Mean chemical source term: (S,(¢))

CFD models for the Reynolds stresses and scalar fluxes are available and reasonably
reliable (can be validated with PIV and PLIF)
Due to coupling with chemical time scales and nonlinear form, (S,(¢)) is much more

difficult to model!

Similar remarks hold for large-eddy simulations (LES) because micromixing

and chemical reactions occur at small scales!
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Chemical-Source Term

Chemical source term depends on local concentrations and temperature (not on gradi-

ents):

S(¢p) where ¢' = (ca,cp,...,T)

If we know the one-point, one-time composition probability density function (PDF)

fo(;x,t), we can compute (S,(¢))!

For one scalar, fs(1;x,t) can be approximated by a histogram of the subgrid-scale

distribution of ¢:
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Sketch of histogram based on 24 samples and 7 bins in ¢-space:
2 —

) |

0 1
.4

Taking a sufficiently large sample and small bins, the histogram converges to the PDF:

Jm h(mA) = fo(y)- (L5)
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The same idea extends to two scalars ¢» and ¢p:

The bivariate PDF is represented by a contour plot
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In summary, the statistical approach to turbulent mixing is based on finding

appropriate models for the joint PDF (which can be directly measured experi-

mentally)

Molecular Mixing
The one-point PDF approach introduces conditional quantities that must be modeled:
e Conditional diffusion: (T'V?¢|y)

e Conditional dissipation: (g4|¢) = 2(T |V<,b|2 )
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The effect of molecular diffusion (micromixing) is to change the shape of the PDF:

y time

L)

Without diffusion (I' = 0), f, (1) will always be the same!
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The effect of diffusion is contained explicitly in the conditional Laplacian:

time

(TV’9|y)

|
0 (9) 0.5 1

(T'V2¢p|y) can be found from DNS
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For example, the concentration in a Lagrangian fluid element is governed by

d¢,
dt

= (TaVu|p = @) + Su(p”) (1.6)

A simple model for the conditional Laplacian is

1
<nW%m=¢ﬂ=g«%w¢m (1.7)

which is the interaction-by-exchange-with-the-mean (IEM) micromixing model
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In other mixing models, the conditional scalar dissipation rate is needed:

time

ALY

0 2¢> 03 1
v
(€4|¢) can be extracted from experiments or DNS to validate micromixing models
In summary, models for micromixing should be based on the underlying physics

so that they can be validated experimentally or by using DNS
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1.2 Turbulent Mixing

Basic question: If we introduce a “blob” of scalar with length scale [, into a fully-
developed turbulent flow with Reynolds number Re; and integral length scale L,

how long will it take (on average) for ¢ to be completely mixed?

Length Scales of Turbulent Mixing

Integral scale:
Like velocity, a turbulent scalar field will have an integral length scale Ly

In a transient mixing experiment, Ly(t) depends on time: Ly(0) = I
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However, due to turbulence advection, L, (f) will approach L, on a time scale propor-
tionalto 1, = k/¢

Batchelor scale:

For Sc = v /T > 1, the Batchelor scale is defined by
A = Sc /%y (1.8)

Ap is the characteristic length scale of the smallest diffusion layers in the scalar field
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Sc

I
—

Sc>1

Scalar “eddies” of size Ap can be assumed to be completely micromixed
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Phenomenological Model for Turbulent Mixing

For [, > A, molecular diffusion is not effective and thus

Dp 3 9 _
Dt~ o T Yigy =V

with initial conditions

0 forx €D

$(x,0) =
1 forx € D¢

Ly

17

(1.9)

(1.10)
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Then for t > 0, the turbulence will reduce I,:

77

Until t > 0 where molecular diffusion starts to micromix the fluid:
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Question: From turbulence theory, what is the rate y(/,) at which [, decreases in size?
From spectral theory, convection rate through inertial range scales like (x7)%/3

We can use this rate for [, > #:

eN1/2 (1 2/3
For [, = L, this yields
e
’Y(Lu) — k (1.12)
and for [, = 71
e\ 1/2 1/
v = (2) = Rel*(L) (1.13)

Thus, mixing rate increases greatly as scalar size decreases
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Initial length scale fixes the rate-determining (slowest) step!
For [, < 17, vortex stretching reduces eddy size at a constant rate:

gradient
compression

. vortex
_—> .
stretching

thus

v(ly) = (—)1/2 for I, <7y (1.14)
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Simple phenomenological model for mixing:

dl,
5 = ol (1.15)

The total mixing time can be approximated by l(fmix) = #:

3 /L, \2/3 1
Remarks: !

(a) Unless Sc > 1, the second term will be negligible for large Re

(b) The ratio Ly:L, (scalar-to-velocity integral-scale ratio) is a key parameter in scalar

mixing
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(c) If the scalar eddies are initially generated by turbulent velocity fluctuations acting
on a mean scalar gradient, then Ly, =~ L, and ty,;x & T, is determined entirely by

the turbulent flow

(d) Model assumes fully developed high-Reynolds-number turbulence: A more ac-
curate estimate can be found from the scalar spectrum as functions of Re; = k?/ve

and Sc

Scalar mixing time is more complicated to model than turbulence time scales

(Lg:Ly #+ 1, large Sc, low Re, etc.)



1.3. STATISTICAL DESCRIPTION OF TURBULENT MIXING 23

1.3 Statistical Description of Turbulent Mixing

Emphasis will be on how to describe scalar statistics and on how length and

time scales change with Reynolds and Schmidt numbers

One-Point Velocity, Composition PDF
General theory starts with joint PDF:

fue(V, P, x,t)dVdy = P[{V < U(x,t) < V+dV}N{y < ¢(x,t) < p+dy}] (1.17)
Composition PDF is defined by

fo(fix, ) dY = Pl < ¢(x 1) < ¢ +dy] (1.18)
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and be found by integrating out the velocity:

fo(ix t) = 77/ fue(V, ¢;x,t)dV (1.19)

Velocity and scalar statistics can be studied using direct-numerical simulation
(DNS)
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U(x,t*) and ¢(x,t*) as functions of x = x; with fixed t = £*:
5
41
3 4
5]
1
U !
1
2]
-3 i 34
4 4]
5 -5
0 1 2 3 4 5 6 0 1 2 3 4 5 6

Dashed line: Sc =1/8 Solid Line: Sc = 1

Low Sc line is “smoother” = Batchelor scale is larger

25
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U(x*, t) and ¢ (x*, ) as functions of f with fixed x = x*:

5 ST
4] 41
3] 31
24 21
1 14
U 0: ¢ 0{
-1 -1 1
2 2
3 -3 1
4 4
-5 — -5

Dashed line: Sc =1/8 Solid Line: Sc = 1

Low Sc line is “smoother” = Eulerian time scale is larger
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Lagrangian velocity U™ (¢) and scalars ¢ () as functions of t:
s 5
4 4]
3] 31
)] 2
] 1

U o] ¢ 0
1 -1 1
2 -2 1
3 -3 1
4 4
5 — 5

Dashed line: Sc =1/8 Solid Line: Sc = 1

Low Sc line is “smoother” = Lagrangian time scale is larger

27
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Nonpremixed composition PDF f,(1; t) starts from

fo(¥;0) = pod(p) + p16( — 1) (1.20)

with mean value:

0 0) = [ pfyw:0)dp = p .21

Due to molecular mixing, the variance decreases with time:
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3.0 time

2.5

20+

SN

1.5

1.0+

0.5

where the variance is defined by

+ o0

@A) = [ = (@) Falwit) dy (122

— 00
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Att = oo, PDF is a delta function:

fo(;00) = 6(p — p1) (1.23)

The micromixing model determines both the rate of variance decay and the shape of

the PDF at each instant

We will see later how to write a transport equation for the PDF

Conditional Velocity and Scalar Statistics

Conditional statistics are used often in PDF methods (e.g., the micromixing model)
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Example: scalar-conditioned velocity fluctuations (scalar dispersion)

(u[yp) = (Ul¢ = ¢) — (U)
Computed using the conditional PDF of velocity given scalar:

oy = Jue(V gix )
Juel Ve D) = =

WOl = [[[ Viue(Vigixt)av

Example: Conditional scalar dissipation rate (CSDR) of mixture fraction

J¢ d
(e:lg) = <2r X le= §>

31

(1.24)

(1.25)

(1.26)
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This function is needed to close the mixing term in PDF models

Scalar dissipation is a random field:

A& OF
ez(x t) = 2 v (1.27)

so one-point joint PDF is defined by

feri (2, Gx 1) dzdl = P[{z < ec(xt) < z+dz} N {L < E(x 1) < {+d}] (1.28)

CSDR defined by

/+°° fegngg)(t)
fe(&xt)

This is needed in conditional moment closure (CMC) to model micromixing

+o0
(ezl) = /_oo Zfee (210 % 1) dz (1.29)
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Scalar Energy Spectrum (2-point statistic)

Scalar variance:
2 oo
@0 = [ Eali ) dx
Scalar dissipation rate:

eg(t) :/0 ZerEq;(K,t)dK:/o Dy(x,t) dx

Scalar mixing time:

Need expression for 74 as part of micromixing model

33

(1.30)

(1.31)

(1.32)
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Model for Fully-Developed Scalar Spectrum

Model scalar spectrum for Ey(x) (time independent) can be used to determine effects of
Re; and Sc on equilibrium scalar mixing = equilibrium model for 7
However, must account for differences when Sc < 1 and Sc > 1

For Sc < 1, two scalar dissipation wavenumbers can be defined:
Ko = S *kpy (1.33)

ke = S/, (1.34)

where xp; and x,, are from turbulence energy spectrum (see Pope (2000) Turbulent

Flows)
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Model turbulence energy spectrum: (Pope 2000)

Re, = 10"
= = Re, =10
N - -+ Re, =10
ANRN 6
vOIN —-—Re, =10
N ----Re, = 10"
E \ N
" \ N\,
\ S O
| N
- N
|| \ .
\ \ \-_
FETTY BRI R TETY BENTEArE] 11T B ||nn|| PEETRTTTT B :..nnl P ...\nl P ...ml\ PETERETT
-1 0 1 2 3 4 5 6 7
10 10" 100 10 10" 10" 10" 10" 10

K

Extend this “correlation” to the scalar spectrum to account for Sc

35
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Model scalar energy spectrum: (Fox 2003)
Ep(x) = Cocege™ > *v> (1) P fi (L) fi (i)
with exponent
Blxn) =1+ 2 (7~ 6] fy )
where the cut-off functions f;, f,, fp and fp determine the sub-ranges

Diffusion-scale exponent cut off:
fo(xn) = (1 + CDSC_d<K'7)/2K17) exp (-CDSC_d<K’7)/2K;7)

with cp = 2.59 (fit to DNS) and

() = 5+ fyr)

(1.35)

(1.36)

(1.37)

(1.38)
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Batchelor-scale cut off:
fe(kn) = (1 + cdSC_d<K’7)K17) exp (—cdSc_d<K’7)K17) (1.39)
Scalar-dissipation constant c; is found by forcing
€p = /Ooo 2T'c*Ey(x) dx (1.40)

or

[ Cen P i) i) ) = 52 1.41)

For Sc > 1, ¢; =~ 2 for all values of Re;.
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Model spectra for Ry = 500 and Sc = 10~* to Sc = 10* in powers of 10%:

ln(E¢)
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Model spectra for Sc = 1000:

39
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1.4 Equilibrium Models for Scalar Mixing

Scalar-Variance Transport Equation

In order to account for micromixing in inhomogeneous flows, we need to compute the

scalar variance

The RANS scalar-variance transport equation is

") | Auid”) _ oo
axi axi

(@) + Py — ¢y (1.42)

where the production term is closed (assuming scalar flux is known)
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The scalar-variance flux can be modeled by

2\ a<¢,2>
<ul¢ >_ FT axi
or (in the RSM context) by
Kty 2487
AN
(1) = gty o0

The SDR rate is usually modeled by the “equilibrium” model:

gy = C¢£<4"2>

with Cy = 2 (independent of Re and Sc)

41

(1.43)

(1.44)

(1.45)
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Extended-Equilibrium Model for Scalar Dissipation

Many “practical” flows are not at high Reynolds
Following Corrsin (1964), we can use the model spectrum to compute Re and Sc de-

pendence:
€

12
~(9") (146)

qu = Cq;(Re, SC)

Local k and ¢ (and hence Re) found from turbulence model

Accounts for local low-Reynolds-number effects that are common in many

applications
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Mechanical-to-scalar time-scale ratio: R = Cy(Rey, Sc)

43
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Example: Impinging-jet microreactor: Sc = 1000

Z(mm)

[%2)
o
=

3

cocoooooooo0os X

onhwhruoNDOO

Local values: 1 < Re; < 100 = high Re model invalid



1.4. EQUILIBRIUM MODELS FOR SCALAR MIXING

Comparison with experiments:

10°

10

10

10°

T \\\\H'
+ A0 D>OAOYV

i

317ms
181ms
61ms
28ms
16.7ms
9.5ms
6.5ms
4.8ms
317ms, sim
181ms, sim
61ms, sim
28ms, sim
16.7ms, sim
9.5ms, sim
6.5ms, sim
4.8ms, sim
X payo SIM

RN SN

10’

10°

10° 10*

Re.

Reaction conversion X versus inlet jet Re
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Summary: Small-scale equilibrium models assume that scalar spectrum is fully

developed for a given set of large-scale flow statistics

Non-equilibrium models attempt to capture the evolution of the scalar spectrum start-

ing from arbitrary initial conditions

Note: In both cases, models provide rate of mixing (not shape of PDF)
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Chapter 2

Non-Equilibrium Models

2.1 Non-Equilibrium Models for Scalar Dissipation

To account for initial conditions where the scalar spectrum is not in equilibrium with

the velocity spectrum, a multi-scale model is needed
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For a given Sc and Re;, we can divide the scalar equilibrium spectrum into a finite set

of wavenumber bands:

In(E,)

In)

Le., a highly simplified spectral model
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We can then model the scalar variance in each range as a dynamic model with a source

term due to mean gradients and dissipation

mean gradient source term

AR

/vw/\/\/\
1 2113]\4 5/16

energy- inertial - viscous- dissipative
containing convective convective range

scale range range
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Spectral Relaxation Model (Fox 1995, 1997, 1999, 2003)

Example: Sc = 1 and Re), =90

The cut-off wavenumbers are defined by

K = Rel_?’/ZK,7

3 3/2
2= (CuRel —|—2> fu

K3 = Scl/?k,

51

2.1)

(2.2)
(2.3)

(2.4)
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where
1 Re‘;’/ 2
Ky = — = 2.5
and
K, = C %y (2.6)
with C, = (0.1)%/3 = 0.2154
The scalar dissipation range starts at
kp = k3 = Sc'/ %k, (2.7)

The scalar energy in each range is defined by

(¢ (F) = / E,(x, 1) di (2.8)
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These are modeled by ODEs with spectral transport, production, and dissipation:

and

72
d<§t h_ T+ 1P, (2.9)
72
d<§t E 2P, (2.10)
72
d(¢")s _ Ts + v3P, (2.11)
dt
d(¢”)p
o =To+ 0Py (2.12)

The variance-production term P, is known
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The scalar variance is found by summing over all bands:

@) = Y (¢ + (9D

n=1
The sum of the transport is null, so that

d(¢"?)
dt

=Pp—¢p

The model is closed by a small-scale equation for the SDR:
dey €p e\1/2 e\1/2 €p
a0 TEr Co (5) T+G (Z) a Cd<<p’2>pg¢

where
v

Cp = 2T (E)l/z —0.02

Note that the right-hand side scales like Re; = k/ (ev)!/2

(2.13)

(2.14)

(2.15)

(2.16)
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Spectral Transfer Rates

The spectral transfer rates determine the dynamics of the model

Based on DNS, the rates are assumed to be local: 7;,((¢"*),_1, (¢'*), (¢ n11)

T = — (a2 + Bra) (9 )1 + B (97): (2.17)
T = (12 + B1a) (9" )1 — (a3 + B2s) (9°)2 — B (@ )2 + Baa ()3 (2.18)
T = (23 + Po3) (@*)2 — (wsp + Ban) (§')s — Baa{¢"*)s + Bs(#*)p (2.19)
To = (asp + B3n) (9)s — Bos (@ )p (2.20)

T; = (wsp + Bap) (¢7)3 — Bty (2.21)
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The forward-transfer parameters are fit to a fully developed velocity energy spectrum:

€ K12 2C,Reqn12
&2 = Ro~+ K3 = - X3p =

= 2.22
k aC,Re; +3(1 —Sc1/3) 2.22)

B12 = cpx12 B2s = Cp3 Bsp = cpa3p (2.23)

The backscatter parameters are fit to yield an equilibrium spectrum independent of c;:
Ba1 = cp(aas — a12) Bs2 = cp(asp — a12) (2.24)

Bps = cpa128¢'/?(1 —b) /b Be = ,Sc'/?(1 —b) (2.25)

The time evolution of (¢'*), and mechanical-to-scalar time-scale ratio R depends on

the initial scalar spectrum
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Example 1: (4)’2>1 = 1 and others (4)’2>n = 0 (all scalar energy in largest scales):

micromixing is slower than equilibrium rate
1

0.8 fi
06y
97

04 f

02 f
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Example 2: (¢'*)1 = 1/2, (¢'*)5 = 1/2 and others (¢'*),, = 0 (two length scales):

micromixing rate is complicated
1

08 |
06t
@),

0.4

0.2}
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Example 3: (¢'*)3 = 1 and others (¢'*), = 0 (all energy at small length scales): mi-

cromixing rate overshoots equilibrium
2

1.3

1.6 |

1.4

oLy
<¢ >i 1t
0.8 |
0.6 H
0.4
02 lf -
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Example 4: (¢’*)p = 1 and others (¢'*),, = 0 (all energy at dissipation scales): mi-

cromixing rate higher than equilibrium
10

@°)
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2.2 Differential Diffusion

Basic question: How do covariance and joint scalar dissipation rate depend on I’y #

I'g for large Re?

For example, in combustion H; and small MW free radicals diffuse much faster than

hydrocarbons

How does I'y < I'g change the structure of a turbulent diffusion flame?

This question cannot be answered without chemistry, so we will look at an easier

problem of two inert scalars in homogeneous turbulence
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First, since molecular diffusivity only has a direct effect on the dissipation range, we

define a scalar-gradient correlation coefficient:

(V) - (V') eap (2.26)

Sap =
VIV PV, Vo

If scalar fields are correlated at the dissipative scales, g5 = 1

This occurs when initially (¢.) = (¢p) and I’y =T

Differential diffusion will have an indirect effect on the energy-containing scales, which

is measured by the scalar correlation coefficient:
(¢'o's)
Oup = - b . (2.27)
(@70 (9')
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This is the correlation coefficient that can be measured experimentally

We would like to estimate the dependence of p,5 and g,5 on Re; for turbulent mixing

with and without mean scalar gradients

Homogeneous Turbulence

In stationary, homogeneous turbulence (i.e., E,(x) is time independent), the scalar

covariance and joint scalar dissipation rate reduce to

d / /
<¢§j) ) —(Uipa) Gip — (iPp) Gin — YapEap (2.28)
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and
= — W8 — fWf———————E, 2.29
dt Cs (v) exp = Cay ﬁ((l?’a(l?’ﬁbg p (2.29)
where
I(Pa)
in = 2.
G ax, (2.30)

are uniform (i.e., constant) scalar gradients
Although in DNS data sets Gj, and Gjg are usually aligned in the same direction, they

need no be so (e.g., they could be orthogonal)
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Observing these equations, we see that the only effect of differential diffusion comes

from
_T.+Tp 1T, 1/2+1 IS 2.31)
T =TT, 2\T, 2 \T, :
which takes on values 1 < 7,4
In limiting case of I'y = I'g, yap =1
We need a model for the scalar flux (gradient diffusion):
(ui<pa> = —I'7Gj, (2.32)

where I'r is turbulent diffusivity (independent of molecular Sc)
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We also need a model for the covariance in the dissipation range (Re; ' = Re; '/?):

Cﬂé !4/
(@85 = gor(@'8's)

(2.33)

where C,p has weak dependence on Sc but becomes constant at high Re; (shown using

DNS)
The governing equations then reduce to
d / /
% = 2I'rGinGip — Yuptap

and

dE,X/g € 1/2 RelCd 8043
=C - afp — \ —= BT . \cu
G =) e ( Cap )7 AT

which will be our starting point for studying p,s and gug

(2.34)

(2.35)
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Mean Scalar Gradients

We first consider the case with mean gradients (production term for covariance)

For this case, the statistics reach a steady state where

GinGi
eap = 2Mp— P (2.36)
Yap
and
kCa\ [ Yap€ap
') = 2.37
<(P zx(P /3> <£CB> < szlB ( )
These steady-state values can be used to find the correlation coefficients:
GinGi 0,
1 g cos(0qp) (2.38)

8 = e IGalIGal —  ap
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where 0,4 is the angle between the mean scalar gradients, and

+/CuaC +/CuaC
ap ap
Thus, for very large Re we find
Pup — €OS(bap) (2.40)
cos(6,
Qup = (6p) (2.41)
Yap

so that only g,s depends on differential diffusion (i.e., energy-containing scales are
independent of molecular diffusion)
Owerall, differential diffusion has a very small effect in the case of mean scalar

gradients (which is the case closest to inhomogeneous mixing)
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Decaying Scalars

This case is more subtle because there are no production terms to drive the process

Correlation coefficients depend on small differences in decay rates

Using the definitions of the correlation coefficients, from Egs. (2.34) and (2.35) we can

derive

dpa/s:_l ) Vaptap  Eaa  EpP 242
i 2( @0 9 <¢'§>) i

and

dg,xlg - _Relcd ( 2 YapEap 1 €, 1 €pB ) (2 43)

dt — 2 \Cyp(@y) Calp?)  Copig?)

Note that these equations contain only the dissipation terms (production terms cancel)
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The vortex-stretching term appears in the scalar time-scales equation:

g YapEap _ E 1/2 Cr — <C _Coc/S) k’)’zxﬁgzx/} YapEap 5 44
dt<<¢'a¢'ﬁ>) &) [ " Ret) Cplt ity | Wty O

where Re;Cy > Cyp

1/2

Note that the time scale equation has characteristic rate of (¢/v)'/* and thus quickly

reaches a quasi-steady state at high Re:

kYapeap Cs
= 2.45
eCap(¢,9's)  Ca— Cup/Re (24)
Thus, in the limit of large (but finite) Reynolds numbers:
14 o CDC — —
Yepbap b |y | Cebpast L o(Re?) (2.46)

Cap(P',9'5)  kCa Ca
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where lowest-order term is independent of Sc

This result can be used in Egs. (2.42) and (2.43) to find

do.p  €Cp
and
dng‘B dpa‘B
= 2.4
dt dt (248)

where we have kept only the lowest-order terms

We can conclude that

1. Both correlation coefficients change at the same rate proportional to €/k
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2. De-correlation will occur only if 0 < Cuy + Cgg < 2C4p (From DNS, this is the

observed behavior)

3. Athigh Re the value of C,g approaches a Sc-independent constant, thus de-correlation

becomes very, very slow

4. Whether or not p,5 — 0 for large ¢ will depend on the evolution of C,s = difficult

to study with DNS due to long simulation times

Differential diffusion for reacting scalars is likely to scale in a similar manner to inert scalars
Thus, reaction products produced at small scales will be more sensitive to differential diffusion

than reactants introduced at large scales
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2.3 Multiscale Model for Differential Diffusion

Only DNS resolves the diffusive scales (and thus can treat differential diffusion ex-

actly) = A multi-scale model is needed in LES/RANS methods

Multi-Variate SR Model

Defining the average diffusivity by

Ty +T
Lap = 5~ (2.49)

the model equations for the cospectrum (¢’ ¢’ ﬁ> and joint dissipation &, are exactly

the same!
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The covariance is found by summing:

3

(@'5) = (PP 5hn + (@) (2.50)
n=1
The covariance at dissipation scales obeys
d(¢’,9's)p
Tﬁ = Tp + Y0 Pup — Vaptap (2.51)

De-correlation at small scales is due to molecular diffusion:

dEaﬁ
dt

“Per o ()T (5) e

€
v
wherein the covariance-dissipation-production term P, is defined by

_ yo | &, .\ 9(¢p) €g (P
D= <<¢'i>n<”“’""> o s " ) =7

Eup (2.52)
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For differential diffusion, 7y, > 1

The dissipation transfer rate:

Te = Yo (@D + Bap) (¢, 9503 — Bety (2.54)

will depend on the Schmidt number through 7,4 and B,
The SR model can be solved with different initial conditions to determine how the

correlation coefficients p,p and g, depend on Sc and Re
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Decaying Scalars

CHAPTER 2. NON-EQUILIBRIUM MODELS

No backscatter (Left) ¢, = 0: non-zero asymptotes

Backscatter (Right) ¢, = 1: zero asymptotes (consistent with DNS)
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De-correlation “leaks” from small scales to large scales due to backscatter



Chapter 3
PDF Description of Turbulent Mixing

We will now consider methods to find the joint PDF

These methods are called transported PDF methods

77
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3.1 Introduction

We consider one-point velocity, composition PDFs:

e The joint PDF contains no information concerning local velocity and/or scalar

gradients. (A two-point description would be required to describe the gradients)

e All non-linear terms involving spatial gradients require transported PDF closures.
Examples of such terms are viscous dissipation, pressure fluctuations and scalar

dissipation (micromixing)
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Or one-point composition PDFs:

e There is no direct information on the velocity field, and thus a turbulence model

is required to provide this information.

e There is no direct information on scalar transport due to velocity fluctuations. A

PDF scalar-flux model is required to describe turbulent scalar transport.

e There is no information on the instantaneous scalar dissipation rate and its cou-
pling to the turbulence field. A transported PDF micromixing model is required
to determine the effect of molecular diffusion on both the shape of the PDF and

the rate of scalar variance decay.
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Velocity, Composition PDF

Formally, the one-point velocity, composition PDF is defined by
fue(V,¢;x,t)dVdy =
Prob{(V < U(x,t) < V4+dV)N(yp < ¢(x,t) < p+dy)} (3.1)

We are interested in this PDF because:
If fue(V,¥;x,t) were known, then all one-point statistics of U and ¢

would also be known

Formally, the statistics are found by integration:

Q) = [[ V. 9)fua(V,9ix ) dVdy 62)
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and some of the most widely used are

(U) mean velocity,
(¢p) mean composition,
(uiuj) Reynolds stresses,
(¢',¢'s) composition covariances,

u;d’ ) scalar fluxes,
¢

and

(S(¢)) mean chemical source term.

81
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Moreover, higher-order statistics are also available, e.g.,
(ujujur) triple correlations.

Thus, solutions to the PDF transport equation will provide more information than is
available from RANS and LES models without the problem of closing the chemical

source term

Note, however, that non-linear gradient statistics remain unclosed:

og' 99!
(arioe)

Closure models will be required for such terms



3.1. INTRODUCTION 83

Composition PDF

For reacting flows, the chemical source term involves only ¢
Thus, in principal, we need only consider the composition PDEF:

+ o0

fo(P;x, t) = N fue(V,¢;x,t)dV (3.3)

However, since it will require us to use a gradient-diffusion model for the velocity
fluctuations, the composition PDF should only be used with turbulent-viscosity-based
and LES models

With Reynolds-stress (second-order) models, the velocity, composition PDF provides

a consistent closure
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3.2 Velocity, Composition PDF Transport Equation

Starting from the Navier-Stokes equation:

DU; aU; . oU;

where
o*U;  1ap
Al = - = 1 .
d0x;j0x;  pOX; t8 (3.5)
and the scalar transport equation:
Do _ 9a u-a‘P‘" = Q, (3.6)

Dt — ot T ox;



3.2. VELOCITY, COMPOSITION PDF TRANSPORT EQUATION 85

where

2
r I Pa

@, =T, Trox, T Sa(¢) (3.7)

We can derive a transport equation for the joint velocity, composition PDF

There are at least two methods that can be used

1. starting from “fine-grained” PDF (Pope 2000, Turbulent Flows)

2. starting from an arbitrary function of U and ¢ (Pope 1985)

The first method is more “formal” and requires manipulation of delta functions

The second method better reveals the assumptions that are made along the way
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Joint PDF Transport Equation: Final Form

dfvg | ,9fue 0 0
or e = oy ATV el = 5

From this expression, it can be seen that the joint PDF evolves by transport in

[(©ilV, 9) fug] (3.8)

(i) real space due to the fluctuating velocity field V,
(i) velocity phase space due to the conditional acceleration term (A;|V, @),
(ili) composition phase space due to the conditional reaction/diffusion term (®;|V, ¢).

NOTE: This procedure can be applied to find the transport equation for any set of random fields
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Conditional Fluxes: The Unclosed Terms

The conditional acceleration comes from the NS equation:

2771 /
(AilV, ) = <<V I la—p) IV,tIJ> 19(p) + i (3.9)

dx;0x;  pox; 0 0x;
Gravity and mean pressure effects are closed, but viscosity and pressure fluctuations
require a model

The conditional diffusion and reaction term comes from the scalar equation:
2

OV, ) = ( Tos——1|V, Sa 3.10
@]V, ) < o ¢>+ () 3.10)
The most important reason for using PDF methods is now obvious: The chemical

source term is closed!
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3.3 Composition PDF Transport Equation

The transport equation for the composition PDF can be found from that for the joint

PDF

Derivation of Transport Equation

Integrating out the velocity:

/+oo {m +Vian’¢ — _i [<A1|V/lp>fUr¢] - d

o | Ot dx; oV, 39, [<®i|V,lIJ>fU,¢]} dv (3.11)

yields
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aaitqb + (i) 2{Z + aixi [(uilp) fp] =
- 8?/)1- [(LV2ilw) fol = a?Pi [(TV2(0) + Si(9)) fo] (3.12)

This equation is the starting point for deriving PDF-based mixing models: (condi-
tional PDF models, CMC model, multienvironment PDF, etc.)

It contains two unclosed terms:
1. Scalar-conditioned velocity fluctuations: (u;|y)
2. Molecular mixing: (I';V2¢'.|p)

Models are required for both terms, but we will consider only the first for now
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Scalar-Conditioned Velocity Fluctuations

Velocity fluctuations conditioned on the scalar(s) can be modeled in two forms

The first form holds when the velocity and scalars are both Gaussian:

(wl) = (wp")(p'p") (3 — () (3.13)
In general, this is rarely the case (especially for reacting scalars)

The second model invokes a gradient-diffusion hypothesis:

1) — _L19fe
(i) = 7, o (3.14)

Although not exact, this model is more general and is consistent with using a gradient-

diffusion model for the scalar flux
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Using the gradient-diffusion model, the composition PDF follows:

dfg dfp _ 9 [ 9fg
? + <U1> axi - axi [rT axi]

(L2019 fo) — = [(TV3(90) + Si(9)) fp] (315)

0
oy o

where the turbulent diffusivity I'r(x, t) depends on the local values of k and € and the
molecular diffusion term I'; V2(¢;) is negligible at high Reynolds numbers
In this equation, the chemical source term is closed (and thus exact)

However, a micromixing model must be developed for (I';V?¢'.|¢p) before the equa-

tion can be solved to find f,
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3.4 Models for Conditional Acceleration

PDF modeling is primarily concerned with closing the conditional fluxes
For the velocity field, the conditional acceleration must be modeled:

o (U _ 19(p)

/
i 7 - ] 7 i 1
AV, ) = AV, ) +vgat — S8 g (3.16)
where the unclosed fluctuating component is defined by
o%u; 1ap’
/ = : —(—=—|V 17
(V. ) <“axjaxj v,¢> (G v.) 3.17)

The two unclosed terms are

1. fluctuating viscous forces



3.4. MODELS FOR CONDITIONAL ACCELERATION 93

2. fluctuating pressure forces

The first term leads to turbulent energy dissipation and is relatively easy to model

The second term contributes to the complicated interactions between various velocity

components and is difficult to model in a general way

Velocity PDF: Decoupling from the Scalar Field

For passive scalars, the acceleration does not depend on the scalars

This implies that

(AilV. ) = (AilV) (3.18)
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We can thus integrate out the scalars, and consider first only the velocity PDF:

dfu n Viaflf _

d
ot ox, = v WAVl (3.19)

where closure requires a model for

0% u; 1ap’
AllV) = — V) —{( -~V 2
(av) <“axjaxj > (33|v) 3:20)
In general, the PDF model can be formulated in terms of
v, (U), (um), 839, and ¢,

where ¢ can be treated as a deterministic variable, or modeled as a random process

using a separate stochastic model
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The PDF model must reproduce the known behavior of fy and its statistics

For example, in homogeneous turbulence with uniform shear it is known that fy be-

comes Gaussian with time-dependent Reynolds stresses

The conditional acceleration must therefore allow for a Gaussian fy

Velocity PDF Closures

The simplest models are based on a linear stochastic process:

_ Goedfu

<A§|V> — Gij (V] - <uj>) 2fy V;

(3.21)
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where Gj;(x, t) is a second-order tensor which depends on

(wius), BS?, and ¢

All of the important physics that determine the Reynolds stresses must be contained
in G (thus, most of the modeling work is still to come!)
A linear Fokker-Planck equation results:

dfu  ,9fu o'(Uy _19(p) '\ ofu
ot +Vlaxi + (”ax]-ax]- 0 0x; T8

J Coe 0
o (G (G~ () fo] + 2T a2

Linear Fokker-Planck equations admits a multi-variate Gaussian PDF as a solution



3.4. MODELS FOR CONDITIONAL ACCELERATION 97

Generalized Langevin Model

A more complete acceleration model must account for the anisotropy tensor b

In practice, this is done by making stochastic versions of Reynolds stresses models

d(Uy)
axl

€
Gij = — (“151']' + 042191‘]‘ + 0631?12]-) + Hijxi (3.23)

k

where the fourth-order tensor H is a linear function of anisotropy tensor b and con-

tains nine model parameters:

Hiji = B16ij6r1 + Badidii + B3didjk

+ Y10iibxi + v20ikbji + ¥30ubjk + Yaduibij + v561bix + vedjxbi (3.24)
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Pope and co-workers have made detailed comparisons between the GLM and turbu-
lent flow data. In general, the agreement is good for flows where the corresponding
Reynolds stress model performs adequately.

Despite the ability of the GLM to reproduce any realizable Reynolds stress model, it
is not consistent with DNS data for homogeneous turbulent shear flow.

In order to overcome this problem and to incorporate the Reynolds-number effects
observed in DNS, a stochastic model for the acceleration can be formulated

It remains to be seen how well such models will perform for more complex

inhomogeneous flows
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Micromixing Models for Conditional Diffusion
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The conditional diffusion term has the same form as the viscous term:
(TaV2Pe|V, ) = (TV29', |V, ) + TV {(0) (4.1)

However, it is much more difficult to model since the scalar fields are almost always
non-Gaussian
In fact, because scalars fields are bounded and correlated, we cannot use a simple linear

closure like the (linear) Langevin model
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4.1 Some Useful Constraints

Before looking at particular closures, it is important to understand the constraints that

they must satisfy

1. Mass conservation: averaging the model over all velocities and compositions

should result in not net changes

((L.V?¢' U, ¢)) = ([, V') =0 (4.2)

(I) The molecular mixing model must leave the scalar mean unchanged
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2. Covariance dissipation: multiplying by the scalar fluctuation and averaging yields

the scalar dissipation rate

(@' 5(C V2 U, @) = To(o' V29,

(4.3)
— _rlx<<v4},o¢) ) <V¢,/3)> + FDCV ) <(P,‘BV(P,0¢>
or, because ¢,5 is modeled separately,
(¢ TaV2s) = — = | ey 4 TV - (¢ V) (4.4)
4)/304 (sz - 7 rﬁgzx/ﬂ o 4)/3 (sz .

(II) The molecular mixing model must yield the correct joint scalar dissipation rate
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3. Local anisotropy: multiplying by the velocity fluctuation and averaging yields

the small-scale velocity-scalar correlation
(ui(T V29! [U, @) = To(uiV'9',)
- _rlx<<vui) ) (V(P,zx)> + FDCV ) <uiv¢,a>'

(4.5)

Thus, local isotropy requires

(L, V¢’ ) =0, (4.6)

(III) Molecular mixing model must be uncorrelated with velocity at high Re

Note that this constraint implies that the mixing model should depend on the

velocity V (which is usually not the case!)
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Most micromixing models have been developed in the context of composition PDFs

where conditioning is limited to scalars: (I', V¢’ |¢)

Thus usually only constraints (I) and (II) are considered
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4.2 Desirable Properties for Mixing Models

In addition to moment constraints, there are several desirable properties:

(i) Inertscalar PDF should relax to Gaussian form.
(ii) All scalars must remain in the allowable region.
(iii) Conserved linear combinations must be maintained.
(iv) Mixing should be local in composition space.
(v) Mixing rate should depend on scalar length scales.

(vi) Re, Sc, and Da dependencies should be taken into account.
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4.3 Physical Basis for Desirable Properties

(i) Why Gaussian?
DNS studies of inert scalar mixing have shown that

e PDF of an inert scalar evolves through a series of “universal” shapes that are

similar to a beta PDF

e scalar dissipation rate strongly depends on the initial scalar length-scale distribu-

tion (i.e., the initial scalar spectrum)

e limiting form of the scalar PDF is nearly Gaussian
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These observations suggest that the development of molecular mixing models can

proceed in two separate steps:

1. Generate a mixing model that predicts the correct joint scalar PDF shape for a

given scalar covariance matrix, including the asymptotic collapse to a Gaussian

2. Couple it with a model for the joint scalar dissipation rate that predicts the cor-
rect scalar covariance matrix, including the effect of the initial scalar length-scale

distribution

Most molecular mixing models concentrate on step 1. However, for “practical” react-

ing flow applications, step 2 can be very important
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(ii) Why worry about the allowable region?

Consideration of the allowable region comes from the very nature of chemically react-

ing flows:

e All chemical species concentrations are, by definition, positive: ¢ > 0. Moreover,

the maximum (¢, .) and minimum (¢, . ) concentrations observed in a particu-

max
lar system will depend on the initial conditions, the extents of reaction, and the

concentrations of other species

e Reaction-stoichiometry plus element-conservation constraints put non-trivial bounds

on the composition vector ¢. Interior of these bounds forms the allowable region
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Example: nonpremixed one-step reaction A + B < Y

Da =130,000
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(iii) Why linearity?
If the molecular diffusion coefficients are identical, chemical elements are conserved:
AS, =0 (4.7)

the transport equations for the chemical species imply that

Dc,
Dt

=I'VZc, (4.8)

where ¢, is the (conserved) element “concentration” vector.

Thus, a viable mixing model must satisfy

A{T'V?c|c) = (T'V?%|c.) (4.9)
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In general, Eq. (4.9) will hold if the mixing model is linear in ¢ and employs the same

mixing time for every scalar (e.g., the IEM model)

Lo (9)). (4.10)

2 —_
(I'V=clc) = 2

Non-linear variations of IEM have also been proposed (e.g., GIEM)

(TViele, ¢) = a(g,t)(B—c) (411)
where B(t) is chosen to conserve the scalar means:

_ (a(& t)e)
B(t) = TEn) (4.12)

GIEM models the mixture fraction using

(TV2Z|2) = a(Z,t)(Be — Q) (4.13)
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where B#(t) is the time-dependent intersection point with the {-axis, and «(, ) quan-

tifies the deviations from linearity:

1.5

- <> =007

e <£">=005

Lof . T —<€">=001
(VEID) o5
0.0

0.5 ‘ ‘ Y

000 025 050 075  1.00
¢

Thus, unlike IEM, the GIEM relaxes to a Gaussian PDF for mixture fraction
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(iv) Why should mixing be local in composition space?

Local interactions refer to neighboring points in composition space

In general, since mixing in composition space is continuous, stochastic models that
“jump” from point to point are not physical

The problems that occur due to non-local models is best illustrated with a “flame

sheet” where

Y(¢) = min (%, 11__6{’:) (4.14)
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Flame sheet:

flame sheet

Y reaction zone

allowable region
0 .

0 1
gst

With fast chemistry, mixing moves along the flame sheet starting from 0 or 1

Non-local mixing generates points in allowable region away from flame sheet
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IEM is non-local: homogeneous case

Lo @15
= S ) )+ se(10) (4.16)

Mixture fraction follows
£ = @)+ (€0) — (@D exp (5. 417

Likewise, if (Y)(0) lies well below the reaction zone, the IEM model will collapse all
points outside the reaction zone towards the mean values without passing through

the reaction zone
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(v) Why account for the scalar length-scale distribution?

DNS of inert scalars with different initial spectra show that the scalar dissipation rate

is very dependent on the length-scale distribution

We have seen that the spectral relaxation (SR) model can account for the length-scale

distribution using a multi-scale model

Accounting for the length-scale distribution is similar to accounting for dissipation

fluctuations in the flamelet model

Fluctuations lead to local extinction (fast mixing) in reacting flows



4.3. PHYSICAL BASIS FOR DESIRABLE PROPERTIES 117

(vi) Why include Re, Sc, and Da dependencies?

At very high Reynolds numbers, turbulent mixing theory predicts that the scalar dis-

sipation rate will be independent of Re and Sc.

In general, the inclusion of dependencies on Re, Sc, or Da is difficult and mostly done

on a case-by-case basis.

Examples where the Sc-dependence may be significant include liquid-phase reacting
flows at moderate Reynolds for which the Schmidt number is very large and gas-phase
reacting flows for which the molecular diffusion coefficients of some species differ by

an order of magnitude
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4.4 Three Simple Mixing Models

Rather than try to look at all proposed models, we will concentrate on 3 typical ones:
1. coalescence-dispersion model
2. interaction-by-exchange-with-the-mean model

3. Fokker-Planck model
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CD Model

This model was first proposed to describe mixing of liquid droplets

It involves a jump process:

<(PA1’ (PBl)l coalescence (PZ — <(PA1 + 4)142)/2 dispersion (4)2/ (Pg)l
_ _—
(P42, Pp2)2 ¢p = (P51 + P52) /2 (P2, P5)2
where (-, -)1 and (-, -); are the compositions of fluid particle 1 and 2
The CD model is easy to program in Monte-Carlo simulations (randomly select two

particles with a fixed probability)
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In terms of the constraints, the CD model’s behavior is
e (I) The mean concentration is the same before and after mixing

e (II) All scalars have the same dissipation rate, so joint scalar dissipation rate can

not be completely controlled
e (III) Velocity is not included, so local anisotropy cannot be controlled
In terms of the desirable properites, the CD model’s behavior is
e (i) The limiting PDF is not Gaussian

e (ii) All scalars remain in allowable region



4.4. THREE SIMPLE MIXING MODELS 121

e (iii) Linear combinations are conserved

e (iv) Scalar values jump, so CD model is not local

e (v) Length-scale distribution is not treated explicitly
e (vi) Re, Sc and Da are not accounted for

Despite its limitations, the CD model is still used for PDF simulations of turbulent

reacting flows!
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IEM Model

The IEM model uses a simple linear deterministic equation:

(T V29 |9p) = ﬁwm — ) (4.18)

where ¢, is found from a separate model for the scalar dissipation rate

In most applications, a scale-similarity model is used:

s
<4)’i> - C(PE (419)

with C<P ~ 2
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In terms of the constraints, the IEM model’s behavior is
e (I) The mean concentration is conserved due to linear form

e (II) All scalars have the same dissipation rate, so joint scalar dissipation rate can

not be completely controlled

e (III) Velocity is not included, so local anisotropy cannot be controlled unless

velocity-conditioning is used:

€q

2(¢'2)

But this is difficult due to statistical noise when estimating (¢,|V)

(T V2 |V, ) = (Pa] V) — 90) (4.20)
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In terms of the desirable properties, the IEM model’s behavior is

e (i) The shape of the PDF does not change!

e (ii) All scalars remain in allowable region

e (iii) Linear combinations are conserved due to linear form

e (iv) Scalar values move continuously towards mean, so IEM model is nearly local

e (v) Length-scale distribution is not treated explicitly

e (vi) Re, Sc and Da are not accounted for
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Due to constant shape, IEM does not work well for homogeneous mixing (i.e., without
mean-scalar gradients)

IEM model is widely used for PDF simulations of turbulent reacting flows and the

results for inhomogeneous cases are reasonable
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FP Model

The Fokker-Planck model adds a nonlinear diffusion term to the IEM model in order

to make the PDF shape relax to Gaussian

For a single scalar, conditional diffusion is related to the conditional dissipation rate:
2 4/ d
IV lp) = 573 (leol ) fo) (4.21)

In principle, if (e4|1p) were known we could use this model for mixing

However, it leads to negative diffusion in phase space and is numerically unstable
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The FP model ‘regularizes’ the diffusion process using

(TV2¢' ) = 2(TV?¢'|[p) — (TV?¢'[p)

= 2(TV2¢'|¢p) — 2%% ((epl) fo) (4.22)
_ & oy L9 €
= (4”2><<¢> ) 2f, 39 ((epl®) fy)

where the final form follows by using the IEM model for conditional scalar Laplacian
The resulting Fokker-Planck equation for f, has the form of a non-linear diffusion
process

df, gy 0 10°
5% = Tomap 4~ D]+ 555 (Elt)fy (4.23)

Solution is well behaved, and shape of f, is determined by the choice of (e4|1)
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Applying the same procedure for multiple (N;) scalars, leads to an expression of the

form

S 1 9’
Za% (V9 o] = L L 5 a0y, (Cl®ife) - (429)
B B

a=1p=1

(T.V?¢', |9p) ———Z Map(9p — 4’!3>)‘|'f_W ((eapl®) f) (4.25)

This yields a multi-variate Fokker—Plaan equation for the composition PDF
However, the user must supply the conditional scalar dissipation rates (€.g|t)
If all scalar are Gaussian, then (e,g|1p) = €,4 is independent of ¥

In general, (e,p|9p) will be hard to determine a priori
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Coefficient matrix M = [M,g] can be found using the covariance decay rate:

d{¢’,9's)
at p I o2 4/ I o2 4/
——— = (T’ [V ) + Tpp' ,V
dr { 4’[5 ¢’y <[5‘P 4’[5> (4.26)
= ~Yaplap
This yields the following expression for M:
M = (SreS;' +¢)C ! (4.27)
where the matrices on the right-hand side are defined by
Sr = diag <\/F_1, .., \/FNS) and & = [eup] (4.28)

and C = (¢'¢p'") is the scalar covariance matrix.
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In order to see if the FP model satisfies the constraints and desirable properties, we

need to express it as a random process
1
dp = —5M(¢p — (¢)) dt + B(g) dW(¢) (4.29)

where dW(t) in a multi-variate Wiener process

The diffusion matrix B(¢) is related to (e|¢) = [(e.p|¢p)] by

B(¢)B(¢)" = (e|¢) (4.30)
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In terms of the constraints, the FP model’s behavior is

e (I) The mean concentration is conserved due to linear form of drift term
e (II) The matrix M is defined to yield the correct joint scalar dissipation rates

e (III) Velocity is not included, so local anisotropy cannot be controlled unless
velocity-conditioning is added (problematic due to statistical noise)
In terms of the desirable properties, the FI> model’s behavior is
e (i) The shape of the PDF approaches joint Gaussian due to form of (e|y)

e (ii) All scalars remain in allowable region if (e|y) is defined to have zero flux on

boundaries
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e (iii) Linear property applies only with diffusion coefficients are equal:
d¢p = —S,'U,S,U;S, " (¢ — (¢)) dt + S¢(p)Cy(p) dW(1) (4.31)
Linearity holds if (e|y) transforms correctly
e (iv) Scalar values move continuously towards mean, so FP> model is nearly local
¢ (v) Length-scale distribution is treated explicitly using SR model for e

e (vi) Re and Sc are accounted for explicitly (Da effect must be added to SR model)
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Example: Bivariate FP model for mixture-fraction vector ¢ = [{1, {2]
The allowable region is defined by a right triangle: 0 < ;1 +¢» <1

The 3 sides of the triangle have normal vectors defined by

1] o 1]

n(0,03) = n(y,0) = n((y,05) = —= (4.32)
S (T R
The stochastic model has the form
dg = —eC; (& — (2)) dt + Sg(Z)Cy (&) dW(t) (4.33)

where the covariance matrix is Cz = [(§;¢})]
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For this example, the conditional scalar dissipation rate matrix has three unknown

components:

(4.34)

(eelTu Ca) = [<€11|le§2> <€12|51,52>W
| ]

|(e]01,G2) (enlTn, 02)

The functional forms of the 3 components must satisfy 3 moment conditions:

((€11]81,C2)) = en
((€12[C1,G2)) = en2 (4.35)
((€22/81,82)) = ex
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and 6 boundary conditions:

€11|0,3)
€12/0,3)

{
{
(€12|C7,0
(€22|C7,0

(€11/01,G5) + (€12lC1, &5

)
)
)
(€12|C7, 03) + (€| 1, C3)

=0
=0
=0
=0
=0
=0

135
forall ¢,
forall {5
for all {7 4.36)
forall {7

forall {7+ (5 =1

forall{; + (5 =1

The last 6 constrain the diffusion to be zero in the direction of the normal vectors:

(€¢|C1,2)n =10
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If we postulate that (like the beta PDF) that the coefficients can depend only on the

tirst and second moments, then they must have the form:

(en|C1, 8o) = a0+ a1 + 4202 + as3 + asl1 0o + as5
(€12]C1,C2) = by + 0101 + balo + bgﬁ + by(10o + b5§§ (4.37)

(€2|T1,02) = co + c11 + c2ln + €303 + 40102 + 505

where the coefficients must satisfy the constraints
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Applying the constraints, we can express coefficients in terms of moments:

(€11|1C1,02) = al1(1 — 1 — {2) — BL1Lo
(€12C1,2) = BL10o (4.38)
(€22|01,C2) = YC2(1 —C1 — {2) — BL102

where

€11 + €12 €12 €20 + €12
[x — IB —

(61(1—¢1—¢2)) (E1E) Y= EEES) (4.39)

We can define the bivariate beta PDF to be the stationary solution to the FP equation

with this diffusion matrix.
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It is remarkable that this result can be extended to N components by inspection:

(€ill0) = aiC; (1 — ZC;‘) — ZﬁijCiCj
] ]

(€ij|C) = BiGiCj

(4.40)

where the coefficients a; and f;; are determined by the constraints ((€;|{)) = €jj

We can thus define the multi-variate beta PDF to be the stationary solution to the FP

model with this diffusion matrix
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4.5 Prospects for Mixing Model Improvements

For reactive scalars, in a PDF context the key unknown terms are the conditional scalar

dissipations (e|¢), which depend on Da and premixed /non-premixed, etc.

Unlike for inert scalars (e.g. mixture fraction), the functional dependence of (e|¢) on

¢ can be quite complex
The modeling challenge for reacting scalars is to find approximate forms for (e|¢)

For nonpremixed flows, it is useful to decompose (€|¢) into mixture fraction ¢ and

reaction-progress variable Y (zero at inlets)
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One-step reaction: A + B <= Y where Y is product (temperature)

Da = 3 x 10*%

<eély,C>

0.8 N

Y is bounded above due to chemistry (element balances) = shapes of (ely, {)
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Da = 8 x 10%

<eély,C>

0.8 L=

Y is strongly correlated with mixture fraction ¢ = use conditional model where Y

statistics depend on ¢ = , e.g., (Y|{) is the conditional mean of Y
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Use PDF transport equation for fz(¢) (i.e. PDF of mixture fraction) and quadrature to

model conditional PDF fy(y|C):

z

frieylt) = Z —(Y[Z2)x) (4.41)

where weights py and abscissas (Y| are found from conditional moments:

z

(Y*|Z) = Z Yl «a=0,1,...,2N -1 (4.42)

As in other conditional models, fz({) and (ez|C) are assumed to be known
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DNS data weights pi({) abscissas (Y|()«
Da =30,000
0.8 T T, ,__\\I T ] 1 I I T T
T osf .
1 o6”, A‘_
p AA AA
- o AAAAA AAAAA o
] 0.4F AA:Q‘xxxl¢::
4‘44:'11144444444444111'1444
T o02ke,"" .
G 1 1 1 1
10 02 04 _o06 08 1

Provides models for the conditional dissipations:

(evely, 0) frie & ;Pk@)é(}/ —(Y|2)x) (evelT)x (4.43)
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where

(el = (e @ 2 tevign = tedim@) (L) +e

¢

04 T T T T

0.35

0.3

( gY | C >k 0.25
0.2F

0.15
0.1

0.05

0 02 04 06 08 1
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where scalar dissipation fluctuations are modeled by hy:

4 I I I I

3.5k

3_ -

Vv,
vv
Yvv, _——
YVvyvy

Model has the form of multiple “flamelets” with interaction terms:

d 9’
ALk Sedom S 1 s (g +

145

(4.45)
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and

pefe _ 19

T _Ea_gz<<€§|§>hkpkf§) + Gife (4.46)
where (e|() and fz are known (e.g. beta PDF)
The conditional micromixing model is represented by My and Gy, and controls the rate

of “exchange” between the N environments = DNS suggests IEM + “engulfment”,

depending on Da

Structure of model allows for coexistence of “burning” and “extinguished” environ-
ments due to fluctuations in scalar dissipation rate (i.e. /x), which are required to cor-

rectly predict partial extinction and re-ignition:
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Da = 8 x 10* Da = 3 x 10*

Extinction/re-ignition increases with decreasing Da
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General Conclusion: Micromixing models for multiple scalars must contain

information about small-scale correlations between scalar gradients

This is especially important for combusting flows where fluctuations in scalar dissi-
pation lead to local extinction
Models that do not account for variations in €; (e.g. (€#)x) cannot predict local extinc-

tion; however, just adding a fluctuating scalar dissipation term is not enough!

The (implied) model for (e€|¢) describes the small-scale correlations = it is

important to choose it carefully!





