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The relationship between the chord length distribution (CLD) obtained by a point
sensor and the drop size distribution (DSD) in a liquid-liquid dispersion is investigated.
Based on analysis of the frequency of drop-cuttings by the sensor, a physical model is built
to derive the probability density function of chord lengths for a given DSD, and vice versa.
The effect of biased sampling towards larger drops relevant to point sensors, which is
often ignored by investigators, is included in this relationship. A new algorithm is
introduced to solve the problem of noisy or even negative DSD values by adding
smoothing equations while performing the backward conversion. The effects of parame-
ters, such as the number of drop size groups used, the noise level, and the smoothing
factor value, on the backward transform are further studied. Both forward and backward
transforms are shown to be in good agreement with ideal data when using continuous
(e.g., log-normal, uniform) distributions and with data obtained from Monte-Carlo
simulations. Good agreement is also found between the DSD obtained from chord length
measurements and drop size data determined by direct observation.© 2005 American
Institute of Chemical Engineers AIChE J, 52: 931-939, 2006
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Introduction

Dispersed (or bubbly) flows where one fluid (such as oil or
air) is dispersed in the other continuous fluid (such as water) in
the form of drops or bubbles occur very often in multiphase
flow systems in the chemical, pharmaceutical and oil indus-
tries. One important characteristic of dispersed flow behavior is
the distribution of drop (or bubble) sizes, which has been found
to affect significantly the heat/mass transfer and turbulence
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characteristics. Many experimental techniques for drop size
measurement have been developed for air-liquid and liquid-
liquid systems: photographic and video recording techniques,'
sometimes coupled with an endoscope to obtain local measure-
ments?; resistance or impedance probes®#; hot-film anemom-
etry®; and optical probes, such as the Par-Tec 300, Lasentec
Ltd.®” However, while photographic and video recording tech-
niques give the drop diameter distribution directly, other tech-
niques involving point sensor probes provide only a distribu-
tion of the chord lengths intersected by the probe. It is,
therefore, necessary to convert a measured chord length distri-
bution (CLD) to the relevant drop size (diameter) distribution
(DSD).
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Consider a dispersed system where the drops (or bubbles)
are uniformly distributed in space and the distribution of drop
size R is described by P(R). The chord length distribution P(L),
defined as the likelihood of finding chords of length L among
all the intersected chords, will be determined by the following
factors:

(A) the size distribution function P(R) of drops in the sys-
tem;

(B) the conditional probability function P(L|R) of cutting a
chord of length L from a drop intersected by the probe with a
specific size R;

(C) the biased sampling probability function Pg(R), which
describes the likelihood that a drop of size R will be sampled
by the probe if a uniform spatial distribution is assumed. This
is known as biased sampling because the probe is more likely
to sample large drops than small ones, as will be shown below.

Knowing the above functions, the distribution function of
the measured chords P(L) for any system can generally be
written as follows:

P(L) = j ’ P(L|R) P4(R) P(R)dR
= J’x P(L|R) Px(R) P(R)dR (1)

where the latter equality follows since P(L|R) is zero for R <
L/2. Note that the probability functions P(L|R), Px(R), and P(R)
are independent of each other, while the values of P(L|R) and
Pg(R) depend on the sensor geometry (e.g., needle-tip probe,
optical sensor, or laser sheet), the drop shape, and the drop
motion (e.g., uni- or multi-directional flow), and can be calcu-
lated accordingly, while P(R) is a property of the dispersion.
The function P(L|R) has been calculated by Clarke and Turton®
for various bubble shapes in a uni-directional flow. In the
present work, we consider only spherical drops and point
probes, for which P(L|R) is independent of the details of the
flow. In this case, Pgz(R) is independent of the directionality of
the flow; it could be influenced by a variation of the droplet
speed with R, but we shall assume that all drops have the same
speed. These assumptions are consistent with the analysis of
drop size distribution in dispersed oil/water pipe flows.

Equation 1 describes the forward transformation from DSD
to CLD. It can also be used to obtain the system DSD from an
experimentally measured CLD (known as backward transfor-
mation). To the best of the authors’ knowledge, Eq. 1 has not
been used explicitly before, although the concept of biased
sampling with respect to larger drops has been considered by
other investigators and expressions similar to Eq. 1 have been
reported in some studies that combined Pgz(R) and P(R) into a
sampling distribution function Pp(R).81° Langston et al.!! also
mentioned that the probability of a particle being detected
depends on its size. Wynn'? derived a relationship between
DSD and CLD that included the effect of biased sampling
based on geometrical arguments that related the drop position
to that of the probe.

The backward transform from CLD to DSD is usually
achieved by discretizing Eq. 1 in a matrix form and directly
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solving it (e.g., #'2). In addition, a number of methodologies
have been suggested for finding the DSD from the CLD, such
as the peeling method (PM)!3; the probability apportioning
method (PAM),” which was found to be in error and was later
improved to PAM2'!; and the finite element method (FEM).
Recently, techniques that describe more complicated systems,
such as ellipsoidal bubbles with multi-dimensional motion'+
and spherical bubbles with size-dependent velocity,'s have also
been proposed. However, neither of these works fully incor-
porated the effect of Py(R).

Apart from the form of the relation between CLD and DSD,
previous studies have also been concerned with the stability of
the backward transformation (from measured CLD to system
DSD). Clarke and Turton® assessed the backward-calculated
P(R) using the CLD P(L) generated by Monte-Carlo simula-
tions from a given DSD and found that the results are sensitive
to the number of groups (bins) that the drop diameter data are
divided into. If the number of groups is increased beyond some
value, the backward transform becomes unstable, yielding ir-
regular and sometimes negative P(R) values. For the “peeling”
method suggested by Hobbel et al.,’*> Simmons et al.” found
that the converted P(R) is very sensitive to the “noise” in the
population of the largest size. Their own PAM model was
found to be always stable and agreed reasonably well with
simulated drop size data but was inaccurate for unknown drop
diameters. The improved PAM2 model'' was found to be more
accurate and robust when applied to the experimental data
measured from a Lasentec ™ Par-Tec optical instrument. Sim-
mons et al.” also noted that the FEM model is robust in general
cases when the drop diameters are not known but inaccurate for
discontinuous CLD data due to overshoot in the numerical
integration and, consistent with the findings by Clark and
Turton,® negative values were often observed.

Recently, Wynn'? proposed a model to study the relationship
between drop size and chord length measured by a Lasentec™
focused beam reflectance instrument. By integrating the prob-
ability that the beam cuts chords of one size from the passing
drops of various sizes, a matrix equation was deduced. The
drop size distribution was then calculated by solving this equa-
tion. However, as the method of solving the matrix equation is
equivalent to the earlier “peeling” method, it is very sensitive
to errors in the counting of large drops and negative results are
unavoidable. After testing the matrix equation, it was suggested
that the model may show reasonable stability if the drop size
intervals are chosen to be very small. In addition, Liu et al.!®
developed a 2-D conversion relationship in a heterogeneously
dispersed system based on the assumption that the DSD can be
represented as the product of two functions that are only
dependent on drop size and chord length. Interestingly, they
also observed that the accuracy of the numerical backward
transform was increased as the drop classification group num-
ber increased, which differs from the observation of Clark and
Turton.?

In most of the previous work, biased sampling has not been
properly considered while conceptual mistakes have sometimes
been present. The backward transforms generally suffer from
stability problems. In this article we reconsider the problem of
inferring the DSD from the CLD and investigate the relation-
ship through a direct method, as suggested by Wynn,'? to
include the effect of biased sampling. To this end, both forward
and backward calculations are carried out, and a new algorithm
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Figure 1. Drop sampled by “needle” probe.

(a) View of x-z plane at point of closest approach, (b) Inter-
secting path with chord length L in plane A-A.

is postulated for eliminating the previous problem of sensitivity
to noise and negative DSD values. A dispersed system is
considered with spherical drops (or bubbles) that move at a
constant speed.

Mathematical Relationship Between DSD and
CLD

Models and equations

In this section, the relationship between DSD and CLD is
investigated and deduced for two-phase systems where the
chord lengths are obtained by a “needle” (point sensor) probe,
for example, an impedance or conductivity probe. Here, we
assume that drops with spherical shapes are homogeneously
distributed and that drops of all sizes move with the same
velocity. The dimension of the probe sensor tip is negligible
compared to the drop size, and drops are assumed not to
deform while passing across the probe. Therefore, the maxi-
mum chord length (L) will be equal to the maximum drop
diameter (D,,,,)- Figure la illustrates a drop of radius R that
intersects the probe at a closest-approach distance r to the
probe tip. In the diagram, the needle probe is oriented in the
z-direction and the drop moves into the paper in the y-direc-
tion; r is the distance of closest-approach between the particle
center and the probe tip, measured in the x-z plane. The arising
chord length can then be calculated from the Pythagorean
Theorem, as shown in Figure 1b, which leads to:

L= D47 @

where L is the chord length intersected by the probe and D =
2R is the drop diameter.

Here we can define the drop size distribution (DSD) of the
system as a relative number density per unit volume, P(D),
where for drops with sizes between D and (D + dD) the
number density is N, P(D)dD, in which N is the total number
of drops per unit volume. Similarly, X(r,D)dDdr is defined as
the sampling frequency of drops of size between D and D + dD
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at a central distance between r and r + dr (see Figure la),
which is given by:
X(r, D)dDdr = 2ardr - Ny P(D)dD - U 3)

where U is the velocity at which drops pass the probe. From
Eq. 2 we also have:

D*— L? —L

N . _ =
) and for fixed D, dr = ar dL  (4)

r =

The frequency of cutting chords of length L from drops of
size D 1is, therefore, calculated as

dr
X(L, D) = X(r, D) ‘ i 5)

According to Egs. 3 and 4, Eq. 5 will lead to the following
expression:

w

X(L.D) =5 Ny~ U+ L P(D) (6)

Then the frequency of measuring chord length L from all drops
can be calculated by integrating Eq. 6 with respect to the drop
diameter, D. We observe that chords of length L cannot be
detected from drops whose sizes are smaller than L. So we have

7TUN,

xw =" jML-p(D)dD

. WUNT
T2

J " L-PDYAL, DYAD  (7)
0

where y(L, D) is defined as

1, (L=D)

llf(L, D) = {0, (L > D) (®)

Consequently, the frequency for the probe to measure chords
of any length can be expressed by

Limax Dmax
X, = f X(L)dL = f X(L)dL ©)

0 0

where L, is the maximum chord length and, according to the
assumption that drops are spherical and their deformations are
negligible, L, is set equal to D_,,. Here, X, represents the
overall chord frequency detected by probe. The total number of
drops per unit volume, N, is a constant provided that the
dispersed phase volume fraction and drop size distribution
function, P(D), are fixed. Thus, for a given maximum drop
size, D, and average drop velocity, U, the total chord fre-
quency detected by the probe, X, will also be a constant. We

Vol. 52, No. 3 933



define G(L) as the chord length distribution function (CLD) so
that the number density of detected chords whose lengths are
between L and (L + dL) is G(L)dL. If G(L) is estimated from
measurements within a time interval Az, we have

X(L)dL - At

Y

(10)

Hence, the number fraction of measured chord lengths between
L, and L, can be expressed by the following integral:

sz(L)dL=af f " L- (DYWL, D)ADAL (1)

Ly Ly 0

where « is a constant parameter. Equation 11 has the same
form as Eq. 1 for P(L|R)=L/2R* and P4(R) = R

Equation 11 can be used to find the likelihood of cutting
chord length L (L, =L =L,) for continuous distribution func-
tions. In discrete analysis, if drop sizes are grouped into N
categories and chord lengths are grouped into M categories,
discretization of Eq. 11 will lead to

G(i) = a X, f(Liy : L)P()W(L,, D), (i=1,2--- M)

j=1

(12)

where G(i) is the number density of chords in the i”* chord
group; L; ; and L; are, respectively, the minimal and maximal
chord lengths in the i chord group (L, is equal to 0); D; is the
average drop diameter in the j drop group; P(j) is the fraction

of drops in the j” drop group; and the function f is defined by

Li2 - Liz—l
Sy L) =——5— (13)

Note that the number of chord-length groups, M, is not required
to match the number of drop-diameter groups, N, and that in
general D; # L, Eq. 12 can then be written in the following
matrix form:

c(1, 1) C(I,N—1) c(1, N)
c(2, 1) c2,N—1) c(2, N)
cM—-1,1) C(M—-1,N-1) C(M~—1,N)
CcM, 1) C(M,N—1) C(M, N)
P(1) G(1)
P(2) G(2)
S : (14)
P(N—1) GM—1)
P(N) G(M)
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In compact form, Eq. 14 is written as:
[CIP]=[G] (15)

where the matrix [C] contains the coefficients C(i,j), which are
given by

C(i,j) = a*f(Li : L)Y(L;, D) (16)

The forward calculation of the CLD, [G], can then be per-
formed directly using Eq. 15, provided that the DSD, [P], is
known. For the backward calculation of the DSD from the
CLD, [G], which is given by the experimental data, the number
density function, [P], can be found from:

[P]=[C]"'[G] amn

where the inverse matrix [C]™' can be obtained directly for

M = N. However, for cases of M # N, a singular value
decomposition (SVD) algorithm!® must be used to compute a
pseudo-inverse of the non-square matrix [C], which minimizes
the quadratic form ([G] — [C][PDT([G] — [C][P]).

Smoothing equations

As with the methods suggested by previous investigators,
Eq. 17 was found sometimes to give negative solutions when
applied to experimental CLDs that included noisy errors. To
reduce this sensitivity resulting from noisy experimental data,
a technique is implemented that has been widely used for
solving other inverse problems. Additional smoothing equa-
tions are imposed into matrix [C] and the inverse of the
combined matrix is solved by Tikhonov Regularization.!7-20

If we know beforehand that the DSD follows a continuous
function (such as a log-normal or 3 distribution, for instance),
the drop size number densities between adjacent groups can be
assumed to be similar. Hence, we can add the following addi-
tional equations into Eq. 15:

Asp[P(i) — P(i—1)]=0, i=2---N (18)

where Ag;; is the weighting function for P(i), which controls
the extent to which noise in the experimental data is filtered out
and the converted DSD curve is rendered smooth. The rela-
tionships in Eq. 18 are not enforced as equations, but are
enforced in a least square sense by the pseudo-inverse. The
appropriate choice of Ag;; has been found to depend on several
factors, such as the noise level in the experimental data, the
number of groups (M and N), and the actual DSD of the
system.!® The following function is employed for Agy; in this
article:

ASF,i:s_fNDi/Dmaxs i=2---N (19)

where s, is an adjustable dimensionless smoothing factor. The
form of Eq. 19 was chosen to ensure that accurate results are
obtained for the largest drop sizes. Expressing Eq. 18 in com-
pact form, we have:

AIChE Journal
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Figure 2. Forward CLD transforms of a log-normal and a
uniform DSD.
[C][P] =[0] (20)

where [CS] is the coefficient matrix of the smoothing equations
with elements given by Eq. 18. Thus, after adding these addi-
tional smoothing equations, Eq. 15 is replaced by the following

expression:
C G
Em-ls e

The backward conversion from CLD to DSD can, therefore, be
obtained in the form:

-l e

where the pseudo-inverse is again used.

Results and Discussion
Forward transform from DSD to CLD

Given the system DSD, the CLD can be calculated directly
according to Eq. 15. Figure 2 illustrates the forward transform
from two continuous DSD functions, the log-normal and uni-
form distributions, respectively. Here, to maintain the same
resolution in the DSD and the CLD, the number of groups of
drop diameters and chord lengths are both chosen to be 40. The
CLD from the log-normal DSD shows a higher probability at
the large sizes (chords) compared to the original DSD, reflect-
ing the sampling bias, while for the system with a uniform
DSD a parabolic CLD is obtained.

It is useful to compare the CLD predicted by Eq. 15 with
CLD simulated by a Monte-Carlo method. 10° drops with a
known size distribution were employed within a Monte-Carlo
simulation to generate intersected chord lengths. The probabil-
ity density functions of the chord lengths are shown in Figure
3, where 20 groups of chord lengths are used for drops within
the size range of 0-10 mm. Figures 3a and 3b illustrate the
results obtained from uniform and (truncated) normal DSDs of
the system, respectively. As can be seen, the predictions of Eq.
15 are in good agreement with the Monte-Carlo calculations.
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Backward transform from CLD to DSD

While visualization techniques (e.g., endoscopes) can give
drop size distribution information directly, other instruments
(e.g., impedance or optical probes) will produce only chord
length distributions. It is, therefore, necessary to perform the
backward calculation to derive the DSD, which is more useful
in practice (for example, when the interfacial area of the system
is investigated). In this section, two simulations are used to
evaluate the method developed above; CLD data are generated
either from continuous DSD functions or from Monte-Carlo
simulations.

In order to simulate CLD data obtained from experiments, a
known DSD was first used to produce an “ideal” CLD, G(i).
Then the “ideal” CLD was modified by imposing noise, which
leads to:

G(G) =1+ n, k]G(i) (23)

where n, is the noise level parameter, k is a (uniform) random
value between 0 and 1, G(i) is the ideal CLD of the i group,
{ is a normalization constant to maintain ¥ G(i) = 1, and G(i)
is the noise-added CLD of the i group.

The CLDs generated from two different continuous distri-
bution functions, the log-normal and uniform distribution
(shown in Figure 2), were used first to perform backward
calculations. Noisy perturbations with n, = 1 were added into
the ideal data, as shown in Figures 4a and 4c. The correspond-
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0.08 -

0.06

PDF (-)

0.04

0.02

6 1 2 3 4 5 6 7 8 9 10
Chord length (mm)

(@)

Monte-Carlo
simulation
-=— present model

PDF (-)

6 1 2 3 4 5 6 7 8 9 10
Chord length (mm)

®

Figure 3. Comparison of CLD from a Monte-Carlo sim-
ulation and prediction by Eq. 15.
(a) Uniform DSD, (b) truncated normal DSD.
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Figure 4. Noise-added CLD and comparison of backward transform for different smoothing factors (s,).
(a) CLD from log-normal DSD, (b) converted DSD from (a), (c) CLD from uniform DSD, (d) converted DSD from (c).

ing backward conversions, using Eq. 17 without smoothing and
Eq. 22 with smoothing, are shown in Figures 4b and 4d and
compared with the original DSD. The DSD obtained from Eq.
17 gives many negative values and shows an abnormal curve
for both log-normal and uniform distributions. However, after
adding the smoothing equations, the DSD results obtained from
noisy CLD data showed good agreement with the ideal DSD
for the log-normal distribution when smoothing factor s, = 0.3
or 1.0 was applied (see Figure 4b), and for the uniform distri-
bution when s, = 3.0 or 5.0 was applied (see Figure 4d). As
pointed out by others,'8:1° the appropriate value of the adjust-
able parameter s, was found to depend on the noise level and
the distribution type; higher noise and smoother DSD curves
require much larger value of 5. Although the value of s, is
important in obtaining the DSD curve, the converted curve is
not sensitive to s, once the curve is smooth. For example, in
Figure 4d, there is a large difference between the results for s,
= 1.0 and 3.0, but a much smaller difference between s, = 3.0
and 5.0. In addition, and most importantly, incorporating
smoothing into Eq. 22 eliminates the negative DSD values that
often occur if the DSD is directly converted from the CLD
using Eq. 17. Furthermore, no instability is found in Eq. 22
when the number of size groups is varied.

The Monte-Carlo method was further employed here to
evaluate the behavior of the backward transform. Initially, a
CLD was generated for a given DSD, either the truncated
normal or the uniform distribution (shown in Figure 3), and the
backward transform on the CLD was then performed. Figure 5
illustrates the DSD obtained using Eqs. 17 and 22, respectively,
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without smoothing and with smoothing. As mentioned before,
negative values are unavoidable when using direct conversion
even if “near ideal” CLD data are used (some differences can
be seen between the generated CLD and the ideal CLD in
Figure 3). However, when the smoothing equations are added,
the converted DSD presents rather good agreement with the
original distribution, as can be seen in Figure 5.

Sensitivity studies

As mentioned above, the DSD obtained from the backward
transformation of a given CLD using the method proposed in this
article depends on several factors, such as the noise level (1)), the
number of DSD groups (V) chosen, and the smoothing factor (s).
In this section, the sensitivity of the converted DSD to these
parameters is further investigated. Figure 6 shows the effect of the
number of DSD groups, N, on the generated drop size probability
density function. Here, the DSD is obtained by backward trans-
forming noise-loaded CLD data distributed in 40 groups (1, = 1,
M = 40), originating from a log-normal distribution as shown in
Figure 4a, with s, = 0.2. As can be seen in Figure 6, the error in
the converted DSD data (open symbols) compared to the ideal
distribution (solid symbols) is not strongly dependent on the
number of DSD groups used (V) in the range from 40 to 5. This
is to be expected because the number of groups N is explicitly
factored into the definition of Agy; in Eq. 19.

The quality of the backward transforms shown in Figure 6 can
be further evaluated by the root-mean-square (r.m.s) error, shown
in Figure 7, which shows the residual between the ideal and

Vol. 52, No. 3 AIChE Journal
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converted DSD values, and the relative deviation of a character-
istic length scale, in this case, the Sauter mean diameter, Ds, =
SD*/ED?. The r.m.s. and D;, deviation are found to increase with
decreasing N, indicating a reduction in the quality of the conver-
sion. This discrepancy is also understandable, because the width
of the bin becomes larger when N is reduced, so each point
represents a wide range of sizes. It can be concluded that in the
method developed in this article, a reduction in the DSD resolution
does not necessarily improve the estimation of the DSD although
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Figure 6. The effect of the number of DSD groups (N) on
the converted drop size probability density
function.
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The D, deviation is defined as (D%, — Ds,)/D5,, where D3, and
D%, are the true and estimated values, respectively.

it may lead to a smoother DSD curve. It is suggested, therefore,
that a DSD resolution is used that is at least the same as the CLD
resolution, namely N = M.

The effect of the smoothing factor value (sp) on the converted
DSD is also investigated. Figure 8 shows the r.m.s. of the residue
between the true DSD and the estimated DSD transformed from
the CLD with various noise levels and smoothing factors (sp). The
CLD data shown in Figure 4a, obtained from a log-normal drop
size distribution, with N = 40, are used. As expected, the results
in Figure 8 indicate that a larger s, is required for the CLD data
with higher noise level to reach the same r.m.s. level as the less
noisy CLD data. Note that even when the ideal CLD data are used,
the conversion method developed in this article introduces small
errors to the DSD, due to the additional smoothing equations (see
n; = 0 in Figure 8). For the noise-loaded CLD data, three distinc-
tive regions can be seen in Figure 8. In the less-controlled region,
a significant decrease in the r.m.s. values is observed with increas-
ing s, but the smoothing equations are less effective in suppress-
ing the noise in the CLD and negative values are often found on
the backward transformation. In the well-balanced region, the
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- nl=0 = ni=1
— ni=3 =~ nl=5

less-controlled
—

—

over-controlled

well-
balanced

[t Sy S —

0 ‘ }
0.01 0.1 1 10

Smoothing factor, s (-)

Figure 8. Effect of the noise level (n) and smoothing
factor (s,) on the r.m.s. errors for the converted
DSD (N = 40, CLD from log-normal DSD as
shown in Figure 4a).
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Figure 9. Effect of the noise level (n) and smoothing
factor (s,) on the relative deviation of the Sau-
ter mean diameter, estimated from the back-
ward transform (same data as for Figure 8).

r.m.s. values for different noise levels drop down to a low level
and reach a minimum at some value of s, In this region, the noise
in the DSD curve is damped without destroying the form of the
curve. Finally, in the over-controlled region, the r.m.s. value
increases with s, At these high values of the smoothing factor,
smoothing controls the backward transform so that the noise in the
CLD data has negligible effect (the r.m.s. values at different n,
coincide).

For the backward transforms given in Figure 8, the correspond-
ing deviations in D;, are shown in Figure 9. Except for the cases
in the less controlled region where meaningless negative DSD
data are obtained in the other two regions the error in D3, in-
creases as a result of imposing the smoothing equations. Two
trends can, however, be seen. In the well-balanced region, the D;,
deviation is almost constant for a given level of noise in the CLD,
while in the over-controlled region there is a significant increase in
the D;, deviation with the smoothing factor. A smoothing factor
in the well-balanced region should, therefore, be chosen to get a
minimal error in the converted DSD. In practice, however, Figures
8 and 9 are not available unless a direct drop size measuring
technique, such as an endoscope, is also used. A good choice of
the smoothing factor (s) can still be made by plotting the esti-
mated D;,” against s which would show a trend similar to Figure
9. The conversion can start with large s, that decreases gradually
until the DSD becomes reasonably smooth and D;,” reaches an
approximately constant value.

Backward transform from experimental data

Experiments were carried out in vertical dispersed flow of oil
and water at 1.5 m/s mixture velocity and 20% oil input volume
fraction in a 38 mm L.D. stainless steel tube. A dual impedance
probe* was employed to measure the chord length distribution
of the dispersed oil drops. Simultaneously, a digital camera at
2000 fps was applied to visualize the flow behavior through an
acrylic transparent section, and the drop size distribution was
measured directly from the video images. Figure 10 shows the
cross-sectional averaged CLD obtained from experimental
measurements in upward and downward flows, the correspond-
ing DSD estimated by backward transformation with s, = 1.0
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(selected using the procedure described above), and the DSD
obtained directly from photographic visualization. As can be
seen, the predicted DSD obtained from Eq. 22 is closely
consistent with the findings from photographic analysis. A
large number of small drops (<<1.5 mm) were found in the
mixture, with large drops observed only occasionally.

Conclusion

In this article, the relationship between the distribution of
chord lengths obtained by a needle probe and the distribution of
drop sizes in a liquid-liquid dispersion was determined analyt-
ically, and a rigorous relationship given by Eq. 12 was devel-
oped for spherical drops in uniform motion. The effect of
biased sampling towards larger drops, relevant to point sensors,
which has often been ignored by other investigators, was
included in this relationship. In order to eliminate the negative
DSD values that can arise from direct inversion of Eq. 17,
smoothing equations were introduced for the DSD functions.
Both forward and backward transforms were shown to be in
good agreement with ideal data when using continuous (e.g.,
log-normal, uniform) distributions, and with data obtained
from Monte-Carlo simulations. The effect of parameters, such
as the noise level, the number of drop size groups used, and the
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Figure 10. Experimental CLD data measured using an
impedance probe in liquid-liquid dispersions
and the corresponding DSD obtained by
backward transform with s, = 1.0, in compar-
ison with DSD data from photographic obser-
vations.

(a) Upward flow, (b) downward flow.
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value of the smoothing factor, on the backward transform were
further studied. It was found that the number of drop size
groups used can be taken the same as the number of chord
length groups to ensure good resolution of the DSD without
deterioration of the accuracy; a method for choosing an appro-
priate smoothing factor, s, was also suggested. Finally, drop
size distributions converted from experimentally measured
chord length distributions showed good agreement with exper-
imental data obtained directly via high-speed photography.
The methodology presented in this article could be general-
ized to more complicated systems with various dispersed phase
shapes and more than one flow direction, for which more
complex expressions for P(L|R) and Pgz(R) would be needed.
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Notation

C(i, j) = element of matrix [C] in Eq. 15, dimensionless
D = diameter of drop, m
D5, = Sauter mean diameter, m
(L, ,,L;) = function defined in Eq. 13, m?
G(i) = discrete chord length distribution of i category, dimension-
less
G(L) = probability of cutting chord of length L, m™
= noise-added discrete chord length distribution, dimensionless
group i of drop size or chord length
group j of drop size or chord length
chord length, m
number of chord-length groups, dimensionless
number of drop-size groups, dimensionless
= total number of drops per unit volume, m "~
n; = noise level, dimensionless
P(L) = probability density of intersecting chord of length L, m™
P(L|R) = conditional probability of intersecting chord of length L from
drop of size R, dimensionless
P(D) = probability density function of drop diameter D, m™
P(R) = probability density function of drop radius R, m~'
P4(R) = biased sampling probability function of drop radius R, di-
mensionless
P(j) = number density of drops in j™ group, dimensionless
= radius of drop, m
sy = smoothing factor, dimensionless
t = time, s
= drop velocity, m s~
X(r,D) = frequency density for drops of size D intersecting probe at
center distance r, s 'm?
X(L,D) = frequency density of cutting chord length L from drops of
size D, s 'm~2
X, = total frequency of chords intersected by probe, s~

1

3

NFZEL‘k.N.Q
Il

1

1

1

Greek letters

a = constant in Eq. 11, m™2

¢ = constant in Eq. 23, dimensionless
k = random number between O and 1, dimensionless
Agr = weighting function defined by Eq. 19, dimensionless
Y(L,D) = function defined by Eq. 8, dimensionless

Subscripts

i = group i
J = group j

max = maximal value
B = biased sampling
P = sampling distribution
T = total value

Superscripts

E = estimated DSD from backward transform
S = smoothing equation
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