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onsidering the combination of
mean and dispersion information from intensity
images for the performance estimation of
micromixing†

Hai Fu, Xuling Liu and Songjing Li*

Herein, micromixing was utilized to achieve chemical reaction, homogenization, emulsification, and in

applications of microfluidics. In these applications, efficient mixing is one of the most fundamental and

difficult-to-achieve characteristics. To quantitatively represent the mixing performance, nearly all the

methods to characterize the micromixing processes in miniaturized devices depend on the images

obtained by a microscope coupled with a CCD device or a video camera. The experimental images are

generally stored in an RGB or gray-scale format. Intensity information of the micromixing images is most

often used to estimate the mixing performance. Reliable quantification of the mixing effects is one of the

most important and fundamental issues to study the performances of mixers and to optimize the

designs. Thus, mixing indexes are of great significance to quantify the mixing effects. However, mixing

indexes merely based on dispersion information cannot always produce reliable results if the variation of

the mean intensity with enhanced mixing is neglected. Therefore, mixing indexes that consider the

combination of mean and dispersion information from the intensity images in two specific forms were

proposed. In addition, two practical criteria were used to evaluate the performances of the quantitative

mixing indexes. One is the reliability and the other is repeatability precision. According to the

comparisons of different mixing indexes studied herein, mixing indexes that consider the combination of

mean and dispersion information can ensure the reliability of the calculated result every time and the

repeatability precision was less than �3.5%. Therefore, it can be concluded that the mixing indexes that

consider the combination of mean and dispersion information can more reliably represent the mixing

performance.
1 Introduction

Mixing is an important phenomenon in many liquid processes.1

To date, many types of mixers for use in microuidics have been
developed and improved.2,3 In the eld of microuidics, mixing
has been a very popular technique to study the dynamics of
biological and chemical systems,4–6 and efficient micro-mixing is
one of the fundamental challenges that is difficult to achieve.7

Moreover, it is widely utilized to achieve mixing in chemical
reactions, homogenization, and emulsication. Although many
methods to estimate the mixing performances of these mixers
have been proposed, with the development of mixing processes,
a robust and quantitativemixing index is essential to reliably and
universally evaluate the mixing performance.8
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There are a number of approaches to characterize the mix-
ing quality in miniaturized devices.9 For single phase liquid
mixing, dilution of colored dyes,10–13 dilution of uorescent
species,14–17 acid–base or pH indicator reactions,18 reactions
that yield colored species,19 competing parallel reactions,20 and
monitoring the concentrations of species21 were utilized. All
these methods can be classied as dilution-based character-
ization methods. Furthermore, most of them can be applied to
characterize the mixing performances of the gas–liquid
dispersions and liquid–liquid dispersions. Nearly, all the above
mentioned methods rely on the digital images obtained by
a microscope coupled with a CCD device or a video camera.
Therefore, to some extent, the challenge to quantitatively
characterize the mixing quality is equivalent to the challenge of
obtaining the mixing performance information from these
images, which are generally stored in an RGB format or a gray-
scale format. Due to the signicance of intensity information
for colored images, the intensity images extracted from the
colored images are usually utilized to obtain the mixing
performance information.
This journal is © The Royal Society of Chemistry 2017
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The calculation of a quantitative mixing index is the foun-
dation to extract the mixing performance information from the
images. In earlier studies, the mixing processes lacked quanti-
tative methods to represent the performance of mixing.22

Recently, several quantitative mixing indexes have been dened
and appeared to be very important for the mixing performance
estimation based on the handling of the intensity images.

However, almost all the indexes merely utilize the dispersion
information from the intensity images. These mixing indexes can
give very limited, reliable results due to the change in the mean
intensity with the mixing enhancement. To improve the reliability
of the estimated mixing performance, mixing indexes that
consider mean information and dispersion information have been
proposed in this study. In addition, two forms of this class of
mixing index have been presented, and two practical criteria of the
performances for the quantitative mixing indexes were proposed.
Mixing indexes were compared by the use of experimental images.
Table 1 Limitations of themixing indexes based on the corresponding
formula

Mixing index Limitations

(1) Only utilizing the dispersion information
(2) (1) Only utilizing the dispersion information also

(2) Value limited to 0–1 but IE s 0
(3) (1) Only utilizing the dispersion information

(2) Cannot be used in online real-time calculation
(3) Strictly extracting the valid regions

(4) Only utilizing the dispersion information
(5) Only utilizing the dispersion information
(6) Only utilizing the dispersion information
2 Problems of the mixing indexes
based on the intensity dispersion
information of digital images
2.1 Mixing indexes based on the intensity dispersion
information of images

A mixing index calculated with the maximum intensity was
proposed by Liu et al. (2000).23 They used window images ob-
tained by a CCD camera and intensity images of pixels to
characterize the reaction between KOH and phenolphthalein,
and dened the denition of mixing index IE:

IE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

ðIðiÞ � ImaxÞ2

N

vuuut
(1)

where I(i) is the intensity of the pixel i, N is the total number of
pixels, and Imax is the maximum intensity of the mixing region in
an image. Obviously, Imax is utilized as a benchmark for compar-
ison; thus, this index only considers the dispersion information
(or dispersion of data) to evaluate the mixing performance.

An improved mixing index, replacing the maximum intensity
with mean intensity, was introduced by Lee et al. (2000).24 They
obtained the denition of mixing index IE as follows:

IE ¼ 1� 1

I

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

�
Iði�� IÞ2

N

vuuut
(2)

where I ¼
XN
i¼1

IðiÞ=N is the mean intensity of the mixing region

in an image. This index was also aimed to limit the value of the
mixing index from 0 to 1. The value that estimates complete
mixing is equal to 1. However, the initial state cannot be equal
to 0 unless I ¼ 0 for every pixel.

A mixing index to estimate the mixing performance of the
two conuent streams was proposed by Johnson et al. (2002)
when they studied the mixing process of two conuent streams
in a T-microchannel at high ow rates.25 They obtained the
denition of mixing index IE as follows:
This journal is © The Royal Society of Chemistry 2017
IE ¼ 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

�
IðiÞ � Iperf :mixðiÞ

�2s
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
i¼1

�
I0ðiÞ � Iperf :mixðiÞ

�2s (3)

where I0(i) is the intensity of pixel i without mixing, and
Iperf.mix(i) is the intensity of pixel i with perfect mixing. This
index requires the initial and nal images to evaluate the mix-
ing performance. This indicates that it cannot be used to esti-
mate the mixing performance of an image at a moment and can
hardly be used to realize the online real-time calculation of the
mixing performance. Furthermore, it needs to ensure that
different images are of the same size, especially for extracting
the valid regions.

A mixing index only utilizing the dispersion information of
the intensity images calculated with the intensity of segregation
was proposed by Luo et al. (2006).26 This mixing index was based
on the quantitative index proposed by P. V. Danckwerts (1952).22

Luo et al. obtained the denition of mixing index IE as follows:

IE ¼

1

N

XN
i¼1

�
IðiÞ � I

�2
Ið1� IÞ (4)

A mixing index based on the coefficient of variation of the
intensity was proposed by Jayaraj et al. (2007).8 They obtained
the following denition of the mixing index IE:

IE ¼ 1

I

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

ðI�iÞ � I
�2

N � 1

vuuut
(5)

This index only utilizes the dispersion information to evaluate
the mixing performance. The coefficient of variation was utilized
to eliminate the inuence between the mean and standard vari-
ance. According to the theory of statistics,N� 1 is utilized to study
the statistical characteristics of a sample that is sampled from the
population. However, when the number of pixels is big enough,
the difference caused by N � 1 or N is very small.

A mixing index calculated with the variance was proposed by
Liu et al. (2012) when they studied the mixing performance of
RSC Adv., 2017, 7, 10906–10914 | 10907
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Fig. 1 An experimental image obtained by S. M. Phapal and P. Sun-
thar28 and related processing. (a) The RGB digital image atQ ¼ 100 mL
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an asymmetrical T-shaped micromixer27 and obtained the
following denition of the mixing index IE:

IE ¼ 1

N

XN
i¼1

�
IðiÞ � I

�2
(6)

This mixing index only utilizes the dispersion information.
The limitations of the mixing indexes based on the formulas

from (1) to (6) are summarized in Table 1. Obviously, they only
utilize the dispersion information to estimate the effects of
micromixing.
W

min�1 and QE ¼ 7 mL min�1. (b) Corresponding intensity image in the
HSI color space. (c) Principle of image processing. The black dotted
rectangle is the valid mixing region of this mixing process. The eight
black rectangles were extracted from the valid mixing region to study
the mixing index distribution along the horizontal direction.

Fig. 2 Computed results of different mixing indexes for Fig. 1. I1 is the
mixing index based on formula (1), I2 is the mixing index based on
formula (2), I4 is the mixing index based on formula (4), I5 is the mixing
index based on formula (5), and I6 is themixing index based on formula
(6).
2.2 Estimating the effects of mixing indexes based on the
intensity dispersion information

In this study, mixing indexes based on the intensity dispersion
information were dened by formulas (1), (2) and (4)–(6). For
utilizing formula (3) to estimate the mixing performance, the
initial and nal images were required. The other formulas can
work for one image at a moment, which is a common case to
estimate the mixing performance. In addition, it needs to
ensure that different images are of the same size, especially
while extracting the valid regions, which is difficult to accom-
plish. In addition, online real-time calculation of the mixing
performance is difficult to achieve. Therefore, it is not studied
herein.

To compare the estimated performance of different mixing
indexes in graphic form, they were normalized by the following
formula:

IAn ¼ IAmax � IA

IAmax � IAmin

(7)

where IAn is a normalized arbitrary mixing index, IA is an arbi-
trary mixing index, and IAmax and IAmin are the maximum and
minimum values of the arbitrary mixing index in a mixing
process.

The colored images obtained by a CCD camera are usually
stored in an RGB color space. To obtain the intensity images,
there are several colored space transmissions such as RGB to
YUV and RGB to HSI. The most commonly used HSI model was
adopted in this study. In HSI model, the intensity I can be ob-
tained by the following equation:

I ¼ 1

3
ðRþGþ BÞ (8)

where I, R, G, and B are the intensity information, red color
information, green color information, and blue color informa-
tion of a colored image, respectively. Due to the powerful digital
image processing (DIP) and matrix processing abilities of
MATLAB soware, the digital images can be analyzed by MAT-
LAB, and the corresponding program is attached in ESI.†

Reported experimental images were obtained from ref. 28
and 29 to compare the performances of different mixing
indexes. To calculate different mixing indexes of these digital
images, there are three main steps: (1) obtain the intensity I of
a digital image based on formula (8), (2) segment and extract the
research areas, and (3) calculate different mixing indexes of an
10908 | RSC Adv., 2017, 7, 10906–10914
extracted digital image based on the formulas of different
mixing indexes.

The rst experimental image, as shown in Fig. 1(a), was
captured by S. M. Phapal and P. Sunthar when they studied the
micromixing process of phospholipid in alcohol and drug in
PBS.28 The ow has a low Reynolds number and the dye spreads
from the core stream to the outer regions along the horizontal
direction. Fig. 1(b) is the corresponding intensity image in the
HSI color space. To study themixing effects along the horizontal
direction, the valid mixing region (black dotted rectangle) was
divided into eight same smaller rectangles (black rectangles), as
shown in Fig. 1(c).

Fig. 2 shows the computed results of themixing performance
with different mixing indexes for Fig. 1. Different mixing
indexes were normalized to 0–1 by formula (7) and I(i) stands for
the mixing index based on formula i. The horizontal coordinate
represents the eight images, as shown in Fig. 1(c).
This journal is © The Royal Society of Chemistry 2017
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Fig. 3 An experimental image obtained by Lin et al.29 and related
processing. (a) The RGB digital image at the switching frequency of
6 Hz. (b) Corresponding intensity image in the HSI color space. (c)
Principle of image processing. The white dotted rectangle is the valid
mixing region of this mixing process. The eight similar white rectangles
were extracted from the valid mixing region to study the mixing index
distribution along the horizontal direction.
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As we can see, the mixing performance is obviously
enhanced along the horizontal direction, as shown in Fig. 1(a).
Therefore, the change of mixing index should be strictly
monotonic according to the actual physical meaning. However,
I1, I2, I4, and I5 show non-monotonic characteristic, and only I6
shows a strictly monotonic characteristic, as shown in Fig. 2.

The second experimental image, as shown in Fig. 3(a), was
obtained by Lin et al. when they studied the micromixing
process of a T-shaped micromixer utilizing the switching elec-
troosmotic ow.29 According to their studies, when the switch-
ing frequency is over 4 Hz in a conventional switching mode,
the waveform ow will decrease. The switching frequency is the
Fig. 4 Computed results of different mixing indexes for Fig. 5. I1 is the
mixing index based on formula (1), I2 is the mixing index based on
formula (2), I4 is the mixing index based on formula (4), I5 is the mixing
index based on formula (5), and I6 is themixing index based on formula
(6).

This journal is © The Royal Society of Chemistry 2017
frequency of switching the DC eld, which was used to induce
the electroosmotic ow. When the frequency is 0, the ow is
similar to laminar ow. Fig. 3(b) is the corresponding intensity
image in the HSI color space. To study the mixing effects along
the horizontal direction, the valid mixing region (white dotted
rectangle) was divided into eight same smaller rectangles (white
rectangles), as shown in Fig. 3(c).

Fig. 4 shows the computed results of mixing performance
with different mixing indexes for Fig. 3. Different mixing
indexes were also normalized to 0–1 by formula (7), and I(i)
stands for the mixing index based on formula i. The horizontal
coordinate represents the eight images, as shown in Fig. 3(c).

The mixing performance was enhanced in the horizontal
direction (Fig. 3(a)). Therefore, the change in the mixing index
should be strictly monotonic according to actual physical
meaning. However, it can be seen that only I6 cannot satisfy the
requirement of strict monotonicity (Fig. 4).

The abovementioned comparison shows that these six mix-
ing indexes may provide unreliable results for some circum-
stances. Especially, the differences between formulas (2), (5),
and (6) need to be noted. The core components of formulas (2)
and (5) are nearly the same, and the most important difference
between formulas (2) and (6) is the presence of 1/�I.
3 Mixing indexes considering the
combination of mean and dispersion
information from digital images
3.1 Analysis of the unreliable problems of mixing indexes
based on the intensity dispersion information

Mixing indexes based on intensity dispersion information were
developed on the basis of the theory of statistics and data
analysis, in which the mean can represent the mean level of
a set of data and the standard variance can indicate the
dispersion of the data. For micromixing, the standard variance
is widely used to represent the dispersion information and has
a clear physical meaning. The lower standard variance implies
that the difference in the intensity values among all the pixels is
small; thus, the mixing performance is high. With the
enhancement in mixing, the mean intensity also changes
during the mixing process by the dilution of colored dyes or pH
indicator reactions to present mixing or reaction performance
and should be considered.

An important feature of mixing is the change of concentra-
tion. A signicant law to study the intensity of monochromatic
light and concentration of colored dilute solution is the
Lambert–Beer law. The intensity of the transmitted light and
the intensity of the light source satisfy the following
relationship:30

lg
Il

It
¼ Kbc (9)

where Il is the intensity of the light source and It is the intensity
of the transmitted light. K is the absorption coefficient, b is the
length of the light beam in the absorbing medium, and c is the
concentration of the absorbing medium. According to formula
RSC Adv., 2017, 7, 10906–10914 | 10909
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(9), the relationship between the intensity and concentration is
not linear. We can infer that the intensity is not a conserved
quantity during the mixing process, suggesting that the mean
intensity is not a constant. Furthermore, there are two types of
relationships between the mean intensity and mixing perfor-
mance: one is positive correlation and the other is negative
correlation.

Considering the negative correlation (Fig. 5(a)), the le
picture is in unmixed state and the deep purple area represents
a colored solution with a mass fraction of x (0 # x # 1). The
mass is m and its area is A. The light purple area represents
a colored solution with amass fraction y (0# y# x# 1), and the
other parameters are the same as those of deep purple area. The
right picture is in a completely mixed state. Themass fraction of
the purple area is (x + y)/2 (because of (xm + ym)/2m), and the
mass and area are 2m and 2A, respectively.

For the le deep purple area, according to formula (9), we
obtained

I t1 ¼
Il

10xðKbcÞ
(10)

For the le light purple area, we obtained

I t2 ¼
Il

10yðKbcÞ
(11)
Fig. 5 Schematic of the mean change of the intensity in the mixing
process. (a) The mean change of the intensity from mixing colored
dilute solution. (b) The mean change of the intensity from mixing
colored solution under a fluorescence microscope.29 (c) The mean
change of the intensity from mixing reactions with pH indicator.

10910 | RSC Adv., 2017, 7, 10906–10914
For the right purple area, we obtained

I t3 ¼
Il

10
xþy

2
ðKbcÞ (12)

The total intensities of the le and right images are

Ileft ¼ AIl(�I t1 +
�I t2) ¼ AIl(10

�x(Kbc) + 10�y(Kbc)) (13)

Iright ¼ 2AI t3 ¼ 2AIl � 10�
xþy

2
ðKbcÞ (14)

However, for the parameters Kbc > 0, Il > 0, and A > 0, we can
assume

f(X) ¼ AIl � 10�(Kbc)X (0 # X # 1) (15)

Utilizing formula (15), formulas (13) and (14) can be
reorganized

Ileft ¼ f(x) + f(y) (16)

Iright ¼ 2f
�xþ y

2

�
(17)

Due to the existence of f0(X), f00(X) > 0, and (0# X# 1) for f(X),
it can be observed that f(X) is a lower convex function and can
always have the following relationships:

Ileft ¼ f ðxÞ þ f ðyÞ$ 2f
�xþ y

2

�
¼ Iright (18)

�I t1 +
�I t2 $ 2�I t3 (19)

where the condition for equality is x ¼ y. According to formula
(19), the mean intensity decreases as the mixing process is
enhanced. In addition, the images in Fig. 5(c) belong to negative
correlation cases as well. Before mixing, the colorless alkaline
and phenolphthalein solutions have high intensities, and aer
completely mixing, the purple solution exhibits a low intensity.

For a positive correlation, as shown in Fig. 5(b),29 the sodium
borate buffer with Rhodamine B appears red colored. The
sodium borate buffer presents a black color under a uores-
cence microscope, and the mean intensity increases with the
enhanced mixing. The top images of Fig. 5(c) also belong to the
positive correlation cases.

In the mixing process that utilizes colored reagents as indi-
cators or chemical reactions with colored variations, the mean
and dispersion information of intensity images both normally
change. Namely, at different stages of mixing, different pop-
ulations (image or valid region) have different mean intensities
and different standard variances, which represent the changes
in color and dispersion, respectively. Apparently, formulas (1)–
(6) merely represent the dispersion information of the experi-
mental images. However, the mean intensities and standard
variances gradually change with an improvement in the mixing
dispersion. The indexes based on formulas (1)–(6) have not
sufficiently utilized the information of experimental images. In
our opinion, the mixing performance is a function of the mean
This journal is © The Royal Society of Chemistry 2017
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Fig. 6 I20 is the mixing index based on formula (21-a) and I21 is the
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intensity and dispersion information. For every population,
there exists the following relationship:

IE ¼ f(Im,D) (20)

where Im and D stand for the mean information and dispersion
information, respectively. In general, the mean �I and standard

variance s ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

ðIðiÞ � IÞ2=N
s

of the population were utilized

to represent the mean information and dispersion information,
respectively.

Due to the existing two types of relationships between �I and
mixing performance, the mixing index should have two forms to
satisfy the two situations. If the intensity of the unmixed region
is higher than the intensity of the perfectly mixed solutions, the
calculated results of the mixing indexes will increase with the
decreasing mean intensity. Otherwise, the calculated values will
increase as the mean intensity increases. In addition, the
standard variance of intensity always decreases with the
enhancement of the mixing performance. Hence, if �I and s

decrease, the mixing performance will be higher. We dened
the mixing indexes IE in formulas (21-a) and (22-a) for every
population. With higher �I and lower s, there will be a higher
mixing performance. We dened the mixing indexes IE for every
population in formulas (21-b) and (22-b) as follows:

IE ¼ 1

I � s
(21-a)

IE ¼ 1

s=I
(21-b)

IE ¼ ��I � s (22-a)

IE ¼ �s

I
(22-b)

Formulas (21) and (22) both are special forms of formula
(20). To represent negative correlation, a reciprocal relation was
used in formula (21). In formula (22), the minus sign was
adopted to represent the negative correlation. To represent
a positive correlation, a directly proportional relation was used
in formula (21). In formula (22), the minus sign and reciprocal
relation were adopted to represent a positive correlation. The
two special forms can be utilized as the mixing indexes
considering the combination of mean and dispersion infor-
mation from the intensity images.

Herein, the different derivation processes and physical
meanings between the core parts of formula (2) and formula
(22-b) can be observed although they have the same form. The
core part of formula (2) just considers the dispersion informa-
tion and it was aimed to limit the value of themixing index from
0 to 1 according to its derivation. This means that the derivation
of formula (2) does not consider the mean information of
intensity according to ref. 24. In the derivation of formula (22-
b), themean information and dispersion information were both
considered.
This journal is © The Royal Society of Chemistry 2017
3.2 Estimating the effects of mixing indexes considering the
combination of mean and dispersion information from the
digital images

There are two different types of relationships between the mean
intensity and mixing performance. Thus, the experimental
images can be divided into two categories. The rst one is that
both the lower mean and standard variance indicate a higher
mixing performance. The second one is that the higher mean
and lower standard variance imply a higher mixing perfor-
mance. Moreover, we dened different forms of mixing indexes
to fulll different situations. Therefore, we adopted two types of
micromixing experimental images, and the results are
normalized to 0–1 by formula (7).

3.2.1 Decrease in both the mean and standard variance
with the enhancement of mixing. The experimental image of
Fig. 1(a) was chosen, and the higher mixing performance is
represented by the darker color, as shown in Fig. 1(b), which is
an intensity image (gray image) in the HSI color space. In
intensity space, the darker color means a lower intensity value.
Therefore, formula (21-a) and (22-a) should be used to calculate
the mixing index because the mean intensity is increasing.

Fig. 6 shows the computed results for Fig. 1. I(i) is the mixing
index basing on formula i. Obviously, the mixing performance
is enhanced along the horizontal direction, as observed from
Fig. 1(a). Therefore, the change in the mixing index should be
strictly monotonic. As shown in Fig. 6, I20 and I21 show
monotonic characteristics. In addition, the curve shapes of I20
and I21 are almost the same, which indicates that the two
mixing indexes have similar effects for the performance esti-
mation of micromixing process.

3.2.2 The increasing mean and decreasing standard vari-
ance with the enhancement of mixing. The experimental image
of Fig. 3(a) was chosen and the higher mixing performance was
noted by the lighter color, as shown in Fig. 3(b), which is an
intensity image (gray image) in the HSI color space. As above-
mentioned, in the intensity space, the lighter color denotes
a higher intensity value. Thus, formula (21-b) and (22-b) should
mixing index based on formula (22-a).
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Fig. 7 I20 is the mixing index based on formula (21-b) and I21 is the
mixing index based on formula (22-b).
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be used to calculate the mixing index because the mean inten-
sity is decreasing.

Fig. 7 shows the computed results for Fig. 3. I(i) is the mixing
index basing on formula i. Obviously, the mixing performance
is enhanced along the horizontal direction, as observed from
Fig. 3(a). Therefore, the change in the mixing index should be
strictly monotonic. Moreover, I20 and I21 also show monotonic
characteristics according to the results shown in Fig. 7. In
addition, the curve shapes of I20 and I21 are nearly the same. To
some extent, there is only a difference in the middle part of the
curves. The same trend between the two curves shows that the
two mixing indexes have similar effects for the estimation of the
performance of micromixing.
4 Criteria of the performances for the
quantitative mixing indexes

P. V. Danckwerts (1952) proposed four criteria to measure the
practical value of a quantitative mixing index.22Moreover, in our
opinion, a good quantitative mixing index should ensure that
the calculated results are reliable. Otherwise, even if there are
quantitative results, it may not be a good characterization for
estimating the performance of mixing. Hence, we put forward
two practical criteria to measure the performance of a quanti-
tative mixing index. One is the reliability and the other is
repeatability precision. The more important criterion is the
reliability of a quantitative mixing index because it determines
the reliability of the calculated result every time.
4.1 Criteria of the quantitative mixing indexes

4.1.1 Criterion of the reliability of a quantitative mixing
index. A mixing index should provide an accurate and robust
quantitative result to represent the mixing performance. This
means that the calculated results for the mixing index should
strictly and monotonically increase or decrease along with the
10912 | RSC Adv., 2017, 7, 10906–10914
enhancement of the mixing process all the time. The prereq-
uisite criteria must be satised and the extracted valid regions
should have good representativeness because the calculated
results of mixing indexes also depend on the representativeness
of valid mixing information extracted under certain conditions.

4.1.2 Criterion of the repeatability precision of the quan-
titative mixing index. The mixing index should have a small
dispersion in several measurements of the same image or the
same region to ensure the consistency of the calculated results.
To compare the repeatability precision of different indexes and
to eliminate the inuences between the mean and dispersion
information, the coefficient of variation was adopted. Hence,
the repeatability precision index Irp can be dened by formula
(23).

Irp ¼ sIE

IE
¼ 1

IE

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1

ðIEðiÞ � IEÞ2

n

vuuut
(23)

where n is total number of measurements for the same image or
region and n cannot be too small. IE(i) is the ith time measure-
ment of the mixing index. �IE is the mean of the measured
results.
4.2 Performance comparisons of different mixing indexes

4.2.1 Comparison of the reliability of different mixing
indexes. The mixing performance enhanced along the hori-
zontal direction, as shown in Fig. 1(a) and 3(a). Therefore, the
change in the mixing index should be strictly monotonic
according to the criterion of a quantitative mixing index's reli-
ability. From Fig. 2, I1, I2, and I4 cannot apparently satisfy this
criterion. From Fig. 4, we can see that I5 and I6 cannot satisfy
this criterion either. According to the analysis of the unreliable
problems of the mixing indexes based on the intensity disper-
sion information, we can infer that all the mixing indexes that
only make use of dispersion information cannot always give
reliable results.

However, from the calculated results of I20 and I21, as
shown in Fig. 6 and 7, the mixing indexes considering the
combination of mean and dispersion information proposed
herein can always strictly show monotonic characteristics, and
we have not found a contradictory situation to date. Thus,
considering the analysis of unreliable problems of mixing
indexes based on the intensity dispersion information, the
mixing indexes considering the combination of mean and
dispersion information can solve the unreliable problems and
ensure the reliability of the calculated results.

4.2.2 Comparison of the repeatability precision of different
mixing indexes. The repeatability precision of a mixing index
refers to the dispersion of the multiple computed results for the
same image or valid region. Because every image or extracted
valid region is not exactly the same every time, the dispersion of
the results can reect the consistency of the mixing index. The
high repeatability precision (the smaller absolute value) means
that the calculated results of the mixing index are more reliable
as it indicates that the differences between the different calcu-
lated results are small. However, the low repeatability precision
This journal is © The Royal Society of Chemistry 2017
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Fig. 8 Repeatability precision of the mixing indexes. The third black
rectangle of Fig. 1(c) was utilized and computed 8 times. The calcu-
lated results are based on formula (23).
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implies great differences among the results that may lead to
unreliable consequences.

To compare the repeatability precision of different mixing
indexes, the third black rectangle of Fig. 1(c) was utilized and
computed 8 times, and formula (23) was utilized to measure the
repeatability precision. The results are shown in Fig. 8. The
repeatability precisions of I20 and I21 are less than
�0.035(�3.5%), whereas the repeatability precision of I1 is
more than 0.07(7%) that is generally not accepted. The repeat-
ability precision of other mixing indexes are less than
�0.05(�5%) that are usually accepted. Thus, the mixing indexes
considering the combination of mean and dispersion infor-
mation can ensure the consistency of the calculated results.
5 Conclusions

Reliable quantication of mixing effects is one of the most
important and fundamental issues to study the performances of
mixers and to improve their designs. Mixing indexes are of great
signicance to quantify the mixing effects. Hence, mixing
indexes used in the eld of micromixing should provide reliable
calculated results.

At present, nearly all the methods to characterize the mixing
effects deal with digital images, and intensity information of the
digital images is most oen applied to estimate the mixing
performance. We found the unreliable problems using the
mixing indexes based on the intensity dispersion information
to estimate the mixing performance. Thus, we inferred that the
mixing indexes utilizing only dispersion information of inten-
sity images cannot always give reliable results. In addition, we
analyzed the reasons for the unreliable problems in detail.
According to the results of the analyses, it was found that the
reason for this problem is the mean information of intensity
images that changes with the enhancement of mixing. In
addition, there are two types of relationships between the mean
intensity and mixing performance. One is a positive correlation
and the other is a negative correlation. In consideration of the
This journal is © The Royal Society of Chemistry 2017
negative correlation between the dispersion information and
mixing performance, different formulas are required to dene
the mixing indexes for estimating the performance of micro-
mixing when the mean information and dispersion information
are both considered. To give quantitative and practical mixing
indexes, two specic forms of this class of mixing indexes were
proposed.

To compare the performances of different mixing indexes,
practical criteria of the performances for the quantitative mix-
ing indexes are required. However, currently, there are criteria
only to measure the practical value of a quantitative mixing
index. Therefore, two practical criteria of performances for the
quantitative mixing indexes were put forward to check whether
the results are reliable herein. These criteria included reliability
and repeatability precision. The more important criterion is the
reliability of a quantitative mixing index because it determines
the reliability of the calculated result every time. According to
the comparisons, the mixing indexes considering the combi-
nation of mean and dispersion information can ensure the
reliability of the calculated result every time and the repeat-
ability precision was less than �3.5%.

Therefore, mixing indexes that consider the combination of
mean and dispersion information can more reliably represent
the mixing performance than the previous mixing indexes.
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