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ABSTRACT: A variety of polymers or surfactant mixtures or aeration of a number of liquids could generate mixtures of liquid and
foam. Therefore, characterizing the properties of liquid/foam mixtures has important applications in the chemical process industry.
The lack of a robust automated method for characterization within limited time and with high accuracy, however, has made this task
difficult. In this work, we propose a new method based on image analysis for quantifying the geometric and statistical properties of
such liquid/foammixtures using images captured by an optical camera. Themethod can reliably achieve automated segmentation of
liquid and foam layers. It can also find the boundaries of individual bubbles in the foam layer. At first, the region of interest, the foam
region, is segmented from the input raw image. Then, the foam region is partitioned into two types of subregions, namely, loose foam
or dense foam, according to local texture feature analysis. In the next step, to segment bubbles within the foam to obtain quantitative
characterization, we apply two image processing algorithms, namely, Canny edge detection and K-means clustering, each specific to
a different type of foam (loose or dense). The results show that the proposed automated segmentation and characterization method
is robust and applicable to the processing of foam/liquid mixtures under many conditions.

1. INTRODUCTION

Characterization of foam/liquid mixtures is important, be-
cause mixture properties can provide insight into the underlying
chemical properties and other attributes. Many studies per-
formed in the past several decades1�5 have focused on how to
achieve and maintain desired foam properties such as foam
texture, foam viscosity, and solid-carrying capability. For in-
stance, in waterborne paints and coatings,4�6 foams can cause
surface irregularities, reduce gloss and transparency, and ad-
versely affect the protective properties of coatings. Thus, effective
defoamers or deaerators are sought to break down foam and
release entrained air. In the petroleum industry,7 foams can be
used as a lightweight drilling fluid in underbalanced drilling
applications. Drilling with foam has been shown to provide
significant benefits including increased drilling rate, minimiza-
tion of lost circulation, reduction of differential pipe sticking, and
reduced formation damage. Foams are also used in a large variety
of other industrial applications:8�10 liquid foams are employed to
separate minerals from extracted ore in the process of flotation,
foams are used as fire-fighting agents for polar solvent and oil
fires, and foams are encountered in many food products and
cosmetics in everyday life.

Foam analysis has traditionally been performed in a manual
manner in different domains of study.11,12 However, manual
measurement of some foam and liquid properties can be time-
consuming, and certain important geometric and dynamic
measures are difficult or impossible to quantify using manual
methods. The challenges in foam analysis are comprehensively
described in ref 13. In recent years, advanced imaging equipment
has become readily available at reasonable prices, which opens
opportunities for new methods to be devised to perform image
analysis on foam and liquid mixtures and to achieve quantifica-
tion of important foam properties through parameters extracted
from image information. Typically some of the variables that can
be quantified are derived from geometric and color parameters.

For instance, bubble size distribution indicates foam texture,
bubble rising velocity reflects viscosity, transmittance reveals
color/intensity and transparency, and contact angles at liquid�air
and liquid�solid interfaces can be used to infer information about
surface tension.

Some previous automated or semiautomated methods of
image-based foam analysis have been proposed to characterize
properties of foams that vary from solid to liquid, such as the
froth flotation of coal,14 metal foams,15 foams in beer,16 and
protein/surfactant foams.17 For three-dimensional foams, tomo-
graphic measurement methods18 have been reported, but the use
of X-ray tomography tends to increase the cost of experimenta-
tion. Several image-based methods19�22 have been proposed for
measuring particle properties. These methods can have difficulty
detecting densely dispersed particles, because, in images of dense
foam, two or more overlapping particles are prone to being
erroneously detected as one larger particle using approaches that
track either the boundary contour or the pixel cluster of a
particle.19 A template-based detection method21 was proposed
for analyzing images captured by a single optical camera.
Although this approach was found to be more successful in
characterizing dense/wet foams when compared with previous
tomographic methods, it considers only roughly spherical parti-
cles, and its results depend on the similarity (or uniformity) of
the bubbles within the foam. In another approach,22 active
contour models (or “snakes”),23 which are physically based
energy-minimizing spline curves, are applied to extract the
boundaries of sparsely dispersed single particles. This approach
can produce precise geometric measurements, but it requires
manual initialization for each particle, which makes it unsuitable
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for characterizing dense foams. In a recent work,20 a method
based on watershed transform24 was proposed to segment and
track foam bubbles. However, it is still challenging for this
method to detect dense foam bubbles, as the values for a required
parameter of the method, the regional intensity maxima, are
difficult to obtain in dense foam regions because of image noise.
The high computational cost is another problem with using
watershed-transform-based methods, but it could be addressed
using parallel implementations.25

In this work, we develop a novel image-based approach for
automatically extracting useful liquid/foam mixture properties.
The foam and liquid mixtures with which we worked were
produced in a study of defoaming theory and applications in
paints and coatings. To evaluate the potential of different chemical
mixtures for paints and coatings and compare the properties of
various defoamers, we aim to develop an efficient and robust
method for automatically extracting some of the following foam
and liquid parameters: bubble size distribution, color and trans-
mittance, contact angles at interfaces, and bubble rising velocity.
These parameters will enable the quantitative measurement of
important mixture properties such as foam density, viscosity, and
surface tension.

Our approach uses image analysis algorithms to reliably
segment foam and liquid regions in a mixture and derives a host
of important geometric and optical parameters. We analyze foam
texture using an entropy-based method that can differentiate
between dense and loose foam types. Then, image analysis
pipelines specific to each foam type are subsequently devised
to achieve segmentation of bubbles in the foam. Geometric
parameters such as the centroid and diameter of each bubble and
heights of the liquid and foam layers, are extracted by applying
morphological operations (or blob analysis) to the segmented
result. Finally, optical properties such as color transmittance are
estimated by fitting a polynomial surface to the background
colors and then comparing the background with foreground
colors in the segmented foam/liquid regions. In our experiments,
this approach achieved consistent performance on a variety of

foams: the foams that were successfully characterized were made
of densely packed small bubbles, sparsely dispersed large bub-
bles, or a mixture of the two types. Furthermore, because our
approach relies on computer analysis to extract meaningful data
from foam/liquid images that can be captured quickly and
conveniently using optical cameras, it is very useful for high-
throughput characterization of mixture properties in industrial
laboratories.

2. MATERIALS AND METHODS

The test data for this work consisted of over 1000 high-
resolution (3888 � 2952 pixels) optical images, taken with a
digital camera in a stable laboratory environment. A typical
sample raw image is shown in Figure 1. The ISO sensitivity
value and focal length of the camera were 100 and 55 mm,
respectively. Other important camera parameters such as the
shutter speed, aperture, and distance to the object were varied,
and the optimal settings (shutter speed, 0.04 s; aperture, F/10;
object distance, 57.15 cm) were chosen according to perfor-
mance measures in an edge-detection benchmark task. In the
benchmark task, the Sobel edge detector was applied on 100
raw images that were taken using a variety of camera settings.
[The Sobel edge detector was used in the benchmark task
because it is efficient and does not have any parameter for its
computation.] We visually examined the edge output of each
image and rated the quality of the detected edges by giving a
score ranging from 1 (poor) to 5 (good). For instance, if all
edges of interest (e.g., tube edges, foam/liquid layer boundary,
most bubble edges) were detected, we gave a high score; if
some important edges were missing, we gave a low score. We
calculated the average edge-quality score for images taken with
the same camera setting and chose the setting with the highest
average score as the optimal camera setting. In the complete set
of over 1000 raw images, 340 images were taken with the
camera at the chosen optimal setting, and we used these 340
images to test our foam segmentation and characterization
algorithms.

The overall flow diagram for our system of using images to
characterize foam and liquid properties is presented in Figure 2.
Given an input raw image, as shown in Figure 1, our system first
automatically segments the regions of interest, which include
foam and liquid layers. The segmentation of foam and liquid
regions from the raw image is achieved using the Canny edge
detection26 method in several steps: (1) delineation of the tube
rack boundary, (2) segmentation of test tubes within the rack
area, and (3) segmentation of foam and liquid layers within each
test tube. The system then analyzes the segmented foam layers. It
classifies two different kinds of foam, namely, loose foam and
dense foam, according to local texture features. To segment
bubbles within the foam, Canny edge detection is used again to
segment large bubbles in loose foam regions, whereas K-means
clustering27 is applied to segment bubbles in dense foam regions.Figure 1. Sample raw image.

Figure 2. Overall flow diagram for the image-based foam and liquid characterization system.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-000.jpg&w=203&h=136
http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-001.jpg&w=340&h=63
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After these segmentation steps, we extract key parameters for
characterization of the bubble diameter and density, as well as the
color transmittance values of the liquid and foam regions. Next,
we describe each step in the system in detail.
2.1. Foam Layer Segmentation. In the 340 images selected

for our test set, some images included only liquid, whereas others
included liquid and foam. We used Canny edge detection26 and
two-dimensional characterization of the edge maps to recognize
and segment foam layers with high accuracy.
The Canny edge detector is a widely used method for detecting

edges in images. It first applies Gaussian smoothing to reduce
noise in the image. Then, the image gradient is computed, and
areas of the image with high gradient magnitudes (above a
threshold) are identified. A nonmaximum suppression step tests
each pixel in the high-gradient-magnitude region and further
suppresses those pixels that do not have the local maximum
gradientmagnitude along the gradient direction. Finally, hysteresis
is used to connect the remaining pixels that have not been
suppressed. Hysteresis uses two thresholds: If a pixel’s gradient
magnitude is below the lower threshold, its edgemap output value
is set to 0 (i.e., a nonedge pixel). If the magnitude is above the
higher threshold, its edge map output value is set to 1 (i.e., an edge
pixel). If the magnitude lies in between the two thresholds, the
pixel is considered an edge pixel only if it is connected to another
pixel that is known to be an edge pixel.
In our system, the Canny edge detection algorithm is

applied to delineate the boundaries of the tube rack and
individual test tubes, as well as the boundaries between foam
and liquid layers. (It is used again later, in subsection 2.3.1, for
detecting bubble boundaries in loosely packed foam regions.)
Figure 3 illustrates the process of foam layer segmentation. On
a segmented tube region (Figure 3a), the result of Canny edge
detection is shown in Figure 3b. Because the test tube hold
ing the foam and liquid mixture is kept in an upright position
by the rack, we count the number of edge pixels along each
pixel row, and plot a one-dimensional profile of edge-pixel
count. Such a plot can be seen in Figure 3c, where the vertical
Y axis represents the row (or Y) index of the image and the

horizontal X axis represents edge-pixel count (i.e., total
number of edge pixels) along the rows. Because there are
more edges in foam regions, which corresponds to high edge-
pixel counts in these regions, we detect the horizontal bound-
ary edges of foam layers by applying a threshold, H, on the
row-wise edge-pixel count value. More specifically, in
Figure 3c, let P1 and P2 denote the row indexes of the upper
and lower boundaries of the foam layer. Then, P1 is found as
the index of the first row with edge-pixel count value greater
than the threshold H, and P2 is the index of the last row that
satisfies the same condition. The threshold value H is usually
set as the number of pixels, along a single row, required to
cover half of the tube width. In Figure 3d, two horizontal lines
are drawn to mark the detected upper and lower boundaries of
the foam layer.
2.2. Foam Type Classification. Because of large variations in

the size and shape of foam bubbles, we define two different
types of foam according to local texture features and apply a
different bubble segmentation method to each type. In this
subsection, we introduce the algorithm for foam type classifi-
cation, and then in subsection 2.3, we introduce the bubble
segmentation methods.
2.2.1. Local Texture Features. In many machine vision and

image processing algorithms, simplifying assumptions are made
about the uniformity of the intensity in local image regions.
However, images of real objects often do not exhibit regions of
uniform intensity. For instance, foam bubbles form distinctive
texture patterns, and the intensity within a foam region is not
uniform because of variations in foam density, illumination,
reflection, and refraction. We propose a local entropy-based
texture analysis method for classifying foam type according to
local foam texture characteristics.
In information theory, entropy measures the uncertainty

associated with a random variable.28 Considering a local image
region R (e.g., 5 � 5 window) centered at a pixel. Representing
the pixel intensities in the region by a random variable I, one
can compute the entropy associated with the random variable.
Suppose the probability of I = i, i = 0, 1, ..., 255 (i.e., the

Figure 3. Foam layer segmentation: (a) Original tube segment, (b) Canny edge map, (c) plot of edge-pixel count in each row, (d) foam layer
segmentation result.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-002.jpg&w=430&h=212
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probability of intensity value i in region R), is p(i). Then, the local
entropy is defined by

HðIÞ ¼ � ∑
i
pðiÞ log2½pðiÞ� ð1Þ

From this entropy equation, one can see that the highest entropy
is realized when all intensity values are equally probable. That is, a
flat histogram in region R gives high entropy, whereas a peaked
histogram gives low entropy. Therefore, the amount of entropy
for a region indicates the level of correlation among individual
pixel intensities in the region: a homogeneous region has low
entropy, whereas a textured region with rich edge features has
high entropy. This is the basis for utilizing local entropy for foam
texture analysis.
In addition to local entropy, we also explored several other

texture features, including local distance and local standard
deviation. In a local region R centered at a pixel, the local distance

feature is the intensity range in the region. Again denoting the
intensity random variable by I and supposing the maximum and
minimum intensities in the region to be imax and imin, respec-
tively, the local distance is defined as

DðIÞ ¼ imax � imin ð2Þ
Another feature, the local standard deviation, is the standard
deviation of the intensity values in the local region R, defined by

σðIÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
i
pðiÞði� μÞ2

r
ð3Þ

where μ is the mean intensity: μ = ∑iip(i).
2.2.2. Foam Type Classification. Given a segmented foam

layer, we computed the local entropy, local distance, and local
standard deviation features for every pixel in the layer, using
information from the local neighborhood region around that
pixel. Figure 4b�d shows a comparison of the three features’

Figure 4. Comparison of the probability distributions of three local texture features in characterizing a foam layer: (a) Original foam layer image, (b)
distribution of local distance (or range) values, (c) distribution of local standard deviation values, (d) distribution of local entropy values.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-003.jpg&w=503&h=439
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probability distributions for pixels in the foam layer displayed in
Figure 4a. In this example, the foam layer contained two types of
foam: loose foam and dense foam. Because our objective was to
distinguish between pixels in dense foam and in loose foam
regions, the local entropy feature provided a two-peak distribu-
tion whose two peaks represent the two types of foam. Similar
patterns were observed for the local entropy feature using other
images, making it well-suited for texture-based foam
classification.
There has been prior work on using local entropy features for

segmentation of natural29 and medical images.30 For analyzing
chemical liquid/foam mixture images, we found that local
entropy features perform better than the local distance and local
standard deviation features. Therefore, we adopted a method
based on local entropy features for foam type classification: A
threshold was set on the local entropy feature value of a pixel. If
the entropy value was above the threshold, the pixel was classified
as part of a dense foam region; otherwise, it was classified as part
of a loose foam region. The threshold value was selected
empirically based on experimental trials on a subset of 20
randomly picked images. For the sample foam layer shown in
Figure 5a, the local entropy map can be seen in Figure 5b, and the
foam type classification result can be seen in Figure 5c, where the
dense foam regions are black and the loose foam regions
are white.
2.3. Bubble Segmentation. Within the segmented foam

regions, we applied further processing to segment the individual
bubbles and extract bubble boundaries to quantify foam proper-
ties such as bubble size and density. Two different bubble
segmentation methods were applied to the two types of foam
regions: dense and loose.
2.3.1. Bubble Segmentation in Loose Foam Regions. In loose

foam regions, bubble sizes are large, and there are clear edges
between neighboring bubbles. In addition, there is often a
smoothly varying luminance within a single bubble, so uniform
intensity within a bubble cannot be assumed. Therefore, edge
detection methods that detect sharp contrast give more accurate
bubble boundaries than intensity-based methods. The process
started with regions classified as loose foam (e.g., white regions in

Figure 5c). A morphological dilation was applied to the loose-
foam regions to ensure that the enlarged regions fully covered the
areas where the “loose” (or large) bubbles resided. We then used
the Canny edge detector to find edge pixels in the dilated regions.
The edge pixels were linked to form connected chains, which
were identified as potential bubble boundaries (Figure 5d).
Finally, we determined true loose bubble boundaries by simulta-
neously considering the connected edge chains and the loose
foam regions: only closed edge chains were kept as bubble
boundaries, and very short edge chains that resided inside a large
loose foam region were discarded. In this way, clear and refined
boundary edges of bubbles in loose foam regions were generated.
The final output of this processing is a binary map with all of the
segmented loose bubbles (enclosed by the detected bubble
boundaries) as the foreground (Figure 5e).
2.3.2. Bubble Segmentation in Dense Foam Regions. To

segment bubbles in dense foam regions, edge detection is not
suitable because the cluttered small bubbles give complex and
busy edges that are difficult to connect accurately to form clean
bubble boundaries. Considering that the luminance is relatively
constant in a single bubble in a dense foam region because of the
small bubble size, we adopted the K-means clustering method27

to achieve acceptable dense bubble segmentation results.
In our dense bubble segmentation problem, we aimed to

group all of the pixels in regions classified as dense foam (e.g., the
black region in Figure 5e) into two clusters: one for bubble
interiors, and the other for bubble boundaries. That is, given a
total of n pixels in dense foam regions, we classified each pixel as
being either inside some bubble or on the boundary between
bubbles, which means k = 2 in the K-means clustering algorithm.
The data points (or attributes) used for clustering were the pixels’
intensity values. In the clustering result, the cluster with brighter
intensity consisted of pixels inside bubbles, and the other cluster
consisted of pixels on bubble boundaries. The dense bubble
segmentation result obtained in this way for Figure 5a is shown in
Figure 5f.
Although the luminance in a single dense bubble is relatively

constant, the K-means clustering result is sensitive to uneven
illumination across the entire dense foam region. For instance,

Figure 5. Foam classification and bubble segmentation: (a) Original image, (b) entropy map, (c) classified loose foam regions (white foreground) and
dense foam regions (black background), (d) edge map within the loose foam regions, (e) refined segmentation of loose foam bubbles (foreground), (f)
dense bubble segmentation results (foreground), (g) binary map with all bubbles as foreground, (h) bubble blobs rendered in different colors.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-004.jpg&w=494&h=197
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Figure 6b shows two clusters of a dense foam region (Figure 6a)
without any illumination correction. Here, the brighter upper
area becomes one cluster, and the lower denser foam area is
another cluster, making it impossible to detect and segment
individual bubbles in the upper area. To address this problem, we
introduced an illumination correction step before K-means
clustering. The correction of illumination was achieved by
subtracting from the original image an estimated background
illumination map. To obtain the background illumination map,
we applied a morphological open operation (i.e., an erosion
followed by a dilation) on the foam image, with a flat, disk-shaped
structuring element. Figure 6c shows the estimated background
illumination. After subtracting the background, K-means cluster-
ing was found to give significantly better dense bubble segmenta-
tion result; see Figure 6d.
2.3.3. Two-Dimensional Characterization. In the last step, we

combined the segmentation results from loose and dense foam
together. The binary map with loose bubbles as foreground and
the binary map with dense bubbles as foreground were merged
into one binary map with all bubbles as foreground (e.g.,
Figure 5g). Connected component labeling and analysis31 was
then applied to group foreground pixels connected to each other.
Each connected component (or blob) corresponds to a segmen-
ted bubble. In Figure 5h, each bubble blob is rendered in a
different color. Now, the parameters of individual bubbles or
statistics about certain parameters among all bubbles can be
obtained. We selected the set of parameters listed in Table 1 to

characterize the bubbles. These parameters have been shown to
have an inherent relationship with the properties of the chemicals
that produced the foam.15

3. RESULTS

We implemented our system in Matlab 2007b on a computer
with an Intel Core2 E6850 CPU and 3 GB of memory. On
average, less than 5 s was required to segment tubes (four tubes
per image) and the liquid and foam layers within each tube.
Depending on the height of the foam layer, from 0.9 to 4.1 s was
required to process one foam layer, including foam classification,
bubble segmentation, and complete two-dimensional character-
ization. Adding time to save all of the segmentation results and
write the characterization output to an Excel spreadsheet, the
overall processing time for an image was around 20 s. This is
much faster than manual recording and visual characterization,
not to mention that our automated method can provide some
bubble statistics that are impossible to obtain with manual
examination. The system we built is now being used routinely
in an industrial laboratory setting. Next, we present more details
on the tests and evaluations we conducted on our system.
3.1. FoamLayer Segmentation.First, we show an example of

foam and liquid layer segmentation in Figure 7. Given the raw
image, Canny edge detection was applied to first delineate the
boundaries of the tube rack, as shown by the red lines in Figure 7.
Within the rack area, we further segmented the tubes by Canny

Table 1. Parameters Used in Two-Dimensional Characterization of Bubbles in Foam

parameter definition

centroid center of the bubble

area number of pixels contained within the boundary of the bubble

perimeter number of pixels present on the boundary of the bubble

aspect ratio maximum ratio of width to height of a bounding rectangle for the measured bubble; minimum value of 1

compactness ratio of the area of the bubble to the square of the perimeter of the bubble; maximum value of 1

distribution of bubble diameter distribution of bubble diameters with respect to the frequency of occurrences

distribution of bubble perimeter distribution of bubble perimeters with respect to the frequency of occurrences

distribution of aspect ratio distribution of bubble aspect ratios with respect to the frequency of occurrences

distribution of compactness distribution of bubble compactness values with respect to the frequency of occurrences

Figure 6. Sample result of dense bubble segmentation: (a) Original image, (b) segmentation result (from K-means clustering, k = 2) without illumination
correction, (c) estimated background illumination, (d) segmentation result with illumination correction byK-means clustering on background-subtracted image.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-005.jpg&w=463&h=180
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edge detection, as shown by the green lines in Figure 7; this was
achieved by locating pairs of long vertical edges. Then, within
each tube, we applied the method described in subsection 2.1 to
detect the upper (blue line in Figure 7) and lower (yellow line in
Figure 7) boundary edges of the foam layer. Any liquid layer
between the foam layer and the bottom of the rack was also
segmented. We estimated the transmittance values of the seg-
mented liquid and foam layers as shown in the explanatory text of
Figure 7; the estimation method is explained later in the
subsection 3.4.
To evaluate the segmentation results, we first checked the

correctness by visually assessing whether the automatically
detected layer edges were roughly at the correct positions.
Table 2 summarizes the correctness measure of layer segmenta-
tions in the 340 images, each of which included four tubes.
To further quantitatively evaluate the accuracy of the segmen-

tation results, we randomly selected 36 test images to obtain
manual “ground truth” by manually marking the foam and liquid
layer boundaries in these images. We collected such data on a
total of 141 tubes with liquid, among which 63 tubes also contain
foam. In this manual process, the heights of the liquid layers
were found to vary from 15 to 65 mm, and those of the foam
layers varied from 1.4 to 13.4 mm. To obtain quantitative
accuracy measures, we compared our automated segmentation
results with the manual results and recorded the mean and
standard deviation of the distances between the automatically
computed boundaries and their corresponding manually marked
boundaries. Table 3 presents the mean and standard deviation
values for the foam and liquid layers. One can see that, for both
kinds of layers, the mean distance between our automatic results
and the manual data was less than 0.4 mm, which is small
compared to the average height of these layers.
3.2. Foam Type Classification and Bubble Segmentation.

In Figure 8, we show three examples of foam classification and

bubble segmentation in segmented foam layers. The original foam
layer images are displayed in Figure 8a.We followed the processing
steps described in subsections 2.2 and 2.3. First, texture features for
every pixel in the foam layer were computed using 5 � 5
neighborhood windows. The computed local entropy texture
map is shown in Figure 8b. For pixels near image borders, we used
symmetric padding during texture computation, where the values
of padding pixels were the mirror reflection of the border pixels.
Using a threshold that separated the twomodes of the local entropy
probability density function, the classified foam regions were
obtained as shown in Figure 8c, where the white regions indicate
loose foam and the black regions indicate dense foam. One can see
that the classification results are fairly consistent with visual
examination. Next, bubbles in the loose foam regions were
segmented by Canny edge detection, and bubbles in the dense
foam regions were segmented using K-means clustering. The final
bubble segmentation results are shown in Figure 8d, where the
bubble boundaries are plotted with red lines on top of the original
foam layer images.
Further, we compared the performance of our bubble seg-

mentation method with the traditional watershed transform24

and the method presented in ref 20. The method in ref 20 is
based on iteratively applying the watershed transform for every
possible scale of bubbles. We ran our algorithm on a test image
used in ref 20. The results are shown in Figure 9. One can see
that, for this image, our method (Figure 9d) outperforms the
traditional watershed transform24 (Figure 9b) and achieves a
high accuracy similar to that of the method in ref 20 (Figure 9c).
More comparison results between our method and the tradi-
tional watershed transform are shown in Figure 8d,e; one can see
that our method gives more accurate results than the watershed
method, especially in segmenting small bubbles. In terms of
efficiency, our method required an average of about 2.3 s to
classify foam and segment bubbles in a foam layer. The tradi-
tional (one-iteration) watershed transform takes roughly the
same amount of time (about 2.1 s) to segment bubbles in a foam
layer. The method in ref 20 is less efficient, especially for foams
that contain bubbles with a large variety of sizes (e.g., foams
shown in Figure 8), because it requires multiple iterations of the
watershed transform applied in a coarse-to-fine manner.
3.3. Two-Dimensional Foam Characterization. Once the

bubbles within the foam layer have been segmented, the proper-
ties of these bubbles can be measured, and two-dimensional
characterization of bubble statistics can be performed. The
bubble parameters that we characterized are listed in Table 1.
Figure 10 shows the distributions of bubble diameter, perimeter,
aspect ratio, and compactness for the foam image in Figure 9d.
The bubble diameter and bubble perimeter distributions cor-
rectly reflect that there are a range of small to medium-sized
bubbles, along with a few large bubbles. The facts that the weight
of the aspect ratio distribution is shifted to the right and the
average is above 0.5 reflect that most bubbles are not circular but
have an elongated, elliptical shape.

Table 3. Statistics of the Distances between Our Automati-
cally Computed Boundaries and the Manually Marked
Boundaries of Foam and Liquid Layers in 141 Tubes

layer mean (mm) standard deviation (mm)

foam layer 0.3259 0.2410

liquid layer 0.3924 0.3073

Figure 7. Foam and liquid layer segmentation in tubes. The estimated
transmittance values (as defined in eq 6) of the segmented liquid layers,
from left to right, are 0.9255, 0.9149, 0.9150, and 0.8557, and the
transmittance values of the segmented foam layers, from left to right, are
0.6063, 0.6705, 0.6148, and 0.6054.

Table 2. Percentage of Correct Segmentations in 340 Images

region or layer correctness (%)

rack 100

tubes 100

liquid layer 99.7

foam layer 99.3

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-006.jpg&w=203&h=136
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3.4. Image-Based Liquid Transmittance Estimation.Within
our framework, one can also automatically estimate the trans-
mittance of liquid layers based on image information. According
to the Lambert�Beer law, the negative base-10 logarithm of the
transmittance is linear with the liquid turbidity (i.e., concentra-
tion of undissolved solids in liquid). Thus, to validate our
transmittance estimation, we measured the turbidity of a series
of liquids, and then estimated the transmittance values of these
liquids using our image-based method.

Our algorithm for image-based liquid transmittance estima-
tion is as follows. Given a segmented liquid region R, let the
observed liquid intensity be Ic and the background light intensity
be Ib. The transmittance T of the region R is then given by

T ¼ medianfIcðx, yÞ=Ibðx, yÞ : ðx, yÞ ∈ Rg ð4Þ

where median is the operator to find the median value of a set of
numbers.

Figure 8. More results on foam classification and bubble segmentation. (a) Original images; (b) local entropy texture maps; (c) classified
foam regions; (d) result from our proposed method, with bubble boundaries overlaid on original images; (e) result from traditional water-
shed transform.24

Figure 9. Comparison of bubble segmentation results: (a)Original image, (b) result from traditional watershed transform,24 (c) result from themethod
presented in ref 20, (d) result from our proposed method.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-007.jpg&w=412&h=368
http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-008.jpg&w=312&h=108
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In eq 4, one can obtain the observed liquid intensity Ic directly
from the image intensity in region R. One needs to estimate the

background light intensity, Ib, based on image intensity in areas
not occluded by the tube and liquid. Because the background

Figure 10. Foam characterization for the foam image in Figure 9: Distributions (or histograms) of (a) bubble diameter, (b) bubble perimeter, (c)
bubble aspect ratio, (d) bubble compactness.

Figure 11. Polynomial surface fitting to estimate background light intensity: (a) Original light intensity in unoccluded areas between tubes, (b)
interpolated light intensity surface over the entire image domain.

http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-009.jpg&w=460&h=408
http://pubs.acs.org/action/showImage?doi=10.1021/ie1017833&iName=master.img-010.jpg&w=400&h=158
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light can be uneven across the image, we used a bicubic
polynomial surface fitting technique to estimate the spatially
varying background light intensity map. More specifically, let the
unoccluded background regions (e.g., between tubes) be de-
noted Rlight. Figure 11a shows the image intensity Ib (Z axis) as a
function of pixel location (x,y) (X and Y axes) in Rlight. We
applied bicubic surface fitting to interpolate the function over the
entire image domain

Ibðx, yÞ ¼ ∑
3

i¼ 0
∑
3

j¼ 0
aijx

iyj ð5Þ

This interpolation problem consists of determining the 16 coeffi-
cients aij, and its least-squares solution can be found by using
known function values for all pixels (x,y) ∈ Rlight. Figure 11b shows
the interpolated background light intensity Ib both within and
between tubes.
In our experiments, we estimated the image-based liquid

transmittance in RGB (red, green, blue) color space and com-
puted the transmittance value for each channel separately,
represented as Tr, Tg, and Tb, respectively. Then, we combined
the three transmittance values to get a single transmittance
output T as follows

T ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Tr

2 þ Tg
2 þ Tb

2

3

s
ð6Þ

Figure 12 shows the estimated transmittance values of different
color channels for several liquid layers. The numbers on top of
the images indicate the combined transmittance values T. The
relationship between the measured turbidity and the estimated

liquid transmittance is shown in Figure 13, which nicely follows
the Lambert�Beer law.
Because of the known relationship between liquid transmit-

tance and turbidity (Figure 13), image-based estimation of the
liquid turbidity can be achieved by estimating transmittance. This
method has the potential to provide a more cost-effective and
efficient alternative to traditional methods of measuring turbidity.

4. DISCUSSION AND CONCLUSIONS

The method presented in this work uses advanced image
segmentation and analysis algorithms to process images of liquid
and foammixtures and perform foam and liquid characterization.
Our main contributions include foam type classification using
local entropy texture features and the subsequent foam-type-
specific bubble segmentation. Our algorithms can segment both
loose foam bubbles and densely packed small bubbles. The
proposed method is fully automated and enables efficient
quantification of important foam and liquid properties based
on image information; in particular, our system is able to provide
quantitative measures on the texture and color of foaming
solutions by calculating bubble size distribution and estimating
liquid/foam transmittance.

The foam and liquid characterization system that we built
based on this framework is now being used routinely in an
industrial laboratory setting. It can process images in a pipeline,
performing tube segmentation, liquid and foam layer segmenta-
tion, bubble segmentation, and statistical characterization, as well
as liquid/foam transmittance estimation. Challenges remain,
however, in how to quantify more complex variables such as
contact angles at liquid�air and liquid�solid interfaces and
bubble rising velocity. Addressing these challenges will require
very precise bubble boundary delineation, as well as robust
tracking of bubbles in video sequences. Furthermore, three-
dimensional characterization could be an extension that provides
better accuracy in the presence of occluded bubbles.
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Figure 12. Estimated transmittance values (as defined in eq 6) for
several liquids using our image-based method. The transmittance values,
from left to right, are 0.9411, 0.3938, and 0.0017.

Figure 13. Linear relationship between turbidity and negative base-10 logarithm of transmittance.
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