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Abstract
Luc Vincent’s fast watershed algorithm has been success-
fully applied to determine the bubble size distribution in
an image of froth when the bubbles are all of similar size
[1]. This technique fails to work successfully when the
image contains both tiny and large bubbles. A new tech-
nique is proposed which combines the use of a texture
measure, the output of an initial watershed and a further
watershed stage to successfully segment both tiny and
large bubbles.

1. Introduction

Over the last few years, numerous advances have been
made in applying machine vision technology to froth
flotation. Flotation is a process used in many mines to
concentrate the amount of desired mineral, before further
processing (eg. smelting).

Maintaining operation of a flotation circuit at an opti-
mal condition is not easy to achieve due to the large num-
ber of input parameters (air, level, reagents) as well as the
large number of possible disturbances (mill performance,
ore type changes) to each float cell. Typically, changes to
the input variables are made by an experienced operator,
based on a visual inspection of the froth. These operators
look at features such as: bubble size, froth velocity, froth
colour and froth texture.

2. Watershed for Bubble Segmentation

The watershed algorithm has been successfully used to
segment individual bubbles in froth images [1, 2, 3, 4].
The froths on which the watershed algorithm was used
typically consisted of large bubbles with a fairly consis-
tent size. This is shown in Figure 1.

When the watershed segmentation is applied to im-
ages of froths that contain both large as well as tiny bub-
bles, the result is either an over-segmentation of the large
bubbles (when minimal low-pass filtering is used in the
pre-processing stage) or the under-segmentation of the
very tiny bubbles (when more low-pass filtering is used).
These two cases are shown in Figure 2 and 3.

Figure 1:An well segmented froth image. Note that all of
the bubbles are of similar size.

Figure 2: An under-segmented froth image. Note that
some of the regions contain many tiny bubbles.

3. Classification of Tiny Bubbles

The output of the watershed algorithm is a set of blobs. In
the case of under-segmentation, the output blobs are ei-
ther a single bubble, or a collection of tiny bubbles. There
is a distinct visual difference between the two types of
blobs, which can be seen in Figure 4.

Because of this visual difference, it was expected that
a texture measure would be able to distinguish between a
blob that was a single bubble, and one which was in fact a



Figure 3: An over-segmented froth image. Note that the
larger bubbles have been erroneously divided into multi-
ple regions.

Figure 4:Left: a single bubble. Right: many tiny bubbles.

collection of tiny bubbles. A data set was created by hand
that consisted of 108 examples of single bubbles and 107
examples of clusters of tiny bubbles (identified from the
erroneous watershed segmentation).

Numerous texture measures are available to be used
to classify these blobs. Such texture measures include:
texture spectrum [5], grayscale co-occurrence matrices
(GSCOMs) [6], Fourier methods [7, 8], Laws’ texture
measures [9] and others.

Since the blobs to be analysed were of irregular
shape, the Fourier techniques where not used. The texture
spectrum was not used as it was expected that the resul-
tant texture spectrum would be too sparsely populated to
give meaningful results when looking at very small blobs.
Initial tests were conducted using Laws’ texture measures
and GSCOMs.

3.1. Laws’ Texture Measures

Law’s texture measures[9] were implemented using both
the set of 25 filters generated from the following kernels:

L5 = [ 1 4 6 4 1 ]
E5 = [ -1 -2 0 2 1 ]
S5 = [ -1 0 2 0 -1 ]
W5 = [ -1 2 0 -2 1 ]
R5 = [ 1 -4 6 -4 1 ]

and the set of 9 filters generated from the following ker-
nels:

L3 = [ 1 2 1 ]
E3 = [ -1 0 1 ]
S3 = [ -1 2 -1 ]

These kernels were applied to both the single bub-
ble and the tiny bubble datasets. The texture energy was
calculated for every item in both datasets. The texture
energy was normalised against the area of the blob being
analysed so as to ensure comparable features. Thornton’s
separability index [10] was then used to determine which
sets of features where best suited for discriminating be-
tween the two datasets. The results are shown in Table
1.

Features Used Separability
Index

E3E3 E3S3 S3S3 L3S3 L3L3 0.9581
E3E3 E3S3 S3L3 L3L3 0.9535
E3E3 S3E3 S3S3 S3L3 L3L3 0.9535
E3E3 S3S3 L3S3 L3L3 0.9535
E3E3 E3S3 S3E3 S3S3 S3L3 L3L3 0.9488

Table 1:Separability indices for the dataset using 9 Laws
filters.

As can be clearly seen from Table 1, at least four fea-
tures are required to achieve a good separability index.

3.2. Grayscale Co-occurrence Matrix Measures

Texture measures based on the GSCOM were used to dis-
criminate between the two datasets of single bubbles and
collections of tiny bubbles. The specific measures, based
on the GSCOM,P , that were investigated included [6, 7]:

Maximum Probability: max(Pij) (1)

Energy:
∑
i,j

P 2
ij (2)

Contrast:
∑
i,j

(i − j)2Pij (3)

Homogeneity:
∑
i,j

Pij

1 + |i − j|
(4)

Entropy: −
∑
i,j

Pij log Pij (5)

Again, Thornton’s separability index was used to de-
termine which of these features were most suited to the
classification of blobs as either a single bubble or a col-
lection of tiny bubbles. Numerous features subsets pro-
vided 100% separability. This is shown in Table 2. All of
the sets which achieved this level of separation included



Features Used Separability Index
1 2 3 4 5 1.000
1 2 3 4 1.000
1 2 3 5 1.000
1 2 3 1.000

1 3 4 5 1.000
1 3 4 1.000
1 3 5 1.000
1 3 1.000

2 3 4 5 1.000
2 3 5 1.000
2 3 1.000

3 4 5 1.000
3 5 1.000
3 1.000

1 2 4 5 0.995

Table 2: Separability indices for the datasets using
GSCOM features.

Feature Separability Index
3 1.000
4 0.986
5 0.684
1 0.544
2 0.540

Table 3: Separability indices using single GSCOM fea-
tures.

feature number 3, contrast. The separability indices for
using a single feature are shown in Table 3.

Based on these results, a simple linear classifier was
created that would be able to classify all of the blobs in a
watershed segmentation as either a bubble or a collection
of tiny bubbles. The results of running the classifier on a
frame of froth is shown in Figure 5.

Figure 5: Blue indicates blobs classified as single bub-
bles, yellow indicates blobs classified as collections of
tiny bubbles. This is the same input image as in Figure 2.

4. Contrast

A surface plot of the contrast measure (Figure 6 and 7)
shows why this feature performs particularly well at dis-
criminating between a single bubble and collections of
tiny bubbles.

Figure 6:Left: A typical surface plot of the GSCOM of a
bubble. Right: The image it is based on.

Figure 7: Left: A typical surface plot of the GSCOM of
a collection of tiny bubbles. Right: The image it is based
on.

It is clear from these figures that there is a distinct
difference between the two GSCOMs. In particular, the
GSCOM for the single bubble has high values along the
diagonal. This is because most of the values in the im-
age have neighbouring values which are very similar to
each other. In blobs with many tiny bubbles, neighbour-
ing pixels often have highly dissimilar values, resulting
in a GSCOM with a close to uniform distribution.

It is because of these differences in the GSCOM
that the contrast feature can successfully discriminate be-



tween the two types of blob. This is evident from the
(i − j)2 term which emphasises terms far away from
the diagonal. Similarly, the homogeneity feature also
performs well. It has the term|i − j| in the denomi-
nator which emphasises terms along the diagonal of the
GSCOM.

5. Optimising the Contrast Measurement

The traditional way of determining texture features is to
first create the GSCOM, and then to calculate the desired
features using the formulaes in 3.2.

This is not always necessary, especially in the case of
the contrast feature. It can be calculated directly from the
source image by using a single pass through the image.
The squared difference between neighbouring pixels at
each location are totalled and normalised against the size
of the image.

6. 2nd Stage Watershed

One cannot simply create two watersheds (with different
parameters) for a single image and combine the outputs.
This is mainly due to the fact that there is no guarantee
that the boundaries will lie on top of each other. In order
to overcome this problem, the input image to the second
watershed function can be modified by the output of the
first in order to guarantee that the outlines of the identified
blobs are properly aligned. The algorithm for merging
the two watershed outputs is given below. The process
flowsheet can be seen in Figure 11.

The first watershed is run on the input image with a
large amount of low pass filtering. This results in the
large bubbles being well segmented and groups of clus-
ters of tiny bubbles that are under-segmented. An exam-
ple of this is shown in Figure 2.

Each blob that has been identified is then classified as
either a single bubble or a collection of tiny bubbles using
the GSCOM contrast feature. An example of such a clas-
sification is given in Figure 5. From this classification,
a mask is created which indicates which blobs are large
bubbles. The mask also contains the boundary informa-
tion for each of these blobs. An example of such a mask
is shown in Figure 8.

The second stage of low pass filtering is applied to
the original image (less than was initially used). The low-
pass filtered image is then multiplied by the mask, result-
ing in the new input image for the 2nd stage watershed
algorithm. This is shown in Figure 9.

Modifying the input to the second watershed such that
the blobs that have been identified as bubbles have a max-
imal value (are peaks), and the edges around them have a
minimal value (valleys), ensures that the watershed algo-
rithm will result in a segmentation that will follow these
specified edges. The new watershed output can then be
merged with the original watershed output to generate a

Figure 8:The mask corresponding to the image in Figure
5.

Figure 9:The mask after it has been applied to the input
image.

final segmentation which contains well segmented large
and tiny bubbles. An example of such a segmentation is
shown in Figure 10.

Figure 10:Final watershed output.

7. Discussion

Although the feature selection techniques result in 100%
separability for the training data, there is no guarantee
that all subsequent classifications will be 100% accurate.



Figure 11:Process flowsheet.

This is because the training data is hand classified, and
consists of examples of both bubbles and collections of
tiny bubbles that clearly fall into one of the two cate-
gories. This allows the classifier to generalise well, but
can result in the misclassifications of some blobs when a
whole image is analysed.

Furthermore, it is very important to note that the al-
gorithm is entirely constrained by the watershed algo-
rithm as it is run in its first stage. If the blobs are over-
segmented at this stage the system will fail to produce
suitable results. For this reason it is necessary to use
appropriate parameters (low-pass filtering, h-dome and
thresholding values) for both watershed stages.

It is also important to test the algorithm on the two
other extreme cases. Firstly, when the froth image con-
sists only of tiny bubbles, and secondly, when the froth
image consists only of large bubbles. This is important
because the froths are dynamic and can change between
a variety of states, all of which should be processed in an
optimal way. These cases have both been tested, with the
algorithm performing well.

A further modification to the algorithm which could
result in an decrease in computation time under certain
conditions is to not perform the second watershed stage
if the original image is made up of more than a certain
level of large bubbles. This would be the case when an
image consists of large bubbles only. Under such condi-
tions the second watershed stage would not detect many
tiny bubbles anyway.

It is possible that the use of a two stage approach can
bias the output bubble size distribution towards a bimodal
distribution. This might erroneously occur when there are
medium sized bubbles present in the froth as well as large
and tiny bubbles. It is expected that the multi-stage exten-
sion of this work will handle this situation, at the expense
of extra processing power. If the low-pass filtering is han-
dled by successive filtering with a small kernel, then it
will be possible to get all of the required low-pass filtered
images on the creation of the low-pass filtered image for
the first stage of watershedding.

One of the disadvantages of the algorithm is the in-
creased number of parameters that are available for the
user to adjust in order to obtain an optimal segmentation.
These parameters fall into two categories, parameters as-
sociated with the watershed, and parameters associated
with classification. Currently, the watershed parameters
are kept constant, except for the amount of low-pass fil-
tering that is performed. The low-pass filtering parameter
for the second stage must be smaller than the value used
in the first stage of watershedding. This places a limit
on the possible values it could have. The selection of
a threshold value for the classification of blobs as either
single bubbles of collections of tiny bubbles could be au-
tomated by hand segmenting a large number of blobs into
either single bubbles or collections of tiny bubbles. This
dataset could then be used to automatically determine the
optimal value for the thresholding level for a given froth.

This algorithm has shown promising results on nu-
merous froths from a variety of ore bodies, ranging from
copper to platinum. This ability to generalise makes the
algorithm particularly powerful.

8. Conclusions

A new two-stage watershed algorithm that makes use of a
texture based classifier can greatly improve the segmen-
tation of images of froth when large and tiny bubbles are
both present. The new algorithm has been successfully
implemented on numerous froth types.
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