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Chapter 8. Segmented Froth Image Descriptors

image under analysis. The importance of bubble size distributions in the identification of froths
was noted in chapter 2.

8.2.2 Bubble Perimeter

The perimeter P of a bubble is the length of the bubble boundary [23]. It is determined by
counting the number of pixels in a blob that have a watershed pixel as a neighbour.

8.2.3 Bubble Circularity

In a vision-based froth analysis system it is advantageous to extract descriptive real information
rather than abstract shape information. Abstract shape descriptors such as Fourier descriptors
may be useful but are difficult to relate to the appearance of the froth as observed by a human
operator, whereas a “real” measure such as circularity is much easier to visualise.

The circularity, C, of a blob, is defined as [40]
C = —ro (8.2)

where P is the bubble perimeter and A is the bubble area. For a perfect circle, C is unity
(although this is unrealisable when working with discrete shapes). C increases as shapes become

less circular.

8.2.4 Bubble Ellipticity

The ellipticity or eccentricity of a bubble can give a useful measure of the elongation of the
bubble. Ellipticity is a ratio of the principal axes of an equivalent ellipse fitted to a shape and can
be calculated from the shape’s moments [40].

The two-dimensional (p + ¢)th order moments of a digital shape are defined as

mpq=Zprqu{x,y) psq:031s2’°" (83)
x ¥
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The centre of mass of the shape is then given by

m m
=20 312 (8.4)
mog oo

Note that moo = A, the area of the shape.

If the co-ordinate system being used is shifted such that its origin coincides with (X, ), the result

is a set of central moments that are translation invariant. Thus equation 8.3 becomes

Ppg = P (x =Py —5)1(x,y) (8.5)
x oy

Central moments are defined in terms of ordinary moments by means of

r q
pg =) ) CPCH=X) (=3)'Mp-rg-s (8.6)
r=0 s=0
where
p!

CP = 2 8.7
" ori(p — )t ®.7)

Thus,
Hoo = Mmoo = U (8.8)
pio = pop =0 (8.9)
foo = my— ux (8.10)
Kit = mi] — UxXy (8.11)
Hoz = moy — Uy (8.12)
30 = m3p— 3myo¥ + 2u%° (8.13)
H21 = Moy — mpey — 2mpX + 2u%°y (8.14)
pi2 = mig —me¥ — 2myY + 2uTy2 (8.15)
o3 = mo3 — 3mep¥ + 2uF° (8.16)

The principal axes I, (major) and I (minor) of the equivalent ellipse for a bubble can be defined
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Chapter 8. Segmented Froth Image Desériptors

using the above moments and are given as follows:

‘ )
I = 3 (u20 + po) + \/;;%1 + (Fashe)
{(8.17)

I = 3 (20 — pio) + \/ﬁ»%l + (taaguor)?

The ellipticity E of the bubble is then given by [65]

| Lo
E=_|— (8.18)
Iy .

8.3 More Advanced Measurements

Apart from the basic measurements described in the previous section, other more descriptive
geometric parameters can be calculated. These, and other non-geometric parameters such as
froth colour and speed, are presented in this section.

8.3.1 Specific Surface Area

The area, perimeter, circularity and ellipticity measurements are the primary descriptors used
to characterise flotation froths. However, the collaborative work being done at the University
of Manchester Institute of Science and Technology (UMIST) on froth modelling and flotation
control strategies requires that more advanced descriptors be extracted from the segmented froth

images.
The UMIST froth model is based on an equation for the flux of bubble surface flowing over the
weir of a flotation cell:

W, =[xt xvpxhxw]xS$, (8.19)

A detailed discussion of this equation is far beyond the scope of this thesis; the term of interest
here is S;, the specific surface area of the bubbles. This is in effect the useful surface of the
bubbles available to transport solids, and can be estimated by segmentation of images from froths
overflowing a weir (currently this is of most interest in batch flotation).
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The specific surface area S, of a froth is given by [67]

J 2 ,
SA;
Sa Z@: < ViSA;i (8.20)

where SA; and V; are the surface area and volume respectively of bubble 7.

Bubble surface area and volume are calculated by describing each detected bubble as an ellipse
and rotating the ellipses about the major axis to produce ellipsoids [13]. If the ellipsoids have
major and minor axes of 2a and 2b respectively, then

4 ab?
V= 8 (8.21)
3 ‘
and
27h in(2 arcsin(k ~
SA = __z_ [arcsin(ka) 4 Sin€ mzsm( “))} (8.22)
where k2 = (a? — b?) Ja* when a #b.Ifa=bthen spherical geometry, where
SA = 4ra?, (8.23)

is used.

8.3.2 Froth Density

Froth density is a measure of the number of bubbles per unit area in the field of view of the
image analysis system. It provides another indirect measurement of the average bubble size, and
is given by the formula

D= (8.24)
w-h

where N is the number of bubbles detected and w and £ are the image height and width respec-
tively. Multiplication by an appropriate scaling factor produces a result with units of bubbles / m?.



Chapter 8. Segmented Froth Image Descriptors

8.3.3 Froth Colour

In certain types of flotation (most notably base metal flotation), the colour of the froth is used
as a process indicator. The value of colour information from platinum group metal flotation is
uncertain, however because it is an easy parameter to measure, it was implemented in the image
analysis system.

The use of colour video cameras allows the froth images to be acquifed in full (24-bit) colour,
with each image being composed of three colour bands, namely red, green, and blue. A measure
of the colour is taken by computing the average of the pixel values in each of the three bands.
This in three colour measures — average red, average green and average blue values.

The morphological operations used to segment the froth images are only applicable to grayscale
images. Therefore, the colour images acquired by the system were converted to grayscale images
using the conversion [55]

P(x,v)=03R(x,y)+0.6G(x,y)+0.1B(x, y) (8.25)

where P(x, y) is a new grayscale pixel and R(x, y), G(x, y) and B(x, y) are the equivalent pixel
values in the three colour bands.

Once the image has been converted to grayscale, it is possible to compute an average grayscale
value in a manner identical to the computation of the average colour values

8.4 Dynamic Froth Information

Since flotation is a dynamic process, the froth is continually moving as the mineral-laden bubbles
report to the concentrate launder. Measuring the speed of the froth indicates how quickly the froth
is overflowing the cell, or how hard the cell is “pulling”. Thus a method of measuring the speed is
an important part of a froth image analysis system. Other dynamic parameters that are of interest
include bubble breakage, bursting and coalescence rates. Methods for on-line measurement of
these dynamic parameters are the subject of separate research within the broader project context,
and were not investigated during this research. However, some dynamic information in the form
of a froth velocity measurement was required in the prototype analysis system.
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8.4.1 Velocity Measurement Techniques

Several methods have been proposed for estimating the velocity of flotation froths, including Op-
tical Flow, the generalised Hough Transform, Block Motion Estimation and mobility estimation
from textural analysis [52, 19, 20, 50, 2]. Block Motion Estimation appears to give the most
promising results, but is computationally very expensive. However, the rapid advances in com-
puting power will almost certainly reduce the computation times. It is envisaged that the work
being done by Francis [19, 20] as part of the Amplats project work will be integrated into the
analysis system described in this dissertation. As an interim solution, the Pixel Tracing algorithm

developed by Nguyen [52] was used for froth velocity measurements in this research.

8.4.2 The Pixel Tracing Algorithm

Pixel tracing can be thought of as a block matching algorithm using a single “superblock” of
large size [21]. It is based on the assumption that the objects being matched are not distorted

during the measurement. This is generally, though by no means always, true for flotation froths.

Consider an object in two consecutive image frames. In the first frame, the object is at a position
(x(0), y(0)) and has an intensity /(0). To detect the object in the second frame, the frame is
scanned starting at the object’s initial position (x(0), y(0)) until the intensity value I (1), where
I(1) = I(0) is found. The new co-ordinates (x (1), y(1)) give the position of the object in the

second frame. Figure 8.2 illustrates this simple example.

w=x(l)
y=y(
®= {0 I=I1) =G ’4.
y=y(0 .
I= K0
Frame 1, t =1{0) Frame 2, t =t{0)+ dt

Figure 8.2: The principle of Pixel Tracing

In practice, the “object” is a matrix of pixels taken from the centre of the first frame. This matrix
is moved, in the eight cardinal compass directions, a distance from 1 to n (n is typically 20 to 30)
pixels over the second frame. The minimum difference in sum of squares between the original
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matrix and the image pixels at each of the new positions indicates the best match of the “object”.
If the time between frames is known then the velocity can be determined, since the position of

the best match p, where 0 < p < n,is known.

The main advantage of the Pixel Tracing algorithm is that it is simple to implement and com-
putationally inexpensive. However it can only provide an estimate of the average velocity of a
froth, and cannot detect advanced dynamic features such as bubble breakage and coalescence.

8.5 Summary of Measured Parameters

The tables below summarise the information that is extracted from a segmented froth image. Any
or all of the measurements can potentially be used to characterise a flotation froth.

Table 8.1: Table of measurements related to bubble size

Bubble Area (footprint)

Bubble Perimeter

Bubble equivalent Volume
Bubble equivalent Surface Area
Froth Specific Surface Area

Table 8.2: Table of measurements related to bubble shape

Bubble Ellipticity / Eccentricity
Bubble Circularity

Table 8.3: Table of other measurements

Froth Speed

Froth Direction

Froth Average Red Value
Froth Average Green Value
Froth Average Blue Value
Froth Average Gray Value
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Chapter 10. Results

10.6 Discussion of Testwork Results

The previous section has demonstrated that the on-line image analysis system is able to track
changes in bubble size caused by changes in reagent dosage, and that the speed at which the
analysis is performed is more than adequate for on-line, real-time application.

The ability of the on-line system to produce bubble size distributions is considered to be the most
important factor that contributed to the success of the plant testwork, as it is these distributions,
rather than the average bubble size, that change so remarkably in response to reagent variations.
At the time of writing, no relationships have been elucidated between bubble shape information
(i.e. ellipticity or circularity) and plant performance [64]. It is postulated that this may be because
only average values are available for these paraméters, as opposed to the distributions that are
available for the bubble size. The colour information generated by the system was found to vary
according to ambient lighting conditions, and as a result can not, at this stage, be considered to

be a useful measurement.

The froth velocity data obtained from the system were found to be very noisy and of questionable
value, which is most likely due to:

o The fact that the froth velocity was calculated from a single pair of frames. Using several
consecutive frames and averaging the results appears to produce more reliable measure-
ments [51].

e Vibration of the camera.

o A small error in the velocity calculation algorithm that was only discovered after the plant

trials were completed.

It is somewhat unfortunate that the velocity data were of poor quality, as velocity information
is often used by operators to gauge plant performance. However, as indicated in chapter 8, the
emphasis in this research was the development of algorithms for measuring static parameters,
with velocity and other dynamic parameters fohning the basis of other research. It is envisaged
that later versions of the image analysis system will contain more advanced and robust velocity
measurement routines.
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10.7 General Discussion

Sections 10.3 to 10.6 have shown that it is possible to obtain accurate, automatic segmentation
of froth images, and to relate the results of this segmentation to changes in plant performance.

With reference to Sections 10.3 and 10.4, it should be clear that the segmentation algorithm
identifies large bubbles accurately at the expense of small bubbles. (Note “large” and “small” are
of course relative terms.) This is effectively illustrated by comparing the cumulative bubble size
distributions for images 12 (Figure 10.11(b)) and 14 (Figure 10.25(b)). Based on this comparison,
it could be said that the segmentation of image 12 is the “worst”, while that of image 14 is the
“best”. Both I2 and 14 are composed of large bubbles, but image 12 also contains many very
small bubbles that have not been accurately segmented by the algorithm.

This bias towards larger bubbles is almost entirely due to the preprocessing steps (Chapter 6)
applied before the watershed segmentation is performed. Factors such as the number of iterations
of anisotropic diffusion (Section 6.4.2), the size of the structuring element used for the grayscale
dilation (Section 6.6) and the value of & used during the extraction of the markers (Section 6.7)
all contribute to the minimum size of bubbles that can be accurately segmented. It must be noted
that any detected bubbles with an area of less than 20 pixels were discarded, as the geometric
parameters for bubbles smaller than this size were found to be invalid in many cases.

It is of course possible for the segmentation algorithm to detect smaller bubbles than is currently
the case, by modifying the preprocessing parameters. This will, however, generally be at the
expense of accurate segmentation of larger bubbles. There does not appear to be any systematic
method of determining when it is appropriate for small bubbles to be detected more accurately
than larger bubbles, or vice versa. This decision may well be affected by the relative importance
of the different-sized bubbles within the flotation process. This will depend largely on the type
of froth that is being analysed. Additionally, the bubble size distribution for a single type of froth |
is known to vary with changing process conditions (Section 10.5).

Spatial extent (recall the discussion of this concept in Section 10.1) also plays a role in deter-
mining the quality of segmentation that can be achieved. Considering image I3 (Figures 10.15
to 10.17), the small bubbles that have not been correctly segmented are probably larger (in real
terms) than some of the small to medium-sized bubbles which have been reasonably well seg-
mented in the other images. This is because image I3 has a much larger spatial extent than any
of the other images.
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10.8 Summary

The following items have an effect on the quality of automatic segmentation that can be obtained
from the algorithm described in this dissertation:

1. The type and amount of preprocessing performed on a froth image prior to application of
the Watershed Transform

2. The bubble size distribution of the physical froth.
3. The spatial extent of the froth image.

4, The illumination of the froth in the flotation cell.

Item 2 cannot be considered a parameter that can be controlled in order to obtain accurate seg-
mentation,as it is inherent to the flotation process. Items 3 and 4 will depend to a large extent
on the configuration of the flotation cells and the positioning of the cameras relative to the cells.
The choices made for item 1 will also be influenced by 2, 3 and 4, and may well vary from plant
to plant and even from cell to cell. This is undesirable if the image analysis system is to be an
easily installed and used on diverse flotation operations. A single method of preprocessing that
performs reasonably well, without modification, on various froth types, seems to be preferable.
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Chapter 11
Conclusions and Future Work

Based on the work described in this dissertation, the following conclusions can be made:

11.1 Conclusions

An algorithm for automatically segmenting flotation froth images has been developed. The Fast
Watershed Transform has been used as the basis of the segmentation algorithm and, when com-
bined with suitable image preprocessing methods, is able to segment froth images with a reason-

able degree of accuracy.

The segmeni:ation algorithm has been used as the basis of a machine vision system to perform on-
line analysis and characterisation of flotation froths on a platinum concentrator plant. Testwork
has shown that the system is able to identify and characterise variations in the appearance of a
flotation froth caused by changes in reagent addition rates, and that the speed of analysis and

characterisation is adequate for use as a real-time source of process information.

The ability of the system to generate bubble size distributions rather than merely a single average
bubble size has been found to be of great importance, since it is the bubble size distribution of a
froth that changes so markedly when the flotation process is perturbed.
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11.2 Future Work

The algorithm and system as described in this dissertation form a sound basis for a robust and
useful industrial machine vision system. The scope for future research in this field is vast, how-
ever in the short term, the following could be investigated:

e Further study of methods for froth image preprocessing.

e A detailed study of the effects of lighting variations on image segmentation, especially in
the plant environment.

e Implementation of methods for measuring dynamic froth parameters.

Investigation of other appropriate froth descriptors.

Further development of the machine vision system, in order to provide a complete, self-
contained “shrink-wrapped” product for deployment onto other concentrator plants.
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