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Abstract
The problem of estimating a dense motion field for froth image sequences is explored. Four algorithms are
quantitatively examined. The quantitative data set include a froth image sequence and the same sequence
pre-warped. In all cases the performance of the algorithm is measured by, reconstructing the warping field,
and estimating the error between the image and an estimated version generated from the computed motion
field.
Introduction
The problem of estimating motion in froth image sequences has gained importance with the appearance of
several systems designed to measure froth visual parameters. For some examples of previous systems see,
Botha et al. (1999), Bezuidenhout et al. (1997), Sadr-kazemi and Cilliers (1997), Kordek and Kulig (1997)
and Symonds and De Jager (1992). From a process control perspective, the motion of a froth close to the
weir, with froth level, provides an estimate of the mass-pull of the cell. The stability of the froth is a useful
parameter. Froth stability is a function of pulp density and reagent addition rates. In principle, stability can
be measured by finding discontinuities in the motion field. The discontinuities will be caused by bubbles
bursting and revealing new bubbles, or by bubbles merging. The bubble merge and burst events cause
gross changes in the intensity profile of the image. These changes will result in a bubble tracking algorithm
generating large errors. These errors will then present themselves in a motion field as a discontinuous
cluster of motion vectors. This implies that the first step in measuring these discontiniuities is to correctly
estimate a dense motion field.
This paper will examine the need for preprocessing froth images before motion estimation. A motion
estimation algorithm will be proposed. To provide a quantitative analysis of performance this proposed
algorithm will be compared to some algorithms described in the open literature as being applied to motion
analysis of froth sequences. Further quantification of performance will be performed by measuring how
well the proposed algorithm estimates one image, given the motion field and the next image in the sequence.
The paper proceeds as follows, first the need for denoising is examined and a denoising algorithm examined. The background for some motion estimation algorithms is presented. Finally the algorithms are
experimentally compared.

Denoising
It is expected that the images obtained will be corrupted by additive noise. The need for denoising will be
shown by the following example.
Consider the image shown in figure 1(a).
Consider the positions of the maxima of the example image as shown in figure 1(b).
Clearly there are more maxima than correspond to visually significant features. Ideally, the maxima should
correspond to the bubble highlights, or regions of maximum intensity on each bubble. Ideally the effect
of noise on subsequent processing should be minimised. A variety of denoising algorithms exist on the
literature, these range from linear filters (mean filters) (see, for example, Jahne (1993)) to non-linear approaches (see, for example, Perona and Malik (1990), Schaefer (1987), Chen et al. (1999), Chin and Yeh
(1983) and Wang (1994)). A reasonable requirement of any denoising technique is that the edges of the
bubbles be preserved. This, in theory at least, allows for the extent of the bubble to be determined via
some segmentation process (for example watershed (see Vincent and Soille (1991))). Of the possible techniques, anisotropic diffusion is selected for its edge preservation property (see Perona and Malik (1990))
and capacity to smooth across various scales. Subsequently, anisotropic diffusion is described in some
detail.

(a) An example image.

(b) The maxima of the example image.
tected.
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Figure 1: The need for denoising.

Anisotropic Diffusion
The anisotropic diffusion algorithm used is Perona and Malik (1990). A number of extensions and refinements to Perona and Malik’s algorithms have been suggested (see, for example, Alvarez and Mazorra
(1994); Catte et al. (1992); Whitaker and Pizer (1993); You et al. (1996). The algorithm implements a
spatially variant form of the heat diffusion equation. This allows for edge preservation and, occasionally,
for edge enhancement. The form of the diffusion equation is as follows:
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 hand, or by Canny’s noise estimator (see Canny
' (1986))

. The Euclidean norm is represented by
.
or in this case

represents the grad operator,

Motion estimation algorithms
A wide variety of motion estimation algorithms exist in the literature (see any of the proceedings for the
IEEE Conference on Image Processing). Without being too precise, the algorithms can be divided into three
classes block matching techniques, gradient based optical flow and segmentation based techniques. The
following algorithms are selected to give an indication of the relative performance of the various classes.
Some motion estimation algorithms are described. Block matching, Gradient based optical flow, Pixel tracing and Watershed based motion estimation are described. All the motion estimation algorithms implicitly
assume that the intensities of pixels is conserved during motion. A further assumption is that the motion
is linear between frames. These assumptions are not too unrealistic, considering that the frames are 4
apart.

 

Block Matching
Block matching has been used extensively in compressing image sequences, notably in the H.261 and
MPEG-2 standards (see Horne et al. (1996)). The block motion estimation algorithm used is the Successive
Elimination Algorithm developed by Li and Salari (1995). This is an optimised full search algorithm. The
essence of a block matching is to divide images into a series of overlapping blocks. The motion of the pixel
centred within a block, is the vector between the pixel position and the centre pixel of the best match block
in the next image. The match is found either by the Mean Square Error (MSE), or Mean of the Absolute
Differences (MAD). The search space can be made to vary from a small neighbourhood around the block
of interest, to the entire image.
Optical flow estimation
Here the motion is modelled as follows:
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represent the derivative of the image with respect to , and time, respectively. and
represent the and coordinates of the motion field at some point. See Horn and Schunk (1981) for the
seminal work on gradient based optical flow
Equation (5) provides on constraint on the optical
 estimation.

flow constraint. In order to generate the
values it is necessary to add a second constraint. Horn and
Schunk suggest minimising,
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The second constraint can be seen to impose smoothness on the motion vector field.

(6)

Pixel Tracing
Pixel tracing, developed by Nguyen and Holtam (1997), involves matching a block taken from the centre
of an image with blocks at various positions in the subsequent image. In a sense, this is block matching
with one large block and a subsampled search space.
The algorithm proceeds as follows:



1. A square region of around 100 pixels wide is selected from the centre of a frame at time .

  

2. In the frame at time 1
starting from the centre of the eight directions are searched: North, South,
East, West, North-East, North-West, South-East and South-West. The number of pixels searched
along each direction is chosen from twenty to thirty.
3. The position of the best match is found by taking the position of minimum sum of squared error.
4. The motion vector is then the difference between the two positions; start and best match.
Watershed based motion estimation
Watershed segmentation is an example of region growing segmentation techniques (see Dobrin et al.
(1994); Vincent and Soille (1991) and Beucher and Meyer (1993) for example). A seed region is found
(these are referred to as markers) and these are then grown, taking the profile of the image into account,
until the regions run into each other. The difficulty lies in the initial choice of seed regions.
To smooth the motion field at bubble boundaries the motion field is smoothed between bubble centres.
After all, usually two neighbouring bubbles have similar motion.
Watershed based motion estimation is an example of region matching in some feature space. Several
examples of region based motion estimation algorithms exist in the literature, for example, Kottke and Sun
(1994) and De Smet and De Vleeschauwer (1997).
The algorithm proceeds as follows:
After Watershed segmentation a number of features are calculated on each Watershed region.
1. The grey level mean.
2. The grey level standard deviation.
3. The standard deviation of the
4. The standard deviation of the

coordinates of the pixels.

!

coordinates of the pixels.

5. The number of pixels.
The features (from both frames) are normalised to unit variance and zero mean.

   is found by minimising:

The the best match region in frame 1
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Where represents the search region in frame ,
the feature vector.



  

the reference region(s) in frame 1
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Results
Results are generated to illustrate the denoising algorithm. Quantitative and qualitative results are generated
for the motion estimation algorithms.



The effect of denoising can be seen in the following figure 2. Perona and Malik’s algorithm is used. The

time step used was
, and the number of iterations , Equation (2) was chosen for
. Note that the
equalised error image has a rough (random) texture, in other words there is not much correlation between
adjacent pixels. This indicates that the discarded information is more likely to be noise than image data.



  

A quantitative analysis of the motion estimation algorithms is needed to evaluate performance quantitatively. This is done by estimating the image at time from the motion field and the image at time 1
 4 ). The error between the estimated and actual images is a measure of the performance of
(here
froth images (or about  seconds worth) taken from the Merensky
the algorithm. The data set used is
rougher bank at Amandelbult. Only the even field of each interlaced frame is used.

 

 

Table 1 shows the comparison of the proposed algorithm to some other motion estimation algorithms. The
average time given is the average time needed to process a pair of images. Some care should be exercised
in comparing the average running time between algorithms since it is impossible to guarantee that the
conditions during each run were identical. At best the average running time allows a relative ranking
between the algorithms. Table 2 shows the same for the pre-warped date. Here each image is warped. The
motion field is then estimated between the image and its warped version. This enables the algorithms to
be compared for large motion. Figure 3 shows the original images used for the qualitative comparison.
Figures 4, 5, 6 and 7 and show the qualitative comparison between the different algorithms.



All the images were denoised using Perona and Malik’s anisotropic diffusion
algorithm. The time step used

was , and the number of iterations , Equation (2) was chosen for . The algorithms were implemented
in Java1.2 running on a dual processor Celeron PC. The operating system used was FreeBSD 4.1 Stable.
The algorithms used were initialised as follows:



Pixel Tracing The dimensions of the central block used for pixel tracing is 0
pixels searched along each search direction is  .
Block Matching The size of each block is 

 

and the search window is

 0 0  0 , and the number of


pixels.

Optical Flow The number of iterations (or refinement steps) used were 0 .
Watershed The radius of the search area is limited to



pixels.

Table 1: Comparison between different motion estimation algorithms.
Algorithm

Error
MAD

Block Matching
Optical Flow
Pixel Tracing
Watershed

2.022
3.079
4.569
7.460

MSE
24.36
105.6
150.3
303.4

Average Time (ms)
483 351.1
12 038.9
1 130.7
395 066.2

Pixel tracing provides a single motion vector for the centre pixel of the image. This vector has been
replicated over the region of interest of the image. This explains the consistent motion field across figure
4(a). The smooth motion field explains the lack of discontinuities in the registered image.
The motion field due to block matching shows a fairly uniform motion field even without a smoothness
constraint on the motion field. This can be explained by the large block sizes used 0  0 and the small
search area (a block of width ).
The motion field due to Horn and Schunk’s algorithm is fairly smooth. A large number of iterations is
necessary to ensure that the motion estimates at corners and edges of the bubbles diffuse into the interior
of the bubbles.

(a) Original image.

(b) Denoised image.

(c) Equalised difference image.

Figure 2: The effect of denoising on froth images.

Table 2: Comparison between different motion estimation algorithms for pre-warped data.
Algorithm

Field Error
MAD


 MSE 

-0

Block Matching
Optical Flow
Pixel Tracing
Watershed



-0

11.3
25.91
32.26
9.940

Register Error
MAD


 MSE 



-0

74.26
220.1
198.9
74.48





6.790
61.31
48.15
17.96

(a) Even field at time  .

(b) Even field at time  .



Figure 3: The input images.

ms.

0



392.6
3 174.0
1 626.0
768.6



(a) An example motion field due to Pixel Tracing. Motion field scaled by . Average motion

(b) Original image, denoised.
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(c) Registered image.

(d) Registered error, stretched. Energy in image is

 

Figure 4: Motion estimation via Pixel Tracing.

.



(a) An example motion field due to Horn and Schunk. Motion field scaled by . Average motion

(b) Original image, denoised.
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(c) Registered image.

(d) Registered error, stretched. Energy in image is
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Figure 5: Motion estimation via Horn and Schunk.



(a) An example motion field due to Block Motion estimation. Motion field scaled by . Average motion

(b) Original image, denoised.
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(c) Registered image.

(d) Registered error, stretched. Energy in image is

   


Figure 6: Motion estimation via Block Motion Estimation.



(a) An example motion field due to watershed based motion estimation. Motion field scaled by . Average motion

(b) Original image, denoised.
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(c) Registered image.

(d) Registered error, stretched. Energy in image is

 +




Figure 7: Motion estimation via Watershed based Motion Estimation.

The watershed based motion estimation algorithm shows a discontinuous motion field. The problem with
this algorithm is that there is no overall smoothness constraint on the motion field. The bubbles in a group
of neighbouring bubbles, taken as a whole, do not move together. It should be noted that the average time
needed to watershed is   ms.
Conclusions
Qualitatively, the Horn and Schunk algorithm provides a smooth motion field which gives some idea of the
irregularities in the motion between two fields. Quantitatively, the low energy in the difference between the
registered and original image, indicated that the motion field captures more of the changes than the other
algorithms.



The performance enhancement of Pixel Tracing

 comes at the price of accuracy. For example, Pixel Tracing
cannot accurately determine motion along 0
.
The watershed based motion estimation algorithm does not do as well as the other algorithms for small
motion, but estimates large motion well. The algorithm is considerably slower than the Horn and Schunk
or Pixel Tracing algorithms. Running time is similar to the Block Matching algorithm.
In short, for estimating small motion optical flow is preferred if a dense motion field is required. For large
motion either block matching or watershed based motion estimation provide the desired performance.
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