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Abstract 

The energy efficiency and performance of an aluminium smelter depends critically on the 
quality and consistency of properties of the carbon electrodes that are consumed during the 
normal operation of the electrolytic cells or "pots". Unfortunately, although a small 
nwnber of experts are able to assess anode quality by examining lOx images of samples, no 
objective method exists for making quality determinations. This paper is about a project 
that has the goal of developing such an objective method. 

This paper describes methods that have been developed for the characterization of the 
microstructure of carbon anodes. As a result of the process by which they are 
manufactured, carbon anodes contain pores or voids caused by out-gasing. In this 
continuing project we have concentrated on developing means for characterising the size 
and spatial distributions and local connectivity of these voids. Some of the methods we 
intend to use to characterise the spatial distribution include order neighbour analysis (a 
method used in geographical studies), and statistical texture analysis. These methods and 
the analysis described in this paper are of general application. 

1. Introduction 
The quality of the anodes used in the smelting process is of critical importance aluminium. The 
Bluff smelter, operated by New Zealand Aluminium Smelters, typically consumes up to 400 
one tonne carbon anodes every day. Smellers produce their own carbon anodes on-site and 
hence have direct control over the quality. 

The anodes are made up of a mixture of aggregate (85%) and pitch (15%). The aggregate is 
composed of the butts from old anodes, coarse coke, and crushed fines and is bound together 
with the pitch. The quality of the anodes is critically dependent on the amount of pitch added 
when the anodes are being manufactured . Too much pitch will inevitably increase the number 
of voids fanned during the baking process, hence weakening the overall anode structure. This 
weakened structure can cause the anode to crack and pieces fall into the pots during smelting, 
which will put the pot out of action. Also, the increased number of voids present in the anode 
increases the air permeability and air reactivity. This increases the rate at which the anodes 
bum. Too little pitch will cause the anodes to lack binding, and hence the structure will be weak 
and brittle. This will cause much the same problems as overpitching. An optimum pitching level 
fOims anodes which have a maximum density and a fine porous structure. 

Presently, physical properties such as the air permeability, compressive strength, resistivity, 
carbon dioxide reactivity etc. of the anodes are measured for quality control. An optical 
macroscopy technique has also been developed for assessing the quality of baked anodes [1]. 
This method is subjective and relies on the subjective appraisal of lOx macrographs of sample 
anodes. This paper explains some quantitative image processing methods the authors developed 



to distinguish between anodes of different quality and avoid the pitfalls of subjective methods 
relying on human vision. 

2. Characterising the spatial and size distributions of the voids 
The quality of the anodes is related to the amount of pitch present when the anodes are baked. 
Thi s baking process forms voids which vary in structure and size according to the amount of 
pitch present. Overpitching causes "strings" of voids to form around larger particles in the 
anode. Underpitching causes many larger voids to form throughout the anode. Anodes with a 
good pitching level exhibit neither of these characteristics. As most of the information needed to 
distinguish between anodes of varying quality is thought to be contained in the pore structure, it 
was decided to develop methods of characterising this. The size and spatial distribution of the 
pores (voids) is of particular interest. Methods investigated included order neighbour analysis 
[2] and statistical texture analysis [3]. 

In our investigations to date we have concentrated on voids in the range of 0.05-0.7 mm in 
diameter. Voids larger than this are the result of compactions faults and as they have little to do 
with the pitching level we can characterise them separately. 

If we allow 2 pixels to represent 0.05 mm, then a spatial resolution of 40 pixels/mm is required. 
Images are captured at this resolution using a solid-state camera and a Macintosh Quadra 900 
with a Data Translation DT2255-50Hz frame-grabber. The software being used is VIPS [4] and 
"Image", a public domain application. "Image" allows the easy addition of extra image 
processing procedures written in Pascal. 

An anode sample is normally in the form of a nat slice of anode about 50 mm2 in area. The 
voids of interest arc the cavities formed by this slice through the 3-D matrix of the original 
anode. The voids have to be segmented from the background in some way, and two methods 
were tried to achieve this. 

Images of the same scene were captured firstly with direct lighting and secondly with side 
lighting. The direct lighting will illuminate within the pores, while the side lighting will leave 
them in shadow. When the images are subtracted the resulting image should emphasise the 
voids. This method was abandoned because we could not get adequate direct lighting intensity 
onto the anode samples at high magnifications due to the small camera to sample distances 
involved. The second method involved filling the voids with a white substance to contrast the 
voids to the gray background. After a little experimentation Plaster of Paris was found to give 
satisfactory contrasL 

Once the voids have been filled (see figure 1), a grayscale image can be captured and 
thresholded to segment the image. Note for convenience the images are invened; the black areas 
correspond to the voids and the white is the background. From these binary images further 
analyses is performed to characterise the size and spatial distributions. 

2.1 The size distribution of voids 

From the binary ima2es, the number of pixels (black) in each void is counted and converted to 
give the area in mm~. A log-log histogram of void size distribution for each sample can be 
readily made (sec figure 2). These histograms can then be used to seek correlations with quaJity 
ranking obtained by other means. 
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Figure 1: Thresholded void image 
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Figure 2: Void size distribution 

2.2 The spatial distributi on of voids 
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Characterising the spatial distribution of the voids is more complicated. We have identified and 
programmed into the "Image" software each of the following measures: order neighbour 
analysis [2], area/distance factor, weighted area, and statistical texture analysis [3). 

3. The measures 

3.1 Order neighbour analysis 

The order neighbour analysis method is a method used in geographical studies to characterise 
the spatial distribution of a population of people or objects. "Image" calculates the distance to 
the nearest four neighbouring voids for every void in a binary image. An R statistic [2) is 
calculated from these measurements for each neighbour level (first nearest, second nearest, etc.) 
to give a statistical indication of the randomness of the spatial distribution of voids in the image. 
The standard deviation for each R statistic is also be calculated. An R value of 1.0 (within the 
statistical bounds) indicates the image is random (sec figure 3(a)). If the calculated R statistic is 
below the lower statistical bound fo r R then the image tends towards a clustered pattern (see 



figure 3(b)). If the calculated R statistic is above the upper statistical bound then the image 
tends towards a regular pattern (see figure 3(c)). 

(a) Random 

. . .. 

(b) Clustered 

Figure 3: Pattern Types 

(c) Regular 

Aplin [2) also suggests two images can be statistically distinguished from one another by 
applying a two-sample Kolgomorov-Smimov (KS) goodness of fit test to the cumulative 
distributions of the neighbouring distances. This test is used to determine if random (stochastic) 
images are drawn from different populations. The underlying statistical test is independent of 
the type of distribution of the neighbouting distance values. 

3.2 Area and distance factors 

The area factor (AF) measures the spatial and size distribution from the areas and distances 

between all the voids in an image. For a particular image, the AF is calculated as follows: 

where 

AF= - I I~ 1 N[N A l 
N j;J j a l ( dij) 

N is the totnl number of voids in the image 

A J is the area of the jth void 

i ;t j 

dij is the distance between the ith and jlh void 

The distancefaccor (DF) quantifies only the spatial distribution of the voids. This measure is the 
same as the area facLOr except that it is nor weighted by the areas of the voids. 

DF =-I I-2 1 N[N } l 
N iml j • l ( dij) 

3.3 Weighted ar ea (WA) 

This is a measure of the volume of the voids in a sample. We assume that the larger the cross
sectional area of a void in our image of a sample, the larger will be the volume of the void in the 
original material. Each pixel within a void is weighted in proportion to its distance from the 
edge. The weighted area is calculated by using a minimum filter to remove the outermost layer 
of pixels from all of the voids in the image. The change in total area is given a weighting of 1 
fo r the first layer removed, a weighting of 2 for the second layer etc. The process is repeated 
until all the voids in the image have disappeared, that is eroded to nothing. The area changes for 
each layer removed. along with the respective weighrings, are summed to give a WA for the 
image as a whole. 



3.4 Statist ical texture analysis 

Statistical texture analysis is a powerful technique that is used to characterise texture features in 
an image in a quantitative, consistent and objective way. The texture of an image is concerned 
with the spatial distribution of the gray levels in the image. We have concentrated on the most 
popular of the imennediate texture matrix based methods, the spatial gray level dependency 
matrix (SGLDM), because it has finer discriminating power than other statistical methods. The 
SGLDM method has been applied by one of the authors [5,6] to the measurement of carpet 
wear. 

For the SGLDM method an intermediate matrix is derived from the image which describes in 
coded form the spatial relationships between the gray levels of the pixels in the image. The ij th 
element of the f(i,j,d,a) matrix represents the estimated second order joint conditional 
probability of a transition from gray level ito j, given that the pixel pairs under consideration 
are a distanced apart and the angular direction (0°, 45°, 90°,135°) is a. If there are Ng gray 
levels in the image then the intermediate matrix for each direction is Ng x Ng in size. From 
these intermediate matrices, texture features such as energy, entropy, inertia, homogeneity and 
correlation, can be calculated. These features each measure an aspect which can be related to 
the perceived texture of the original image. 

4. Results of preliminary analysis 

4.1 Order neighbour ana lysis 

Preliminary analysis of anode images (at 40 pixels/mm spatial resolution) of known quality 
shows that anodes of differing quality can be distinguished from one another using the KS test 
at the nearest neighbour level. It appears that the higher the neighbour level looked at, the better 
the discriminating power of the KS test. This is because a larger area is being looked at with 
each higher neighbour level. 

4.2 Area and distance factors 

The results of these features appear to be of limited value at this stage. 

4.3 Weighted area 

The results of these features appear to be of limited value at this stage. 

4.4 Statistical texture analysis 

Analysis of grayscale images of anodes at 40 pixels/mm show little correlation to anode quality. 
However analysis of lower resoluti on (10 pixels/mm) grayscale images of anodes which have 
had plaster applied show more promising correlations between quality, pitching level and the 
texture features entropy, inertia and homogeneity (see figure 4). 
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Figure 4: Inertia vs anode quality (10 pixels/mm) 
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5. Discussions and condusions 
The measures discussed above will characterise the size and spatial distributions of the voids 
quantitatively as opposed to the more qualitative methods used presently. The order neighbour 
analysis method and the KS test quantify the spatial distribution of the voids statistically. The 
area factor is concerned with the size and spatial distributions together, while the distance factor 
is concerned with the spatial distribution only. The weighted area is concerned with the size 
distribution mainly. Texture analysis looks at the spatial distribution of the individual grayscale 
pixels in relation to one another. 

Preliminary results gathered so far indicate some correlations exist between our measures and 
anode quality. The next step is to apply these operators to a large range of quality ranked anode 
samples. The results of this analysis will hopefully allow us to distinguish between anodes of 
varying quality. 
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