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Abstract 
 
Reduction cell operation in primary aluminum production is greatly influenced by the baked 
anodes properties. Producing consistent anode quality is more challenging nowadays due to the 
increasing variability of raw materials. Taking timely corrective actions to attenuate the impact 
of raw material fluctuations on anode quality is also difficult based on the core sampling and 
characterization scheme currently used by most anode manufacturers because it is applied on a 
very small proportion of the anode production (about 1%), and long-time delays are required for 
lab characterization. The objective of this work is to develop rapid and non-destructive methods 
for inspection of baked anodes. In past work, it was shown that acousto-ultrasonic signals 
collected from anode parts at different frequencies were sensitive to anode defects (pores and 
cracks) and this was validated qualitatively using X-ray computed tomography. This work 
attempts to improve the method by using multi-spectral excitation signals and by establishing 
quantitative relationships between the acousto-ultrasonic signals and defects extracted from 
tomography images using Wavelet Transforms and Partial Least Squares (PLS) regression. This 
results in shorter acquisition time and a more specific and robust model for anode inspection. 
The method performance is illustrated using samples collected from industrial scale anodes. 
 
Keywords: Non-destructive testing; acousto-ultrasonic signals; CT-Scan images; PCA; PLS. 
 

1. Introduction 
 
The performance of acousto-ultrasonic techniques in detection of various defects in carbon 
anodes has been demonstrated in previous work using sequential acoustic excitation at different 
frequencies of anode slices followed by the analysis of the acoustic responses of the samples 
using Principal Component Analysis (PCA). The results were validated qualitatively using X-
ray images collected from the slices [1]. However, this method needs to be improved and 
adapted for real time control in order to pave the way for industrial application. In particular, it 
is necessary to reduce the cycle time of the approach using sequential excitation and to further 
validate the method through a quantitative use of the X-ray CT scan images of the samples.   
 
To reduce the cycle time, it is proposed to excite the materials using a single multi-frequency 
acoustic signal. However, this would lead to a more complex acoustic response of the anode 
samples requiring the use of some frequency decomposition techniques to extract from the 
response signals features at different frequencies. One approach consists of using the Fast-
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Fourier transform (FFT) [2-5]. In this method, acousto-ultrasonic signals are decomposed in 
different frequency bands that can be used to identify various failure modes. However, time 
domain information cannot be extracted using FFT (i.e., variations in signal frequency content 
through time) and this may limit the performance in defect detection and identification. An 
alternative approach that is becoming increasingly popular in industrial applications consists of 
using the Wavelet Transforms (WTs) where both frequencies and time information can be 
obtained from acousto-ultrasonic signals [6-9]. In addition, WTs were shown to be a powerful 
tool in all areas dealing with transient signals [10-12]. Qi et al. [13, 14] showed the 
effectiveness of the Discrete Wavelet Transform (DWT) to process the acousto-ultrasonic 
signals from composite materials. A similar approach could be used for the analysis of baked 
carbon anode materials. 
 
To validate the performance of the acousto-ultrasonic approach more precisely, it is also 
proposed to quantify defects from X-ray CT-scan images of the carbon anode samples and to 
establish a relationship between the features extracted from the acoustic response of the samples 
and the types of defects and their severity. To quantify defects in tomographic images image 
texture analysis techniques can be used since the defects introduce local variations in grey level 
intensity in the images according to some relatively well defined patterns (i.e., round spots for 
pores and streak lines for cracks). Again here, one could extract textural features from 
tomographic images using the two-dimensional Fast Fourier transform (2D-FFT) [15]. In this 
method, the frequency decomposition of the images could be used determine the severity of 
defects. However, variations in frequency content within the images (i.e., spatial information) 
cannot be extracted using this approach. On the other hand, the 2D Discrete Wavelet 
Transforms (2D-DWTs) are effective for extracting both frequency and spatial information 
could be obtained [16]. Moreover, wavelet texture analysis has been shown to be a powerful 
tool in several areas dealing with noise and low variation in images.  
 
In order to build relationships between the acoustic response signals of the samples and their 
CT-scan images, multivariate statistical methods such as Principal Component Analysis (PCA) 
and Partial Least Squares (PLS) regression can be used [17], allowing a good classification of 
patterns in the case of several input data [18, 19]. These methods project a set of features from a 
higher to a lower dimensional space, simplifying the analysis of big data sets. Some authors [20, 
21] have combined wavelet analysis and PCA, called Wavelet PCA, to improve the results of 
feature extraction. In order to correlate both acousto-ultrasonic and tomography images dataset 
blocks, Projection to Latent Structures (PLS) is implemented [22, 23].  
 
This work aims at investigating the use of acousto-ultrasonic technique for volumetric 
inspection of baked carbon anodes. It focuses on mapping morphological constituents in this 
carbon material in order to evaluate spatial distribution of pores and cracks using acousto-
ultrasonic wave attenuation. In this approach, an industrial baked anode was sliced along its 
length and some slices were used as real samples. The latter was scanned by X-Ray tomography 
and the resulting images were analyzed by wavelet to reveal the internal structure. Further, 
several acousto-ultrasonic features were extracted from the signals propagated through the 
corresponding parts using wavelet analysis. To simplify the analysis, both PCA and PLS were 
used to provide classification and regression models. The clustering patterns show the good 
potential of the proposed approach to detect and distinguish the pores from cracks.    
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Transform was then applied to the images. The main difference in the application of wavelets to 
images and acoustic signals is that images are 2D signals. An image is a matrix of data I(X,Y) 
where X and Y are the number of pixels in the horizontal and vertical directions of the images 
and the elements of that matrix correspond to the X-ray attenuation coefficients converted to 
grayscale values. The convolution between a mother wavelet and the image signals (i.e., 
discretized version of equation 1) is performed along each row and each column of the image 
(horizontally and vertically) as well as diagonally. Wavelet detail coefficients are obtained for 
each pixel of the images at each scale and for each of the three directions. These are collected 
into matrices Dj

k where j correspond to the scale, k to each direction (h,v,d), and each element 
of these matrices to the detail coefficient at a certain pixel location (x,y). These matrices can be 
shown as images as well for visual interpretation are typically called wavelet detail sub-images 
(Dj

h, Dj
v, Dj

d). At the first scale, high frequency information is captured from the images in all 
three directions and these are associated with small objects or patterns in the image. As the scale 
increases, lower frequency information introduced by larger objects or patterns are extracted. 
The 5th order Daubechies wavelet (Db5) wavelet was selected for analysing the texture of X-ray 
images.  
 
Several scalar textural descriptors or textural features can be calculated from the wavelet detail 
sub-images, the most popular being the energy, variance, entropy, and the mean [28-29]. Our 
results showed that the energy is sufficient to extract information related with anode defects 
(pores and cracks) with the X-ray images. The energy is calculated as follows from the wavelet 
detail sub-images at each scale and for the three directions: 
 

 
YX

)y,x(d

E

X

1x

Y

1y

2k
j

k
j


   (5) 

 
Where dj

k is the detail coefficient for pixel located at the (x,y) position within an image in the kth 
direction (k = h, v, d) and the the jth scale. The total number of pixel within the images (XY) is 
used to normalize the energy values. The X-ray images were decomposed up to scale 4. This 
yields 12 energy values per anode corridor (4 scales  3 directions). These values were collected 
for the 56 corridors and stored in matrix Y of dimensions (5612). 
 
The application of wavelet decomposition to one such X-ray image is shown on Figure 5. It 
shows the original image as well as the detail sub-images for each of the 4 scales and directions. 
The sub-images are identified by the direction first (h,v,d) and then by the scale number 
(1,2,3,4). For instance sub-images v3 displays the information extracted from the image by the 
wavelet in the vertical direction at scale 3. The vertical and diagonal sub-images at scales 2-4 
clearly capture the profile line of the vertical and diagonal cracks in the image. This information 
will be regressed against the acoustic signals in order to link the acoustic attenuation to anode 
defects quantitatively. 
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correlation between features in both data blocks. Each PLS latent variable is calculated in such 
as was to maximize the covariance in both data matrices and the following model structure is 
obtained [22-23]: 

 ETPX T   (7) 

 FTCY T   (8) 

 1T* )WP(XWXWT   (9) 

 
where the latent variable space of both X and Y correspond to the scores T (orthogonal PLS 
components) which related X to Y. The sub-spaces of X and Y are modelled by the loading 
matrices P and C, respectively, while the corresponding residuals are stored in E and F. Finally, 
the so-called weight vectors W* contains the linear combinations that expresses T in terms of X 
and allow to make predictions of Y. 
  
PCA and PLS effectively perform unsupervised clustering of samples vector in the latent 
variable subspace, which can be visualized using scatter plots of the scores (t’s). The differences 
between the clusters can be interpreted using the loading vectors (p’s). The reader is referred to 
Wold et al. [23] for more details about these methods. The ProMV software version 15.08 
(ProSensus, Ancaster, ON, Canada) was used to build PCA and PLS models. 
 
5. Results and discussion 

 
5.1.  Classification of the corridors based on X-ray images 
 
Using the cross-validation procedure [32], two PCA components (or latent variables) were 
found significant and together explain most of the variations in the image textural features. The 
cumulative sum of squares explained (R2) and predicted (Q2) by the first two PCA components 
are provided in Table 1. The reader is referred to [31] for more details on PCA. The first two 
components were found sufficient to discriminate the corridors based on their textural features 
since they explain over 83% of variance inside those features (Q2=83.21% in Table 1). 
 

Table 1. Percent cumulative sum of squares explained (R2) and predicted (Q2)  
by the PCA model built on textural features collected from anode slices X-ray images. 

Component R2 (%) Q2 (%) 
1 60,3 58,7 
2 84 83.21 

 
The main variability directions in the image dataset captured by the two PCA components are 
presented in the t1-t2 score plot shown in Figure 6. Each marker in this plot represents a 
summary of the textural features of one particular corridor. These were identified by the slice 
number followed by the corridor number. Corridors having similar textural features cluster close 
to each other while those having different features cluster in different locations in the latent 
variable space. It is noticeable that the corridors located in the same position within the slices 
cluster together. Furthermore, each group is separated from others according to both 
components except those of slice number 25 that seem different from the others. This slice (#25) 
is located close to the corner of the anode block, and contains larger pores and cracks which 
makes then look like either corridors #1-2, typically containing several cracks, or to corridors #6 
that contain lots of pores. This explain why the corridors of slide #25cluster close to corridors 
#1-2 or #6. 
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