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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 Xray 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 acoustoultrasonic 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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