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ABSTRACT
A potentially powerful tool to detect and classify corrosion mechanisms is the analysis of electrochemical noise
(EN). Data analysis in the time-frequency domain using e.g. continuous wavelet transform (CWT) allows the
extraction of localized frequency information, providing information on the type of corrosion, i.e. uniform or
localized corrosion, from the EN signal. The CWT provides the opportunity to analyse changes in frequency
behavior of electrochemical noise signals over time. In the presence of transients generated by pitting corrosion
that occur only during short instants of time, this is an important property. This paper introduces the
combination of automated transient detection with wavelet transform modulus maxima (WTMM) and the Holder
exponent. WTMM enhances the determination of transient frequencies by indicating the ridges of a CWT
spectrum. The Holder exponent, a measure of singularity of an EN signal, provides a single parameter
discrimination tool based on WTMM and serves to differentiate between general corrosion and two types of
pitting corrosion of stainless steel AISI304 exposed to aqueous HCl solutions of different concentrations and as
such at different pH values.

INTRODUCTION
Electrochemical noise (EN), or spontaneous fluctuations in current and potential, is generated by charge transfer
reactions that are caused by electrochemical metal dissolution processes. The measurement of EN is already
performed by corrosion researchers for decades [1]. The first reports from the study of EN date from the 1960s,
when Hagyard and Williams [2] and Iverson [3] investigated electrochemical potential signatures that were
related to corrosion. The occurrence of localized corrosion and its relation with specific fluctuations in the
electrochemical potential noise was then published by Hladky and Dawson [4, 5]. These specific localized
features in the EN signal are defined as transients. Although this work discusses the analysis of transients under
open-circuit conditions, the investigation of EN transients under cathodic or anodic polarization is also reported
[6-8]. Each transient can be associated with specific frequency information in the EN signal, reflecting the nature
of the corrosion process. One of the most challenging possibilities of EN is the identification of localized corrosion
processes based on the characteristics of these transients [9-14].
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Although the measurement technique has remained largely unchanged, many different data analysis procedures
have been proposed to extract the desired information [15]. Classical spectral analysis of EN can be done using
the well-known Fourier transform, which can be regarded as the most direct way to estimate a power spectrum
[1]. However, corrosion processes are typically nonlinear and non-stationary. Non-stationarity becomes visible in
the presence of a DC drift in the EN signal, hence the mean value changes over time. Strictly spoken, some of the
commonly applied data analysis methods are not suitable for EN. The calculation of (spectral) noise resistance or
any parameter derived from the power spectral density assumes a stationary process and thus requires the
removal of the DC drift or windowing beforehand [1, 16-19].
A different way to analyse EN signals is the application of time-frequency techniques [20, 21]. The analysis of
time-frequency information of EN offers some important advantages over the widely used Fourier transform
[22]. Most important is the absence of the criterion that the EN signal should be stationary. In this paper we
introduce a method to obtain physical information and quantify it from noise data. The method is based on a
rigorous analysis of the irregularities in the noise data, that can be interpreted as discontinuities of the
underlying mathematical function. In the analysis of EN, irregularities can be regarded as the transients that
occur due to the underlying physico-chemical process. Metastable pitting of stainless steel, for example,
generates clearly distinguishable irregularities, or transients, in the EN signal [20]. Traditionally Fourier analysis is
used to analyze irregular behavior of signals. However, the disadvantage when using Fourier analysis is that the
information on local behavior in the signal is lost because the resulting frequency spectrum captures the entire
signal. Any small events visible in the time domain are therefore likely to be lost in the frequency domain. For
non-stationary signals traditional frequency analysis becomes inappropriate because of this property.
In many other papers the Discrete Wavelet Transform (DWT) has been used for analyzing EN signals [9, 18, 21,
23-28], firstly introduced for the analysis of EN by Aballe et al. [21]. The DWT describes the original EN signal
using a linear combination of oscillations with a limited time span, called wavelets. In the first stage, a so-called
‘mother wavelet’ is moved along the EN signal and correlated with it. This results in a set of wavelet coefficients
for this specific wavelet size (or scale). Subsequently, the mother wavelet is scaled up by a certain factor, in order
to make it longer, and the correlation process is repeated. Due to the scaling process, after each iteration, lower
frequencies are described. In other words, DWT analyses the EN signal using a pre-defined number of timescales
by scaling and translation of wavelets [9, 18, 21, 23-28]. The energy present in those timescales could in turn be
associated with the dominance of activation- or diffusion controlled processes, or processes under mixed control
[7, 9, 16, 18, 21, 23-30]. Larger timescales are related with relatively slow processes, whereas smaller timescales
are related to faster processes [18, 24-26, 28]. The relation between spectral and wavelet techniques for the
analysis of EN has been described earlier by Cottis [22]. The DWT combines several interesting properties of the
Fourier transform. It offers a fast algorithm to decompose signals in uncorrelated components that represent
irregularities from the data at several scales / frequencies. This property has already proven itself to be a very
useful analyzing tool for several physical problems including in the field of corrosion. The DWT is a fast way to
analyze irregular behavior because it does not include all frequencies of the irregularities that can be observed. It
is a multiscale analysis at dyadic scales (i.e. scales that increase each time by a ratio of two) yielding a wide
spread of the irregular features in the time-scale domain. This spreading results in the problem of properly
identifying the irregularities in the time-scale domain. A solution to this problem would be to consider
irregularities at all scales / frequencies, i.e., without dyadic sampling. This can be achieved by using the
Continuous Wavelet Transform (CWT) [31]. A different data analysis method in the time-frequency domain
offering the possibility to visualize the change in frequency characteristics over time is the Hilbert-Huang
transform (HHT) [20, 32]. As an example of the application of HHT to the analysis of EN signals, it is used to
identify corrosion inhibition [33] or microbiologically influenced corrosion [34]. One of the most important
challenges that can be overcome by using time-frequency data analysis methods is the ability of these techniques
to analyse individual transients generated by localized corrosion processes [35]. This ability however introduces a
new issue, since the typical spread of low frequency information over time in a CWT spectrum can impede the
association of this localized frequency information with specific transients. The resolution in time can be
improved, but this then goes at the expense of losing resolution in frequency [22].
The wavelet transform modulus maxima (WTMM) procedure describes the evolution of wavelet maxima across
scales and can be used to identify singularities, or transients, present in a signal [36-40]. WTMM has found some
interesting applications in various different fields of technology, including e.g. vibration analysis [41], 3D depth
estimation [42], detection of specific features in ECGs [43] or structural health monitoring [44, 45]. Besides the
employment of real-valued wavelets, also WTMM of complex-valued wavelets can be used for the estimation of
instantaneous frequencies and detection of transients in a signal [46].
Once the WTMM are described, it is useful to quantify their decay across the scales. A transient, that is in fact a
large change in the signal, will have large coefficients in the CWT spectrum at the different scales, and therefore
little decay across the spectrum compared to other parts of the signal. This decay is described by the Holder, or
Lipschitz exponent [40]. The local Holder exponent indicates the local singularities present in a signal. The global
Holder exponent provides an overall value of singularity of the entire signal. At locations with high local Holder
exponents, the signal is expected to be smoother than compared to locations with low local Holder exponents. A
local Holder exponent of 0 or a negative value indicates a discontinuity in the signal. On the other hand, a signal
that is locally differentiable (i.e. 'smooth') produces a local Holder exponent of 1 or higher. Holder exponent
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values between 0 and 1 indicate that the signal is continuous, but not differentiable. Within this range, the
Holder exponent ranges from indications of strong singularity (close to 0) to almost differentiable (close to 1).
Singularity detection using the Holder exponent can e.g. be used in applications such as structural health
monitoring [47] and image processing for the removal of noise [48]. By comparing this local singularity between
EN signals from different pitting corrosion processes, the present work investigates whether it is possible to use
this parameter as a differentiation criterion for corrosion.
To facilitate the analysis of EN transient frequency information in CWT spectra, the present work introduces the
WTMM method. In addition to the WTMM, the Holder exponent is used here to analyse the strength of the
singularities. In order to indicate the effectiveness of the use of WTMM and Holder exponents for differentiation
between corrosion mechanisms, three data sets are used. Each data set consists of EN measurements performed
on AISI304 stainless steel, exposed to aerated HCl solutions ranging from pH 1.0 to pH 3.0. The resulting
corrosion processes of the AISI304 therefore differ for each data set, as the authors described in earlier work
[20]. These material-electrolyte combinations are selected, because the results are well-defined corrosion
characteristics, which were investigated by the authors earlier using the HHT and reported elsewhere [20, 35]. It
is therefore the primary objective of the current work to introduce the novel data-analysis procedure with the
application of modulus maxima and the Holder exponent combined with transient analysis, and to investigate its
rubustness using these well-known corrosion processes.

Experimental

Materials and experimental set-up
The experimental setup is identical to the one described in [35]. The experiments comprise of two identical
AISI304 working electrodes and one reference electrode, type Radiometer analytical Red Rod REF201
2
(Ag/AgCl/sat. KCl: 0.207 V vs. SHE). The working electrode area was 0.05 cm . The working electrodes were
◦
exposed to the electrolyte after being stored under ambient conditions at 20 C for 24 h and microscopically
inspected for irregularities. Three different aqueous HCl solutions served as electrolytes, with concentrations of
0.1, 0.01 and 0.001M. The pH values were 1.0, 1.9 and 3.0, respectively. A Faradic cage served to prevent any
electromagnetic interference during the measurements. The working electrode surfaces were microscopically
inspected afterwards using an optical microscope with a maximum magniﬁcation of 1000x.
A Compactstat from Ivium Technologies was used to record electrochemical current- (ECN) and potential noise
(EPN) signals, working as zero resistance ammeter and potentiometer. The Compactstat was controlled by a
Windows-based PC running dedicated software. The sampling frequency for the measurements described in this
work was set at 5 Hz, with the application of a low-pass filter of 10 Hz. The only significant additional noise
source between the Nyquist frequency (2.5 Hz in this case) and the frequency of the low-pass filter was
considered to be instrumental noise generated by this instrument, and was therefore closely investigated. For
this procedure, a method introduced by Ritter et al. [49] was applied: EN signals were recorded for a selection of
different pure Ohmic resistances and the level and overlap of their power spectral densities at different sampling
rates was verified. The ‘remove DC initial’ option of the device was applied, i.e. the first data point of the EPN
signal was set to zero using a pre-defined offset prior to data acquisition. This allowed the measurement device
to narrow the potential range and to enhance the resolution of the recorded signal. Matlab from MathWorks was
used as data processing software.
The CWT for the time-frequency spectra used an analytic Morlet wavelet. This wavelet applies the discrete
Fourier transform algorithm [50]. An important procedure when calculating the CWT is to make sure that the
wavelet overlaps the beginning and end of the EN signal by half its duration when it calculates the first and last
points of the spectrum. This is also known as padding, by which the EN signal is actually extended at the
beginning and end. The padding methods that can be applied in Matlab are described in detail in [51]. Without
choosing the correct padding procedure, artifacts may arise at the beginning and end of the spectrum. In earlier
work [31], symmetric padding had been selected as most suitable for the analysis of EN signals. Finally, the
calculation of the CWT used 32 voices per octave, i.e. for each factor of two frequency range, 32 frequencies with
logarithmic spacing were calculated. For the WTMM, the Matlab default second derivative of a Gaussian wavelet
was applied.
Wavelet transform modulus maxima and Holder exponent
For the determination of transient locations in EN signals one can use various type of methods that from a
mathematical point of view deal with detecting discontinuous and non-differentiable data. In this paper we do
not only want to detect singularities (i.e. transients) in data, but also try to classify them in order to use the
mathematical approach as a method to differentiate between corrosion mechanisms.
A well-known approach in mathematics to describe the local regularity of a function x(t) in a small
neighbourhood of time t0 is to use its Taylor expansion into a polynomial pN(t-t0) of degree N and to study the
approximation error. From this we get the definition of the Holder exponent α≥0, i.e., a function x(t) has Holder
exponent α≥0 at t0 if there exists a constant C>0 and a polynomial pN of degree N such that [52]
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|𝑥𝑥(𝑡𝑡) − 𝑝𝑝𝑁𝑁 (𝑡𝑡 − 𝑡𝑡0 )| ≤ 𝐶𝐶 |𝑡𝑡 − 𝑡𝑡0 |𝛼𝛼

(1)

To understand this equation one can substitute different values for α at the right hand side. For α=0 we observe
that the approximation error is bounded independent of the value of t, while for α>0 the error will tend to zero
as t→ 𝑡𝑡0 . Clearly, the Holder exponent α is a measure of local regularity of a signal x(t) in a neighbourhood of
time sample t0.
In [22] the CWT has already been introduced for the analysis of transients in EN signals. An important property of
the CWT can be related to the determination of the Holder exponent in irregular signals. For this we recall the
definition of the CWT for a signal x(t) [53]
𝑡𝑡−𝑏𝑏

𝑊𝑊𝜓𝜓 [𝑥𝑥](𝑠𝑠, 𝑏𝑏) = ∫ 𝑥𝑥(𝑡𝑡)𝜓𝜓 �

𝑠𝑠

(2)

� 𝑑𝑑𝑑𝑑

The analysing wavelet ψ is said to have N vanishing moments if Wψ[pk]=0 for all polynomials pk of degree k≤N. In
practice this means that the wavelet transform is ‘blind’ for the linear trend in the signal in case N=1 and for
curvy trends in case of more vanishing moments. Because of this property the CWT is able to detect irregularities
superposed on trend like behavior of a signal.
In [54] Jaffard deduced the following result from elementary mathematical theorems:

�𝑊𝑊𝜓𝜓 [𝑥𝑥](𝑠𝑠, 𝑡𝑡0 )� ≤ 𝐴𝐴𝑠𝑠 𝛼𝛼+1/2

(3)

with constant A≥0 and for wavelets with a substantial amount of vanishing moments. Without going too much
into the detail of this theorem, proving the result is based on applying the CWT in (1) using the fact that
Wψ[pN]=0. From the latter equation it is obvious that applying the CWT yields a mathematical expression
between each individual time sample t0 and the Holder exponent α as a parameter of local regularity. Taking the
log2 of the left and right hand side of the inequality yields
1

log 2 �𝑊𝑊𝜓𝜓 [𝑥𝑥](𝑠𝑠, 𝑡𝑡0 )� ≤ log 2 𝐴𝐴 + �𝛼𝛼 + 2� log 2 𝑠𝑠

(4)

The choice for using log 2 instead of ln or other logarithms is given by the fact that scales s in the CWT are always
computed in a dyadic manner. The Holder exponent α can now be computed (up to a constant ½) by considering
the decay slope of log 2 |𝑊𝑊𝜓𝜓 [𝑥𝑥](𝑠𝑠, 𝑡𝑡0 )| as a function of log 2 𝑠𝑠.

For computing the exponent the Wavelet Transform Modulus Maxima (WTMM) is used as a procedure to analyse
wavelet maxima across scales. The ridges and their slopes in particular are used to compute the Holder exponent
related to the singularity at time sample t0

The principle of selecting WTMM for the determination of the Holder exponent is based on the procedure of
transient analysis, as presented by the authors in earlier work [35]. This method allows the determination of
transient locations in the EN signal. The purpose of transient analysis is to allow detailed investigation of the
areas in time-frequency spectra that are associated with the occurrence of transients. By selecting only those
areas of interest, either the individual transients can be investigated by their instantaneous frequency
composition, or the instantaneous frequencies of multiple transients can be averaged. The latter is intended for
the investigation of overall corrosion characteristics in the case of localized corrosion. In the present work, the
procedure of transient selection is based on the EPN signal. First the peak of each transient is detected
automatically, using the difference between the EPN signal and a moving average of the EPN signal. From this
difference, the extrema are indicated as the transient peaks. As a second step, from each peak to the left the
transient start is associated with the location where the absolute value of the amplitude of the EN signal starts to
increase. Finally, the transient end is determined as the location where the amplitude reaches back to the
original value again. After this operation has been completed for all transients in the EN signal, the corresponding
ridges in the CWT spectrum, indicated by the WTMM, are selected. By this way, for each WTMM of interest, the
corresponding Holder exponent is analysed. All other Holder exponents, describing the singularity of the EN
signal in between the transients, are neglected. Holder exponents that are associated with transients are
averaged for each EPN signal. In the case of the EPN signals from AISI304 exposed to HCl at pH 1.0, the general
corrosion attack results in the absence of transients. Here, the global Holder exponent is used as an indication of
(non)singularity of the entire EPN signal. In all other cases, the local Holder exponent is used.

Results and discussion

Analysis of modulus maxima and Holder exponents
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Figure 1 shows examples of micrographs of the AISI304 after exposure to the three different concentrations of
HCl for a duration of 1000s. This indicates the difference in pitting severity between the three different
electrolytes.
Figure 1
The micrograph of Figure 1a shows the lowest number of pits after the exposure to HCl at pH 3.0, together with a
relatively smooth working electrode surface. Careful examination of the working electrode areas using optical
microscopy revealed no corrosion attack in between the locations of the pits. Figure 1b indicates that after the
exposure to HCl at pH 1.9, a larger number of pits arises, again on an otherwise smooth working electrode
surface, with the pre-processing marks still visible. Finally, at pH 1.0, Figure 1c shows that the working electrodes
undergo a general corrosion attack, which also concentrates at certain shallow spots. Those spots appear notably
darker in the micrograph. Contrary to the working electrodes shown in Figure 1a and 1b, instead of a smooth
appearance of the areas in between those spots, the working electrode surface is largely corroded.
Figure 2 shows an EPN signal of a measurement on AISI304, exposed to an HCl solution at pH 3.0 (a), 1.9 (b) and
1.0 (c) for a duration of 1000s. In case of the presence of transients, the transient locations are indicated in blue.
Figure 2
Figure 2a and 2b show the presence of transients. These transients could be associated with the existence of pits
at the working electrode surfaces [35]. For pH 1.0, the EN signals generated by this type of corrosion however do
not contain any transients and they exhibit a relatively smooth character [35]. This is shown in the example
Figure 2c. For this reason, the EPN signals for AISI304 exposed to HCl at pH 3.0 and 1.9 from Figure 2a and 2b will
serve as examples to explain the analysis procedure in this section. The final analysis of the experimental results
includes the Holder exponents of the corrosion characteristics at all three pH values.
The transient locations defined in Figure 2a and 2b are used for the determination of the Holder exponents of
interest. These transients are generated by the pitting processes at the working electrode surfaces. The first
stage of a potential transient indicates pit initiation [55]. Subsequently, pits grow in a metastable stage for a
period from several seconds to several tens of seconds, by undermining the passive film that is present at the
surface to protect the stainless steel [56, 57]. This stage is under diffusion control and the Ohmic resistance of
the pit cover plays a determining role here [56, 58]. This Ohmic resistance is generated by the current inhibition,
or the inhibition of metal ion flow out of the pit and electrolyte flow in and out of the pit, through pores in the pit
cover [56, 59]. The drop in the potential is the result of this increased Ohmic resistance, combined with the fact
that the current density is constant over the lifetime of the pit [55, 56, 60]. Repassivation occurs when the pit
cover is penetrated [56]. Repassivation is a fast process, after which the passive film slowly regenerates [56]. The
second part of the potential transient, which is characterized by a decrease of the absolute amplitude, is
associated with the discharge of the interface capacity, which occurs after repassivation [55].
The EN signal displayed in Figure 2b shows a larger number of blue transient indicators, and hence a larger
number of pitting events, than compared to the EN signal from Figure 2a. The corrosive environment at pH 1.9 is
more aggressive for AISI304, with a less stable oxide layer and more undermining per unit surface area as a
result. The pitting process generating the EN signal in Figure 2b is therefore more severe and the EN signal
contains a larger number of transients. Because of the large number of transients in the EN signal of Figure 2b,
some are close together and it is difficult to visually determine those transient locations. For this purpose, Figure
3 shows an enlargement of two sections of each 60s duration of the EN signal of Figure 2b: 120-180s (left hand
side) and 800-860s (right hand side).
Figure 3
Figure 3 indicates that, although some transient locations are close together, all detected transient locations are
at a local minimum of the EPN signal, as expected.
For the analysis procedure proposed in this work, first the CWT spectra are produced, as shown in Figure 4. In a
CWT spectrum, the energy distribution of the EN signal over time and scale is visualized. For convenience, the
scales are converted into frequencies, as indicated at the x-axis.
Figure 4
The notable difference between the frequency range of the maxima in these spectra was already discussed by
the authors in earlier work, based on Hilbert spectra [20]. The CWT spectrum displayed in Figure 4a shows
-1
-2
maxima between 10 and 10 Hz. On the contrary, the CWT spectrum in Figure 4b has maxima at the low
-3
frequency end of the CWT spectrum (around 4•10 Hz in this case). The reason for this is greater stability of the
oxide film in the case of Figure 4a, with a reduced influence of oxygen diffusion on the corrosion process as a
result [25, 26]. Figure 2a showed a smaller number of transients as compared to the EN signal of Figure 2b. This,
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-1

-2

together with a larger relative contribution of instantaneous frequencies in the range between 10 and 10 Hz, is
indicative of a more stable oxide film in the case of Figure 4a [61].
Another apparent characteristic of the CWT spectrum of Figure 4b is the spread of the low frequency information
over time. As mentioned in the introduction, this phenomenon is difficult to avoid without sacrificing resolution
in frequency [22]. This spread can also impede a correct interpretation of the localized frequency information
that can be associated with transients. The combination of the calculation of WTMM with the automated
transient analysis procedure is intended to overcome this problem and to enable a full localized frequency
investigation for each transient.
After the determination of the CWT spectrum, the WTMM are defined. Figure 5 shows the WTMM as an overlay
with black markers on top of the CWT spectra from Figure 4, together with their two-dimensional
representations.
Figure 5
The CWT spectrum of Figure 5a shows that the WTMM corresponding to the ridges that are generated by the EN
transients exist over a larger frequency range than compared to WTMM that are associated with locations in
between the transients. A three-dimensional representation has the advantage to rotate the CWT spectrum into
different perspectives, which can emphasize local frequency amplitudes that are otherwise difficult to distinguish
using only the colour markings. This especially accounts for local frequencies that are generated by small
transients. However, depending on the perspective of a three-dimensional plot, the exact location of WTMM can
be difficult to determine. Hence, Figure 5b and 5d also provides two-dimensional plots of the CWT spectra.
The visual inspection of WTMM as shown in Figure 5b and 5d can be useful to determine the frequency range of
individual transients, such as the single large transient around t=550s, visible in Figure 2a. This transient is
associated with the largest amplitudes in the CWT spectrum in Figure 4a, and the WTMM in Figure 5b indicate
-3
that the frequency range of this particular transient extends down to approximately 4•10 Hz.
After the determination of WTMM, in order to be able to differentiate between EN signals from different
corrosion processes, it is useful to quantify this information in a single parameter. Therefore, the Holder
exponent of each transient is calculated. This results in a collection of Holder exponents, where each one is
representative for a single pitting process that occurred at the working electrodes. The mean value of these
Holder exponents thus expresses an overall indication of the type of pitting based on selected areas of the timefrequency spectrum, despite the instantaneous nature of a pitting process. Table 1 presents these Holder
exponents for the two EN signals under investigation.
Table 1
There is a clear difference between the Holder exponents of the two EPN signals. This difference originates from
the typical mechanistic distinction between the two associated pitting processes. With the decrease in pH from
3.0 to 1.9, the duration of the transients becomes larger. The largest amplitudes in the CWT spectra shift to a
lower frequency range. This was visible in the maxima of the CWT spectrum in Figure 4b as compared to those in
Figure 4a. It can be argued that the transients in the EPN signal of Figure 2b contain less sharp transitions than
compared to those of the EPN signal of Figure 2a. This originates from the fact that the pits at pH 1.9 arise on a
surface with a less stable oxide film (EPN signal in Figure 2b) than compared to those at pH 3.0 (Figure 2a). As
discussed before, as the stability of the oxide film increases, the influence of (slow) oxygen diffusion on the
corrosion process reduces [25, 26]. In mathematical terms, the transients in Figure 2b are less singular, and
therefore increasingly differentiable, than those in Figure 2a.
Data set results
In the previous section, the two different pitting processes could be clearly distinguished based on the Holder
exponent as a single parameter analysis, with a proper relation with the underlying physico-chemical mechanism.
In this section, the robustness of the proposed analysis procedure of transient identification, CWT, WTMM and
finally the Holder exponent will be investigated based on three data sets, AISI304 exposed to an aqueous HCl
solution at pH 1.0, 1.9 and 3.0, also incorporating the two example EPN signals as used in the previous section.
Figure 6 shows the mean local (pH 3.0 and 1.9) or global (pH 1.0) Holder exponents of all EPN signals, indicated
by the square markers.
Figure 6
Figure 6 indicates that the three different pH values result in EN signals with notably different singularities. This
difference is clarified further by the horizontal lines that represent the mean value of all Holder exponents for
each of the three data sets. The three different average values of the Holder exponents is in good accordance
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with earlier experimental observations for the associated corrosion processes [35]. As was explained in the
introduction, at locations with high local Holder exponents, the EN signal is expected to be smoother than
compared to locations with low local Holder exponents. Discontinuities in the EN signal generate a local Holder
exponent of 0 or a negative value, whereas a local Holder exponent of 1 or higher can be associated with an EN
signal that is locally differentiable, or ‘smooth’. If the EN signal is continuous, but not differentiable, the Holder
exponent ranges between 0 (strong singularity) and 1 (almost differentiable). At pH 1.0, the average Holder
exponent lies above 1, indicating a locally differentiable signal. In the absence of transients at this pH value,
indeed the EN signals have a ‘smooth’ character [35]. At pH 1.9, the average Holder exponent is approximately
0.62 and at pH 3.0 this value decreases to approximately 0.17. As was discussed for the data shown in Table 1,
with the decrease in pH from 3 to 1.9, the duration of the transients becomes larger. This was made visible in
Figure 4, with a shift of the largest amplitudes in the CWT spectra to a lower frequency range. The transients in
the EN signals at pH 1.9 therefore contain less sharp transitions than compared to those at pH 3.0. Figure 2
showed an example of this difference. The transients at pH 3.0 are thus more singular and less differentiable
than those at pH 1.9.
For further quantification of the differentiation ability of this procedure, Figure 7 shows Gaussian curves for each
of the three data sets. Here, the probability density of a Holder exponent for the three experimental conditions
under investigation (pH 1.0, 1.9 or 3.0) is provided. In addition, the original Holder exponents from Figure 6, used
for the calculation of each Gaussian curve, are shown at the x-axis.
Figure 7
The Gaussian curves shown in Figure 7 indicate that, although there is overlap in probability density for these
three experimental conditions, this occurs only at the outer edges of the probability density curves. This implies
that the Holder exponent has good discrimination ability for the general and two types of pitting corrosion of
AISI304 in aqueous HCl at pH 1.0, 1.9 and 3.0.

Conclusions

Based on the known differences between the general and localized corrosion processes of AISI304 exposed to an
HCl electrolyte at pH 1.0, 1.9 and 3.0, a novel data analysis procedure of EN signals has been proposed. The
combination of transient selection and analysis, wavelet transform modulus maxima (WTMM) and calculation of
the Holder exponent has shown to be a robust tool to differentiate between general corrosion attack and
different forms of pitting corrosion of AISI304 exposed to an aqueous HCl solution.
WTMM effectively indicate the frequency range of each transient visible in the continuous wavelet transform
(CWT) spectrum. Furthermore, WTMM can be a useful tool for correct interpretation of time-frequency
information in a CWT spectrum in the low frequency range, where the energy of an electrochemical noise signal
is less localized in time.
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FIGURE CAPTIONS

FIGURE 1. Micrographs of an AISI304 working electrode surface exposed to an aqueous HCl solution at pH 3.0 (a),
1.9 (b) and 1.0 (c) for a duration of 1000 s
FIGURE 2. EPN signals of measurements on AISI304, exposed to an HCl solution at pH 3.0 (a), 1.9 (b) and 1.0 (c)
for a duration of 1000s. Transient locations are indicated in blue
FIGURE 3. Enlargement of two sections of each 60s duration of the EN signal of Figure 2b: 120-180s (left hand
side) and 800-860s (right hand side)
FIGURE 4. CWT spectra of EPN signals of measurements on AISI304, exposed to an HCl solution at pH 3.0 (a) and
1.9 (b) for a duration of 1000s
FIGURE 5a. and 5b. WTMM of the CWT spectrum from Figure 4a, indicated with black dots, in a three- (a) and
two-dimensional (b) representation. FIGURE 5c. and 5d. WTMM of the CWT spectrum from Figure 4b in a three(c) and two-dimensional (d) representation
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FIGURE 6. Holder exponents of all EPN signals from the measurements of AISI304 exposed to an aqueous HCl
solution at pH 1.0, 1.9 and 3.0
FIGURE 7. Probability density of Holder exponents for EN signals from experiments at pH 1.0, 1.9 and 3.0,
including the Holder exponents at the x-axis

Tables

TABLE 1. Holder exponents of the EN signals from Figure 2
Signal
Averaged Holder exponent
pH 3.0
0,17
pH 1.9
0,70
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