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Abstract: We deal with the classification of acoustic emission signals by means of Fuzzy Clus-
tering (FC), Model-Based Clustering (MBC) and Support Vector Machines (SVM). These meth-
ods belong to a different group of classification techniques, e.g. the SVM is searching for optimal
separating hyperplanes between clusters. The signals are compared by means of suitable parame-
ters obtained directly from the signals and from normed frequency spectra such as φ-divergence
distance measure as the additional attribute. We are concerned with resulting cluster comparisons
and the selection of efficient classification parameters. We realize three experiments in the area
of acoustic emission to test the proposed classification methods by means of laboratory data and
also considering industrial data from the real life.
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1 Introduction

We search for the method which allows us sufficiently and successfully classify measured
acoustic emission signals into the clusters corresponding to physical nature of the acoustic
sources. The basic classification task for acoustic sources is to distinguish between the
emissions arising from the real defect developing in a given material and the emissions
resulting from the noisy behavior of the measurement system. Two fundamental require-
ments are important for finding the true type of acoustic sources: to choose appropriate
numerical characteristics (parameters) of measured signals which contain maximum of
compressed information about the separability of the signals and to choose suitable, ro-
bust and efficient classification method. For the classification we can use several methods
coming from the cluster analysis. In this experiment we apply fuzzy method of clas-
sification, Model Based Method and method Support Vector Machines. As the input
characteristic values gained from given signals we use various parameters of signals to-
gether with φ-divergences which are applied to the normalized spectrums of acoustic
signals under consideration.
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2 Fuzzy classification method (FC)

The fuzzy method belongs to the methods, which are based on optimization of so-called
objective function. Let us consider N individuals x1, . . . , xN in the space R

n which are
supposed to create c clusters. Then we can minimize the objective function in the form
of weighted sum of quadratic distances between individuals xk and a set of the so-called
prototypes (i.e. the representative samples) v1, v2, . . . , vc of clusters

Q =
c∑

i=1

N∑
k=1

uikd
2(xk, vi) ,

where U = [uik], i = 1, 2, . . . , c, k = 1, 2, . . . , N , is a partition matrix, which allocates the
individuals into the clusters. The elements of matrix U are called membership degrees
and they range over the interval 〈0, 1〉. The degree uik stands for the probability that
individual xk belongs to the cluster i. The term d(xk, vi) denotes a distance between
individuals xk and vi.

We employ an iterative fuzzy algorithm to find maximum of the objective function Q
under the following conditions

0 <

N∑
k=1

uik < N ,

c∑
i=1

uik = 1 , i = 1, 2, . . . , c , k = 1, 2, . . . , N .

This algorithm is based on stepwise calculation of the prototypes of the clusters and the
partition matrix until certain convergence criterion is satisfied. Then the classification
into the clusters is done according to final membership degrees. More details can be
found in [3].

3 Model based method (MBC)

We suppose that the data belong to a finite mixture of normal densities, where each
component represents one cluster, it means we deal with the finite convex combination
of densities corresponding to the components of the mixture. We consider observations
x = (x1, . . . , xn), xi ∈ R

d, and the densities of xi in k−th component denoted by fk(xi|θk),
i = 1, . . . , n, k = 1, . . . , G, where θk are parameters of the k−th component. The number
of mixed components is denoted by G. The method MBC is based on a general EM
algorithm for finding maximum of the likelihood function under consideration and it
manages to work with uncomplete data sets in the form yi = (xi, zi), which contain the
so-called unobserved data zi = (zi1, . . . , ziG) of the binary values

zik =
{ 1 if xi belongs to group k ,

0 otherwise.

We seek the maximum of likelihood function

L(θk, τk, zik|x) =
n∏

i=1

G∏
k=1

τ zik
k fk(xi|θk)

zik ,
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where τk is the probability that an observation belongs to the k−th component with the
restrictions

G∑
k=1

τk = 1 , τk ≥ 0, k = 1, . . . , G.

Since we do not know the data zik, it is necessary to maximize the conditional expec-
tation of log-likelihood

Ez[l(θk, τk, zik|x)|θk, τk,x] =
n∑

i=1

G∑
k=1

γ(zik)[ln τkfk(xi|θk)],

where γ(zik) is a posteriori probability that the observation xi belongs to the kth compo-
nent of the mixture and it can be computed from the Bayes theorem. By means of the
EM algorithm we determine values θ∗k, τ

∗
k of the parameters θk, τk for which the likelihood

function reaches its maximum. The resulting classification is done according to posteriori
probability γ(zik) and the i−th observation is classified to belong to the k−th component
if it holds that

max
j=1,...,G

γ(zij)
θ∗k,τ∗

k = γ(zik)
θ∗k,τ∗

k .

See [1] for more detailed analysis and proofs. We apply this procedure for different modes
of classification in the sense of various numbers of clusters and their miscellaneous shapes
and orientations. The best model is chosen on basis of Bayesian Information Criterion
(BIC), which takes the form

2 log p(D|Ml) ≈ 2 log p(D|Θ∗
l ,Ml) − νl log(n) ≡ BICl,

where D denotes overall data set, νl is the number of independent parameters to be
estimated under the model Ml, and Θ∗

l is the estimate of parameter obtained by EM
algorithm. The highest value of BIC corresponds to the most probable model of classifi-
cation.

4 Support Vector Machines (SVM)

The method called Support Vector Machines requires learning process, it means we need
some training data set adjusting the procedure. Let us consider we are endowed by a
training data set

(x1, y1), . . . , (xm, ym) ∈ X × {+1,−1},
where xi are observations from the set of vectors X and yi are separating labels for
i = 1, . . . , m, m ∈ N. The classification into two clusters is represented by two values
of labels, +1 or −1. The method separates data by means of a hyperplane shown in
Figure 1 while we require the margin along the hyperplane to be as wide as possible. The
method works with a canonical form of the hyperplanes. The pair (w, b) ∈ H×R is called
canonical form of the hyperplane with respect to x1, . . . ,xm ∈ H if the set is determined
by

{x ∈ H|〈w,x〉 + b = 0} and min
i=1,...,m

|〈w,xi〉 + b| = 1 ,
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Figure 1: The separating hyperplane with the margin.

where w is a vector orthogonal to the hyperplane and 〈w,xi〉 is the standard scalar product
of w and xi. The optimal separating hyperplane is designed by means of optimizing
solution of

min
w∈H,b∈R

τ(w) := min
w∈H,b∈R

1

2
‖w‖2 ,

under the conditions yi(〈xi,w〉 + b) ≥ 1, i = 1, . . . , m. The result of this optimization is
a pair (w, b) which determines the separating hyperplane allowing us to classify observed
data in two groups by means of the decision function

f(x) = sgn

(
m∑

i=1

αiyi〈x,xi〉 + b

)
.

The above mentioned minimizing solution holds on only for a simple classification
problem. Unfortunately, we meet more complicated situations very often:

1. We are not able to separate data linearly. In this case the method uses a mapping
Φ : xi → xi, which transforms observations into a high-dimensional future space
where the linear separation is available. This procedure requires the computation of
dot product 〈Φ(x), Φ(xi)〉 in a high-dimensional space. These extensive calculations
are reduced significantly by using a positive definite kernel k such that

〈Φ(x), Φ(xi)〉 = k(x, xi),

leading to the decision function of the form

f(x) = sgn

(
m∑

i=1

αiyik(x, xi) + b

)
.

Applying various kernels we can construct variety learning machines (e.g. polyno-
mial classifiers, exponential radial basis function classifiers (erbf), etc.)
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2. A separating hyperplane need not exist. In this case we can tolerate a certain fraction
of outliers and we introduce so-called slack variables ξi ≥ 0, i = 1, . . . ,m, which are
incorporated into the optimizing problem through

min
w∈H,ξ∈Rm

τ(w, ξ) := min
w∈H,ξ∈Rm

(
1

2
‖w‖2 + C

m∑
i=1

ξi

)
,

under the conditions yi(〈xi,w〉 + b) ≥ 1 − ξi, i = 1, . . . , m. The constant C gives
us a compromise between two opposite targets: minimization of the errors and
maximization of the margin width, simultaneously. The emphasis placed on the
maximization of the margin width diminishes with decreasing value of the constant
C and vice-versa.

3. We would like to separate data into three and more groups. A binary decision tree
can be used for the classification into a greater number of groups, the SVM algorith-
mic classification into two groups is processed in each decision node. This method
combine the effectiveness of the binary decision tree and the ability of SVM classifier
to produce efficient classification. See [4] for more details.

5 Classification parameters

All processing laboratory measured acoustic signals were detected through the piezo-
ceramic sensors attached to the thin metal plate of sizes 1, 8m × 0, 6m × 5mm. Emitted
signals were measured and stored on a computer by means of measuring device DAKEL-
XEDO in 12-bit accuracy and 4 MHz sampling rate. The resolution 12-bit means that the
measuring sampling apparatus was able to distinguish the voltage in the interval [-2048mV,
2048mV ]. The acoustic emissions coming from the sensors are continuously monitored.
We generated several versions of acoustic sources in the center of experimental plate.

We perform our cluster analysis with certain parameters computed from the norma-
lized signal spectrums Xf found through discrete Fourier transform. The spectrum is
normalized to one in order to obtain the estimate of spectral density of the signal {Xt}T−1

t=0 ,
where T stands for digital length of the emission event (in our case T = 6144). The normed
spectrum is given by S̃(f) = |Xf |/

∑T−1
f=0 |Xf |. The real signal and its normed spectrum

are shown in Figure 2 as an example. We compute several parameters from the normed
spectrums and signals and then we use these parameters in the methods of classification
mentioned above. We designed the following classification parameters Wα, Qβ, Zc,
Sγ:

Wα = arg min
l∈[0,T−1]

T−1∑
f=0

|l − f | ∣∣|Xf | − |X̄f |
∣∣α , α ∈ [1,∞),

Qβ = min{F ∈ [0, T − 1] :
F∑

f=0

|Xf | ≥ β}, β ∈ (0, 1),

Zc =
T−1∑
t=t̃

δ(xt), δ(xt) =

{
1 if sgn(xtxt+1) = −1

0 otherwise
, c ∈ (0, 1),

Sγ = max Jγ − min Jγ, γ ∈ (0, 1),
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Figure 2: Example of acoustic emission signal and related normed spectrum

where |X̄f | denotes the arithmetic mean |X̄f | =
∑T−1

f=0 |Xf |/T , and

Jγ = {j ∈ [0, T − 1] : |Xj| ≥ γ maxf∈[0,T−1]|Xf |}, γ ∈ (0, 1),

t̃ = min Jc , Jc = {j ∈ [0, T − 1] : |xj| ≥ c maxt∈[0,T−1]|xt|}, c ∈ (0, 1).

In this paper we work with the specific classification parameters: W2 (denoted as W ),
Q0.33, S 1

3
(denoted as S), Z 1

20
(denoted as Zc).

We also apply our classification methods to the global spectral parameter called Di-
vergence representing the integral distance measure between normed reference spectrum
and normed ordinary signal spectrum. The newly proposed divergence attribute Dφ

in discrete form can be expressed as follows

Dφ(S̃refer, S̃) =
T−1∑
f=0

S̃(f)φ

(
S̃refer(f)

S̃(f)

)
,

where S̃refer is a normed reference spectrum S̃refer(f) =
∑m

i=1 |S̃i(f)|/m, here m denotes
the number of observations from one sort of acoustic emission signals, S̃i(f) are individual
realizations of the normed spectrum S̃(f), and φ denotes the divergence function satisfying
the following preconditions: φ : (0,∞) → R is a convex function in (0,∞), strictly convex
at t = 1 with φ(1) = 0. In this paper we work especially with Hellinger divergence given
through the divergence generating function

φ(t) = −4
√

t + 2t + 2 .

More examples of divergences can be found in [2].
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(a) Parameters W and Q0.33.
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(b) Parameters Zc and Q0.33.

Figure 3: Parameters for data set TOP5.

Table 1: Classification of the data set TOP5
Method Specification of the Method W, Q0,33 W, Q0,33, S Zc, Q0,33

Fuzzy Classical non-penalized 58,4% 59,9% 75,3%
MBC 5 clusters 53,2% 55,1% 95,3%
SVM C=5, linear 74,3% 74,6% 96,7%
SVM C=5, polynomial, degree 2 75,1% 78,1% 97,3%
SVM C=5, erbf degree 1 70,3% 74,8% 95,4%
SVM C=5, erbf degree 10 73,8% 75,7% 95,4%

6 Experiments and Results

In our experiment we measured several types of acoustic emissions and we applied the
parameters and classification methods mentioned above. We present the classification
of 5 types of acoustic emissions, the corresponding data set is denoted by TOP5. The
dependence of parameter W on Q0.33 for the observations from data set TOP5 is shown
in figure 3a and the relation of parameters Zc versus Q0.33 is given in figure 3b.

We applied the Fuzzy method, Model Based method (MBC) and the method of Sup-
port Vector Machines (SVM) for the cases of various kernels (linear, polynomial, expo-
nential radial basis function). The successfulness of our classification for carefully selected

Table 2: Classification of the data set TOP7
Method Specification of the Method Q0.33, Zc Q0.33, Zc, HDiv
Fuzzy Classical non-penalized 71,7% 73,7%
MBC 7 clusters 90,8% 81,3%
SVM C=5, linear 87% 88,2%
SVM C=5, polynomial, degree 2 90,6% 92,3%
SVM C=5, erbf, degree 1 88,6% 88,6%
SVM C=5, erbf, degree 10 88,7% 88,8%
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combinations of parameters {W, Q0.33}, {W, Q0.33, S}, {Zc, Q0.33} can be seen in table
1. Making account of the combination of parameters Zc, Q0,33 in MBC we obtained re-
markable improvement since we achieved the 95,3% reliability of our classification. The
MBC method was very successful during our experiments, but from the table 1 we can
see that the choice of parameter combinations is essential throughout the classification.
The method SVM yields the greatest successfulness for our data sets, particularly the case
of polynomial kernel of the degree 2. In most experiments the method SVM was more
successful than the other two methods used. This fact is due to the training procedure,
which is a part of this method. A lower success of the fuzzy method is caused by the
classification procedure itself, because this method classifies only on the basis of a dis-
tance between the samples and cluster prototypes. In contrast to this strategy, the Model
Based method is based on precise probability model mixing the marginal distributions
and leading to more successful results.

For the illustration purposes, we present slightly more complicated classification of
the data set TOP7 consisting of 7 types of acoustic emission sources. We created data
set TOP7 by means of adding 2 new types of acoustic emission to set TOP5. Classifi-
cation successfulness of TOP7 is listed in the table 2 for the combinations of parameters
{Q0.33, Zc} and {Q0.33, Zc, HDiv}, where HDiv denotes the spectral Hellinger diver-
gence. In this case, the combination of parameters {Q0.33, Zc, HDiv} was the most
successful. This fact and our further experiments prove that the divergence spectral mea-
sures can be successfully applied to the area of acoustic emission to obtain variety of new
parameters through the optional divergence generating functions φ.

7 Real data sets processing

We apply our methods FC, MBC, and SVM with the proposed classification parame-
ters/attributes on the real data set, which contains 5 types of acoustic emission originated
from the measurements handled by DAKEL through the device Xedo-5 at the different
places of interest, i.e.

• Data1: Measurement of the CAVITATION
• Data2: Experiment with the PLASMATRON
• Data3: Process of WELDING
• Data4: Pressure test on BOILER VESSEL
• Data5: Rigidity test of SAIL PLAIN

Classification successfulness for the real data set is listed in the table 3 for the combina-
tions of parameters {Q0.33, Zc} and {Q0.33, Zc, HDiv}. The combination of parameters
{Q0.33, Zc, HDiv} for the real data set is shown in figure 4. We again achieve the high-
est percentage success by using the method SVM, 90,8%, however, success by using the
method MBC is also remarkable, 89% for parameters {Q0,33, Zc, HDiv}. Moreover, it
can be seen from the table 3 that the success is higher when using linear SVM with
parameter HDiv added.
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Figure 4: Parameters Q0.33, Zc and HDiv for the real data set.

Table 3: Classification of the real data set
Method Specification of method Q0,33, Zc Q0,33, Zc, HDiv
Fuzzy Classical non-penalized 76,5% 76,5%
MBC 5 cluster 88,2% 89%
SVM C=5, linear 51,4% 83,7%
SVM C=5, polynomial degree 2 85,6% 83,9%
SVM C=5, erbf degree 1 90,8% 90,8%
SVM C=5, erbf st.10 89,3% 90,8%
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