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Introduction 
Ensuring high quality of production has always been a great 
target to all manufacturers. It is tested at the end of the 
assembling line by comparing the transfer behavior, 
parameters and other objective characteristics of the device 
under test with a functional golden reference unit using 
defined PASS/FAIL limits. Process control requires 
information about the physical cause of the issues to initiate 
effective steps in time and to keep the number of defective 
units produced minimal.  Visual inspection and manual 
defect analysis is time consuming and requires an 
experienced operator which is familiar with the typical 
pattern of the defects occurring on the particular loudspeaker 
system. There is a need for a tool, which can classify these 
defects automatically without a-priori information. The 
knowledge needed for this task can be derived from the 
production itself by a cluster analysis. 

Fuzzy cluster analysis 
Cluster analysis is the a method for partitioning a set of data 
into a number of subgroups, where 

- the objects inside a subgroup (cluster) are similar to 
each other while 

- they are different to the objects in other clusters. 

An object is a universal discrete projection (model) of a 
system. In set theory they are called elements and they can 
be either concrete (person, animal, loudspeaker) or abstract 
(methods, thoughts).  

A cluster unites multiple objects by certain criteria into 
groups. It can be confound with classes, which are nearly the 
same. While a class describes an abstract part of the reality, 
the cluster is built from data. A good clustering algorithm 
produces clusters that are comparable to real world classes. 

Similarity can be described in dependence of the features of 
each object. Features are characteristic attributes which 
make it possible to distinguish one object from another. In 
technical applications they are typically measurements. 
Independent of the clustering algorithm, the extraction of 
these features is essential for a good clustering result and it 
is always based on the given problem. Extracting the wrong 
features leads to a false separation of the data set.  

Comparing objects can be done by investigation of the 
features. Therefore an n-dimensional feature space can be 
defined, in which distances describe the similarity. Short 
distances result in low variety of the objects, while long 
distances represent a large diversity.  

Clustering can be described demonstrative as finding 
‘clouds’ in the feature space. Standard algorithms assign 

objects to one cluster only. It either belongs to one cluster or 
it doesn’t belong to it. Fuzzy clustering makes it possible to 
assign objects to multiple clusters, considering the fact that 
e.g. a loudspeaker has a stronger failure than another. This is 
expressed by the grade of membership.  

Algorithms 
The Gath-Geva-Algorithm [2] minimizes the objective cost 
function  
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where m is any real number greater than one, ௝ܺ is the jth n-
dimensional feature vector, ௜ܸ is the centroid of the ith 
cluster, ݀ெ௅

ଶ ሺ ௝ܺ, ௜ܸሻ is the exponential distance measure from 
eq. (2), μ௜௝ is the degree of membership of all feature vectors 
in all the classes, n is the number of data points, c is the 
number of clusters, ܨ௜ is the ݆ ൈ ݆ positive-definite fuzzy 
covariance matrix of the ith cluster, ௜ܲ is the a priori 
probability of selecting the ith cluster, m is a weighting 
exponent of μ௜௝, which controls the ‘fuzziness’ of the 
resulting clusters [1].  

 The exponential distance measure forces the shapes of the 
clusters to be ellipsoidal or hyperellipsoidal in the feature 
space. The a priori probability affects the overall size while 
the fuzzy covariance matrix stretches and rotates the cluster.  

To increase performance, the calculation of the inverse and 
the determinant in (2) should be avoided. Therefore Höppner 
et al. [3] present a paraxial variation of the Gath-Geva 
algorithm.  

They assume the features to be uncorrelated to each other, 
which leads the covariance matrix to be diagonal. In the 
feature space this means that the ellipsoidal clusters will 
always be paraxial. It doesn’t affect the stretching but the 
rotation. The diagonal elements of the fuzzy covariance 
matrix are calculated by  
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where ఊ݂
௜ is the ߛth diagonal element of the matrix ܨ௜, ݔ௝,ఊ is 

the ߛth element of the jth feature vector, ݒ௜,ఊ is the ߛth 
element of the ith  cluster centroid.  

When there is no a priori knowledge of the number of 
clusters within the data set, there must be found a way to 
determine this important information. It can either be done 
by a human, who compares the calculated cluster 
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configurations or unsupervised by an objective measure. Xie 
and Beni [4] propose a validity measure which performs 
well on clusters derived from the above described algorithm. 
An optimal partition would be matching the three 
requirements [1] 

1. Clear separation between the clusters 

2. Minimal volume of the clusters 

3. Maximal of data points concentrated in the vicinity of 
the cluster centroid. 

‘Good’ clusters are actually not very fuzzy.  The measure S 
calculates from 
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where ܬ௠ is the objective function from (1), ݀௠௜௡is the 
distance between the closest cluster centroids and ݊ the 
number of features.  Minimizing this measure leads to the 
‘best’ configuration. Note that this configuration fulfills the 
requirements but might be suboptimal for the cluster 
problem. Therefore a human inspection will always be 
necessary. Another problem is that the Gath-Geva algorithm 
minimizes (1) iterative and it is not sure that it finds the 
global minimum for the given number of clusters. 

Results 
The developed program was applied to a data set from 
loudspeaker production. The set contained 274 objects, 
which were measured at the end of an assembly line in 
China. There are 131 loudspeakers that passed the test, while 
the other 143 failed.  Each object delivered 92 features, 
which were extracted from the measured curves, like 
frequency response, impedance and total harmonic 
distortion.  

A ‘good’ result would be if there were one cluster with all 
the passed speakers and some others, representing different 
defects. One of these results is the configuration with 4 
clusters. It is shown in figure 2 and the clusters have the 
attributes: 

The first cluster unites all passed and 23 failed objects. A 
further separation is not possible, since their features are not 
different enough.  

The second cluster has a lower level at frequencies up to 1 
kHz. Since the measurements are from China, there could be 
no inspection of the real objects. However the behavior is 
characteristic for a significant change in mass and stiffness 
of the driver. 

The third cluster has 6 objects, which were not properly 
connected during the measurement.  

The fourth cluster has a wide range of speakers with lower 
sound pressure level.  

The cluster validity is not optimal for this configuration and 
would be better for 8 clusters, though the example illustrates 
the overall performance of the program. 

Conclusion 
The paraxial variation of the Gath-Geva algorithm performs 
well on real world data from loudspeaker production. The 
calculated configuration can be used for online classification 
of loudspeakers. On one hand the tool manages the 
knowledge from the production in a way that it is simple to 
understand for an operator at the production line and on the 
other hand it delivers detailed statistical information on the 
occurring defects. This simplifies the communication 
between quality control and development. An additional 
advantage is the easier control of possible suppliers, e.g. the 
manufacturer of suspension parts. 
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Figure 1: Curve bulk of frequency responses from the 
test data set.  
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1: Good 2: Mass+Stiffness
3: not connected 4: Low SPL

Figure 2: Calculated configuration with 4 clusters 
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