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Abstract — Recently, it has been shown that the
classification of Electical Wafer Sorting failure maps can
be performed by means o funsupervised methods. In this
work four different unsupervised methods are compared:
SOM, K-Means, Neural Gas, and an FExpectation
Maximization. The algorithms are compared using a
benchmark based on a probabilistic model. The
performance of the classification is assessed by means of
an new index call Index-F based on the knowledge of the
real classification. Moreover it is studied the correlation
between the proposed index and the following indexes:
CH-index, D-index, I-index and average likelihood.

INTRODUCTION

If the devices that fail at the Electrical Wafer Sorting
(EWS) tests are visualized as black pixels, the spatial
distribution of the failures is likely to show characteristic
patterns. Different shapes are possible: circular spots,
rings, semi-ring, repetitive chessboard-like patterns, to
mention the most frequent. These patterns can be used to
trace back to the problems that originated the failures
either by analyzing their qualitative features or by
correlating them with the lot history. Hence, the interest
for algorithms that perform the automatic classification of
large wafer sets on the basis of their EWS maps. Two
approaches are possible: the supervised and the
unsupervised ones. The supervised classifiers require the
preliminary classification of a training set of wafers by a
human operator. This approach is time consuming and
when the process and/or the product changes the training
has to be performed ex-novo. Recently, it has been shown
that wafer classification can be performed by means of
unsupervised methods: these algorithms create clusters of
wafers by identifying their common features and do not
use any training set. In [1], the Kohonen's Self Organizing
Map (SOM) has been used successfully to classify EWS
wafer maps. Several other unsupervised learning methods
may be used to classify wafer maps.

The first aim of this paper is to compare four different
unsupervised methods: SOM, K-Means, Neural Gas and
an Expectation Maximization (EM) classifier. The
algorithms are compared using a benchmark based on a
probabilistic model. The performance of the classification
is assessed by means of an index (here denoted as F-
index) that measures the misclassification rate.

Another important issue is finding indexes that measure
the classification goodness and are appliable to real data.
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In fact with real data the F-index (which assumes the
knowledge of the true classification) is no longer usable.
Hence the second aim of this work is to study the
correlation between the F-index and the following indexes
[2]: CH-index, D-index, I-index and average likelihood.

In the following section the probabilistic model, the F-
index and the benchmark are presented. The third section
is devoted to description of the clustering algorithms. The
fourth one illustrates the results of the comparison. The
choice of a clustering index appliable to real data is
discussed in Section 5. The conclusion summarizes the
main results.

PRELIMINARIES

To make a comparison a goodness criterion is required.
The proposed measure is based on the knowledge of the
correct classification. Hence the need for a benchmark
made of simulated wafer maps whose true classification is
known. In order to obtain the simulated data a
probabilistic model is adopted.

Probabilistic Model

In [1] a probabilistic model was proposed. According to
this model the electrical test of a die has only two results:
good (0) or failed (1). Then a binary Bernoulli variable X,
is used describe the outcome of the EWS test for the d-th
die. It was assumed that the electrical failure of a single
device occurs independently of the failure of the others
with a probability P(X,=1)=f(x4y4) where x, and y, are the
planar coordinates of the die d. A complete wafer X can
be created by simulating N, Bernoulli trials. The origin of
the planar coordinates is placed in the center of the wafer
and the scales of the cartesian axes are such that the wafer
has radius one. This system of coordinates allows one to
describes different scales of integration with the same
spatial probability.

The benchmark

A set of production lots is often affected by several
failures with different occurrence rates. In this work we
simulated 8 classes each of which characterized by its own
spatial distribution, reported in Figure 1. The spatial
distributions reflect some common failure patterns:
standard production (Class #2), low yield wafers (Class
#1) repetitive horizontal and vertical (Classes #5 and #6),



spot and ring (Classes #3, #4 and #8), semi-ring (Class
#7). The clustering algorithms were tested on several
benchmarks with different number of devices (N,) and
wafers (N,,) as shown in Table 1

Class 1 (4%) Class 2 (45%) Class 3 (8%) Class 4 (5%)
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Figure 1: Spatial probability of the simulated classes

Benchmark 1 2 3 4 5 6

# Wafers | 300 | 500 | 800 | 1200 | 300 | 500

# Dies 601 | 601 | 601 | 601 | 377 | 377

Benchmark 7 8 9 10 11 12

# Wafers | 800 | 1200 | 300 | 500 | 800 | 1200

# Dies 601 | 601 | 950 | 950 | 950 | 950

Table 1. The twelve data set of the benchmark

Classification assessment

In a classification two kinds of error can be observed: an
identified class includes elements coming from different
real classes, or a real class is splitted into two or more
identified classes. The first kind of misclassification can
be disruptive for diagnosis purposes. In fact the reference
pattern is explained by the union of different physical
problems whose separate detection becomes problematic.
Conversely, if a real class is splitted into two or more
classes, each identified class is made of wafer
characterized by the same physical problem. This
misclassification is much less harmful because in the
process diagnosis it is possible to merge together class
whose reference pattern are similar. For this reason a good
classification have to produce homogeneous clusters, each
of which made of wafers belonging to the same real class.
A simply way to visualize the number and type of
misclassified items is given by the scatter matrix [3]. In
Table 2 the scatter matrix of a 4 cluster classification of
100 items that belongs to 3 real classes is reported. It can
be observed that only clusters #2 and #4 are
homogeneous. Clusters #1 and #3 present respectively 4
and 2 elements that are not homogenous. These elements
are called "misplaced". For each identified cluster j it is
possible obtain the number of misplaced elements as

7li.j)- max7(i. ]

where with 7(i,j) denotes the scatter matrix and N, is the
number of real classes. To measure the degree of
homogeneity of the classification we introduce a new
index ,called F-index, defined as

F =

N, -1k
C — M .
N Y (]

It can be shown that the F-Index ranges from 0 (optimal
clustering) up to 1 (worst clustering).

N, N, N; Ny
N, 16 0 14 0
N, 0 45 0 0
N; 4 0 2 19

Table 2. Scatter matrix of a four class clustering of 100 data
belonging to three real classes

CLUSTERING ALGORITHMS

In this work are compared three well-known unsupervised
clustering algorithms: SOM, Neural Gas, K-Mean. This
neural network techniques generate a cluster for each
neuron. In each neuron c is stored a N,-dimension vector
p° that represent the centroid of the cluster c.

K-means

This algorithm is the simplest and fastest one. A single
iteration is composed by two steps. In the first one each
data is associated with the nearest cluster center. In the
second step the centers are updated by computing the
barycenter (centroid) of each cluster. The two steps are
repeated until the centers do not change. The parameters
of this algorithm are the number of clusters N. and the
initial values of the cluster centers W,. It is important to
notice that if two cluster centers have been initialized with
the same center, the algorithm can encounter difficulties.

SOM

In a SOM network the neurons are organized on a rxc
grid. At each iteration ¢ a single wafer X" (a binary vector)
is presented to the network and winner neuron V is
defined as

V = arg mcin“XW -p°

where p° is the characteristic pattern of the c-th class, that
is a real vector whose entries belongs to [0,1]. Then all the
neurons are updated as follows

pe = pot b (ndler))dxr- pe)



where d(c, V) is the distance on the grid between neurons ¢
and V and Ap(,) is a suitable function monotonic
decreasing in both its arguments. An interesting feature of
the SOM is that similar reference patterns are put close to
each other on the neuron grid. The function 4, in (1)
depends on a parameter set /" which include the following
parameters [4]: initial #; and final #, learning rate, initial o;
and final o  effective width of the topological
neighbourhood and total number of iterations ¢

In [1] the authors proposed a choice of I” for the clustering

of EWS maps. It was observed that the the first 4

parameters affected the speed of learning [5] while the last

has to do with the overall learning time. The first four

parameter were fixed to general purpose values [4] and a

fine tuning of the parameter f#. was performed. The
roposed set is reported in Table 3.

i s i or Ai A Ui
I'l .5 .005 3 1 - - 80 N,
Al 5 .005 - - 10 1 50 N,

Table 3.Parameter Setting for SOM and Neural Gas

Neural Gas

The Neural Gas is quite similar to the SOM algorithm. The
main difference is due to the fact that the neurons
topology (e.g. the neuron grid in the SOM) is not fixed. At
each iteration the neurons are ordered according to the
distance from the proposed input (wafer). The nearest
neuron has order 0 and the last has order N.-I. The
training update of the neurons is done according to

p = po+ g lnlld)dxr- p) @

where /(c) is the order of neuron ¢ and gu(,.)is a function
monotonic decreasing in both its arguments. The function
g2, 1n (2) depends on a parameter set 4 [4]:

D=, yad o ot

where A; and A, affect the amount of information to give to
the "far" neurons. The consideration made for the SOM
method still hold for the Neural Gas. In particular the
same tuning procedure can be adopted: the first 4
parameter of 4 ware fixed to general purpose value and a
fine tuning was made on #. Several classifications were
performed on the benchmarks described in Section 2 and
the F-index was used to assess the performance. The
optimal parameter values are reported in Table 3.

Expectation Maximization (EM)

Given the observations X and a probabilistic model
characterized by a parameter vector 6, the likelihood L is
given by L=P(X]0). According to our probabilistic model
the parameters are the N, probability vectors p¢ and the

data are the N, binary vectors X". The maximum
likelihood estimate 6" is the vector that maximize the
likelihood. The EM is just an efficient algorithm to
perform such a maximization in classification problem. A
notable property of the method is that it guarantees an
increase of the likelihood at each iteration.

SOM | K-mean Gas EM
Random .02816 | .04262 | .03958 | .20953
Centre .02931 .04036 | .04308 | .19346

Prototypes | .02871 | .07915 | .03789 | .61586
Datamean | .02929 | .08779 | .04332 | .21315
Min-Max .02943 | .08182 | .04310 | .60589

Table 4. Value of the F-Index in 60 experiments using different
initialization techniques

COMPARISON

All the algorithm considered have two types of
parameters: the number of clusters N, and the initial
values of the references patterns of the classes.

The number of clusters is not a critical choice for this
application. In fact as already observed, in the
classification of EWS maps the main target is to find
homogenous clusters. This is possible only if the number
of identified classes N. is greater than the true one N,. If
we have some a priori knowledge on N, it makes sense
overestimate NV,. In the benchmark, we let N.=12.

Conversely, the initial reference pattern may affect the
performance of the classifier. In order to choose the best
methods, different initializations were considered [6]:

Random In this initialization the patterns are chosen
randomly from the valid set.

Center This initialization requires that the valid starting
points define a limited region; then the technique chooses
the center of the validity set as starting point. In order to
obtain different values for each neuron a small random
perturbation is added.

Random Prototypes N. randomly chosen data are used as
initialization.

Data Mean This initialization chooses as starting point the
mean of the data set. In order to obtain different values for
each neuron a small random perturbation is added.

Min Max This techniques use an algorithm to select N,
well distanced data as starting point.

For each benchmark 60 different initialization were
generated for each technique. For each classification the
F-Index was evaluated. In Table 4 the average over the 12



benchmarks of the median of the F-index over the 60
experiments are reported.

If the bold values in Table 4 are considered, it can be
notice that SOM gives the best performances.

MEASURING CLASSIFICATION PERFORMANCES
ON REAL DATA

The evaluation of the F-Index requires the knowledge of
the true classification, that is obviously not available in a
real problem. To assess the performance of a classification
some other clustering index must be used. Generally these
indexes evaluate the within-class and the between-class
distances. The first factor is an index of the wafer
closeness to the reference pattern while the second one
evaluates the distance between the clusters. The most
widespread ones are [2]: Davies-Bouldin (DB), Dunn (D),
Calinski Harabasz (CH) and [ indexes. All of them regard
a classification with compact and well separated cluster as
a good one. However, for our specific application the
distance between classes is not the main concern,
especially if two or more real classes are close to each
other. A further index is the likelihood introduced in
Section 3. For computational reason we use the "average
device likelihood" (4L) defined as:

AL= "%/

The goal of our study is to find the index that best
approximates the F-Index. For this purpose, from each of
the 12 benchmarks 30 different clusterings were randomly
created. For each classification all the indexes was
evaluated. In Figure 2 some significant scatter plots are
reported. Then for each index and benchmark the
correlation coefficient was computed. Table 5 shows the
average correlation coefficient with the F-Index. It can be
noticed that the AL and CH indexes gives the best
correlation.

DB CH D 1 AL

9885 -.9912 -.5649 .8939 -9914

Table 5. Correlation Coefficient between F-Index and other
clustering indexes.

CONCLUSION

In this work a comparison was made between some
clustering techniques applied to EWS maps classification:
k-means, SOM, Neural gas and EM. The last method and
the simulated benchmark are based on a simple
probabilistic model. In order to evaluate the performances
of a classification, a new index, called F-Index, was
introduced. This index was created considering the
possible use for fault detection in a semiconductor
manufacturing environment. The classifiers were tested
simulating different numbers of devices and wafers. From

this analysis it turns out that the SOM is most suitable
algorithms. The last result presented in this work is the
choice of a performance index to be used the classification
of real data. The objective was to find an index that
correlates well with the F-Index, which is proportional to
the number of misclassified wafer but requires the
knowledge of the correct classification. It turns out to be
the Average Likelihood and the CH Index.
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Figure 2. Comparison of indexes measuring the classification
goodness. The AL and the CH index correlate well with the F-
index that is proportional to the number of misclassified items
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