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ABSTRACT

Robust clustering techniques aim to classify objects into
partitions that have meaning for the particular problem,
while dealing with outliers contaminating data. In this
paper, we propose a new robust clustering method based
on the concept of density estimation in an autocorrelation
derived feature space. In that feature space, clusters are
better separated than in the original data space, making
clustering easier. The autocorrelation features comprise
the input to a new Probabilistic Neural Network
motivated clustering algorithm. We show that the method
can also be applied for outlier detection when only one
class of data exists. The proposed method was tested with
simulated data and real data collected from bioaffinity
assay applications. The algorithm was able to separate
the clusters despite of the presence of outliers in every
case. In addition, we demonstrate that combinations of
traditional robust estimation techniques and clustering
algorithms (k-means, fuzzy k-means) failed to detect
different populations of data when applied to the same
datasets due to existence of outliers.

1. INTRODUCTION

Traditional clustering algorithms (i.e. k-means) attempt to
partition data points into distinct groups by optimizing a
certain criterion function, which is usually derived from a
distance metric [1]. One major limitation of these
algorithms is their poor performance when there are
outliers contaminating data; outliers are defined as points
that severely deviate from the majority of the true data
samples [2]. The presence of outliers jeopardizes
clustering validity and even the existence of a single gross
error may cause conventional clustering algorithms to fail
[3]. As there usually exist outliers in data collected from
measurements of biological phenomena, robust techniques
for clustering are vital in these applications.

Most previous works in robust clustering [3-7] have
explored the occurrence of clusters in the original data
space. Moreover, robust clustering methods were focused
mainly in partitioning data based on the known parametric
form of the probability density function (PDF) for the data
[6-7]. In this work we introduce a novel method to

measure the degree of relation between data belonging to
the same or different clusters: a) initially two features
related to the autocorrelation function transform the input
data into an autocorrelation feature space where the
differences between data belonging to different clusters
are more prominent. b) These features comprise the input
to a new PNN (Probabilistic Neural Network)-motivated
clustering algorithm that estimates non-parametrically the
PDF of all data. Based on this estimation, clusters and
outliers are defined as the peaks of the PDF using a k-
nearest neighbour heuristic. The proposed algorithm is
tested with simulated data and real data collected from
bioaffinity assay applications.

2. METHODS

2.1 Autocorrelation feature space

The autocorrelation function is known to encode the
degree of association between different data points and
furthermore, in a broader sense, the degree of relation
between different data clusters [8-9]. Motivated by this
characteristic, we designed our clustering algorithm to
evaluate not data in the original data space, but their
transformation in an autocorrelation derived feature space.
Assuming we have N d-component feature vectors
x1,…,xN, we derive two-component autocorrelation feature
vectors a1…,aN. We define for i=1,…,N
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Autocorrelation features are now defined as
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for i=1,…,N.

These features are similar to those proposed for texture
classification in [8]. As it can be observed from figure 1,
in this autocorrelation feature space, individual clusters
and outliers’ differences are more pronounced. We used
these autocorrelation features to cluster the data instead of
using the original data.
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Fig. 1. Mapping the original data space (top panel) in the
autocorrelation feature space (bottom panel). Differences
between clusters and outliers are more prominent.

2.2 Non-parametric density estimation and
Probabilistic Neural Networks

When the data generation function is unknown, non-
parametric estimation techniques provide means for
estimating the PDF without any prior assumption on its
form. One of the most popular approaches was proposed
by Parzen [10-11]. The Parzen estimate is given by
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where samples x1,…,xN are drawn from a population with
the density function f(x), fh(x) is the Parzen kernel density
estimate and k(•) is the kernel function. A widely applied
choice for the kernel function is the Gaussian:
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The adjustable parameter σ affects the estimate: Too
small deviations cause very spiky approximation; too
large deviations smooth out details. In this work we
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The Parzen estimation approach can be implemented in a
neural network configuration, by replacing the commonly
used sigmoid activation function with the Gaussian
function. In this way, the PNN for supervised
classification is formed [12], which classifies data by
comparing Parzen PDF estimates for each class.

The PNN architecture for supervised classification
comprises 4 layers (Fig. 2). The input layer has a node for
each feature of input data. The pattern layer has one
pattern node for each training pattern. Each pattern node
forms a product of the weight vector and the given
example for classification, where the weights entering a
node are from a particular example. After that, the product
is passed through the Gaussian activation function (Eq. 4)
to the summation layer which receives the outputs from
pattern nodes associated with a given class. The output
layer has as many nodes as existing classes. In this layer
the classification decision is deduced by comparing the
output of the PDF estimation for each class.

Fig. 2. PNN architecture for two category classification
problems.

2.3 PNN-based robust clustering

In order to implement PNNs for robust clustering
problems, the network architecture is alternatively
constructed with 5 layers. 1) The input layer consists of as
many nodes as the number of transformed data samples in
the autocorrelation feature space. 2) In the pattern layer
the PDF based on each data sample is calculated by using
the Gaussian activation function. 3) In the summation
layer the PDF of all data is computed by adding up the
PDF estimates based on individual data samples. 4) In the
clustering layer, clusters are defined as the peaks of the
PDF. 5) Finally, in the output layer, the classifications
assigned by the algorithm to each point are used to define
clusters and outliers.

In the clustering layer, most prominent maxima (peaks) of
the PDF are calculated by an iterative maximum
likelihood estimation-based algorithm [13]. These maxima
are considered as clusters centroids c1,…,cM. In this paper
we assume than M is fixed. A data point xi is assigned to
cluster cj by using a k-nearest neighbor heuristic. Point xi

is classified to cluster j if the majority of k nearest
neighbors is closer to cj than any other cluster center. The

k is defined as
M

d
k

2
2 max+= , where M is the number

of clusters and dmax is maximum Euclidean distance
between cluster centroids.

After assigning all points to clusters, a procedure to detect
outlying points is initiated. First, we select points
O={o1,…,or} that are possibly outliers. These are selected
starting from point o1 that has maximum Euclidean
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distance from its closest cluster centroid cj. Point o2 is
then the nearest neighbor of o1 and the procedure
continues this way until with find a point or+1 that is closer
to some cluster center than or. To decide if oi is an outlier,
we compute how many points in set O are closer to the
point oi than its distance to its closest cluster centroid. If
this number is greater than r/2 then point oi is considered
to be an outlier. This process is effective in determining
outlying points severely deviating from the rest of data.
To determine outliers located in between clusters, the
Mahalanobis distance (with covariance matrix determined
for the outliers previously recognized) from all points to
the closest cluster centroid is computed. This is compared
to the smallest Mahalanobis distance that an outlier has to
its closest cluster centroid. Those points exceeding this
distance are also considered as outliers.

Fig. 3. PNN architecture for robust cluster analysis.

3. RESULTS

The proposed algorithm was tested with a simulated
dataset of two dimensional data. It comprised two well
defined clusters of 40 and 80 data points and a small set
(12 points) of outliers, which consisted of outliers in
between the two clusters and outliers severely deviating
from the rest of the data. Clusters and outliers were
successfully estimated (fig. 3), because the differences
between clusters and outliers became more prominent in
the autocorrelation feature space. Figures 4-5 depict the
performance of k-means and fuzzy k-means in
discriminating between the two clusters for the same
dataset. Due to the existence of outliers, classification
thoroughly failed. We performed the simulation also
without outliers with the k-means and fuzzy k-means
algorithm, and then the clustering result was excellent.
Moreover, the m-type Huber robust estimator was applied
for separating outliers (points having distance larger than
three times standard deviation from the robust mean) [2]
from the rest of the data. As it can be observed in fig. 6,
the Huber estimator erroneously accounts as outliers a
significant portion of points belonging to the proper
clusters.

In order to test the performance of the proposed algorithm
in outlier detection, the method was additionally applied
to bioaffinity assay data. The assay principle is explained
in references [14-16]. The sample contained a suspension

of fluorescent microparticles which were excited and
measured one at a time. The fluorescence signal was
dependent on the analyte concentration in the sample.
However, the physics behind the particle detection and
variations in fluorescent labelling induced noise and
outliers in the measurement. The goal was therefore to
provide a robust estimation of the mean value of the
fluorescence signal. By using the calibration curve of the
instrument, the fluorescence values could be then
transformed to concentration values. Results are
illustrated in fig. 7. The real molecule concentration was
1nM. The estimate by the PNN-based algorithm was
0.93nM whereas the robust Huber estimate was 0.83nM.

4. DISCUSSION AND CONCLUSIONS

Several techniques have been proposed to deal with data
outlier contamination [3-7]; the usefulness of parametric
density estimation and distance based variant robust
clustering methods [3-6] has been indicated. Among the
most recent advances, neural network (NN) approaches
have been suggested [6-7]. Sykacek et al [6] proposed a
Bayes’ inferred NN model that estimated the whole data
PDF and asserted outliers as those points having PDF
value below a certain threshold. The threshold was
defined as a function of the distribution’s standard
deviation. Hawkins et al [7] employed a regression based
NN model that was trained to minimize the mean square
error of all training data. Based on this error they defined
a threshold value to separate outliers from correct data
values. However, these parameter estimation based studies
[6-7] incorporated information from the whole data PDF
making assumptions on its form, which is misleading for
many practical applications. Furthermore, these
techniques investigated the existence of clusters in the
original raw data space.
In this work, we presented a new method for robust
cluster analysis based on non-parametric density
estimation using a PNN-based algorithm in an
autocorrelation derived feature space. The method proved
effective and performed better than k-means, fuzzy k-
means and robust estimation techniques in identifying
meaningful clusters when tested with a simulated and real
bioaffinity assay datasets. The key features of the
proposed algorithm are: a) It performs cluster analysis in a
autocorrelation feature space where the differences
between clusters and outliers are more prominent. b) It
evaluates non-parametrically the PDF of data and
determines clusters and outliers based on its peaks. c)
Outliers either severely deviating or located in between
clusters can be effectively detected based on a k-nearest
neighbor heuristic.
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Fig. 4. Results of the PNN-based algorithm in the
simulated data: with ‘.’ are points belonging to cluster A,
‘+’ to cluster B and ‘o’ outliers.

Fig. 5. Results of k-means and fuzzy k-means in the
simulated data: with ‘+’ points belonging to cluster A and
‘.’ to cluster B.

Fig. 6. Results of robust estimation (m-type Huber) in the
simulated data in localizing outlying points: ‘o’ depicts
outliers (points having distance more than three times
standard deviation from the robust mean)

Fig. 7. Data described the fluorescence emission of each
particle with respect to measurement time. With ‘.’ are
points identified as outliers by the proposed algorithm.
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