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Abstract
With increasing complexity of manufacturing
processes, the volume of data that has to be evaluated rises accordingly. The complexity and data
volume make any kind of manual data analysis
infeasable. At this point, data mining techniques
become interesting. The application of current
techniques is of complex nature because most of
the data is captured by sensor measurement tools.
Therefore, every measured value contains a specific error. In this paper, we propose an erroraware extension of the density-based algorithm
DBSCAN. Furthermore, we discuss some quality measures that could be utilized for further
interpretations of the determined clustering results. Additionally, we introduce the concept of
pre-analysis during a necessary data integration
step for the proposed algorithm. With this concept, the runtime of the error-aware clustering algorithm can be optimized and the integration of
data mining in the overall software landscape can
be promoted further .

1

Introduction

The impact of data analysis within the area of manufacturing processes is gaining in importance. To achieve the
goals of enhanced processstabilityand highquality of the final products, advanced data analysis techniques must be
incorporated into product engineering. Important representatives are manufacturing processes for the mask production as described in [Habich et al., 2007]. In general,
manufacturing processes are characterized by a number of
different steps that are necessary before the final product
can be delivered to the customers; during these variouse
processes different tools are involved. While the overall
process in the manufacturing field can be easily modeled,
many influencing factors exist that effect the fine-grained
parameterization of the tools and the manufacturing process. Typically, a base product can be manufactured with a
high yield and process performance. To produce customerspecific products, the base product needs to be modified to
fit new customer requirements. With an increasing number
of customers and globalization, more diverse customer requirements emerge. To create a sufficient customer-specific
manufacturing process, control circuits as depicted in Figure 1 are gaining more and more importance.
During the execution of manufacturing processes, each
single step is monitored and the captured data is stored
within a data warehouse. In the following step, the data

Figure 1: Typical control loop as found in the field of manufacturing process
is analyzed and the result is used to influence further manufacturing processes. This methodology, called Advanced
Process Control (APC), is applied in many fields of hightech manufacturing. A typical area for our purposes is the
manufacturing of photo masks and the production of microchips. The captured values are imprecise measurement
values due to physical effects occuring during the process
of measurement. Every measurement contains systematic
and statistical errors. While the causes of systematical errors are known and can be compensated, statistical errors
cannot be compensated and hence they are the root cause
of measurement uncertainty. Systematic errors are, e.g.,
tool drifts over time, i.e. the measurement process drifts
at a specific speed. This can arise from expendable items
in the tool. With regular recalibration of the tool, the drift
offset can be determined and hence, it can be compensated
for non-calibrated measurements. Statistical errors arise,
e.g., from fluctuations in temperature or air pressure. These
factors might be known to affect the measurement but the
extent to which they do that is unknown and too complex
to be modeled in a production environment. Since these
measurements are key indicators for the performance of the
production process, this data must be taken into consideration even with its uncertainty.
While customer-specific products introduce new minimal process parameter adjustments compared to the base
product, cross-customer learning is necessary within this
area. Different customers might have fine-grained product requirements that might show similarities to other customer requirements. To determine equivalence groups between customer requirements and the effects of the requirements on the production process, the method of data clus-

tering is used. Clustering algorithms create partitions of
data based on different measures as specified by the algorithms. While the determination of equivalence groups is
important the timely availability of the results is also very
significant; this is particularly true when products need to
be shipped to the customer within a specified time. Hence
efficient algorithms and methods are invaluable.
Our Contribution:
In this paper, we introduce our error-aware density-based
clustering approach for the above described application.
This main approach consists of two techniques. First, we
present an extension of DBSCAN. Second, we use clustering aggregation to determine a global partitioning result.
As an extension of the paper of [Habich et al., 2007], we introduce the concept of pre-analysis during the always necessary data integration process as depicted in Figure 1. The
aim of this pre-analysis step is to optimize the application
of the clustering algorithm within the considered application area. Within this pre-analysis step, we use data streaming clustering algorithms. Results of this pre-analysis can
be used for the parameterization of subsequent data analysis steps.
Outline:
The paper is structured as follows: In the next section, we
review our error-aware density-based clustering algorithm,
which is similar to the description done in [Habich et al.,
2007]. The novel pre-analysis concept for the given clustering algorithm is proposed in Section 3. A more exhaustive
evaluation as done in [Habich et al., 2007] is presented in
Section 4 including a review of related work. The paper
closes with a conclusion.

2

Clustering of Uncertain Data

In this section, we present our error-aware density-based
clustering approach. We start with a formal specification
of the clustering problematic of uncertain data in Section
2.1. In the following section (Section 2.2), we propose
our error-aware extension of DBSCAN as a first technique
of our approach. The second technique—the clustering
aggregation—is described in Section 2.3.

2.1

Problem Specification

The specific application scenario for the clustering is characterized by the following aspect: Each data object O is
represented by a number of n different captured sensor values Si (1 ≤ i ≤ n) including some error or uncertain range.
As a result, a data object is described not only by one single feature vector as an n-dimensional data point but by an
n-dimensional region in which all points within this region
equally likely represent the object (Figure 2). In the ongoing description, we denote the n-dimensional region as
data region. More formally, a data object O is described by
the following vector:
O = {S1 , . . . , Sn , E1 , . . . , En },

(1)

where n represents the number of captured sensor values.
S1 , . . . , Sn are the measured sensor values and each Ei
(1 ≤ i ≤ n) represents a complex function as error quantification for each sensor value. These error functions depend on several factors. Moreover, these error functions
may be independent of or dependent on several measured
sensor values. Figure 2(b) shows data objects where the

Figure 2: Representation of Data Objects
error functions are independent from each other, and therefore, the shapes of the data regions are hypercubes. However, shapes of the data regions may be arbitrary. Within
the data region, we assume that each possible data point
represents the data object with the same probability.
The starting point is now a data set D = {O1 , . . . , Om }
containing a number of m different data objects Oj . The
goal of the clustering task is to determine groups of similar data objects represented by data regions. However,
all well-known distance functions, like the Euclidean or
maximum-distance functions, require n-dimensional data
points. These distance functions idealize the data and do
not take the uncertainty into account. To analyze the impact of imprecise measurement values on the clustering result with a traditional approach, we conducted a number of
experiments. In these experiments, we observed the following four effects: (i) clusters may split, (ii) clusters may
merge, (iii) data points may jump from one cluster to another, and (iv) data points may fall out of or fall into a
cluster.
For the conducted experiments, we generated a synthetic
two-dimensional data set containing 5 clusters with a Gaussian distribution around the centroids and 100, 000 data
points in total. As illustrated in Figure 3(a), four smaller
clusters are arranged as satellites around a center cluster.
Furthermore, we defined an uncertainty for each dimension
(±1 units as maximum error). From this original data set,
a number of different data sets were derived by changing
the position of the data point within the data region specified by the uncertainty. To investigate the uncertainty in
detail, each derived data set includes only points that are
moved by a certain percentage smaller than 100 percent of
the allowed maximum. Then, each data set was clustered
with DBSCAN, whereas the values of M inP ts and  were
determined using the proposed heuristic from [Ester et al.,
1996a].
In the first experiment series, the four satellite clusters
are very close to the center cluster in the original data set, so
that the resulting data regions according to the specified error range functions highly overlap. As we can see in Figure
3(b), the higher the percentage of the allowed maximum by
which the points are randomly moved, the more the clustering results differ from the clustering result of the original
data sets. The differences between two results are determined by measuring the disagreement between two clusterings C and C 0 as a pair of data points (v, u), such that
C places them in the same cluster, while C 0 places them
in a different cluster, or vice versa (according to [Gionis et
al., 2005]). The graph runs asymptotically against a fixed
number because some pairs of data points do not change
their behavior (always or never grouped together).
In the second experiment series, the four satellite clusters
are more remote from the center cluster. As we can see in
Figure 3(c), smaller uncertainty has less significant impact
on the clustering results than in the first experiment series.

(a) Data Set

(b) Satellites dense to Center Cluster

(c) Satellites more remote from
Center Cluster

Figure 3: Evaluation of Impact of Uncertainty
Moreover, our DBSCANEA approach is a seamless extension of the original DBSCAN [Ester et al., 1996a] approach
to process uncertain data. In a first step, DBSCAN checks
the -neighborhood of each data point in the database. If
the -neighborhood N (o) of a point o contains more than
M inP ts elements, the data point o is a so-called core data
point. In our approach, we define a (, λ)-neighborhood of
a data region P as follows:
Figure 4: Min-Max Distances between P and Q (twodimensional example)

Definition 1 ((, λ)-neighborhood of a data region)
The (, λ)-neighborhood of a data region P , denoted by
N(,λ) (P ), is defined by

The impact increases with increasing uncertainty (higher
percentage). Again, the graph runs asymptotically against
a fixed number. To summarize, the presented experiment
indicates that the consideration of error information in the
clustering task could lead to very different clustering results
with traditional clustering algorithms.

N(,λ) = {Q ∈ D|dist(P, Q) ≤ }

2.2

Error-Aware Extension of DBSCAN

In this section, we present our error-aware extension of the
density-based clustering approach DBSCAN [Ester et al.,
1996a]. As already outlined, our starting data set D consists of m data objects {O1 , . . . , Om }. Rather than describing each object Oi (1 ≤ i ≤ m) by one single vector as
an n-dimensional data point, we use an n-dimensional region (data region) in which all points within this region are
equally likely to represent the object.
In order to be able to apply clustering algorithms to
such data regions, a distance model is required. In case
of data regions, we are always able to determine two extreme distance values between two data regions P and Q:
a minimum distance dmin (P, Q) and a maximum distance
dmax (P, Q). Figure 4 illustrates the two distance measures
with an example. These two measures are only extremes
with regard to two data objects. If the two data regions
intersect each other, the minimum distance is equal to zero.
Fundamentally, the computation of the maximum distance and the minimum distance between two data objects
described by n-dimensional data regions of arbitrary shape
is not trivial. In our approach, we assume that we can approximate these measures either with a minimal bounding
rectangle (MBR) technique or via object sampling. Object
sampling is a common method in the computer graphics
field. A sample frequency defines the density for the surface of data regions. The knots of the resulting meshes on
the objects are used to calculate the distances.
This distance model is now the foundation of our
error-aware DBSCAN clustering approach (DBSCANEA ).

(2)

with
dist(P, Q) = (1 − λ) ∗ dmax (P, Q) + λ ∗ dmin (P, Q) (3)
This (, λ)-neighborhood definition is of complex nature
and introduces a novel correlation parameter λ. Due to
our distance model, we have two extreme distance measures dmax (P, Q) and dmin (P, Q) between two data regions P and Q. The first measure can be seen as a pessimistic distance, while the second measure is a very optimistic distance measure for the similarity of two considered data regions. In general, each value in the range of
[distmin (P, Q), distmax (P, Q)] is also a possible similarity measure. Therefore, our newly introduced parameter λ
enables users to specify a correlation factor to be used in
the determination of the similarity.
Definition 2 (correlation factor λ) The correlation factor, denoted by λ, is defined as {λ ∈ <|0 < λ < 1}. In this
way, a correlation factor of λ = 1 corresponds to a high
(optimistic) correlation between two data regions, while a
correlation factor of λ = 0 signifies a low (pessimistic)
approach.
The idea behind this correlation factor is to give users a
specialized factor they can easily use to adjust the analysis to their requirements. Furthermore, the complexity of
DBSCANEA is similar to the orginal DBSCAN approach.
The remaining definitions for the density-based clustering
are as follows:
Definition 3 (directly density-reachable) A data region
Q is directly density-reachable from a data region P with
respect to , λ and M inP ts if
1. Q ∈ N,λ (P ), and
2. |N,λ (P )| > M inP ts (core data region condition).

Figure 5: Clustering Results with Different Values for λ
Definition 4 (density-reachable) A data region Q is
density-reachable from a data region P with respect to , λ
and M inP ts if there is a chain of data regions Q1 , . . . , Qk
such that Q1 = P and Qk = Q and Qi+1 is directly
density-reachable from Qi for 1 ≤ i ≤ k.
Definition 5 (density-connected) A data region Q is
density-connected to a data region P with respect to , λ
and M inP ts if there is a data region R such that both Q
and P are density-reachable from R with respect to , λ
and M inP ts.
Definition 6 (density-based cluster region) Let D be a
database of data regions. A cluster region CR in D with
respect to , λ and M inP ts is a non-empty subset of D
satisfying the following conditions:
1. ∀P, Q ∈ D: if P ∈ CR and Q is density reachable
from P with respect to , λ and M inP ts, then Q ∈
CR
2. ∀P, Q ∈ CR: P is density-connected to Q with respect to , λ and M inP ts.
Definition 7 (noise) Let CR1 , . . . , CRk be the clusters of
the data set D with respect to , M inP ts, and λ. Then we
define the noise as the set of data regions in the data set D
that do not belong to any cluster CRi :
noise = {P ∈ D|∀i(1 ≤ i ≤ k) : P ∈
/ CRi } (4)
Figure 5 depicts example results of our clustering with
four different values for the correlation factor λ. The error model was created as a hypercube (symmetric errors
for all dimensions). With an increasing correlation factor
(pessimistic to optimistic), the satellites around C2 (see
Figure5a) in the investigated data set turn into their own
clusters. Since the satellites represent major biasing effects
during a measurement, the clusters make sense. On the
other hand, a drift is recognized as a cluster C1 (see Figure
5(a,b)) with a correlation factor of 0 − 0.50. Beyond this
range, the drift splits into two clusters C1 and C4 (see Figure 5(c,d)). The parameters  and M inP ts are determined
according to the proposed heuristic in [Ester et al., 1996a].

2.3

Quality Measures

Our presented DBSCANEA algorithm has three input parameters: , M inP ts, and λ. That means the clustering result depends on those parameters. In this section, we want
to explore the λ parameter in more detail.
Using the λ parameter, users are able to define the similarity correlation between data regions used in the clustering. Therefore, this parameter has a strong impact on the
clustering result. On the other hand, the λ parameter allows
to derive further means of quality measures of clusters: the
cluster stability and the similarity measure.

Figure 6: Similarity Graph
Cluster Stability
In Section 2.1, we showed that data points change their
cluster association when we directly add error values to the
points within the error range. As a coarse-grained effect,
merging and splitting of clusters occur. The same effects
are observable in the clustering of data regions using our
DBSCAN EA approach with different values of λ.
The cluster stability (CS) is a quality measure for clusters determining the range of correlation factors in which
the cluster is stable. To calculate CS, our clustering algorithm is repeatedly applied to on the data set. Every
time the algorithm is applied, the correlation factor λ is
increased by a constant factor 4λ until the maximal correlation factor λ = 1 is reached. For the first application of
the algorithm, the correlation factor is either set to an initial
value specified by the user or to zero. After each iteration,
the resulting cluster association is compared to the association of the previous run with a lower correlation factor.
Two clusters are equal if the difference in the associated
data regions is not larger than δλ with respect to the total
number of data regions in the larger cluster.
In general, the interpretation of the cluster stability measure specifies the degree of robustness of the extracted clusters with respect to the maximum error of the data.
Similarity Measure
Aside from cluster stability, we are able to determine a specific similarity measure between data regions. This quality
measure determines how close two data regions are associated with each other in the clustering. To compute this
specific similarity measure, our proposed DBSCAN EA
method is applied several times. With every new application, the correlation factor λ is decreased by a constant
factor 4λ from the maximum value λ = 1 to the mimi-

Figure 7: Extended Error-Aware Clustering Approach
mum value λ = 0. The similarity measure between two
data regions P and Q is computed as follows:
1. During each application of the clustering algorithm,
we compute a local similarity measure. If both data
regions, P and Q, are in the same cluster for the currently considered correlation factor λ, the local similarity LS is equal to (4λ)(1−λ) . The smaller the correlation factor λ (more optimistically), the higher the
local similarity. If the two data regions do not belong
to the same cluster, the local similarity is set to zero.
2. The global similarity between P and Q is the sum of
all local similarity values with respect to P and Q.
The higher the sum of the local similarity values, the
higher the similarity of the two data regions. The advantage of this global similarity measure is that this
measure is computed across several clustering results
considering the uncertainty in different ways.
Now, we are able to assign each pair of data regions
a global similarity measure. The higher the value, the
more similar the data regions are. At this point, we can
construct a graph as illustrated in Figure 6. Each vertex of the graph represents a data object (data region) of
the data set. The weight of the edge (O1 , O2 ) is the specific similarity between objects O1 and O2 . Using algorithms from the correlation clustering [Bansal et al., 2002]
or clustering aggregation area [Gionis et al., 2005; 2007;
Habich et al., 2006], a global clustering result based on
this similarity graph can be computed.
The advantage of the overall extended error-aware approach (see Figure 7) is that each uncertain data set is investigated with several local DBSCANEA algorithms considering the uncertainty in different ways. These local information are aggregated together to determine a global result.

3

Pre-Analysis Concepts

In this section, we illustrate how the application of preanalysis during the integration process can enhance the performance of the data analysis. Within a production process
it is inevitable that data analysis is performed under timely
constraints. To ensure the most time-effective data analysis
the number of clusterings with different λ values needs to
be minimized. Every clustering with a new λ creates additional overhead to the complete data analysis path. While

the integration of data is a key component in a manufacturing environment the data integration path is not leveraged
for data analysis. During data integration, data is available to be pre-analyzed. This pre-analysis can provide additional meta data to the subsequent data analysis. Based
on this additional meta data, the data analysis can be optimized to reduce the time needed for data analysis. With
this optimization, the timely availability of data analysis
results can be improved. In this section, we present a concept to reduce the total clustering time with support of data
pre-analysis.
With pre-analysis for DBSCAN EA , it is possible to
reduce the sampling range for the λ parameter. For this
purpose, stream clustering is used during the integration
process. During data integration, the data can be considered as a stream. Specific data is continuously integrated
over a period of time. Stale times of specific data, e.g., if
a production tool is turned off for predictive maintenance,
can be considered as not existent, since the timely distance
of the data sets is not of interest and can therefore be neglected. While pre-analysis is important to improve the
analysis performance, it is equally significant to find a balance between increase of data analysis performance and a
performance degradation of the integration process. Every additional calculation, as suggested here, results in a
performance degradation of the integration process. Therefore, the pre-analysis methods must take quality-of-service
parameters into consideration. In [Karnstedt et al., 2007],
an algorithm for data clustering on streams under consideration of quality-of-service (QoS) parameters is introduced.
It adopts the original CLUStream clustering algorithm for
data streams from [Aggarwal et al., 2003] and introduces
mappings between CLUStream parameters and QoS requirements. With this extension, it is possible to guarantee
QoS parameters of the complete system.
From [Karnstedt et al., 2007], the extension of the
density-based clustering algorithm DBScan [Ester et al.,
1996a] is used, since DBSCAN EA uses the same base
algorithm. During integration, the density-based algorithm
from [Karnstedt et al., 2007] is applied. Over time, this
creates clusters over a sliding window. Let Fi be the ith time frame, |Ci | is the number of clusterings in the ith time frame and |Oi | is the number of outliers in the ith time frame. The density based stream clustering takes
minP oints and time is depicted by ticks created by a tuple
entering the integration system. When the frame is moved
from one item to the next, the following situations might
occur:
1. |Ci | < |Ci+1 |AN D|Oi | = |Oi+1 | the removed tuple
from frame Fi+1 induced a cluster split
2. |Ci | > |Ci+1 |AN D|Oi | = |Oi+1 | the tuple added to
Fi+1 creates a density-reachable bridge between two
clusters
3. |Ci | = |Ci+1 |AN D|Oi | < |Oi+1 | the newly added
tuple in Fi+1 was marked as outlier
4. |Ci | = |Ci+1 |AN D|Oi | = |Oi+1 | the newly added
point in Fi+1 was marked as a cluster member of an
existing cluster in Fi
5. |Ci | > |Ci+1 |AN D|Oi | < |Oi+1 | the point removed
from Fi to Fi+1 reduced the density of a cluster in Fi
so that it can not be marked as cluster in Fi+1
6. |Ci | < |Ci+1 |AN D|Oi | > |Oi+1 | the point added to
Fi+1 created a cluster from multiple points previously
marked as outliers

The addition of Situations 1, 2, 5 and 6 can be used to
determine a reduced uncertainty range. While 1 and 5 represent cluster removal, 2 and 6 represent an adding of clusters. Both situations can be handled similar to reduce the
range of λ for the actual clustering. For this, the above
illustrated situations are combined to a definition of a noticeable cluster change.
Definition 8 (Noticeable Cluster Change) Let T be a
point in time of data integration. If in T + 1, the following conditions hold: |Ci | < |Ci+1 |AN D|Oi | =
|Oi+1 | or |Ci | > |Ci+1 |AN D|Oi | = |Oi+1 | or |Ci | >
|Ci+1 |AN D|Oi | < |Oi+1 | or |Ci | < |Ci+1 |AN D|Oi | >
|Oi+1 | the transition from T to T + 1 is marked as a noticeable cluster change.
Let Premove be the tuple that was removed from the data
set of the stream clustering; C1 and C2 be the newly created
clusters. At first, determine P1 in C1 and P2 in C2 that are
density-reachable to Premove . Then, calculate λmax and
λmin under which the clusters are unstable by equation 5
and 9.
distP1 , Premoved < 
(5)
Equation 3 can be transformed into:
λ=−

dist(P1 , Premoved ) − dmax (P1 , Premoved )
(6)
dmax (P1 , Premoved ) − dmin (P1 , Premoved )

To determine λmin , the smallest λ at which C1 and C2 are
still density-reachable with Premoved in the dataset, equation 5 is used in 6
 − dmax (P1 , Premoved )
dmax (P1 , Premoved ) − dmin (P1 , Premoved )
(7)
While the above equations consider the removed point in
the analysis, P1 and P2 might also be density-reachable
with a specific λ. Therefore, an upper bound of λ can be
determined with equation 8.
λmin > −

distP1 , Premoved > 

(8)

Using equation 8 in 6, the maximum λ, at which P1 and P2
are still density reachable to each other, can be determined.
λmax < −

 − dmax (P1 , P2 )
dmax (P1 , P2 ) − dm in(P1 , P2 )

(9)

Figure 8: Example of λ-range determined during the integration
With the help of equation 7 and 9, a minimum and maximum λ can be calculated for each noticeable cluster change
occurring during the data integration. Since the integration
process is performed over time and multiple points in time

can be marked with a noticeable cluster change multiple
λmin and λmax values are determined creating a graph as
illustrated in Figure 8. The actual clustering of the data can
leverage this information to reduce the number of different λ values needed to ensure a high-quality clustering and
hence a higher performance, since not as many clusterings
must be performed as without this information. In the example illustrated in Figure 8, DBSCAN EA would only
create sub-clusterings in the λ range between 0.1 and 0.6.

4

Related Work and Evaluation

An overview of state-of-the-art data clustering approaches
is given by Jain et al. in [Jain et al., 1999]. Well-known
algorithms are k-means [E. Forgy, 1965] and DBSCAN
[Ester et al., 1996b]. K-means belongs to the class of partitioning algorithms, while DBSCAN is an example of a
density-based clustering approach.
However, most of the published data clustering techniques do not consider data objects with imprecise values. Kriegel and Pfeile presented a density-based approach
[Kriegel and Pfeifle, 2005a], called F DBScan,and a hierarchical density-based clustering approach [Kriegel and
Pfeifle, 2005b], called F OP T ICS, for uncertain data.
They proposed a fuzzy distance function to measure the
similarity between fuzzy objects. This function does not
express the similarity by a single numerical value. Instead,
the similarity is expressed by means of probability functions that assign a numerical value to each distance value.
Based on this fuzzy distance function, we proposed an extension of the DBSCAN algorithm. Ngai et al. [Ngai et al.,
2006] presented an extension of the k-means algorithm for
uncertain data, called U K-Means. In a recent publication,
an extension of U K-Means [Ngai et al., 2006] approach is
proposed. This extension [Lee et al., 2007] reduces U KMeans to k-means.
Evaluation
This section evaluates the performance of DBSCAN EA
from [Habich et al., 2007] compared to F DBSCAN from
[Kriegel and Pfeifle, 2005a] in terms of CPU time. The performance tests were conducted on an IBM X-Series with
32GB RAM and four dual core Xeon CPUs with 2.66GHz
per core. Further, the tests were performed in a Java implementation of DBSCAN EA and F DBSCAN was executed on a Sun JDK 1.5. The test dataset consists of 5
multi-dimensional Gauss clusters with a varying number of
dimensions and instances. To measure the time needed for
clustering, the algorithms are applied to the same dataset
three times to reduce statistical errors during the time measurement. Aside from the two uncertainty algorithms the
performance of the base algorithm DBSCAN is also analyzed on the same dataset as a baseline.
Figure 4 illustrates the results of the performance measurement. It shows all three algorithms with two different settings. The first setting contains two dimensions
and the second dataset contains four dimensions in the
data set that was used as input. Coordinates on the yaxis represent the time and the x-axis shows the number
of examples in the example set. Clearly, in both graphs,
DBSCAN is the fastest for all datasets. This is obvious
since both modified algorithms modify the distance function to a more complex function But otherwise they use
the same base algorithm. Hence DBSCAN is the fastest
algorithm, which is the expected result, since DBSCAN
is the algorithm with the fasted distance function. The

Figure 9: Performance comparison of algorithms
other two algorithms are based on DBSCAN . This explains the parallel performance graphs. Furthermore, it is
also clearly visible that with an increasing number of dimensions, the overall performance of the algorithms is decreasing. While DBSCAN EA uses only the borders of
the PDF, F DBSCAN must scan the complete function to
find the membership probability. Hence, with an increasing number of dimensions, F DBSCAN will show further major performance degradation compared to the performance degradation of DBSCAN and DBSCAN EA .

5

Conclusion

In this paper, we presented our error-aware density-based
clustering algorithm DBSCAN EA to cluster uncertain
data from the field of manufacturing. Moreover, we proposed novel quality measures to interpret the clustering results. Additionally, we presented an idea on how to use
a resulting quality measure to determine a global clustering result. The first application on real data showed a
significant theoretical improvement for the manufacturing
yield in comparison to applications using the classic DBSCAN algorithm. DBSCAN has been extended to leverage
search trees for optimization of the overall clustering performance. The newly introduced distance model requires a
new optimized solution to find the objects in the  neighborhood. We showed that the integration of pre-analysis
during data integration, as found in the field of manufacturing, can reduce the runtime of the proposed algorithm
by adjusted parameterization. Experiments show that our
approach leads to a significant performance enhancement
compared to the existing algorithm for clustering uncertain data based on DBScan. To summarize, with this new
cluster algorithm, we can ensure that data from manufacturing processes is clustered with respect to its uncertainty
and that the concept of pre-analysis can increase the performance of the clustering algorithms. The usage of preanalysis creates a better integration of data mining techniques in an overall manufacturing IT infrastructure.
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