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Abstract

This paper introduces a new modification of the Possibilistic Fuzzy multiclass
Novelty Detector for data streams (PFuzzND). Mentioned modification is based on the
implementation of the automated adjustment of the number of clusters for each class
(determined beforehand or during the novelty detection procedure) to improve
algorithm’s ability to divide objects into small groups. As result, the proposed approach
generates models with flexible class boundaries, which are capable to identify new
classes or extensions of the ones that are already known as well as the outliers.
Proposed possibilistic fuzzy algorithm for novelty detection was used to solve various
benchmark problems with synthetically generated datasets. In order to show the
workability and efficiency of the introduced modification its results were also compared
with the results obtained by the original PFuzzND algorithm. Thus, it was established
that the PFuzzND technique with automatically adjusted number of clusters allows
achieving better results in regards to the accuracy, the Macro F-score metric and the
unknown rate measure. Comparison to the original algorithm showed that the proposed
modification outperforms it but is sensitive to the parameter settings, which can be also
said about the PFuzzND method. Therefore, the MPFuzzND approach can be used
instead of the original PFuzzND algorithm for other classification problems.

1 Introduction

Data stream mining is the process of the knowledge discovery in large amounts of continuously
generated data (Bifet A., 2018). It usually involves appearance of new concepts, their evolution and
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even disappearance, thus, novelty detection (Pimentel, 2014) becomes one of the most important tasks
for data stream learning. Novelty detection is the process of identifying new or unknown situations
not experienced before (or new objects not seen before). Novelty detection tasks can be considered as
classification problems with aim to distinguish new concepts, which can be extensions of already
existing and known classes or something completely new and, therefore, these concepts may form
new groups (classes). Besides, novelty detection also allows determining noise in data streams.

Novelty detection is related to the outlier detection (Chandola, 2009): both mechanisms are
interested in detecting abnormal or unusual observations in data streams also called anomalies.
Outliers (or anomalies) in data are extreme values that deviate from other observations in a given
dataset, they may indicate noise, errors in measurement or a novelty. Thus, novelty detection is a
semi-supervised learning approach used for data streams where these outliers may form new patterns
in data.

There are two possible outcomes of the novelty detection algorithms application: concept
evolution and concept drift. Concept evolution in data streams refers to the appearance of novel
classes while streams evolve (Gama, 2010). Traditional classifiers are unable to detect novel classes,
which leads to misclassifying all instances representing the novel concepts. Novel concepts should be
determined as soon as they appear in data streams so that they could also be assimilated into the
underlying concept for further detection of recurring novel class instances. The term concept drift
refers to changes in the conditional distribution of the output or in other words target variable given
the input features, while the distribution of the input features may stay unchanged (Cejnek, 2018).
Concept drift indicates that there are extensions of the previously established classes that should be
considered for new incoming data instances.

Nowadays, novelty detection problems receive increasing interest from researchers due to their
applicability and significance in real-world practices, thus, more works have been proposed to solve
them in the last years, for example (Ouafae, 2020) or (Silva, 2018). Most of the novelty detection
approaches have two phases, namely offline and online phases (Faria, 2018): that makes it possible to
use already known information about the part of the instances to find new patterns among the new
data. Additionally, in order to generate more flexible and efficient models researches started
frequently implementing fuzzy logic while developing the novelty detection algorithms (Skrjanc,
2019).

In this study, a new modification of the Possibilistic Fuzzy multiclass Novelty Detector for data
streams (PFuzzND) (Silva, 2020) is introduced. The original PFuzzND approach is based on the
MINAS algorithm (de Faria, 2016): it has both offline and online phases and uses the fuzzy set
theory. It is applicable to the multiclass data streams and divides each class into the pre-determined
number of clusters. Thus, in the proposed modification (denoted as MPFuzzND hereinafter) the
number of clusters for all classes is automatically adjusted on each step of the algorithm’s work.

In order to demonstrate the advantages of the proposed MPFuzzND method it was evaluated on a
set of benchmark problems with synthetically generated datasets (Data stream repository). Obtained
results were compared with results of the original PFuzzND algorithm. It should be noted that the
experimental results were evaluated by the accuracy, the Macro F-score metric and the unknown rate
measure (de Faria, 2016). Finally, it was established that the proposed method outperformed its
alternative PFuzzND, thus, its usefulness was proved. However, it is dependable on its parameters
that should be accurately chosen for each problem. Therefore, it is shown that the main advantage of
the MPFuzzND is that it allows finding better description of the data streams in terms of accuracy,
Macro F-score and unknown rate measure thanks to clusters merging procedure.

Therefore, in this paper, firstly, the original possibilistic fuzzy algorithm PFuzzND is described,
and then the description of its modification is presented. In the next section the experimental results,
namely the experimental setup and numerical results obtained by the proposed approach as well as
results obtained by the original PFuzzND algorithm are discussed and demonstrated. Finally, some
conclusions are given in the last section.
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2 Proposed Approach

In this section a brief description of the original possibilistic fuzzy approach PFuzzND, proposed
in (Silva, 2020), is given. It is followed by the description of the developed modification MPFuzzND
based on the automated selection of the number of clusters for each class (known or found during
algorithm’s work). It should be noted that the original PFuzzND algorithm as well as its modification
MPFuzzND are both using the well-known fuzzy clustering method, namely the Possibilistic Fuzzy
C-Means (PFCM) method (Pal, 2005). In its turn, the PFCM method is based on ideas introduced for
the fuzzy clustering method FCM (Bezdek, 1981) and the possibilistic clustering method PCM
(Krishnapuram, 1993) and, therefore, both the membership values and typicalities are used to generate
models, which are more successful during the novelty detection procedure and are less sensitive to
parameter choices.

2.1 Baseline Possibilistic Novelty Detection Approach

As was mentioned above the PFuzzND approach has two phases, offline and online, whereas the
online phase also can be divided into two steps, namely the main step and the novelty detection step.
Let us assume that there are N instances Xy, X, ..., Xy in @ given data stream, and each instance is
presented as a vector in the D-dimensional space.

The offline phase is performed one time at the beginning of the algorithm’s work, at this phase the
timestamp is t = 1. During that phase firstly the portion p_offline of instances from the data stream are
randomly chosen with the only condition, to be more specific, these instances should be already
labelled. Let us say that there are NC known classes during the offline phase. The end-user has to
choose into how many clusters each class will be divided (that number will be denoted as k_class
hereinafter). Then for each class the PFCM method is applied and each known class is described by
two k_class x N matrices by the end of the offline phase

1. the membership matrix U (each column of matrix U consists of a given instance’s
membership values to all k_class clusters);

2. the typicality matrix T (each column of matrix T consists of a given instance’s typicality
values for all k_class clusters).

So the decision model is defined as the set of NC - k_class clusters found for all NC different
known classes at the timestamp t = 1. It should be noted that the PFCM algorithm has its own
parameters, which should be accurately chosen (Pal, 2005).

An empty external set, called short memory, is created before the main step of the online phase
starts. Examples labelled as unknown are stored in short memory for a time-period ts, after that time
limit those instances are removed from the mentioned set. Moreover, there are four additional
parameters:

1. the minimum number of instances (denotes as SM) in the short memory to start the novelty
detection procedure;

2. the initial threshold 6;y;; for classifying and processing instances from the data stream;
3. two adaptation thresholds O¢jass and Bagap: Used during the classification step.

Thus, during the online step firstly for each new instance x; from the data stream its membership
values and typicalities related to all existing (known) at moment clusters are calculated. Typicality
values are used to determine whether the instance x; will be labelled by one of the existing classes or
will be marked as unknown. For this purpose the highest typicality value of the j-th instance and the
corresponding existing class C; (i = 1, ...., NC) are determined. Then this value is compared with the
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difference between the mean of maximum typicalities of all instances considered before x; (and
belonging to the class C;) and the adaptation threshold B.4qp. If the highest typicality is greater than
the mentioned difference then the instance x; will be labelled as belonging to the class C; (Silva,
2020). It should be noted that the highest typicality of the first instance processed after the offline
phase is compared to the initial threshold 6;j;.

If the instance x; is labelled then the mean of maximum typicalities as well as the clusters of the
class C; are updated (the latter is done by using the PFCM method). Otherwise, the highest typicality
of that instance is compared to the difference between the mean of maximum typicalities of all
instances considered before x; (and belonging to the class C;) and the adaptation threshold 8. If the
highest typicality is greater than the last difference then the instance x; will be labelled as belonging to
the class C; and new cluster will be created for it with x; as its centroid (Silva, 2020).

If neither of conditions is met then the instance x; will be marked as unknown and stored in the
short memory until the novelty detection step will be executed. The latter happens if the number of
instances marked as unknown reached SM. In this case, firstly, the PFCM approach is applied to all
the instances in the short memory and the pre-determined number k_short of clusters is generated.
After that for each generated cluster its fuzzy silhouette (Campello, 2006) is calculated and if the
obtained value is greater than 0 and the considered cluster is not empty then this cluster is evaluated
as the valid one.

All validated clusters of the short memory represent new patterns. Next step of the novelty
detection procedure consists in calculating how similar these validated clusters are to the ones already
existing in the model, which is done by using the fuzzy clustering similarity metric introduced in
(Xiong, 2004). Finally, if the value of the mentioned metric between one of the known clusters and
the examined valid cluster of short memory is greater than ¢ (which is another parameter of the
PFuzzND approach) then all instances from the examined cluster are labelled the same way as
instances of the considered known cluster. Consequently, clusters of the corresponding class are
updated by the PFCM algorithm (Silva, 2020). Otherwise new class Cyc+; is created, instances from
the examined cluster are labelled as belonging to the class Cyc.1, NC increases by one.

If one of the short memory clusters is not validated then it is discarded and its instances remain in
the short memory until the model executes the novelty detection procedure again or decides to remove
them at all, which can happen if these instances were in the short memory for ts iterations.

2.2 Modified Possibilistic Fuzzy Clustering Method

The modification MPFuzzND of the original approach consists in the automated selection of the
number of clusters for each class known beforehand or determined during the novelty detection
procedure. To be more specific the original PFuzzND algorithm allows increasing the number of
clusters belonging to each class, but not the other way around. Experiments showed that in some cases
the instances belonging to the same class might be divided into the large number of clusters and that
can lead to bad classification results. Thus, in this study it is proposed to merge clusters belonging to
the same class if they are similar to each other, which allows decreasing their number.

The similarity between clusters is defined according to the metric proposed in (Xiong, 2004). It
can be described in the following way: firstly, the dispersions of two considered clusters are
calculated, then the dissimilarity between these clusters is determined and, finally, the sum of
dispersions is divided by the dissimilarity value (Xiong, 2004). Cluster’s dispersion is the weighted
sum of distances between instances belonging to this cluster and its center averaged by the number of
considered instances. It should be noted that the weight coefficients here are the typicality values,
even though in (Xiong, 2004) the membership values were used. The dissimilarity between two
clusters is the Euclidian distance between their centers.

Below the pseudo-code of the proposed modification is demonstrated.
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If CN, > 2
For i = 1 : CN;
For j = 1 : CN;
If i > 3

Calculate the similarity value FS;; between the i-th and the
j-th clusters
End If
End For
End For
Find the maxFS = max{FS;;}, 1 = 1,..,CNy and j = 1,..,CN,
Determine centres of the most similar clusters cntr; and cntr,
corresponding to the maxFS value
If maxFS > Operge
Create new cluster by merging two the most similar clusters
Calculate the centre of the new cluster:
cntr = 0.5 - (cntr; + cntry)
Decrease the number of clusters:
CN, = CN, - 1
Execute the PFCM algorithm with new CN, clusters to update them
End If
End If

In the presented pseudo-code CNy is the number of clusters belonging to the k-th class, Operge IS the
new parameter introduced for this modification, and it is called the merging threshold. For clusters of
the k-th class the symmetric matrix FS of similarity values is calculated and two the most similar
clusters are determined, their similarity value is denoted as maxFS here. If the maxFS value is greater
than the mentioned threshold Omerge then these two clusters should be merged and new cluster should
be created instead of them with center calculated as it is shown in the pseudo-code. After the PFCM
algorithm is used to update the clusters of the considered class (centers of existing clusters are taken
as the initial points for them).

It should be noted that the proposed merging operator is applied on each iteration of the online
phase before the novelty detection procedure is executed. To be more specific, it is applied each time
when one of two conditions, described in the previous subsection, is met, i.e. the new considered
instance is labelled as belonging to the already existing class (it could have been known on the offline
phase or found on previous iterations of the online phase). Additionally, there is no need to merge
clusters if their number is less than three, thus, it is used only if CN, > 2.

3 Experimental Results

In order to verify the advantages of the proposed modification of the PFuzzND approach, its
results were compared against the results obtained by the original PFuzzND algorithm. This
comparison was not done against the well-known MINAS algorithm due to the fact that it was
outperformed by the PFuzzND approach according to (Silva, 2020). To conduct the experiments 10
synthetic datasets from (Data stream repository) were used. Each experiment was executed 10 times
due to the randomness of the clustering algorithm used as during offline so during the online steps.

Next, the datasets and the evaluation metrics used in the experiments as well as obtained results
will be explained.
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3.1 Experimental Setup and Benchmark Problems

The execution of the methods was done by using 10 synthetic datasets named as DSI1, ..., DS10
(Data stream repository). Table 1 presents the details of each dataset:

1. column Instances indicates the total number of examples for each dataset respectively;
2. column Attributes indicates the number of features for each dataset respectively;

3. column Classes (Offline) indicates the number of known at the offline step classes;
4

column Classes indicates the minimum total number of classes for each dataset (the
difference between this number and the corresponding value from the column Classes
(Offline) is the minimum number of novel classes that the algorithms are expected to detect).

Dataset Instances Attributes Classes (Offline) Classes

DS1 1000 2 3 4
DS2 5500 2 2 3
DS3 10000 2 3 3
DS4 11000 2 2 3
DS5 20000 2 3 3
DSé6 10000 2 4 4
DS7 10000 2 3 3
DS8 10000 3 3 3
DS9 10000 2 4 4
DS10 40000 3 3 4

Table 1: Datasets used in experiments

Both the original PFuzzND approach and its modification MPFuzzND use possibilistic fuzzy
clustering algorithm PFCM during offline and online phases. Parameters of the PFCM algorithm were
the same for all conducted experiments, and they are listed in Table 2. The following notations are
used in this table: expo and nc are constants responsible for the membership and the typicality values,
a and b are constants that show the influence of the membership and the typicality values during the
decision making step, Maxlter is the maximum number of iterations for PFCM to generate a given
number of clusters, and Minlmp is the minimum difference between the objective function values
calculated on two consequential iterations of the PFCM algorithm (if this difference was less than
Minlmp then calculations stopped).

Parameter  Value
Expo 2
Maxlter 1000
MinImp 0.0005

a 1
b 4
nc 3

Table 2: Parameters of the PFCM algorithm

It should be noted that the PFCM clustering method uses a specific parameters vy; for each i-th
cluster. These parameters influence the typicality values, which in their turn are necessary to
determine clusters’ centers. The y; parameters were introduced for the possibilistic clustering method
PCM (Krishnapuram, 1993), in that work they were user-defined constants, while in (Krishnapuram,
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1996) authors proposed to calculate these values on each iteration of the clustering algorithm. Thus, in
this study experiments were conducted as for y; =1 for all clusters so for the iteratively calculated ;.

Conducted experiments were related to the comparison between the original PFuzzND approach
and its modification MPFuzzND. Thus, to make it fair the same basic parameters were used during
the offline and the online phases (including the novelty detection procedure) of both algorithms.
These parameters are listed in Table 3 and the following additional notations are used:

1. offline phase — my is the fuzzification parameter during the offline phase, k_class is the
maximum possible number of clusters generated for each known class at that phase, p_offline
is the portion of data instances used during the offline step (for these instances class labels
are already known) to generate the first model;

2. novelty detection procedure — SM is the minimum amount of unknown examples in the short
memory required for the novelty detection procedure to be executed, ts is a time limit
corresponding to the removal of older unknown examples in short memory, m,4 is the
fuzzification parameter for the novelty detection procedure, k_short is the maximum possible
number of clusters generated for instances stored in the short memory, and ¢ is the parameter
corresponding for the decision if the considered cluster is responsible for the concept drift or
for the concept novelty.

Offline phase Online phase Novelty detection
Parameter Value Parameter Value Parameter Value
Mot 2 Oinit 03 SM 40
k_class 3 Ogjass 0.2 fts 200
p_offline 0.1  Oagapt 0.15 my 2

Omerqe * Kk_short 4
[0) 1

Table 3: Basic parameters of the PFuzzND algorithm and its modification MPFuzzND

It should be noted that for the original PFuzzND algorithm parameters k_class and k_short are
fixed during the offline phase and the novelty detection procedure, namely exactly these numbers of
clusters are generated for each known class and short memory respectively. Thus, initially the number
of clusters is the same for all known classes but later it can be different for classes due to the
procedures executed during the online phase. Additionally, in this study the maximum number of
clusters created for one class is limited, namely this number cannot be greater than 8 or less than 2.

As for the modification MPFuzzND, the main problem was to determine which value to use for
the Omerge threshold. This value varied from 0.1 to 1.4 in conducted experiments. This range was
chosen due to the fact that the merging idea is based on the study presented in (Xiong, 2004) and,
thus, the similar values were used there.

Experiments were evaluated using the incremental confusion-matrix, which evolves as soon as a
new data point is classified (de Faria, 2015). This matrix is composed by rows and columns that
represent known classes, concept drift of known classes and new classes (concept evolution), and
finally unlabelled data instances (the ones removed from the short memory). So, for each dataset three
values were calculated over 10 program runs: the accuracy, the Macro F-score metric and the
unknown rate measure UnkR (de Faria, 2016). The accuracy was calculated only for the labelled data
instances (new classes weren’t considered), while the Macro F-score values were calculated
considering not only the examples classified with already existing class labels but also with new class
labels, determined by algorithm during the novelty detection process.
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3.2 Numerical Results

The aim of the conducted experiments was to compare the MPFuzzND modification with the
original PFuzzND algorithm. Thus, two configurations of both algorithms were executed on all 10
datasets 10 times: with y; set to 1 for each i-th cluster and with iteratively calculated vy; for each i-th
cluster.

Dataset Acc MF UnkR Dataset Acc MF  UnkR
MPFuzzND MPFuzzND
99.89 100  4.50 96.90 96.40 15.69
Omerge = 0.2 Omerge = 0.2
MPFUzZND g9 100 300 MPFUZND g0 51 9501 5042
emerqe - 06 emErCIE - 06
DST MPRUZND 4459 109 300 DS6 MPRUZND o704 9709 4814
emerqe =038 emerqe =08
MPFuzzND MPFuzzND
99.89 100 258 98.89 9851 4830
Omerge = 1.10 Ormerqe = 1.10
PFuzzZND  99.89 100 158 PFuzZND 9881 9839 49.76
MPFuzzND MPFuzzND
86.19 9434 052 9754 9752 137
Omerge = 0.2 Omerge = 0.2
MPFUZIND o514 9306  0.00 MPFUZZND o798 9g26 031
emerge =0.6 emerqe =0.6
DS2 MPRUZND oo 6 9391 oo DS7 MPRUZND o) 0r 0755 20
Omerge = 0.8 Omerge = 0.8
MPFuzzND MPFuzzND
81.43 8819  0.00 9756 9755 0.8
Omerge = 1.10 Ormerqe = 1.10
PFuzzZND 8411 91.89  0.00 PFuzzZND 9754 9752 027
MPFuzzND MPFuzzND
. 2 1 41 9840 1.
0. ~0p 8880 8820 310 b o0 98 98.40 69
MPFUZIND o057 ggas 173 MPRUZIND g0 44 9842 162
emerqe - 06 emErCIE - 06
DS3 MPRUZZND g0 o9 gg99 163 DSB8 MPRUZND o455 o554 051
Omerge = 0.8 Omerge = 0.8
MPFuzzND MPFuzzND
8854 8826 167 9252 9241 051
Omerge = 1.10 Omerqe = 1.10
PFuzzZND 8852 8825 1.62 PFuzzZND 9051 90.09  0.60
MPFuzzND MPFuzzND
724 95 . 07 95 4
Onz02 B 9589  0.00 Onpz02 9307 9505 043
MPFUZZND o) 16 89.16  0.00 MPFUZZND g1 98 9101 036
emerqe - 06 emErCIE - 06
DS4 MPRUZND o5 oq 7939 oo DS?  MPRUZND g0 5h 9341 0.6
Oerge = 0.8 Onerge = 0.8
MPFuzzND MPFuzzND
7857 8411  0.00 9419 9416 0.1
Omerge = 1.10 Omerge = 1.10
PFuzzZND  67.85 69.19  0.00 PFuzzZND  93.60 9360 0.09
MPFuzzND MPFuzzND
. 794 2. 58.65 64.62 0.3
9merqe =0.2 8855 879 % 6merqe =02
MPFuzzND MPFuzzND
86.45 86.23 1.90 65.58 72.00 0.01
Omerge = 0.6 Omerqe = 0.6
DS5 MPRUZZND o610 g5g5 209 DS10 MPRUZND o) 06 go14 003
emerge - 08 emerqe - 08
MPFuzzND MPFuzzND
8635 86.13 2.08 6587 7251 0.1
Omerge = 1.10 Omerqe = 1.10
PFuzZND 8650 8630 2.06 PFuzZND 6543 71.93  0.02

Table 4: Results obtained by the PFuzzND algorithm and proposed modification MPFuzzND, y; = 1
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Results obtained for both configurations of compared algorithms on all datasets are presented in
Table 4 and Table 5. In these tables results averaged by the number of program runs are shown, and
Acc means accuracy in % while MF denotes the Macro F-score metric values also given in %.
Additionally, the UnkR values here should be multiplied by 1072,

Dataset Acc MF UnkR Dataset Acc MF  UnkR
MPFUZIND a0 50 9462  109.75 MPFUZIND g0 61 9845 51.68
Omerge = 0.3 Omerge = 0.3
MPFUZZND g3 56 o765 11417 MPFUZND  g351 9140 4658
emerqe - 07 emerue - 07

DST MPRUZND o005 g96s 10333 D50 MPRUZND  gg0n 9508 4587
emerqe - 08 emerue - 08
MPFuzzND MPFuzzND

9315 9670 129.67 98.81 9839 53.34
Omerqe = 1.10 Omerqe = 1.10
PFuzzZND 8154 84.16 85.17 PFuzZND 9880 98.37 52.36
MPFUZIND o595 9001 61.28 MPFUZZND 4795 9794 7016
Omerge = 0.3 Omerge = 0.3
MPFUZZND o578 9266 5059 MPFUZZND g6 10 9809  71.02
emerge =07 9merqe =07

DS2 MPRUZND oo oy 9976  gagn DS7  MPRUZZND o000 9808 69.14
emerge - 08 emerqe - 08
MPFuzzND MPFuzzND

8754 9331 6445 98.16 98.16 71.20
Omerge = 1.10 Omerge = 1.10
PFuzzZND 8272 9048 5556 PFuzND 9811 98.10 72.88
MPFUZIND o7 5, 6738 5751 MPFUZIND  gg 55 9987 42.72
emerqe - 03 emerqe - 03
MPFUZND 6975 7007  56.14 MPFUZZND g9 67 99.87 46.36
emerqe - 07 emerqe - 07

DS3 MPFUZZND 7445 7068 57.96 D8 MPFRUZND gq47 9988 4783
Orere = 0.8 Omerce = 0.8
MPFuzzND MPFuzzND

7232 7294 59.90 99.88 99.88 47.44
Omerqe = 1.10 Omerqe = 1.10
PFuzZND  69.04 6930 57.02 PFuzzZND  99.89 99.89 47.61
MPFUZZND 2691 gg27 4622 MPFUZZND 4463 9483 8379
emerqe - 03 emerqe - 03
MPFUZZND 9919 9410  54.00 MPFUZIND 9503 9503 8221
emerqe - 07 emerqe - 07

DS4 MPRUzND 2,2, g410 4337 D59 MPRUZND o0 0 o503 8308
Omerge = 0.8 Omerge = 0.8
MPFuzzND MPFuzzND

8586 9224 47.3 9503 9509 84.08
Oerge = 1.10 Oerge = 1.10
PFuzZND  87.65 93.08  49.05 PFuzZND 9492 9490 83.22
MPFuzzND MPFuzzND

7190 7248 5872 66.97 72.76  8.84
emerqe = 03 emerqe = 03
MPFuzzND MPFuzzND

7015 7047 57.82 67.08 7271 8.83
Omerge = 0.7 Omerge = 0.7

DS5 MPRUZND 2, 53 7568  g172 DS10 MPRUZND o) oh 6e19 975
emerqe - 08 emerqe - 08
MPFuzzND MPFuzzND

69.72 70.08  56.90 5719 6452 841
Omerge = 1.10 Omerge = 1.10
PFuzZND 7000 70.46 59.10 PFuzND 6111 67.42 7.83

Table 5: Results obtained by the PFuzzND algorithm and proposed modification MPFuzzND with iteratively
calculated v;
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PFuzzND MPFuzzND

-0.25 000 025 050 075 100 125 -0.25 000 025 050 075 100 125

Figure 1: Comparison of PFuzzND and MPFuzzND, DS3

In these tables results, given in bold, are the ones, which were obtained by a given configuration
of the proposed modification and were better compared to the results achieved by the original
algorithm.

As was mentioned before, the PFuzzND algorithm and as result its modification MPFuzzND are
sensitive to their parameters, which now include also the merging threshold 0 perge. This threshold was
varied in range from 0.1 to 1.4 and only results for 4 different variants of 6ere are presented in both
tables, namely:

1. Omerge = 0.2, Omerge = 0.6, Omerge = 0.8, Omerge = 1.1 when v; are set to 1;
2. Omerge = 0.3, Omerge = 0.7, Omerge = 0.8, Bmerge = 1.1 when ; is iteratively calculated.

Lesser values of the Operge threshold lead to situations when the merging operator is used more
frequently, while larger values of Operge Cause it to occur not as often. According to the obtained
results, proposed modification MPFuzzND outperforms the original algorithm on 7 datasets out of 10
when Bperge = 1.1 in case if y; are set to 1 for all clusters and similarly when Bpyerge = 0.7 in case if y; are
iteratively calculated. Moreover, for some problems configurations of the MPFuzzND approach with
low values of Operge OUtperform the ones with the greater Operge. Thus, conducted experiments showed
that there is a need to adjust the merging threshold automatically.

Figure 1 shows the comparison of PFuzzND and MPFuzzND with y; = 1 and Operge = 0.3 on DS3.
As it can be seen from the figure the original algorithm PFuzzND divided the biggest class into seven
clusters, while the proposed modification MPFuzzND merged them all into one cluster, and in the end
model generated by the modification was able to outperform the one generated by the original
approach in terms of all metrics, used in this study. Thus, from Figure 1 it can be clearly seen that
MPFuzzND is merging the clusters within one class, so that the data is described better: in the left
part of the figure the PFuzzND generated too many clusters for the central part, which led to incorrect
classification in the overlapping areas.

Overall, the proposed method was able to detect class extensions in the classification step and
adapt the model during the online phase. Moreover, the MPFuzzND algorithm also could detect the
new classes, which emerged along the online phase for datasets, which had unlabelled instances (the
latter is shown in the column with the unknown measure rate values).

It should be noted that generally both the original PFuzzND algorithm and introduced in this study
MPFuzzND modification show better results in term of the unknown rate measure (closer to zero) and
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the Macro F-score metric when v; are set to 1. Additionally, in general the new MPFuzzND algorithm
classified correctly instances not labelled as unknown more often compared to the PFuzzND
approach. Thus, the MPFuzzND algorithm was able to better represent the distribution of the given
data.

4 Conclusions

In this study a new modification MPFuzzND of the Possibilistic Fuzzy multiclass Novelty
Detector for data streams is introduced. The main idea was to merge clusters belonging to one class so
that the number of its clusters would not be too large because the latter can cause bad classification
results. The merging procedure was inspired by the approach introduced in (Xiong, 2004) but was
changed according to the characteristics of the original PFuzzND algorithm. It is applied on each
iteration of the online phase for each considered class.

Proposed modification was tested on 10 synthetic datasets and its results were compared with
results obtained by the PFuzzND approach. To do that three different metrics were used: the accuracy,
the Macro F-score metric and the unknown rate measure. It was established that generally the
MPFuzzND algorithm outperforms the original PFuzzND regardless of the chosen configuration.
However, proposed merging technique has new parameter, which should be accurately chosen for
each problem, as it is significant in terms of the classification results.

Therefore, in future research an approach for automated adjustment of the proposed modification’s
parameters, including the new one introduced in this study, should be developed. Additionally, in
future more complex datasets can be used to determine whether the proposal provides good results in
these cases, with the parameters obtained automatically.
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