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ABSTRACT: Due to continuous growth of recent applications such as, telecommunication, sensor data, financial applica-
tions, analyzing of data streams, conceptually endless sequences of data records, frequently arriving at high rates is important
task among the data mining community. Among the various task involved in data stream analysis, the classification of data
streams pose various challenging issues compared to popular data classification algorithms. Since the classification algo-
rithm performs endlessly, it must be able to adapt the classification model to handle the change of concept or boundaries
between classes. In order to handle these issues, we have developed a new fuzzy system called, HRFuzzy to classification of
evolving data streams. Here, rough set theory and holoentropy function are utilized to construct the dynamic classification
model. In the fuzzy system, the rules are generated using k-means clustering and membership functions are dynamically
updated using holoentropy function. The experimentation of the proposed HRFuzzy is performed using two different databases
such as, skin segmentation dataset and localization data and the performance is compared with adaptive k-NN classifier in
terms of accuracy and time. From the outcome, we proved that the proposed HRFuzzy outperformed in both the metrics by
giving the maximum performance.
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1. Introduction

In machine learning, pattern recognition and data mining, learning classifiers from the data is a major task. The classical methods
works better in static environments, in which the entire dataset is presented to the learning algorithm. The dataset is stored in
electronic format and the algorithm can use it whenever required. The target concepts which require learning are also predeter-
mined. For static classification, several solutions and classifiers are available recently. But some recent applications such as
sensor networks, traffic management and telecommunication, [5] the learning algorithms performs well in dynamic environments
where the data is not stored and it is generated continuously.

For such applications, data classification becomes a main task in data stream mining field. The size of data stream [20-23] is infinite.

The data elements continuously enter the system with high rate. Furthermore, the data concept can develop with time, called as
concept drift [3, 4]. Due to concept drift, storage of data streams in main memory is not possible. In such environment, storage,
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querying and mining become a difficult task. This feature is associated with the computational resources to evaluate large volume
of data and it is studied in detail in the literature where many proposals are introduced to present better algorithms. One of the
proposals is to process the data streams in online which make sure that the results are updated and the queries can be replied
without delay [1].

As the data stream occur continuously and fast, many incremental learners are intended to deal with this problem [11, 9].
Additionally, when the concepts of stream alter with time, concept-drift occurs. In literature, several techniques are available to
deal with the problem of concept-drift in data stream classification [10], [12, [13]. For example, many techniques make an assump-
tion that the basic feature space is static one, which is not possible in real world applications [16] where the features and the
significance to the target concept may vary. Also, as the concepts reappear, the accuracy and the processing time of the learning
process is improved by reusing the models which was already learned [14], [15], [17].

In this paper, multi-classification of data streams is done by automatically detecting the concept drift. Here, rough and fuzzy set
theory are combined for data stream multi-classification. The classification is performed using fuzzy rule classifier where, the
membership function designing and the rule definition are two important steps. For a dynamic data stream, these two processes
should be updated dynamically based on the characteristics of new data. The updating behavior of membership function is done
using rough set theory which dynamically extends the boundary regions based on the arrival of new data and the membership
function is updated based on the interval. In the second step, the rules are continuously updated using the proposed holoentropy-
based method. Based on concept drift and feature space, the updating of membership function and rule definition is done using
rough set and holoentropy.

The main contribution of the paper is given as follows,

¢ Anew fuzzy system called, HRFuzzy (Holoentropy-enabled Rough Fuzzy classifier) is developed by combining the holoentropy
[24], rough set [18] and fuzzy set theory [25].

o We make use of rough set theory for change of detection process.

¢ The dynamic updating of fuzzy membership function is done by detecting the concept change and the formulae devised in this
paper.

o The fuzzy rules are changed continuously using k-means clustering [26] and the weight of the rules in which the formulae is
devised newly.

The paper is organized as follows. Section 2 presents the literature review and section 3 presents the motivation behind the
approach. Section 4 presents holoentropy-enabled rough fuzzy classifier to classification of evolving data streams and section 5
discusses the results and discussion. Finally, conclusion is given in section 6.

2. Literature Review

Table 1 discusses the review of different data stream classification methods available in the literature. Most of methods are
modifying the traditional classifier to adapt to concept drift as like, adaptive k-nearest neighbor [2], McDiarmid tree algorithm [2].
Some authors bring different strategy for detecting the concept drift and then, the classification is done with the popular
classification algorithm. In table 1, we discuss the recent data stream classification methods and their advantages with the major
issues.

Authors Contribution Advantages Disadvantages

Dayrelis Mena-Torres Similarity-based approach Advantages of the Instance- | Refine themodel to de-

and Jests S. Aguilar- based Learningtechniques tect and deal with only

Ruiz[1] abrupt concept
changes

Journal of Electronic Systems Volume 10 Number 1 March 2020 35




Authors

Contribution

Advantages

Disadvantages

Cesare Alippi et al. [2]

Adaptive k-nearest neighbor and
support vector machine classifi-
ers

Exactly detecting change trend

It is more suitable for
numerical data

Peng Zhang et al. [3]

Tree-based indexing structure

Reinsertion is possible incremen-
tally

Maintenance of tree
model and its storage
space requirement is
high

Leszek Rutkowski et al.
(4]

McDiarmid tree algorithm

It is easy to construct and handle
the concept drift

Difficult in handling
abnormally distributed
data

Dariusz Brzezinski and
Jerzy Stefanowski [5]

Accuracy-based weighting
mechanisms

Consider the periodic weighting
mechanism

Adapting weight for
different data space
seems tough

Jodo Bartolo Gomes et
al.[6]

Dynamic feature space-based
model learning

No holdout set is needed for test-
ing, making use of all the avail-
able training data

Distribution of data is
required to do classifi-
cation

Mohammad M. Masud
etal. [7]

Concept-drift and concept-evolu-
tion-based ensemble classifier

Addresses four major challenges,
namely, infinite length, concept-
drift,concept-evolution, and fea-
ture-evolution

It finds difficult to dis-
tinguish fromthe actual
arrival of a novel class.

Hanady Abdulsalam et
al. [8]

Combines the ideas ofstreaming
decision trees and Random
Forests

It quicklyrecords the new ex-
pected classification accuracy
after the changes are presented
in the stream

Handling multiple
classes with this hybrid
model is difficult

Table 1. Literature review

3. Motivation Behind the Approach

This section discusses the problem formulated for data stream classification and the major challenges to be addressed to design
a good data stream classification method.

3.1 Problem Definition

Let assume that the input database, D is partitioned into a chunk of data samples d, having a size of w, D ={d ;0<t<w}. At the
current time, the chunk data d is read out and classification is to be performed on the data. Every data objects in the chunk is
represented with 7 attribute vector @, d, € a,;1< j < n. The challenge here is that the class of the data to be identified for this
current chunk data. When the data classification is performed on the current chunk data dt, the class labels of the previous chunk,
d,_, are known but the data of previous samples other than d, | cannot be stored or preserved only the classification model has
to modified or updated accordingly.
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3.2 Challenges

Due to evolving nature of data streams, learning of classifier cannot be performed with full data space but standard data mining
algorithm requires scanning of databases every time. But, for data stream, multiple scanning of database of building learning
model is not possible practically. So, the extraction of model from the evolving data stream without multiple scanning within the
original data space is an important challenge to be considered.

Due to dynamic nature of data stream, not only the size of the records is increasing but also the dimension of the data space or
feature space is also increasing dynamically. So, adapting the classifier for the dynamic feature space is another challenge to be
solved in the data stream classification.

Also, the newly arriving data cannot be in original boundary defined for every feature so classifier model should consider this
drift in boundary when developing data stream classification.

To maximize usefulness, classification should be possible as soon as a sufficiently robust model has been built. The model should
be updated because of a change in the underlying data. Hence, the classification algorithm should be incremental, so that
changes require a model update rather than a completely new model.

Most algorithms handle data with only numerical or categorical attributes but the real datasets contains both numerical and
categorical data. It is, therefore, essential to consider data with both attributes.

In [2], Change detection tests (CDTs) was designed to inspect structural changes in industrial and environmental data and
adaptive k-nearest neighbor and suitably retrained when the change is detected. This method removes the old data frequently so
the preservation of historical information in the classification process is limited.

4. Proposed Methodology: Holoentropy-enabled Rough Fuzzy Classifier to Classification of Evolving Data Streams

This section presents the HRF system to classification of evolving data streams. Figure 1 shows the block diagram of the
proposed holoentropy enabled rough fuzzy system. The block diagram contains the two important processes such as k-means
enabled fuzzy system and updating of fuzzy system. In the k-means enabled fuzzy system, k-means clustering is used for
extracting the rules and the updating of system is done using the holoentropy function. In updating fuzzy membership function,
the change of detection test is done using rough set theory. The membership function and rules are updated if the COD test is
detected the concept drift. The membership function is then updated using rough set approximations and the fuzzy rules are
updated using the holoentropy function.

HRFuzzy sysem

Build HRFuzzy system

LT ' Fuzzifier

\\Zé Updating of HRFuzzy I Membership Rule base

system | function 1)
/ Defuzzifier
1. Detecting COD
2. Updating membership
function

3. Updating fuzzy rule

Classify new stream /'\

Figure 1. Block diagram of the HRFuzzy system
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4.1 Building K-means enabled Fuzzy System

In this work, missing values are replaced with average value of the attribute and categorical values are represented with the
numerical values by replacing every unique value with unique numerical value. Then, classifier model is built based on the first
data stream d and continuously updating the classifier model based on the previous data stream d,_| because we know the class
label for this data stream only in the current time. Accordingly, fuzzy classifier is to be constructed by devising the membership
function and the fuzzy rules.

4.1.1. Fuzzy Membership Function

The initial step in the fuzzy classifier is to devise the membership function which is used to convert the data values into linguistic
variables based on the degree of membership. The designing of membership function is a way to construct the curve based on the
data behavior. In this paper, we utilized triangular membership function to define the data characteristics and every attributes is
defined with three membership function. Accordingly, the membership function can be indicated as, 4 & where, j refers to the index

of the attribute, k refers to the index of membership function. The membership function of the /™ attributes of i* membership
function is defined as follows,

,uﬁ.,‘z) = f(doij;b,c,g) )
The definition of the triangular membership functions is given as follows:
0; dy’ <b
i_ .
dy bb ; b<dy >c
J c—
7l b.c.)= g ) )
£ % . c<dy! > ¢
g-c
I g<dy’

In order to design the triangular function based on the above equation, the values of b, ¢ and g can be computed by taking the
minimum, centre and maximum value from the attribute vector.

b=dm ©)

e dimin +dimax '
) Q)

g= d[max (5)

Where, d™" is the minimum value of the i* attribute and d;"" is the maximum value of the i attribute. This process is repeated for

all the attributes and their corresponding membership function is devised automatically. Figure 2 shows the sample triangular
membership function.

Hjz Hj2 iz
Hik

v

by b, C1 81 C2 bs 82 C3 83 aj

Figure 2. Triangular membership function
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4.1.2. Fuzzy Rule base

Fuzzy rule base is the second step for fuzzy-based classification system. The generation of fuzzy rules is very challenging. Here,
we utilize the traditional clustering algorithm, called k-means clustering for generation fuzzy rules. The steps involved in this step
are given as follows:

1) Discretization of the Input Data: The input chunk data d is discretized into three set of linguistic values as we have utilized
three membership functions.

2) Data Partitioning: Based on the class information, the chunk data is partitioned into a set of partitions where, the number of
partitions is equal to the number of classes.

3) Applying K-means Clustering: Based on the number of rules required per every class, the k-means clustering is applied for
every partition and k-clusters is found from the every partition.

Let assume that ¢ Oi be i the data object of the first chunk data after discretization. The objective is to find out the  centroids
which are then assumed to be the rules. At first, centroids are randomly taken from the data. The centroids are represented as,
{C,,Cyp.oc.. C, }.

Once centroids are randomly found out, the distance between every data object with the centroids are computed and the data
objects are grouped based on the minimum distance contributed by the centroid. Then, for the new cluster, centroid is computed
based on the following equation. The above process is repeated until there is no movement in the clusters.

>y ©)

ci J=

C =

4) Obtaining Fuzzy Rules: The data which is nearer to k- centroid is taken as the rule which is then converted to fuzzy format.
Suppose, the clustering is applied on the first class partitions and the centroid looks like, [1 2 1 1] then fuzzy rules can be defined
as[FA1is LOW OR A2 is HIGH OR A3 is LOW OR A4 is LOW THEN OUTPUT is HIGH.

Ci € dOi = {Rci} (7)

Where, R _is fuzzy rules obtained from c™ class. Finally, the rules belonging to all the classes are combined to constitute the final
rule set, R,

R, }=R, @®)

Rule Weighting: Let us assume that every rules presented in the set R, is indicated as, R’ = {RIO RY RY, } The weight of every rules
is computed by finding the matching count of the rules within the discretized database. The formulae to compute the weight of the
rule, R! is given as follows:

%M(Rio,dodis)
wR)=| L——— ©)

c*k*n

Where, dod"s is the discretized database of do and M(R} ,do"“‘) is the matching count of the rule within the discretized database.

4.1.3. Data Classification using Fuzzy System
Once the membership function and rule base are defined for the fuzzy system, the classification can be done by inputting the

stream of data. The devised fuzzy system can be represented as 7, {u(,‘k) . Ry }‘ The fuzzy system generates a score value which can
be then used for classifying the data labels.
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4.2. Dynamic updating of HRFuzzy System
Once the fuzzy system is defined initially, the system is ready to do the data classification for the incoming data streams d,. But,
the important scenario is that simultaneously update the fuzzy system for the previous data stream d,_, if there is any concept
change because that data stream have the class label in the current time. The process of updating the HRFuzzy system for
previous data stream d,_, is explained here in three important steps like, detecting concept by rough set theory, updating
membership function, updating fuzzy rules.

4.2.1. Detecting Concept Change by Rough Set Theory

The concept change for the previous data stream d,_| is computed by rough set theory [18] which is a formal approximation of a
crisp set in terms of a pair of sets which give the lower and the upper approximation of the original set. The lower approximation
of a set X with respect to a is the set of all objects, which can be for certain classified as X with respect to a. The upper
approximation of a set X with respect to a is the set of all objects which can be possibly classified as X with respect to a. The
boundary region of a set X with respect to g is the set of all objects, which can be classified neither as X nor as not-X with respect
to a. The upper and lower approximations can be defined as follows:

aX :{x|[x]a < X} (10)
aX ={x[x], N X = ¢} (11)

Base on the lower and upper approximation of the data, the accuracy of approximation is computed based on the following
equation.

_lex|
fox]

a,(X) (12)

The accuracy of approximation is then compared with a threshold, called 7. If the @,(X) is less than the threshold T , there is a
concept drift so updating is required.

4.2.2. Updating Membership Function

The dynamic updating of membership function is about to update the variables of b, c and g based on the drift in the previous data
stream, d,_,. In order to update these variables, the following two constraints should be satisfied. i) Accuracy of the approximation
should be less than the threshold which means that the concept drift presented in the incoming data stream, ii) the variable values
ofb_,,
attributes of i/ membership function is defined as follows for the previous data stream d -

c¢_,and g, for the previous data stream d,_, should be different. Accordingly, the membership functions of the Vi

lu.li;l :f(di-labz-lact-lagz-l) (13)

By making triangular membership function for the above fuzzy system, the values of b, ¢, , and g, can be computed by
comparing the previous and current variables of membership variables. The values of those variables are computed as follows.
From this equation, we understand that if the concept drift is presented in the database for the recent data streams, it automatically
extend or shrink the range of values in the membership function.

b = b_, . . 5 b,=b,, (14)
! min{d mdn } ;  else
g = & 812 = 81 15
- max{d,"fgx,d o } ;else 13)
[CY*Z 5 Cr—z = CH
e
1 ﬁtbm ';ngl : else (16)
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4.2.3. Updating Fuzzy Rules by Holoentropy Function

Once the membership function is updated, the next step is to update the fuzzy rules for the previous data stream based on the
class label. So, the data stream d,_| is directly given to the k-means clustering to mine the fuzzy rules. The fuzzy rules of the
previous data stream is represented as, R”~'. The updating of rules is purely based on weight of the rules and holoentropy. Here,
holoentropy decide which all are the rules to be replaced and weight of the rules decides which rules to be selected to replace with.
Once the rules of previous data streams R~ and R'~! are found out, the holoentropy is found out among all the combination of
rules from two previous data streams.

IHE (R"*,R'"") = HE (R'")~ CHE (R'"",R'™?) (17)

Joo2d

Where, 2HE(R; .2/ ) is informative holoentropy of rules R “2and R} mE(r' ) is holoentropy of rule &/, cHE(R™, R is conditional
-2 -1
holoentropy of rules R’ and R

HE (R =W x E(R'™) (18)
ool L
I+ oxp(—E(R) 19
u(R’,")
E(R™M)==> PxlogP,
(R ; i g1 (20)
Where, R;.‘l is rule vector and u(R;.’l) is number of unique values in rule vector R}"l.
CHE (R'*,RV")= ) Px HE (R*,R"") @)
i=0
HE(R;*,R")=W,*E(R;*,R") 22)
w,=21- L (23)
I+exp (-E(R;°,R;))
ERZLRT) = Y PR =i R =il log (R = i,RY" = ) (24)
i=1

Then, the couple of rules having minimum holoentropy are selected. It means that these couple of rules is similar kind of rules in
the two previous data streams. Once the most relevant rules of both data stream are identified, preserving of which rule out of
these two rules is identified based on the weight of the rules.

Rt.—Z . Rt-_l < Rt.—2

R;_1: Jj o2 W( J ) W( J ) (25)
R ;’1 ; else

Based on the updated membership function and rules, the fuzzy system is dynamically changed by adapting the concept of drift

in the incoming data stream. The uploaded F{y GRE } is then used for data stream classification. This process of updating is

simultaneously happening for every new data stream. Figure 3 derails the algorithmic description of the proposed HRFuzzy
system.

1 Algorithm: HRFuzzy
2 Input: d — Input database
3 k—Number of rules per class
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4 T—COD threshold

5 Output:

6 F,(u.,,R ) = Updated membership function
7 Procedure

8 Begin

9 Divide database into a chunk of data

10 Fort=l:w

11 Read d,

12 If(r==1)

13 Build fuzzy system £, (x,, R, ) using d,,

14 Endif

15 If(r!=1)

16 Find accuracy of approximation « (X)

17 If (,(X)<T)

18 Update fuzzy systemto F,_ (4, ,R, )
19 Endif

20 Endif

21 Perform classification of d, using 7, (¢, ,R, )
2 Return fuzzy system for classification, F, “_](y,_] ,RH)
23 Endfor

24 End

Figure 3. Pseudo code of HRFuzzy

5. Results and Discussion

This section presents the experimental results of the proposed HRFuzzy system and the quantitative results with the comparison
of existing works.

5.1 Dataset Description

The experimentation is performed using two different databases such as Skin Segmentation Data Set and Localization Data which
are taken from UC Irvine Machine Learning [19]. Skin Segmentation Data Set (database 1): The skin dataset is collected by
randomly sampling B,GR values from face images of various age groups (young, middle, and old), race groups (white, black, and
asian), and genders obtained from FERET database and PAL database. The total number of instances in this data is 245057; out
of which 50859 is the skin samples and 194198 are non-skin samples. Localization Data for Person Activity Data Set (database
2): This database is collected from the people who used for recording of the data by wearing four tags (ankle left, ankle right, belt
and chest). Each instance is a localization data for one of the tags. The tag can be identified by one of the attributes. The total
number of instances is 164860.

5.2 Evaluation Metrics
The performance of the proposed HRFuzzy classifier is analyzed using the quantitative parameter, called accuracy. The definition
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of accuracy is given as follows:

Accuracy = —TP tIN (26)
TP+TN + FN + FP
Where, True positive (TP) is correctly identified, False positive (FP) is incorrectly identified, True negative (TN) is correctly
rejected and False negative (FN) is incorrectly rejected.

Along with, computational time is also used for comparing the performance of algorithms by calculating running time of the
algorithms. Here, we utilize ‘tic’ and ‘tac’ variables to measure the computational time of the algorithms through matlab.

5.3 Experimental Setup

The proposed system is implemented using MATLAB (R2014a) using fuzzy logic toolbox. The system has i5 processor of 2.2GHz
CPU clock speed with 4 GB RAM and 64 bit operating system running with Windows 8.1. The parameters to be fixed for the
proposed HRFuzzy are number of rules per class r, defuzzification method and threshold for change of detection. These param-
eters are fixed to different range of values and their performance is analyzed to identify the best parametric value for the
comparison. The performance is compared with the existing Adaptive k-NN Classifier given in [2].

5.4 Performance Evaluation of the Proposed Algorithm

The performance evaluation of the proposed algorithm is presented in this section. Figure 4.a shows the accuracy graph of
different defuzzification method for database 1. From the figure 4.a, we understand that the bisector-based method perform well
than the centroid -based method. For the chunk size of 3 (w=3), bisector -based HRFuzzy classifier obtained the accuracy value
of 87.2% while comparing with centroid-based method which reached the value of 84.9%. Similarly, centroid and bisector based
HRFuzzy classifier reached the value 86.4% and 86.9% for the chunk size of 7. Figure 4.b shows the accuracy graph of different
defuzzification method for database 2. This database gives the better performance for the centroid-based fuzzy classifier than the
bisector-based classifier. Out of five different size of chunks are experimented, the centroid-based HRFuzzy classifier outper-
formed in all the five cases.

0.88

—o— Centroid
—0— Bisector

~—o— Centroid
—o— Bisector

0875
. 87’__—'_°\o—o\*
0865

0.86

Accuracy

0.855

0.85,

0.845

084} 0872\_’_-4\4/’_‘

0.835, 0.87
3 35 4 45 5 55 6 65 7 3 35 4 45 5 55 6 65 7
Number of chunks Number of chunks

a) database 1 b) database 2

Figure 4. Accuracy for different defuzzification method

Figure 5.a is plotted after finding the accuracy of the HRFuzzy system for various values of thresholds for change of detection.
This figure ensured that higher values of thresholds are desirable because those values have given the better values than the

lower values of thresholds. When we fix the threshold is equivalent to 0.6 (7' =().6 ), we reached the accuracy of 86.1% as

compared with accuracy of 85.6% which is obtained for threshold of 0.4. Also, the better performance reached by the threshold
(0.6) is 87.5% for the chunk size of six. Figure 5.b shows the accuracy of database 2 for different threshold. Here, better perfor-
mance is achieved by the threshold of 0.4 which reached the maximum performance of four set of threshold out of five set
experimented.
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Figure 5. Accuracy for different threshold

Figure 6.a shows the accuracy graph of different number of rules for database 1. From the figure 6.a, we understand that the better
performance is reached by the »=4. For the chunk size of 3, the accuracy value of 89.8% is obtained for the rule size of four while
comparing with the value of 85%. When we fix the rule size is equivalent to 4 for the chunk size of four, we reached the accuracy
of 88.2% as compared with accuracy of 86% which is obtained for rule size of 2. Figure 6.b shows the accuracy graph of different
rule size for database 2. The better performance reached by the rule size of 2 is 85.6%, 87.2% and 87.8%. This database gives the
better performance for the rule size of 2.

—— =2 ——r=2
—0—r=4

089+

Accuracy
°
2
8

Time (in sec)

087

3 35 4 45 5 55 6 65 7 5
Number of chunks Number of chunks

a) database 1 b) database 2

Figure 6. Accuracy for different number of rules

5.5 Comparative Analysis

The comparative analysis of the proposed HRFuzzy classifier is discussed in this section. The existing work taken for the
comparison is Adaptive k-NN Classifier given in [2]. Figure 7.a shows the accuracy graph of database 1. From the graph, we
understand that the accuracy of the HRFuzzy and Adaptive k-NN are 85.4% and 84.2% for the chunk size of three. Also, for the
chunk size of five, the proposed HRFuzzy obtained the value of 85.6% which is higher than the Adaptive k-NN. Similarly, the
accuracy of the HRFuzzy and Adaptive k-NN are 86.1% and 84.2% for the chunk size of 7. Figure 7.b shows the performance
comparison on database 2. When the chunk size is fixed to 3, the proposed HRFuzzy obtained the accuracy of 88% but the existing
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Adaptive k-NN reached the value of 83.8%. For the chunk data size of 6, accuracy of HRFuzzy and Adaptive k-NN are 87.6% and

83.8%.

Figure 8.a shows the comparative performance of the database 2. From the figure, we prove that the proposed HRFuzzy obtained
good performance while compared with the Adaptive k-NN. In the chunk data size of 4, the proposed HRFuzzy system take the
time of 50sec but the Adaptive k-NN take the computational time of 260sec. The HRFuzzy and Adaptive k-NN take the computa-
tional time of 15sec and 180 sec when the chunk data size is 7. Figure 8.b shows the computational requirement of both the
algorithms. The minimum time is reached by the HRFuzzy is 2 sec when, the size of chunk is 7. Adaptive k-NN takes the time of
about 17sec. By comparing the overall performance for all the two datasets, the proposed HRFuzzy outperformed the Adaptive k-
NN by reaching the higher values in accuracy and minimum values in time.
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Figure 7. Accuracy
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6. Conclusion

Figure 8. Computational time

We have presented a new fuzzy system called, HRFuzzy by combining rough and fuzzy set to classification of evolving data
streams. Initially, fuzzy classifier is modeling using the fuzzy membership function and rules which are derived using k-means
clustering. Then, the dynamic updating of this model is done using rough set theory and holoentropy function. The concept
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change is detected by formal approximation of a crisp set in terms of a pair of set through lower and the upper approximation of
the original. For the data stream detected with concept drift, the membership function and fuzzy rules are updated using the
proposed method. The experimentation of the proposed HRFuzzy is done with two various databases such as Skin Segmentation
and Localization Data. The comparison of the proposed HRFuzzy with Adaptive k-NN Classifier is done through accuracy and
time. From the comparative analysis, we ensured that the proposed HRFuzzy have obtained good performance in both the metrics.
In future, the proposed work can be extended by including learning theories for dynamic updating of classifier model.

References

[1] Mena-Torres., Dayrelis., Aguilar-Ruiz., Jests, S. (2014). A similarity-based approach for data stream classification, Expert
Systems with Applications, 41, p 4224-4234,2014.

[2] Cesare Alippi., Derong Liu., Dongbin Zhao., Li Bu. (2013). Detecting and Reacting to Changes in Sensing Units: The Active
Classifier Case, IEEE Transactions on systems, man, and cybernetics: systems, 44 (3),353 - 362.

[3] Zhang, Peng., Zhou, Chuan., Wang, Peng., Gao, Byron., Zhu, Xingquan., Guo, Li. (2015). E-Tree: An Efficient Indexing
Structure for Ensemble Models on Data Streams, IEEE transactions on knowledge and data engineering, 27, 2, p 461-474,
February 2015.

[4] Rutkowski, Leszek., Jaworski, Maciej., Pietruczuk, Lena., Duda, Piotr. (2014). Decision Trees for Mining Data Streams Based on
the Gaussian Approximation, /EEE Transactions on Knowledge and Data Engineering, 26 (1), 108-119, January 2014.

[5] Brzezinski, Dariusz., Stefanowski, Jerzy. (2014). Reacting to Different Types of Concept Drift: The Accuracy Updated Ensemble
Algorithm, IEEE transactions on neural networks and learning systems, 25 (1), 81-94, January 2014.

[6] Gomes, Jodo Bartolo., Gaber, Mohamed Medhat., Sousa, Pedro A. C., Menasalvas, Ernestina. (2014). Mining Recurring
Concepts in a Dynamic Feature Space, IEEE Transactions on Neural Networks and Learning Systems, 25 (1), 95-110, January
2014.

[7]Masud, Mohammad M., Chen, Qing., Khan, Latifur., Aggarwal, Charu, C., Gao, Jing., Han, Jiawei., Srivastava, Ashok ., and Oza,
Nikunj, C. (2013). Classification and Adaptive Novel Class Detection of Feature-Evolving Data Streams, [EEE Transactions on
Knowledge and Data Engineering, 25 (7), 1484-1497, July 2013.

[8] Abdulsalam, Hanady., Skillicorn, David, B., Martin, Patrick. (2011). Classification Using Streaming Random Forests, [EEE
Transactions on Knowledge and Data Engineering, 23 (1), 22-36, January 2011.

[9] Fan, W. (2004). Systematic Data Selection to Mine Concept-Drifting Data Streams, In: Proceedings ACM SIGKDD 10th Int’l
Conf. Knowledge Discovery and Data Mining, p. 128-137,2004.

[10]Gao,J., Fan, W., Han, J. (2007). On Appropriate Assumptions to Mine Data Streams, In: Proceedings IEEE Seventh Int’l Conf.
Data Mining (ICDM), p 143-152,2007.

[11] Hulten, G., Spencer, L., Domingos, P. (2001). Mining Time-Changing Data Streams, In: Proceedings ACM SIGKDD Seventh
Int’l Conf. Knowledge Discovery and Data Mining, p. 97-106.

[12] Kolter, J., Maloof. M. (2005). Using Additive Expert Ensembles to Cope with Concept Drift, n: Proceedings 22" Int’I Conf.
Machine Learning (ICML) 449-456.

[13] Wang, H., Fan, W., Yu, P.S., Han, J. (2003). Mining Concept-Drifting Data Streams Using Ensemble Classifiers, /n: Proceed-
ings ACM SIGKDD Ninth Int’l Conf. Knowledge Discovery and Data Mining, p. 226-235,2003.

[14] Bartolo Gomes, J., Menasalvas, E., Sousa, P. (2010). Tracking recurrent concepts using context,/n: Proceedings 7% Int. Conf.
RSCTC,2010,p. 168-177.

[15] Gama, J., Kosina, P. (2009). Tracking recurring concepts with metalearners, /n: Proceedings 14™ Portuguese Conf. Artif. Intell.,
October 2009, p. 423.

[16] Katakis, I., Tsoumakas, G., Vlahavas, 1. (2005). On the utility of incremental feature selection for the classification of textual
data streams, /n: Advances in Informatics. New York, NY, USA: Springer-Verlag, 2005, p 338-348

[17] Yang, Y., Wu, X., Zhu, X. (2006). Mining in anticipation for concept change: Proactive-reactive prediction in data streams,
Data Mining Knowl. Discovery, 13 (3),261-289, 2006.

46 Journal of Electronic Systems Volume 10 Number 1 March 2020




[18] Pawlak, Zdzisaw. (1982). Rough sets, International Journal of Parallel Programming, 11 (5),341-356.
[19] UC Irvine Machine Learning Repository from “http://archive.ics.uci.edu/ml/datasets.html”.

[20] Ross, G. J., Tasoulis, D. K., Adams, N. M. (2012). Nonparametric monitoring of data streams for changes in location and
scale, Technometr., 53(4), 379-389.

[21]Zhu, X., Zhang, P., Lin, X., Shi, Y. (2010). Active Learning from Stream Data Using Optimal Weight Classifier Ensemble, IEEE
Trans. System, Man, Cybernetics, Part B: Cybernetics, 40 (4), 1-15, December 2010.

[22] Bifet, A., Holmes, G, Pfahringer, B., Kirkby, R., Gavalda, R. (2009). New Ensemble Methods for Evolving Data Streams, /n:
Proceedings 15" ACM SIGKDD Int’l Conf. Knowledge Discovery and Data Mining (KDD), 2009.

[23] Masud, M., Gao, J., Khan, L., Han, J., Thuraisingham, B. (2011). Classification and Novel Class Detection in Concept-Drifting
Data Streams under Time Constraints, [EEE Trans. Knowledge and Data Eng., 23 (6), 859-874, June 2011.

[24] Wu, Shu., Wang, Shengrui . (2013). Information-Theoretic Outlier Detection for Large-Scale Categorical Data, IEEE Transac-
tions on Knowledge and Data Engineering, 25 (3), March 2013.

[25] Zadeh, L. (1992). Fuzzy sets. In: Fuzzy models for pattern recognition: Methods that search for structures in data, NY: /EEE
Press, 1992.

[26] MacQueen, J. (1967). Some methods for classification and analysis of multivariate observations, /n: Proceedings 5™ Berkeley
Symp. Math. Stat. Probab., L. M. L. Cam and J. Neyman, Eds. Berkeley, CA: Univ. California Press, 1967, vol. 1.

Journal of Electronic Systems Volume 10 Number 1 March 2020 47





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


