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Abstract: Classification in multi-modal data is one of the challenges in the machine learning
field. The multi-modal data need special treatment as its features are distributed in several areas.
This study proposes multi-codebook fuzzy neural networks by using intelligent clustering and
dynamic incremental learning for multi-modal data classification. In this study, we utilized intelligent
K-means clustering based on anomalous patterns and intelligent K-means clustering based on
histogram information. In this study, clustering is used to generate codebook candidates before
the training process, while incremental learning is utilized when the condition to generate a new
codebook is sufficient. The condition to generate a new codebook in incremental learning is based on
the similarity of the winner class and other classes. The proposed method was evaluated in synthetic
and benchmark datasets. The experiment results showed that the proposed multi-codebook fuzzy
neural networks that use dynamic incremental learning have significant improvements compared
to the original fuzzy neural networks. The improvements were 15.65%, 5.31% and 11.42% on the
synthetic dataset, the benchmark dataset, and the average of all datasets, respectively, for incremental
version 1. The incremental learning version 2 improved by 21.08% 4.63%, and 14.35% on the synthetic
dataset, the benchmark dataset, and the average of all datasets, respectively. The multi-codebook
fuzzy neural networks that use intelligent clustering also had significant improvements compared
to the original fuzzy neural networks, achieving 23.90%, 2.10%, and 15.02% improvements on the
synthetic dataset, the benchmark dataset, and the average of all datasets, respectively.

Keywords: multi-modal classification; fuzzy; neural networks; multi-codebook; intelligent clustering;
dynamic incremental learning

1. Introduction

Classification is a supervised method in machine learning that is utilized to predict the output
class (category) based on the input data. The input data have a set of attributes called features, and the
classification method predicts its class label. The classification method has been applied in various
areas, e.g., engineering, biology, human science, robotics, financial, business, social science, and in
education technology. In the robotics field, machine learning is used as the core of robots’ artificial
intelligence systems to carry out missions, e.g., path planning mapping and object recognition, [1-3].
One machine learning challenge is that of classification in multi-modal data [4]. The multi-modal
condition is a condition where a feature of data is distributed in multiple areas. Multi-modal data
come from heterogeneity, both in the natural and human social worlds. The fusion of the data that
comes from a heterogeneous source produces multi-modal data. For example, several users in an
online shopping website have different preferences for the same choice (item). Another example is the
prediction of an election result. Say there are candidates in an election. Candidate A is voted for by
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residents that are aged below 40 (0 — 40), while candidate B is voted for by residents that are aged
in the range of 40-60, and candidate C is voted for by residents that are aged below 30 (0 — 30) and
between 45 and 60 (45-60). We can say that candidate C (class C) has multi-modal data because its
feature spreads in two areas, while candidates A and B (class A and class B) have unimodal distribution.
Research of multi-modal data analysis has been conducted in various areas, e.g., medical image
analysis, video analysis, facial expression, surveillance, and sentiment analysis [5-9]. Other studies
have been conducted in the special cases of multi-modal classification, such as real-time and large-scale
multi-modal classification [10,11]. Because of their high variability characteristics, multi-modal data
need special treatments to learn [12,13]. In some cases, regular classifiers cannot properly fit the data
because the data have multi-modality. This causes the performance of classifiers to drop significantly.
This study was conducted to solve the challenge. This study was aimed at developing a classification
model to handle multi-modal data classification.

In order to classify multi-modal data, a classifier should be improved from its basic structure.
The improvement of classifiers can be conducted by using several approaches, e.g., clustering,
incremental learning, and ensemble learning [14-17]. In an ensemble approach, the method generates
and trains multiples prototypes and then combines them by using some defined rules. The samples
of ensemble approaches are voting, weighted voting, and bagging. The other approach to improve
classifier structure is that of incremental learning. By using an incremental learning approach, the
classifier gradually builds its structure by adding new references (codebooks) during the training
process. In the incremental learning method, the classifier generates a new reference if the condition to
generate a new codebook is sufficient. Clustering is a method for grouping data. The data are grouped
(clustered) into several groups (clusters). After being clustered, the data in each group are used to
form classifier references (codebooks) before the training process.

This study is a continuation of previous studies. In a previous study, we proposed a multi-codebook
Learning Vector Quantization (LVQ)-based neural networks by using clustering methods [14]. In that
study, we used K-means [18], a Gaussian mixture model (GMM) [19], and intelligent K-means based
on anomalous pattern clustering [20]. In another study, we tried to search for alternative intelligent
clustering for generating multi-codebook neural networks [21]. In the previous study, we proposed a
multi-codebook based on an intelligent K-means method based on histogram information. This study
is also a continuation of our preliminary study about multi-codebook fuzzy neural networks that
use incremental learning [15]. Our preliminary research showed that static incremental learning
improves the performance of the neural networks, but, in some cases, its performance is lower than
the original version. However, the dynamic thresholds performs better than the static incremental
learning and original neural networks. In this study, we propose two types of multi-codebook fuzzy
neural networks for multi-modal data classification, one using intelligent clustering and the other using
dynamic incremental learning. The first contribution of this study is the further investigation into the
multi-codebook neural networks based on intelligent K-means clustering that have been previously
proposed [14,21]. The second contribution is the proposal of new versions of multi-codebook neural
networks that use dynamic incremental learning, which is hereafter referred to as the multi-codebook
fuzzy neural networks that use version 2 of incremental learning. Additionally, we continue the
investigation of multi-codebook neural networks by using static incremental learning. Third, we
compare multi-codebook neural networks by using intelligent clustering and incremental learning in
the synthetic and benchmark datasets. Additionally, we compare the proposed method with existing
popular classifiers in the benchmark datasets such as Naive Bayes, support vector machine (SVM),
multi-layer perceptron (MLP), tree bagging, and random forest [22-27]. We additionally compare the
proposed method to convolutional neural networks (CNNs) in the benchmark dataset [28]. The last
contribution of this paper is the proofing of a significant improvement of the proposed methods from
the original neural networks by using ANOVA statistical testing.

Clustering is used to separate the data per class and build codebooks for a class. This approach
is simple but can effectively increase the performance of a classifier. An intelligent clustering or
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non-parametric clustering is a variant of clustering where the algorithm can measure the number
of the clusters on its own, while in parametric clustering, the algorithm needs a cluster number as
input. In parametric clustering, we need to try several values of cluster numbers to achieve the best
result, while in intelligent clustering, we do not need to observe the variation of cluster numbers.
Therefore, in this study, we propose intelligent clustering to generate multi-codebook neural networks.
An incremental learning method is utilized to enhance neural networks because of the method’s
adaptive characteristics to the dataset during the training process. The method generates new references
during the training process only when necessary. In another hand, the ensemble learning and clustering
approaches generate several references before the training process. The incremental learning can be
conducted by using static and dynamic thresholds. A threshold is a value that is used in the condition
for generating a new codebook. In this study, we propose dynamic thresholds for incremental learning
to reduce experimental costs for finding the best thresholds parameter.

In this study, we utilized a single hidden layer fuzzy neural network called fuzzy neuro generalized
vector quantization (FNGLVQ) as the base classifier. FNGLVQ was proposed by Setiawan et al.
for arrhythmia classification [29]. The original FNGLVQ uses one codebook per class. The codebook
of each class is a vector with m elements, where m is the number of features. FNGLVQ has a good
performance in a unimodal dataset, although the dataset has high overlapping features. In the other
side, the performance of FNGLVQ in a high overlapping multi-modal dataset is low. The other reason
for choosing FNGLVQ is its simple structure compared to other popular neural networks such as
deep neural networks and MLP. Because of these reasons, this study proposes the development of a
multi-codebook FNGLVQ by using intelligent clustering and incremental learning. The multi-codebook
FNGLVQ that uses intelligent clustering builds several prototypes (codebooks) before the training
process to cover the multi-modal distribution of the features, while the multi-codebook FNGLVQ that
uses incremental learning generates a new codebook during the training process when the existing
codebook cannot cover the multi-modal distribution of the input data. FNGLVQ is a single hidden
layered fuzzy neural network that was developed from generalized learning vector quantization
(GLVQ), and GLVQ itself is an enhancement of learning vector quantization (LVQ) version 2.1 that
is usually called LVQ2.1. Learning vector quantization (LVQ) is a simple artificial neural networks
(ANN) that utilizes the winner take all approach for its update rule [30]. LVQ2.1 is a modification of
LVQ that uses a limitation called window for the update process, while GLVQ minimizes errors during
the training process [31]. Adding fuzzy a membership function to GLVQ results in FNGLVQ [29].

This paper is organized in several sections. The first section is the introduction of the study.
The second section discusses the related works. The third section discusses FNGLVQ, which is used as
the base classifier in the proposed method. Section four explains the intelligent clustering dynamic
that uses incremental learning. The fifth section discusses the proposed method in detail. Then, the
fifth section discusses the experiment results along with analysis. The seventh section is the conclusion
of the study and is followed by the future works section.

2. Related Works

Multi-modal data classification has become a challenge in the field of machine learning. Several
studies have been conducted to deal with multi-modal data. Corneanu et al. analyzed multi-modal
data for facial expression recognition [5]. Their study used red-green-blue (RGB), 3D, and thermal data.
Soleymani et al. conducted a survey regarding multi-modality in sentiment analysis problems [6].
Kumar et al. conducted a survey regarding multi-modality and multi-dimensionality in medical
imaging analysis [7]. Oskouie studied multimodal feature extraction and fusion for the semantic
mining of soccer videos [8]. Zhang et al. study multi-modality in Alzheimer’s disease classification [32].
Several studies have been conducted to improve classifiers through the use of incremental learning.
Cauwenberghs et al. utilized incremental learning to enhance SVM classifiers [33]. Molina et al. also
developed a similar approach for prostatic adenocarcinoma classification [34]. Huang et al. improved
extreme learning (ELM) by using incremental learning [35]. On the other hand, several studies have
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been conducted to improve neural networks by using clustering approaches. In the previous study,
Ma’sum et al. utilized K-means, the GMM, and IK-means to enhance LVQ-based neural networks [14].
In another study, Ma’sum et al. combined clustering with unsupervised extreme learning machines to
enhance neural network algorithms [36]. The other approach for enhancing classifier performance is
by using ensemble learning, as was done by Krawczyk et al. and Ortiz et al. [17,37]. In this study, we
only discuss intelligent clustering and incremental learning.

As mentioned before, this study used FNGLVQ as the base classifier. FNGLVQ was developed
from GLVQ, and GLVQ was developed from LVQ. LVQ is a simple neural network classifier that uses
the winner take all principle [29]. The winner is the class whose reference vector is closest to the input
vector. LVQ uses the winner vector as the center of the training/learning and testing processes. LVQ
was proposed by Kohonen et al. as the supervised version of the self-organizing map (SOM). LVQ
has several variants, e.g., LVQ1, LVQ2, LVQ2.1, and LVQ3. The variants of LVQ were developed
by using a limitation called the window for updating conditions in the learning process. LVQ2.1
was then enhanced by adding optimization procedures, resulting in GLVQ [30]. The optimization is
applied during the training process. Therefore, the error rate is minimized from iteration to iteration.
In many cases, the performance of GLVQ has been shown to be superior to all variants of LVQ.
GLVQ was modified by Setiawan et al. by using a fuzzy membership function [28]. FNGLVQ was
originally used for arrhythmia classification based on electrocardiogram (ECG) signals. The other
development of the LVQ classifier was conducted by Kusumoputro et al., who used the fuzzy principle
in LVQ, resulting in fuzzy neuro learning vector quantization (FNLVQ) [38]. FNLVQ was optimized
by using particle swarm optimization (PSO), resulting in FNLVQ-PSO [39]. Another study enhanced
GLVQ by engineering its adaptation property as the integration of feature extraction and classification
algorithm [40].

A popular development of neural networks classifiers has been in the deep learning area. Many
deep learning methods have developed from convolutional neural networks. One popular algorithm is
that of the deep convolutional neural network (deep CNN) [41]. The other popular model of CNNs is
that of the very deep convolutional neural networks that are as popular as the Visual Geometry Group
(VGG) model [28]. The other notable development of CNNSs is that of densely connected convolutional
networks (DenseNet) [42], residual neural networks (ResNet) [43], neural architecture search network
(NASNet) [44], and MobileNet [45]. All the above-mentioned methods have been developed for image
classification. Many of the methods mentioned earlier require a 32 x 32 image as input, and the others
require a bigger sized image as input. As for the comparison in this study, we used the modified
version of the VGG model that only uses the first block of its convolution blocks. The above-mentioned
methods did not handle the data used in this study, as many of the data have a far smaller number
of features.

3. Fuzzy-Neuro Generalized Learning Vector Quantization (FNGLVQ)

Fuzzy-neuro generalized learning vector quantization (FNGLVQ) is an improvement of generalized
learning vector quantization (GLVQ) by adding a fuzzy membership function. The fuzzy membership
function can be used to handle overlapping data. FNGLVQ was proposed by Setiawan et al. for heart
disease classification based on ECG signals [3]. GLVQ improves upon LVQ2.1 (a variant of LVQ) by
adding error minimization during the training process. LVQ is a simple neural network that uses a
winner take all approach for the learning process. The algorithm defines the winner class (w1) as the
class in which its weight (codebook/reference vector) is the closest to the input vector. During the
training process, the weight of the winner vector is updated. If the winner class is the same as the
input vector, then its weight is adjusted closer to the input vector. Otherwise, its weight is adjusted
further from the input vector. LVQ2.1 modifies LVQ by adding an update rule for the runner up class.
In the LVQ2.1 algorithm, the runner up class (w) is a class whose weight is closest to input vector but
comes from different class labels. GLVQ and FNGLVQ are enhancements of LVQ2.1 that use the same
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approach. These algorithms use the winner and runner up classes in their training processes. During
the training process, the methods minimize misclassification errors.

The FNGLVQ architecture is illustrated in Figure 1. The figure shows that the vector x is an input
for the algorithm. In FNGLVQ, each class has a weight, as illustrated by triangle shape in the figure.
Each class has n weights (w1, wp, w3, ... , wn) where n is the number of features of the dataset. Please
note that wy and wy in this context are the weights of features 1 and 2 of their class, not the symbols of
the winner and runner up vector, as discussed before. Each weight has three values (Wi min, Wi mean,
Wi max) because the method uses fuzzy membership. In the learning process, the method computes
the distance between input vectors and the weights of each class. As the data have n features, the
measurement of the distances is conducted for all features, and then the mean of the distances is
calculated. Then, the method finds the winner and runner up classes based on the mean distance
from the classes to the input vector. Last, the method updates the weight of the winner and runner up
classes. The GLVQ classifier defines misclassification error as written in the equation below:

d; —dp

p(x) = 3T d, @

where d; is the distance of the input class and winner class and d; is the distance of the input and the
runner up classes. FNGLVQ adapts the approach from GLVQ. In the training process, the FNGLVQ
method uses a similarity value instead of distance to determine the winner and runner-up vectors.
The distance is defined as d = 1 — . Substituting the distance equation into the misclassification error
modeled in GLVQ results in the equation below:

Ho —

_— 2
21y - @

p(x) =
where 1 is the similarity value between the input sample (input vector) and the winner vector, whereas
Ly is the similarity between the input sample (input vector) and the runner up vector. The winner
vector is the closest existing reference vector (codebook) from the same class Cyx = Cyy1, whereas the
runner up vector is the closest existing reference vector from a different class Cx = Cy». The similarity
value is computed by the equation below:
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= I’Z(X Wi W w ) = Winean ~Wipin lf Wmin = X = Wimean 3)
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Figure 1. Fuzzy-neuro generalized learning vector quantization (FNGLVQ) architecture.
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FNGLVQ uses a cost function, as defined in GLVQ, to minimize misclassification errors during
the training process. The cost function (S) is defined in the equation below:

s =), fle) @

where f is monotonically increasing function and N is the number of iterations (epoch) in the training
process. GLVQ uses the sigmoid function for f. In the training process, FNGLVQ uses the steepest
descent method used in GLVQ, as defined in the equation below:

0s

wi(t+1) « w;i(t) - aéwi(t)

, wherei = 1,2 )

The derivation of the cost function (S) to the weight (w) is defined by the equation below:

b _ ooy du ©
dwj S o dw;

The FNGLVQ method uses a triangular function for its reference vectors (codebooks). Therefore,
each of the reference vectors (weights) has three values (Wi, Wiean, Wmax). The derivation of the
update rule to (wyeqn) is divided into three conditions and leads to the FNGLVQ learning (training)
formula, as follows:

o Ifwpin <X < Wpean

5f  2.(1- — Wy
wi(t+1) « wy(t) _0"5_](‘ 0-p2) 2{ T i 2] @)
% (2 - W - Hz) (wmean - wmin)
5f  2.(1- — Wy
wy(t+1) <—w2(t)—0—oc.6—f. (1-p) 2.[ =~ Do 2) 8
@ (2 - Mg — uz) (wmean - wmin)
o If Wyean < X < Wiy
1) 2.(1- -
wi(t+1) « wi(t) +a.6—f. (1-p) 2{ Drnax — X 2] )
P (2= —12)” \(Wmax — Wimean)
1) 2.(1- -
wy(t+1) « wy(t) —a.é—fx (1-pm) 2.( Drnax — % 2) (10)
P (2=~ 12)” \(Wnax — Wimean)
. If x < wyiy and x > Wiy
wit+1) —wi(t),i = 1,2 (11)

where wq (winner class) is the closest reference vector (codebook) from the same class as the
input vector Cy = Cy1, and w, (runner up class) is the closest reference vector (codebook) from a
different class. The update rules for the other two values in fuzzy membership (w,,;;, and wyay)
are conducted by using the equation below:

Winin < wmean(t + 1) - (wmean(t) - wmin(t>) (12)

Wiax < wmean(t + 1) - (wmean(t) - wmin(t)) (13)
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The symbol a represents the learning rate that has a value between 0 and 1. In ENGLVQ), the
learning rate value decreases along with the iteration number (t). The update of the learning rate value
follows in the equation below:

alt+1) = ao.(l— ! ) (14)

tmax
FNGLVQ defines additional rules to adjust w,;;, and wy,y to gain better performance as follows.
If (ul > 0 or u2 > 0) and ¢ < 0, then the method increases fuzzy triangular width by using the
equation below:
Winin < Winean ~ (Wimean = Winin)-(1 + (B.t)) (15)

Wmax < Wmean + (wmﬂx - wmean)-(l + (ﬁa)) (16)

If input data are predicted into the wrong class (¢ > 0), then the method decreases the triangular
width by using the equation below:

Wmin € Wmean — (wmean - wmin)-(l - (ﬁa)) (17)

Winax <= Wmean + (wmax - wmeun)-(l - (,805)) (18)

If u1 = 0 and p2 = 0O, then the width of fuzzy triangular vectors must be increased by using
equation below (the y. is a constant):

Wiin <~ Wmean — (wmeun - wmin)-(l - (Y'a)) (19)

Winax <= Wmean + (wmax - wmean)-(l + (Y-Uf)) (20)

The training process of FNGLVQ is conducted with the following steps:

1.  Given that the training set consist of m record instances (X1, X2, ... , Xm), each instance is a vector
of n elements because the data have n features.

2. Initiate the codebook (reference vector/weight) of each class (w) by a random selection of training
set for the respective class.

3. For each instance of the training data, train the weights of the classes by using Equation (3) and
Equations (7)-(20)

4.  Repeat step 2 until N number of iterations (epoch)

The testing process of the FNGLVQ algorithm is simply conducted by measuring the similarities
between the input vector and the codebooks of the classes. Then, the method takes the most similar
class as the prediction.

4. Intelligent Clustering and Dynamic Incremental Learning

4.1. Intelligent Clustering

Intelligent clustering is a non-parametric clustering method for which the user does not need to
input the number of clusters. One of the benefits of intelligent clustering is reducing the experiment
cost to find the most suitable cluster number. A popular intelligent clustering method is intelligent
K-means clustering based on anomalous patterns. Another version is intelligent clustering based on
histogram information, which utilized in a previous study [21].

4.1.1. Intelligent K-means Based on Anomalous Pattern

Intelligent K-means (IK-means) based on anomalous patterns is a fully non-parametric-clustering
method that uses the farthest point, called the anomalous pattern, to generate a new cluster. The method
was proposed by Mirkin et al. as the smart choice for choosing the K in K-means clustering [20]. This
algorithm is the development of a standard K-means standard with no parameter for the number of
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clusters. The idea in this algorithm is to cluster data in a feature space by using anomalous points to
build new clusters. An anomalous point is the farthest point from the initial reference on the dataset.
The procedure of intelligent K-means clustering based on anomalous patterns has many steps. The first
step of the method is calculating the reference point (RP). The RP is the center of the feature space
of the whole data. The second step is calculating the furthest point of the data from the RP, which is
called the anomalous point (AP). The third procedure is a grouping step that is conducted by using the
RP and the AP as the group’s centers (centroids). The grouping process is conducted by using standard
K-means clustering until convergence. Therefore, the data are separated into two groups—the group
with the RP as the centroid and a new group formed from the anomalous pattern. Please note that the
new group formed from anomalous patterns may have a different centroid from its original centroid
that was taken from the anomalous point.

The separation of an anomalous pattern from its original dataset is shown in Figure 2. This process
is iterated until the stopping condition is achieved. The condition is when all data in feature space are
clustered, as notated by St = Et. This means the last group of the data is clustered, and there is no
group of data that needs to be clustered. The procedure of intelligent K-means based on anomalous
patterns can be conducted by using Algorithm 1.

Algorithm 1: Intelligent K-Means Clustering based on Anomalous Pattern

01: procedure IK-MEANS-AnomalousPattern

02: setting:

03: t =1, Ey = original data set on feature space

04: denote R as the thresholds for small cluster removal

05: find Anomalous pattern:

06: apply procedure Find Anomalous Pattern for each t or at t = 1 (recommended)

07: Control statement:

08: If S; != E; then//There is a possibility to build new cluster

09: Et=E¢ - St

10: t+=1

11: go to step setting (line 02):

12: small cluster removal:

13: fori= 1:T do//T is the number of clusters

14: If |Cj| < R then

15: remove C;

16: end for

17: Denote the remaining cluster Cq, Cy, Cg, ... .Cy, and their centroids ¢y, ¢, 3, ... .cn

18: fori=1.T" do //T” is the number of the remaining cluster

19: do K-Means for K; with ¢; as initial seed

20: end for

21:

22: procedure Find Anomalous Pattern

23: Preprocessing step:

24: Denote the reference point X = X1, X2, X3, ... Xn

25: Normalize the original data following the defined standard//This step is not mandatory

26: initial setup:

27: find most distant point k as the tentative centroid

28: cluster update:

29: determine cluster list L around k against the only other centroid,
’ yt is assigned to S if d(yt, c¢) < d(yt, ¢o)

30: centroid update:

31: Calculate (k’), the mean value within L

32: Ifk' ! =k then

33: k=k

34: go to step cluster update

35: else

36: go to step output

37: output:

38: return list L and its centroid k as the anomalous pattern
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Figure 2. Intelligent K-means based on anomalous pattern.

4.1.2. Intelligent K-Means Based on Histogram Information

One of the variants of intelligent K-means is intelligent K-means based on histogram information
(IK-means). This is an intelligent clustering that uses the histogram curve of the data to define the
number of clusters. The algorithm is illustrated in Figure 3. As shown in Figure 3, the method
has several steps. The first step is the analysis of the feature space. Then, the method draws a
histogram for each feature of the data and approximates the number of peaks of the histogram. Then,
the method computes the maximum number of peaks of the feature histograms and uses it as the
cluster number. In the last step, the method conducts K-means clustering by using a given number of
clusters. The procedure of intelligent K-means clustering based on histogram information is written in
Algorithm 2.

cluster-2

cluster-n

cluster-1

';“ﬁ 7 3

@ cluster centroid

Figure 3. Intelligent K-means based on histogram information.

Algorithm 2 shows that the clustering algorithm analyzes each feature of the dataset. Then, for
each feature, the algorithm draws the histogram curve of the feature. The algorithm then counts the
number of peaks of the curve. To count the peaks, the method uses a gradient from an edge to the next
edge. If the gradient change is from positive to negative, then a peak is detected. The method analyzes
all features of the data and finds the maximum peaks. Then, the method conducts the K-means
clustering by using maximum peaks as the number of clusters.
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Algorithm 2: Intelligent K-Means Clustering based on Histogram Information

01: procedure IK-MEANS-HistogramInformation

02: denote fy, f5, f3, ... .fy as data features

03: maxPeak = 0 as the current maximum peak
04: forc=1:mdo

05: peak; = Approximate Histogram Peak (f;)
06: If peak; > maxPeak then

07: maxPeak = peak;

08: end for

09: do K-Means clustering with K = maxPeak

10:

11: procedure Approximate Histogram Peak (feature)
12: signl = 0, sign2 = 0, numPeak = 0

13: histVal = histogram(feature)//array of histogram values
14: for i = 2: lengthof(histVal)-1 do

15: sign2 = signl

16: If histVal(i) > histVal(i — 1) then

17: signl =1

18: else If histVal(i) < histVal(i — 1) then

19: signl = -1

20: else

21: signl =0

22: if sign2 == 1 and signl == 1 then

23: numPeak = numPeak + 1

24: end for

25: return numPeak

4.2. Dynamic Incremental Learning

Incremental learning is a learning methods that gradually builds or improves a classifier’s structure
during the training process. Different from the clustering approach, incremental learning is conducted
by various approaches. For example, in GLVQ, incremental learning is used to optimize neural
networks [31]. Another example of incremental learning is the generation of a new reference vector
when necessary, as was done by Losing et al. [46]. The other example of incremental learning is the
development of a sequential structure for neural networks and training the model by using chunks
of data, as done by Liang et al. [47]. Another example of incremental learning is the expansions of
the classifier when there are sufficient samples in the training state [48]. In summary, the process of
incremental learning is the adjustment of the structure of neural networks. The adjustment process can
be a modification, the addition of a reference vector (codebook), or the deletion of the existing codebook.
In neural networks, incremental learning can be applied to add/remove layers, generate/delete a new
reference vector (codebook) within a layer, add/delete neurons of a codebook within a layer, and any
other operations necessary. The action takes place when the current states of codebooks and the input
sample meet the defined condition.

This study used the generating/inserting a new codebook approach, as used by Losing et al.
During the training process, the FNGLVQ classifier checks whether it is necessary to generate a new
codebook. If yes, then the classifier generates a new codebook. Some of the conditions to generate a
new codebook are:

1.  Too low similarity value between the input sample and closest codebook from the same class.
The similarity between the input sample and the most distant codebook from the different
classes is higher than the similarity between the input sample and the closest codebook from the
same class.
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During the training process, the classifiers are also able to delete the existing codebook. Some of
the conditions for deleting an existing codebook are:

1. Too high similarity value between the input sample and the closest codebook from different classes.
2. The similarity between the input sample and the most distant reference vector from the same
class is less than the similarity between input sample and closest codebook from different classes.

5. Proposed Method: Multi-Codebook Fuzzy Neuro Generalized Learning Vector Quantization
(Multi-codebook FNGLVQ)

5.1. The Problem, Motivation, and Idea

As mentioned in the introduction section, multi-modal data are data who features are spread
in several areas. An illustration of multimodal-data is shown in Figure 4. Look at the X-axis in
Figure 4. The figure shows the scatter plot and distribution of two classes—A (orange) and B (green).
The figure shows that the features of class A are distributed in two areas, while the features of class B
are distributed only in one area. We can say that class A has a multi-modal distribution, while class
B has a unimodal distribution. The figure also shows that the features of class B are distributed in
the area between the class A areas. To fit the data distribution, the fuzzy neural networks generate
a fuzzy reference vector (codebook), as illustrated by the triangle. Figure 4 demonstrates the two
approaches of fitting: by using a a single codebook (single reference vector), which is shown in
the upper image, and a multi-codebook (multiple reference vectors), which is shown in the bottom
image. The figure shows that the fitting done by using a single codebook produces a high overlap
between class A and class B, while fitting by using a multi-codebook produces less overlapping
between class A and class B. Therefore, the multi-codebook approach fits the multi-modal data better
than the single-codebook approach. The following paragraph continues the discussion between a
single-codebook and a multi-codebook fitting by using mathematical and numerical analyses.

single-codebook

e.® fitting
o A TY
200 ondh
L C Y. e
-‘ L'LH“L‘_ ¢ 3 \ )P uv
Rov, CofP 05
_‘J~ o ¥ high overlapping

high overlapping

multi-codebook
fitting
—

less overlapping

Figure 4. Single-codebook vs. multi-codebook for multi-modal data fitting.

Figures 4 and 5 show that the overlapping of class A and class B when using a multi-codebook
is less than the overlapping of A and class B when using a single-codebook. In a single-codebook,
the codebook of class A is illustrated by triangle 1, whereas the codebook of class B is illustrated by
triangle 2, and the similarity (overlapping) between the classes is noted as hj,. Each fuzzy triangle has
three values (min, mean, and max), e.g., triangle 1 has aj, b1, and c; representing its min, mean, and
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max. FNGLVQ uses a balance triangle so that c1-b1 is the same as bl-al. In multi-codebook approach,
triangle 1 is substituted by triangles 3 and 4, and the similarity between classes is noted as hy3 and hyy.
Since there are two codebooks, the worst case overlapping value is max (hy3, hys) The figure shows
that hys and hy, are less than hy,. By using the fuzzy membership function, as used in FNLVQ [37], we
could measure hiy, hys, and hyy In the triangle 1 perspective, we could compute hj, as follows:

Cl1—X h12
-1+ _ 12 21
C1 — b1 1 ( )
c1—x = hya(c; —by) (22)
x = c;—hp(c1 —b1) = c1 —hply (23)
—1 ___________ \ 1
/ e h12
h23 /
< Triangle-2
Triangle-1
h,s < .
Triangle- B Triangle-3 / 5 L’;a"g'“ .
a a:'b, x0 G C1 3 b a; Gb, z g T
0 0.5 1.0 0:5 1
Il I1 |3 |3 |4 |4
lz lZ Iz '2
Figure 5. The similarity between classes in single-codebook vs. multi-codebook for multi-modal
data fitting.
In the triangle 2 perspective, we could compute h;; as follows:
X —ap hyp
= —== 24
bz —ap 1 ( )
x—ay = hyp(by—a2) (25)
x = ap+hpp(by—az) = ayt+hph (26)
By combining Equations (23) and (25) for same x, we could compute h;; as follows:
x—ay = hyp(by —az) (27)
c1—hppli= ay+hppl (28)
hip(h+h)=c -a (29)
C1—ap
hi, = 30
2= 15, (30)
By using the same method, we could obtain the values of hy3 and hyy as follows:
C3z —ap
hyy = =< 31
e (31)
hyy = Q7 (32)

I +1y
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Assuming that we used a normalized feature space, for the case above we used the following
conditions: a; =0,¢c; =1,1; =05,0<a; <05,05<c <1,05<c3<1,a4 =c¢3,a3 =ay, ¢4 =,
ly+l3 =13 =0.5,¢c3 < cp, 0<1; < 0.5, and 0 < I3 < 0.5. Table 1 shows several probable values of the
triangles that result in values of hyy, hy3, and hy, that satisfy the conditions above. Table 1 shows
that the value of hy3 and hys were less than hj,. The table supports visual description in Figure 5
that by using the multi-codebook approach, the similarity (overlapping) between class A and class
B in FNGLVQ was less than the similarity (overlapping) between class A and class B when using
single-codebook approach.

Table 1. Comparison of Overlapping Values between the Single-Codebook and Multi-codebook
Approaches Given the Triangles Parameters.

a c2 I G =ay I3 I4=05-13 hyp hy3 hyy
0.4 0.9 0.25 0.8 0.4 0.1 0.80 0.62 0.29
0.3 0.9 0.3 0.7 0.3 0.2 0.88 0.67 0.40
0.25 0.9 0.325 0.6 0.2 0.3 0.91 0.67 0.48
0.4 0.8 0.2 0.7 0.4 0.1 0.86 0.50 0.33
0.3 0.8 0.25 0.6 0.3 0.2 0.93 0.55 0.44
0.25 0.8 0.275 0.5 0.2 0.3 0.97 0.53 0.52
0.4 0.75 0.175 0.65 0.4 0.1 0.89 0.43 0.36
0.3 0.75 0.225 0.6 0.3 0.2 0.97 0.57 0.35
0.25 0.75 0.25 0.55 0.2 0.3 1.00 0.67 0.36

Because of the motivation and analysis above, in this study, we propose multi-codebook FNGLVQ.
In this paper, we propose two types of a multi-codebook FNGLVQ—one that uses intelligent clustering
and another type that uses dynamic incremental learning. The use of the multi-codebook in fuzzy
neural networks is aimed at properly fitting the multi-modal distribution of the dataset. Intelligent
clustering is utilized to produce codebook instances before the training process, while dynamic
incremental learning is used to build codebooks during the training process. In a multi-codebook
method that uses intelligent clustering, codebooks are generated by using intelligent clustering before
the training process, and then the codebooks are updated during the training process. The motivation
of using intelligent clustering is to minimize the parameter tuning of the classifier. By using intelligent
clustering, the method does not need the input cluster number. Therefore, in the experiment, there
is no need to find the best cluster number. The intelligent clustering methods in this study are
the intelligent K-means clustering based on anomalous patterns and intelligent K-means based on
histogram information.

The second type of the proposed method is multi-codebook FNGLVQ that uses dynamic
incremental learning. This is the type of the proposed multi-codebook fuzzy neural networks
that gradually builds its structure during the training (learning) process. When the condition to
generate a new codebook is satisfied, the method generates a new codebook. Similar to the intelligent
clustering case, the motivation of using dynamic incremental learning is to minimize parameter tuning
in the experiment. By using dynamic incremental learning, there is no need to find the best thresholds
for the condition to generate a new codebook. Additionally, our preliminary research showed that
incremental learning with dynamic thresholds shows better performance compared to incremental
learning with a static thresholds [15].

5.2. Architecture

The architecture of the multi-codebook FNGLVQ is similar to the architecture of the original
FNGLVQ. As shown in Figure 6, the multi-codebook FNGLVQ has three layers: the input layer,
the middle (hidden) layer, and the output layer. The input layer acquires the input sample for the
classifier, the middle layer contains the reference vectors (codebooks) for each class, and the output
layer determines the winner vector. The main difference between the multi-codebook FNGLVQ and
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the original FNGLVQ is in its middle layer. The original FNGLVQ has one codebook for each class,
while the multi-codebook FNGLVQ has several codebooks for each class. The number of codebooks
between a class and another class may differ. For example, class A and class B have three codebooks,
but class C has only two codebooks.

feature

Input vector : : s
(training instance) .

C

L m

determining the winner
class as prediction label

reference vectors / codebooks closest codebook
of classes of each class

Figure 6. Architecture of FNLGVQ.

In this study, we propose two types of multi-codebook FNGLVQ methods. The first type is
multi-codebook FNGLVQ that uses intelligent clustering. This type has two versions; the first version
is a multi-codebook FNGLVQ that uses intelligent K-means clustering based on anomalous patterns,
and the second version is multi-codebook FNGLVQ that uses intelligent K-means clustering based on
histogram information. The multi-codebook FNGLVQ) that uses dynamic incremental learning also has
two versions, and we call them the multi-codebook FNGLVQ that uses dynamic incremental learning 1
and the multi-codebook FNGLVQ that uses dynamic incremental learning 2. Those two versions have
different conditions for generating a new codebook. Detailed explanations for proposed methods are
discussed in the following sub-section.

5.3. Proposed Method: Multi-codebook Fuzzy Neuro Generalized Learning Vector Quantization by Using
Intelligent Clustering

As mentioned before, the first type of the proposed method is the multi-codebook FNGLVQ
that uses intelligent clustering. In this type, codebooks are generated by using intelligent clustering.
The idea of this method is to divide the data into several groups by using the clustering method. Then,
each group is approximated by a reference vector (codebook) of the FNGLVQ classifier. Therefore,
multiple codebooks are expected to fit the multiple groups of the data. In other words, the multiple
codebooks are expected to cover the multi-modality of the data. The clustering methods utilized in
this study are intelligent K-means based on anomalous patterns and K-means based on histogram
information. As mentioned before, the motivation of using intelligent clustering is to minimize the
parameter tuning during the experiment, as the intelligent clustering does not need the cluster number
as the input. The clustering method automatically determines the best cluster number.

There multi-codebook FNGLVQ that uses intelligent clustering has several steps. The first step is
dividing the dataset based on class label. The second step is the clustering of the data of each class
into a number cluster. Say that the number of clusters is C: In intelligent clustering, the value of C is
automatically calculated by the method, not given manually. The next step is the pruning of the small
cluster. The clusters with small members are removed from groups. However, the pruning process
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is optional due to the preference. The next step is the codebook initiation. The method generates a
codebook from each cluster. The method then calculates the min, mean, and max values from the
instances in each cluster. The process is called fuzzification. The tuple (min, mean, and max) then
becomes a codebook for its class in FNGLVQ. If a class has C clusters, then it has C codebooks that
are generated before training. Then, the method performs the training process by using the FNGLVQ
training procedure. The training process of the multi-codebook FNGLVQ) that uses intelligent clustering
is conducted with the procedure shown in Algorithm 3.

Algorithm 3: Multi-codebook Fuzzy Neuro Generalized Vector Quantization By Using Intelligent Clustering
01: procedure MC-FNGLVQ-CLUSTERING

02: denote xq, Xp, X3, ... .Xp as instances

03: denote f1, fp, f3, ... .f;, as data features

04: denote cy, ¢, 3, . .. .Cy as class labels

05: for ¢c; = c1:cy do

06: denote C as number of clusters

07: denote f; = f1:f, where ¢ = ¢

08: do clustering to f., where C is a number of clusters as the result of intelligent clustering
09: forj = 1:C do//C = number of cluster

10: denote Cj as member of cluster-j

11: find min, mean, meax of C;

12: Use the min, mean, max to generate FINGLVQ codebook
13: end for

14: end for

15: for x; = X1:xn do

16: train x by using FNGLVQ method

17: end for

18 Repeat step 15-17 until the number of iteration (epoch) is satisfied

5.4. Proposed Method: Multi-Codebook FNGLVQ by Using Dynamic Incremental Learning

As stated in the introduction section, the second type of the proposed method is the multi-codebook
FNGLVQ that uses dynamic incremental learning. Different from the previous type of multi-codebook
methods, in the multi-codebook FNGLVQ that uses incremental learning, the reference vector (codebook)
of each class is gradually adjusted in the training process. Before training, the method generates
one reference vector per class. The generation of the initial codebook is the same as in the original
FNGLVQ. The initial codebook can be generated by using all instances or samplings of the data. Then,
in the training process, its codebook is gradually built (adjusted). The adjustment is conducted if the
condition to generate a new codebook in respect to the current input data is sufficient.

In this paper, we developed two variants of multi-codebook FNGLVQ methods that use static
incremental learning and dynamic incremental learning. In the static version, the condition to
generate a new codebook is set by using an input thresholds, while in the dynamic version, the
condition to generate a new codebook is set by using variables whose values change during the
training process. In this study, we propose two versions of multi-codebook methods that use dynamic
incremental learning, and these are named multi-codebook that uses dynamic incremental learning 1
and multi-codebook that uses dynamic incremental learning 2. Presented here are the conditions for
the static and dynamic versions of the proposed methods.

1.  Multi-codebook FNGLVQ that uses static incremental learning: In this version, a new codebook
is generated if the similarity of the winner vector is less than the given thresholds. The winner
vector is the nearest codebook/reference vector to the class that is the same as the input vector
class. The condition is written in the equation below, and the threshold is a constant that is
defined before training:

Wy < threshold (33)
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Multi-codebook FNGLVQ that uses dynamic incremental learning 1: In this version, a new
codebook is generated if the similarity of the input vector to its codebooks is less than the
minimum similarity of the input vector to the codebooks of other classes. The condition is written
in the equation below:

< K mins M min = min(yy), iis the class label, i # input class label (34)

Multi-codebook FNGLVQ that uses dynamic incremental learning 2: In this version, a new
codebook is generated if the similarity of the input vector to its codebooks is less than the mean
similarity of the input vector to the codebooks of other classes. The condition is written in the
equation below:

M < i means Hi mean = mean(y), iis class label, i # input class label (35)

There is no codebook removal in the proposed multi-codebook FNGLVQ. It is applied to avoid a

create-and-delete loop. The flow multi-codebook FLGLVQ that uses dynamic incremental learning is
shown in Algorithm 4:

Algorithm 4: Multi Codebook Fuzzy Neuro Generalized Vector Quantization Using Incremental Learning

01:
02:
03:
04:
05:
06:
07:
08:
09:
10:
11:
12:
13:
14:
15:
16:

procedure MC-ENGLVQ-CLUSTERING
denote xq, Xp, X3, ... .Xp as instances
denote wi, wa, w3, ... .wp as reference vector of class 1,2, ... p
initiate wy, wp, w3, ... .Wp
denote T as the condition of generating a new codebook as defined in eq 34 or 35//eq 33 for the static version
for x; = x1:xp do
denote y as the class label of x
compute p of x using equation 3, compute the similarity of x to codebooks of all classes
if u does not satisfy T then//T can be equation 34 or 35
train x using FNGLVQ method
else
state wynew as new codebook for class y
WyNe€Wmean = X
WyNeWpin = X — average(Wymean ~ Wymin)
WyNeWmax = X — average(Wymax — Wymean)
end for

6. Experiment Result and Analysis

6.1. Dataset

In this paper, we used a three package dataset that consisted of synthetic and benchmark datasets.

The SyntheticA package is a simple synthetic dataset that has two peaks, five classes, and two features.
This package has four instances, and the distribution of the data is shown in Figure 7. The second
package is SyntheticB, which is a synthetic dataset that contains eight instances of data. The datasets
have different numbers of classes and peaks, but all of them have five features.
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In addition to synthetic datasets, in this paper, we used a benchmark dataset. In this study, we
utilized an open dataset that was published in the UCI online database. The benchmark dataset
also consisted of the dataset from previous research. The benchmark dataset that was used in this
study has multi-modality in its features. The detail of the dataset used in this paper is described
in Table 2. The SyntheticA dataset is a small feature (two features) dataset, where all classes have
multi-modal distribution. The SyntheticB dataset is similar to the previous SyntheticA dataset, but
there are variations of numbers of classes and peaks, and its feature size is larger. The benchmark
dataset was taken from real datasets collected in previous studies where some features may have
multi-modal distribution and some features may not have had such. The distribution of all synthetic
and benchmark datasets is shown in Appendix A section.

Table 2. Detailed Information of the Datasets.

No Dataset Information #Classes #Features #Instances
1 SyntheticA-il 2peak;5class;2feature 5 2 10,000
2 SyntheticA-i2 2peak;5class;2feature 5 2 10,000
3 SyntheticA-i3 2peak;5class;2feature 5 2 10,000
4 SyntheticA-i4 2peak-5class;2feature 5 2 10,000
5 SyntheticB-i1 2peak;2class;5feature 2 5 4000
6 SyntheticB-i2 2peak;3class;5feature 3 5 6000
7 SyntheticB-i3 2peak;4class;5feature 4 5 8000
8 SyntheticB-i4 2peak;5class;5feature 5 5 10,000
9 SyntheticB-i5 3peak;2class;5feature 2 5 6000

10 SyntheticB-i6 3peak;3class;5feature 3 5 9000
11 SyntheticB-i7 3peak;4class;5feature 4 5 12,000
12 SyntheticB-i8 3peak;5class;5feature 5 5 15,000
13 Pinwheel [49] 5 2 5000
14 Glass UucI 6 9 214
15 Ionosphere ucCl 2 33 351
16 Breast Cancer Coimbra UCI 2 9 116
17 Wall Following UcClI 3 2 5456
18 Segment ucl 7 19 2310
19 Ecoli UucCI 4 7 336
20 Odor [37] 12 8 2400

6.2. Experiment Setup

In this paper, we developed two versions of multi-codebook FNGLVQ that use intelligent
clustering, three versions of multi-codebook FNGLVQ that use static incremental learning, and two
versions of multi-codebook FNGLVQ that use dynamic incremental learning.

Three packages of datasets were used in the experiment, and these consisted of synthetic and
benchmark datasets. The SyntheticA dataset was used in the first experiment. The aim of the first
experiment was to evaluate the performance of the proposed methods in the multi-modal dataset
because all features in the SyntheticA dataset had multi-modal distribution. In the experiment, we
analyzed the performance of the proposed method compared to the original FNGLVQ. The SyntheticB
dataset was used in the second experiment. The second experiment aimed to observe the performance
of the proposed methods in the variation of peaks and classes of the multi-modal dataset. Overall,
the synthetic dataset was used to evaluate the proposed methods in multi-modal data because all
features in the synthetic dataset had multi-modality. The benchmark dataset was used in the third
experiment. The benchmark dataset used in this study had a multi-modal distribution of its features.
The aim of this experiment was to observe the performance of the proposed method in a real dataset.
The benchmark dataset had a sign of multi-modality in its features. However, not all features in the
data had multi-modal distribution. This meant that some features had multi-modal distribution but
some features did not. Therefore, the benchmark dataset was used to measure the performance of the
proposed methods in the partly multi-modal data.
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In the experiment, we evaluated both multi-codebook FNGLVQ methods that use intelligent
clustering and incremental learning. As mentioned before, we tried three static threshold values, i.e., 0.1,
0.2, and 0.25, for the multi-codebook method that uses static incremental learning. We had two versions
of multi-codebook FNGLVQ that use dynamic incremental learning. Version 1 used Equation (34) to
generate a new codebook, while version 2 used Equation (35) to generate a new codebook. For the
multi-codebook FNGLVQ that uses clustering, we used intelligent clustering based on anomalous
patterns and intelligent K-means clustering that uses histogram information. In this study, the
proposed method was run for 100 iterations (epoch), alpha = 0.05, gamma = 0.00005, beta = 0.00005,
and delta = 0.1. The experiment was conducted by using five-fold cross-validation. The parameter
was chosen based on a preliminary experiment to find the most suitable FNGLVQ parameter. In the
preliminary experiment, we tried the combination of alpha = {0.1, 0.05}, beta = {0.00001, 0.00005}, and
gamma = {0.00001, 0.00005}, and we found that the last parameter had the best performance.

In the benchmark dataset, we compared the proposed method to the classical machine learning
methods such as Naive Bayes, SVM, MLP, tree bagging, and random forest. Additionally, the
proposed method was compared to convolutional neural network (CNN) and dense layer methods.
The comparator methods were implemented in Python, while the proposed method and original
FNGLVQ were implemented in Matlab. The SVM method uses the radial basis function (RBF) kernel.
The MLP uses a quasi-Newton optimizer, epoch = 200, and a 3 x 10 hidden layer size. The tree bagging
and random forest use 10 estimators (weak classifiers) and the Gini index as criteria. There were two
versions of the CNN used in the experiment. The first CNN version was CNN2L, which was taken
from the VGG16 model, but it only uses one convolution block. The second version of the CNN has 10
convolution layers, but the previous version only used 2 layers. There are three versions of dense layer
classifiers: the first version has two dense layers, the second version has 10 layers, and the third version
has 10 layers and a dropout value of 0.2. The previous version of the classifiers including CNN used a
dropout value of 0.5. The CNNs and dense layers used in this experiment had the following structure:

1.  CNN2L: Input-Padd-Conv-Padd-Conv-Pool-Flat-Dense-Drop-Dense-Drop—-Output.
CNN10L: Input-Padd-Conv-Padd-Conv-Padd-Conv-Padd-Conv-Padd-Conv-Padd-Conv-Padd-
Conv-Padd-Conv-Padd-Conv-Padd-Conv-Pool-Flat-Dense-Drop-Dense-Drop-Output.

3. Dense2L: Dense-Drop-Dense-Drop-Output.

4. Densel(OL: Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-
Drop-Dense-Drop-Dense-Drop-Dense-Drop-Output.

5. Densel0L02: Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-Drop-Dense-
Drop-Dense-Drop-Dense-Drop-Dense-Drop-Output, dropout value = 0.2.

6.3. Result of Scenario 1: Experiment on SyntheticA Dataset

The result of the scenario 1 experiment is shown in Figure 8. The figure shows that from four
instances of the SyntheticA package dataset, multi-codebook FNGLVQ that uses intelligent clustering
had a higher accuracy than incremental learning by a 4% margin. The dynamic incremental learning
achieved a better performance than static incremental learning by a 5% margin.

The highest accuracy was achieved by multi-codebook FNGLVQ that uses intelligent K-means
clustering based on histogram information, followed by the multi-codebook FNGLVQ that uses
intelligent clustering based on anomalous patterns, the multi-codebook FNGLVQ that uses dynamic
incremental learning 2, the multi-codebook FNGLVQ that uses dynamic incremental learning 1, and
the multi-codebook FNGLVQ that uses static incremental learning. However, the performance of the
static incremental learning versions was not stable. It is shown in the figure that in SyntheticA instance
1, the static incremental learning version with 0.2 thresholds had a better accuracy than the original
FNGLVQ, but in SyntheticA instances 2, 3, and 4, it had a lower accuracy than the original FNGLVQ.
The static incremental learning version with 0.1 thresholds achieved a good performance in SyntheticA
instances 1 and 2, but its performance in SyntheticA instances 3 and 4 dropped. Similar to the previous
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cases, static incremental learning with 0.25 thresholds achieved a good performance in SyntheticA
instances 1, 3 and 4, but on the other hand, it had low performance in SyntheticA instance 2.
Overall, both multi-codebook methods that use intelligent clustering and dynamic incremental
learning had better performances than the original FNGLVQ. However, the multi-codebook FNGLVQ
that uses static incremental learning has worse performance than the original FNGLVQ in some
cases, i.e., instances 2 and 4 in the SyntheticA dataset. The scenario 1 experiment also showed that
in the SyntheticA dataset, the multi-codebook FNGLVQ that uses intelligent clustering had a better
performance than the multi-codebook FNGLVQ that uses dynamic incremental learning.
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Figure 8. Results of the SyntheticA dataset: (a) instance 1, (b) instance 2, (c) instance 3, and (d) instance
4. X-axis = epoch; y-axis = accuracy.

6.4. Result of Scenario 2: Experiment on SyntheticB Dataset

The experiment result in the SyntheticB dataset is shown in Table 3. Here, the multi-codebook
FNGLVQ that uses intelligent K-means based on histogram information had the highest performance
of 83.91%, on average. This was followed by the multi-codebook FNGLVQ that uses dynamic
incremental learning 2, the multi-codebook FNGLVQ that uses IK-means based on anomalous patterns,
and the multi-codebook method that uses incremental learning 1 with 81.79%, 81.77%, and 75.33%
performances, respectively.

Both multi-codebook FNGLVQ methods that use intelligent clustering and dynamic incremental
learning had better accuracy values than the original FNGLVQ in all instances of the SyntheticB dataset.
On average, the dynamic incremental learning version 1 achieved a margin of more than 25% compared
to the original method, while the dynamic incremental learning version 1 achieved a margin greater
than 20%. The multi-codebook method that uses intelligent K-means clustering based on histogram
information achieved an improvement greater than 28%, while the intelligent K-means clustering based
on anomalous patterns version achieved an improvement greater than 26%, as compared to the original
classifier. The static incremental learning version with 0.1 thresholds achieved the lowest accuracy
on average, which was even less than the original classifier accuracy. The static incremental learning
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version with the 0.25 thresholds achieved a better accuracy with a 10% margin on average, though
not in all instances of the SyntheticB dataset. It had a better performance than the original classifier.
The static incremental learning with 0.2 thresholds also had a higher accuracy than the original method
with a 7% margin on average, even though it had the same case as the static version when it had 0.25
thresholds where not in all instances of the SyntheticB dataset It had better performance than the
original version. Those static versions with 0.2 and 0.25 thresholds had lower accuracy values than the
original version in some instances of the SyntheticB dataset, e.g., in the fourth instance.

Table 3. Experiment Results of the SyntheticB Dataset.

FNGLVQ MC MC MC MC MC MC FNGLVQ MC FNGLVQ
Dataset ORIGINAL FNGLVQIL FNGLVQIL FNGLVQIL FNGLVQIL FNGLVQIL IK-MEANS IK-MEANS
STATIC 0.1 STATIC0.2 STATIC0.25 DYNAMIC1 DYNAMIC2 ANO HIST
SyntheticB-i1 70.1 70.02 70.6 71.15 85.97 84.8 85.88 86.8
SyntheticB-i2 52.35 52.3 74.28 75.35 82.1 85.58 87.3 87.85
SyntheticB-i3 53.46 50 59.94 59.59 78.61 83.34 86.46 85.32
SyntheticB-i4 46.17 46.67 4591 45.59 58.63 70.6 73.02 71.63
SyntheticB-i5 62.62 63.1 74.56 86.97 89.32 89.48 87.21 91.5
SyntheticB-i6 54.3 54.23 66.3 73.14 82.8 84.51 83.59 89.29
SyntheticB-i7 53.54 51.41 56.99 61.71 64.84 82.47 78.76 84.48
SyntheticB-i8 48.17 51.6 51.53 5231 60.37 73.5 71.93 7443
Average 55.09 54.92 62.51 65.73 75.33 81.79 81.77 83.91

6.5. Result of Scenario 3: Experiment on Benchmark Dataset

The results of the experiment on the benchmark dataset is shown in Table 4. The table shows
that on the benchmark dataset, on average, all versions of the proposed method had a better accuracy
than the original FNGLVQ. In the benchmark dataset experiment, the best accuracy was achieved
by the multi-codebook method that uses dynamic incremental learning version 1, followed by
dynamic incremental learning version 2, static incremental learning 0.25, static incremental learning 0.2,
intelligent K-means clustering based on histogram information, intelligent K-means clustering based on
anomalous patterns, and static incremental learning 0.1, with 83.91%, 83.23%, 81.92%, 80.92%, 80.78%,
78.88% and 78.74% average accuracy values, respectively. Compared to the original FNGLVQ, the
multi-codebook methods that use dynamic incremental learning 1 and dynamic incremental learning 2
achieved 5.31% and 4.63% margins, respectively. Surprisingly, the multi-codebook method that uses
intelligent clustering had a lower performance of 3% below the dynamic incremental learning version.
However, It was still higher than the original version with a 2% margin. The static incremental learning
versions also had a better accuracy than the original version with 3%, 2% and 0.16% margins for static
incremental learning with thresholds 0.25, 0.2 and 0.1, respectively.

Table 4. Experiment Results of the Benchmark Dataset.

Dataset Pinwheel Glass  Ionosphere Br?;itn?]:rr;cer Fol‘{‘;avsllling Segment  Ecoli Odor  Average
FNGLVQ-ORIGINAL 92.24 59.25 88.60 64.67 78.42 80.86 89.28 75.45 78.60
MC-FNGLVQ-IL-STATIC-0.1 92.96 57.01 90.31 64.67 83.76 79.69 86.28 75.21 78.74
MC-FNGLVQ-IL-STATIC-0.2 94.78 60.20 90.60 64.67 79.46 85.67 90.46 81.54 80.92
MC-FNGLVQ-IL-STATIC-0.25 95.24 60.74 90.31 66.30 79.03 87.01 91.63 85.08 81.92
MC-FNGLVQ-IL-DYNAMIC1 94.76 62.20 91.17 68.20 86.44 87.88 94.05 86.58 83.91
MC-FNGLVQ-IL-DYNAMIC2 99.44 71.43 90.04 62.86 86.99 93.68 75.46 85.92 83.23
MC-FNGLVQ-IK-MEANS-ANO 94.41 55.72 93.43 63.96 73.15 85.58 87.20 77.58 78.88
MC-FNGLVQ-IK-MEANS-HIST 91.08 59.85 91.15 69.18 84.04 86.70 86.00 78.25 80.78
Naive Bayes 90.00 53.00 84.00 61.00 90.00 79.00 63.00 71.00 73.88
SVM 100.00 56.00 90.00 52.00 93.00 60.00 85.00 89.00 78.13
MLP 99.00 35.00 90.00 48.00 40.00 13.00 72.00 58.00 56.88
Bagging Tree 73.00 72.00 89.00 61.00 84.00 95.00 82.00 87.00 80.38
Random Forest 93.00 58.00 86.00 57.00 94.00 78.00 82.00 45.00 74.13
CNN2L 99.9 24.34 59.14 53.04 97.51 13.55 99.4 99.37 68.28
CNN10L 39.72 31.44 70.29 55.65 40.42 15.29 52.23 24.42 41.18
Dense2L. 98.16 21.11 57.14 44.35 98.55 13.82 99.7 60.23 56.41
Densel0L 23.49 31.37 55.99 46.96 66.95 14.42 42.69 15.71 37.20
Dense10L02 62.28 23.52 61.14 46.96 40.42 14.02 34.92 88.38 46.46

Compared to the commonly used classifiers, the proposed method still had a better performance
overall. The proposed method achieved 3%. 5%, 9%, 10%, 10%, and 27% performances compared
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to the tree bagging, SVM, random forest, Naive Bayes, and MLP methods. The CNN and dense
layers classifiers performed very well in some datasets, but they performed very poorly in other
datasets. For example, the classifiers performed very well in the pinwheel, wall following, ecoli, and
odor datasets, but they performed very poorly in the glass and segment datasets. Overall, the best
achievement came from the CNN and dense layers methods at 68.28% and 56.88%, respectively. This
means that, compared to the CNN and dense layers methods, the proposed had a higher accuracy
with a margin of more than 15%. Table 4 also shows than adding layers to the CNN and dense layers
methods did not increase their performances. It did increase the performance in a few datasets but
decreased the performances in other datasets by a significant amount. Using a dropout value of 0.2 in
Densel0L02 version increased the performance of the classifiers from 37.20% to 46.46%, on average.
However, if we look closer, the improvement only occurred in three of the eight tested datasets.

6.6. Improvement of Proposed Method Compared to Original FNGLVQ

The improvement of the proposed methods compared to original FNGLVQ on both the synthetic
and benchmark datasets is summarized in Table 5. Table 5 shows that multi-codebook FNGLVQ
that uses intelligent K-means based on anomalous patterns achieved 22.24%, 0.28%, and 13.26%
margins on the synthetic dataset, the benchmark dataset and the average of all datasets, respectively.
The multi-codebook FNGLVQ that uses intelligent K-means based on histogram information achieved
23.90%, 2.10% and 15.02% margins on the synthetic dataset, the benchmark dataset and the average of
all datasets, respectively. The multi-codebook FNGLVQ that uses dynamic incremental learning version
1 achieved 15.65%, 5.31%, and 11.42% margins on the synthetic dataset, the benchmark dataset, and
the average of all datasets, respectively. The multi-codebook FNGLVQ that uses dynamic incremental
learning version 2 achieved 21.08%, 4.63%, and 14.35% margins on the synthetic dataset, the benchmark
dataset, and the average of all datasets, respectively. The multi-codebook FNGLVQ that uses static
incremental learning with a 0.25 threshold value achieved 7.70%, 3.32%, and 5.91% margins on the
synthetic dataset, the benchmark dataset, and the average of all datasets, respectively. The static
incremental learning version with a 0.2 threshold value achieved 5.44%, 2.33% and 4.16% margins on
the synthetic dataset, the benchmark dataset, and the average of all datasets, respectively. However,
the static incremental version with a 0.1 threshold value a had a slight improvement. The improvement
was less than 1% in the synthetic dataset, the benchmark dataset, and the average of all datasets.

Table 5. Improvements of the Proposed Method.

Dataset MCFNGLVQ MCFNGLVQ MCENGLVQIL MCFNGLVQIL MCENGLVQIL  MCENGLVQ MC FNGLVQ
IL STATIC0.1 ILSTATIC0.2  STATIC 0.25 DYNAMIC1 DYNAMIC2  IK-MEANSANO  IK-MEANS HIST
SyntheticA-il 263 356 6.39 1543 18.83 21.12 23.66
SyntheticA-i2 11 ~1.02 0.01 1.56 248 7.83 8.16
SyntheticA-i3 3.83 291 1.99 67 1347 14.33 15.12
SyntheticA-i4 052 0.39 ~1.14 2.16 162 102 932
SyntheticB-il -0.08 05 1.05 15.87 147 15.78 16.7
SyntheticB-i2 ~0.05 21.93 23 29.75 33.23 34.95 355
SyntheticB-i3 -3.46 648 6.13 25.15 29.88 33 31.86
SyntheticB-i4 05 —0.26 -0.58 12.46 2443 26.85 25.46
SyntheticB-i5 048 11.94 24.35 26.7 26.86 24.59 28.88
SyntheticB-i6 -0.07 12 18.84 285 30.21 29.29 34.99
SyntheticB-i7 -2.13 3.45 8.17 113 28.93 25.22 30.94
SyntheticB-i8 343 3.36 414 122 25.33 23.76 26.26
Pinwheel 0.72 2.54 3 252 72 217 ~1.16
Glass 224 095 1.49 295 1218 -3.53 06
Ionosphere 171 2 171 2.57 1.44 4.83 2.55
Breast Cancer 0 0 1631 3531 ~1811 ~0.714 451
Coimbra
Wall Following 534 1.04 0.61 8.02 8.57 -5.27 5.62
Segment -117 481 615 7.02 12.82 472 5.84
Ecoli -3 1.18 235 477 ~13.82 -2.08 -3.28
Odor -0.24 6.09 9.63 11.133 10.47 213 2.8
Average 0.56 5.44 7.70 15.65 21.08 2224 23.90
Synthetic
Average 0.14 2.33 3.32 531 4.63 0.28 219
Benchmark

Average All 0.39 4.16 5.91 11.42 14.35 13.26 15.02
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6.7. Analysis of Variance (ANOVA) Test for Significance Testing

In the previous subsection, we showed that the proposed multi-codebook methods had
performance improvements over the original FNGLVQ. This sub-section discusses whether the
improvements are significant. We conducted significant testing by using a one-way analysis of variance
(ANOVA) test. A one-way ANOVA test is a statistical technique that is used to compare means of two
or more samples by using F-distribution [50]. The ANOVA tests a null hypothesis if two or more sets
of observations are drawn from populations with the same mean. In this study, the ANOVA test was
used to test the significance difference between two classifiers based on their performance on the tested
datasets. In this analysis, if the null hypothesis was not rejected, then the two tested classifiers were
not significantly different. In the other side, if the null hypothesis was rejected, then the performance
of the two tested classifiers was significantly different.

Each of the proposed multi-codebook versions was tested by using an ANOVA test with the
original FNGLVQ. The ANOVA test was conducted by using all 20 instances of the datasets (12 synthetic
datasets and 8 benchmark datasets), as mentioned in the previous subsection. The test was conducted
by using a significant level (x) 0.05. There were two conditions that could be used to reject the null
hypothesis. The first condition was based on the F-test, where the null hypothesis was rejected if the F
value was more than Fc. The second condition was based on the p-value, where the null hypothesis
was rejected if the p-value was less than 0.05.

Table 6 shows the summary of significance testing by using NOVA for the proposed methods
compared to the original method. The table shows that from 20 cases of the tested dataset, the
proposed multi-codebook FNGLVQ that use intelligent clustering and dynamic incremental learning
had significant improvements compared to the original classifier, whereas the multi-codebook method
that uses static incremental learning version had no significant improvement. However, looking to
the values of F, Fc, and p-value, it can be seen that the multi-codebook FNGLVQ that uses dynamic
incremental learning version 1 had a slightly different value from the thresholds. The F value of the
method was 4.355, which is close to the Fc value 4.098. Its p-value was also near the thresholds (0.05)
with 0.0437.

Table 6. Summary of Significance Testing by Using One-Way ANOVA.

F Fc p-Value Significance
MC_FNGLVQ_STATIC_0.1 0.005 4.098 0.9439 No
MC_FNGLVQ_STATIC_0.2 0.559 4.098 0.4593 No
MC_FNGLVQ_STATIC_0.25 1.083 4.098 0.3047 No
MC_FNGLVQ_DYNAMIC1 4.355 4.098 0.0437 Yes
MC_FNGLVQ_DYNAMIC2 7.63 4.098 0.0088 Yes
MC_FNGLVQ_IKMEANS_ANO 7.066 4.098 0.0114 Yes
MC_FNGLVQ_IKMEANS_HIST 9.215 4.098 0.0043 Yes

6.8. Discussion and Recommendation

The proposed multi-codebook FNGLVQ was tested in the synthetic and benchmark datasets.
The synthetic dataset was the dataset where all features of the data had multi-modal distribution.
The synthetic dataset consisted of two, and tree modals (peaks), and two to five classes. The synthetic
dataset also had a high overlap between classes. The high overlap between classes is shown in the
Appendix A section. Both multi-codebook FNGLVQ methods based on intelligent clustering and
dynamic incremental learning achieved higher performances than the original FNGLVQ on each dataset
instance. On the SyntheticB dataset, the proposed method achieved 83.91% and 81.79% performances
for multi-codebook methods that use intelligent clustering and incremental learning, respectively, while
the original FNGLVQ achieved a performance of 55.09%. The proposed method’s performance was
indeed still below 90%. However, this study was intended to show the improvements of the proposed
method compared to the original FNGLVQ. The proposed method achieved a 23.90% improvement on
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the SyntheticA and SyntheticB datasets. The good news is the proposed multi-codebook FNGLVQ still
has room for improvements in future studies.

Beside being tested in the synthetic dataset, the proposed multi-codebook methods were also tested
in the benchmark dataset. The aim of the experiment on the benchmark dataset was to test the method
with real data that were naturally taken from the real world. The datasets had signs of multi-modal
on their features (but not all features). This is shown in Appendix A figures. The experiment result
showed that overall the proposed methods achieved better performance than the original FNGLVQ.
The highest performance was achieved by a multi-codebook method that uses dynamic incremental
learning 1, with a 5.3% improvement compared to the original FNGLVQ. This was followed by the
multi-codebook method that uses dynamic incremental learning 2, with a 4.63% improvement. In the
benchmark dataset, the multi-codebook method that uses intelligent clustering performed below the
dynamic incremental version, with only a 2.19% improvement, on average. Based on the experiment
results, the author recommends using the multi-codebook FNGLVQ that uses intelligent K-means
clustering based on histogram information in datasets where all features have multi-modal distribution.
Meanwhile, in datasets where only several (not all) features have multi-modal distribution, the author
recommends using the multi-codebook FNGLVQ that uses dynamic incremental learning.

This study also proves that the proposed multi-codebook FNLGVQ that use intelligent clustering
and dynamic incremental learning have significant improvements compared to the original FNGLVQ.
The significant improvement was tested by using the ANOVA test from 20 instances of the synthetic
and benchmark datasets. The ANOVA test also proved that the multicode-book FNGLVQ that uses
static incremental learning has a insignificant improvement over the original FNGLVQ

7. Conclusions

In this study, we proposed multi-codebook FNGLVQ that use intelligent clustering and dynamic
incremental learning. There are two variations of the multi-codebook FNGLVQ that uses the intelligent
clustering approach: One uses intelligent clustering based on anomalous patterns, and the other uses
intelligent clustering based on histogram information. There are two variations of the multi-codebook
FNGLVQ that uses the dynamic incremental learning approach: One compares the similarity of the
winner class and the mean of other class similarities, and the other compares the similarity of the winner
class and the min of other classes similarities to generate a new codebook. Overall, the multi-codebook
FNGLVQ that uses incremental learning 1 was found to achieve improvements of 15.65%, 5.31% and
11.42% on the synthetic dataset, the benchmark dataset and the average of all datasets, respectively.
The multi-codebook FNGLVQ that uses incremental learning 2 was found to achieve improvements
21.08%, 4.63%, and 14.35% on the synthetic dataset, the benchmark dataset, and the average of all
datasets, respectively. The multi-codebook FNGLVQ that uses intelligent clustering based on anomalous
patterns was found to achieve improvements of 22.24%, 0.28%, and 13.26% on the synthetic dataset,
the benchmark dataset, and the average of all datasets, respectively. The multi-codebook FNGLVQ
that uses intelligent clustering based on histogram information was found to achieve improvements
of 23.90%, 2.10%, and 15.02% on the synthetic dataset, the benchmark dataset, and the average of
all datasets, respectively. An ANOVA test concluded that the multi-codebook FNGLVQ that use
intelligent clustering and dynamic incremental learning have significant improvements compared to
the original FNGLVQ. The author recommends utilizing multi-codebook FNGLVQ that uses intelligent
K-means clustering based on histogram information if all the features have multi-modal distribution
and utilizing the multi-codebook FNGLVQ that uses dynamic incremental learning 1 if only several
features have multi-modal distribution.

8. Future Works

As stated in the previous sub-section, the proposed methods do have room for improvements
to achieve better performance in multi-modal data classification. There are several insights that are
worth trying in future studies. The first insight is combining intelligent clustering and dynamic
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incremental learning into one integrated method. The second insight is modifying incremental learning
with an add-and-delete codebook mechanism. The codebook addition is used when the existing
codebooks cannot properly fit the input vector, while the codebook deletion is used when the existing
codebooks overfit the input vector. However, the add-and-delete mechanism should be supported by
additional control to void add-and-delete loop during training. The third insight is using a distribution
approximation method such as that of the Markov Chain Monte Carlo (MCMC) to approximate the
data distribution and resample the data. The resampling will be beneficial for data with a small number
of instances and in a cluster with few members. Using more samples will produce a better codebook,
such as a codebook that has better generalization capability.
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Appendix A The Distribution of SyntheticA Dataset
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Figure A1. The Distribution of SyntheticA Dataset.
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Appendix B The Distribution of SyntheticB Dataset
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Appendix C The Distribution of Benchmark Dataset
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