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/e paper aims to propose a distributed method for machine learning models and its application for medical data analysis. /e
great challenge in the medicine field is to provide a scalable image processing model, which integrates the computing processing
requirements and computing-aided medical decision making. /e proposed Fuzzy logic method is based on a distributed
approach of type-2 Fuzzy logic algorithm and merges the HPC (High Performance Computing) and cognitive aspect on one
model. Accordingly, the method is assigned to be implemented on big data analysis and data science prediction models for
healthcare applications. /e paper focuses on the proposed distributed Type-2 Fuzzy Logic (DT2FL) method and its application
forMRI data analysis under amassively parallel and distributed virtual mobile agent architecture. Indeed, the paper presents some
experimental results which highlight the accuracy and efficiency of the proposed method.

1. Introduction

Today, computer science technologies apply artificial intelli-
gence and data sciencemodels in order to design new intelligent
applications, such as fraud detection and recommendation
engine./ese applications have to deal with big data sets, which
need to be processed for extractingmeaningful information and
predict unknown patterns. To do so, they introduce the use of
machine learning models based on complex algorithms such as
classification and clustering algorithms.

Consider the great number of unstructured datasets and
the complex algorithms that these applications have to deal
with. /eir efficiency relies on their capability to manage
these challenges. For example, running amedical application
for image analysis requires high processing power and a
scalable clustering method. Clustering algorithms which are
widely applied in the medicine field have been used by many
researchers for MRI image classification. As an illustration,
they proposed a parallel Fuzzy c-means method for image
segmentation analysis in [1] and for clustering large data sets

on a parallel SPMD architecture using MPI tools in [2]. For
the type-2 Fuzzy, some parallel implementation are pro-
posed such as in [3] over FPGA technology. /e question of
how distributed clusteringmethods can improve the big data
analysis and provide an effective tool for decision making
models then arises. Consider the considerable requirements
of medical big data analysis and decision making models
based on clustering methods. /e paper focused on pre-
senting a cooperative machine learning model based on the
distributed type-2 Fuzzy method that combines computa-
tional processing requirements and the cognitive aspect.
/is paper is organized as follows:

We will describe the machine learning model-based
mobile agents and their main components, which are a
team leader agent and AVPEs agents (Section 3)
We will focus on presenting the proposed distributed
DT2FL method (Section 4) and demonstrating its
promising advantages through medical image analysis
application (Section 5)
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2. Background

To highlight the aim of this paper, we start with a brief
overview of machine learning models [4, 5] and their
ability to perform prediction, pattern recognition, and
decision making. /ese models provide the computers by
the teaching behavior to learn from datasets and lead
humans to convey their field expertise to them in order to
design and implement smart systems, which are not ex-
plicitly programmed. /ese, later, are able to collaborate
with humans and bring relevant solutions. For example, in
the banking sector, the machine learning model is
implemented in order to provide a fraud-detection system
able to detect the fraudulent transactions. It is also
implemented in social media for face recognition and in
commerce for product recommendation to the customers.
/erefore, there are three types of machine learning
methods, where each one deals with a specific kind of
problems.

Supervised learning: the algorithms of this type learn
from training datasets in order to predict outcomes,
where the output results are given in the training
process
Unsupervised learning: the algorithms of this type find
patterns without using training datasets. Examples of
these algorithms are clustering and anomaly detection
Reinforcement learning: the algorithms of this type
make decisions according to their past experience

/e clustering algorithms are based on complex com-
puting tasks and large datasets. /ey have a variety of ap-
plications such as image segmentation, medical imaging, and
anomaly detection. /us, it seems that these methods play a
great role in designing and implementing effective machine
learning models./is means that their performance depends
on the clustering’s algorithm scalability. /e distributed
clustering method is a new paradigm that allows performing
tasks in distributed nodes. Assume that the task Tneeds to be
performed on large datasets D. /e task T will be split into
two global tasks, one executed by the host node and the
second executed by all the slave nodes in the model. Fur-
thermore, the data D will also be split into (me× ne) ele-
mentary data Dj {j� 1, . . . , (me× ne)} and distributed to the
node, by the way that they perform collaborative clustering
tasks.

/e multiagent system (MAS) [6] is a distributed
technology system composed of a set of distributed agents
which live and cooperate between each other using their
intelligence and skills in different environments in order to
overcome complex challenges. For example, in [7], the
authors proposed a platform to facilitate the provision of
home-care services based on an agent three-layered archi-
tecture. In [8], the authors presented the improvement of the
time efficiency of a medical reasoning system based on a
multiagent architecture. /us, how can the distributed
clustering paradigm and mobile agents be both the prom-
ising solution for scalable clustering methods and machine
learning models?

3. Autonomous Fuzzy Logic Model for
Data Analysis

/e distributed type-2 Fuzzy logic method is a new effi-
cient and accurate machine learning model (Figure 1) for
performing medical applications in a distributed system.
/e proposed method is based on cooperative mobile
agents as Agent Virtual Processing Elements (AVPEs) in
order to perform complex computational tasks and
process intensive datasets over a distributed virtual ar-
chitecture. Clustering techniques are one of the unsu-
pervised machine learning methods which need intensive
computational power. /e proposed method provides the
computational capabilities for these requirements. Al-
though, the cognitive aspect of the computational team
enhances the method features in order to provide accurate
medical decision making. For example, in order to execute
an MRI image segmentation-based type-2 Fuzzy clus-
tering method, when the application is deployed, the
cooperative DT2FL team works will be created. Its main
components are the team leader agent and AVPEs (Agent
Virtual Processing Elements) agents. /e team leader
agent is initialized by the input dataset, which is parti-
tioned into (me × ne) elementary images and deploys
NA = (me × ne) AVPEs agents. Each AVPE agent encap-
sulates its dataset and achieves tasks and sends the results
to their team leader agent. At the end, the team leader
agent gets the final results, which are used for accurate
medical diagnosis. /is is performed by the team leader
agent under an embedded model, which enables auton-
omous detection of medical diseases and healthcare
prediction (Figure 1).

4. Distributed Type-2 Fuzzy Logic Method

4.1. StandardMethod. /e Type-2 Fuzzy algorithm [9] is an
extended version of Fuzzy c-means algorithm, and which is
based on the method concepts for data clustering to c
clusters. Beside, the Type-2 Fuzzy method integrates a new
membership matrix aij assigned to the membership matrix.
/e method grants the convergence of the class centers to
accurate values in the presence of noise compared to the
Fuzzy c-means, and which minimize the objective function J
given by the following equation:

J � 
c

i�1
Ji � 

c

i�1


n

j�1
a

m
ij d

2
vi, xj . (1)

In each iteration, the new class centers and the mem-
bership matrices are computed, respectively, by the fol-
lowing equations:

Vi �


N
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ij xj


N
j�1 am
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aij � uij −
1 − uij 

2
, (3)
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uij �
1


c
k�1 dij/dkj 

2/(m− 1)
. (4)

/e clustering of datasets based on standard Type-2
Fuzzy algorithm (Figure 2) is achieved according to the
following algorithm’s steps:

Step 1: Initialization
(i) Initialize the fuzzification parameter.
(ii) Choose the number of clusters C.
(iii) Initialization of the clusters centers

V
(0)
i (i � 0, . . . , c) and the threshold Eth.

For each iteration t
{
Step 2: Determination of the membership matrices

(i) Determine the membership matrix uij by (4).
(ii) Determine the membership matrix aij by (3).

Step 3: Compute the objective function J by (1).
Step 4: Test of convergence

if (|Jt − Jt−1|< Eth)
the algorithm converges (i.e. go to step 6).

else
go to step 5.

Step 5: Calculate the new class centers V
(t)
i by (2), and

repeat the loop from step 2.

Step 6: End.
}

4.2. DistributedMethod. /is section is investigated to present
the proposed distributed type-2 Fuzzy algorithm (DT2FL) and
its implementation in cooperative distributed virtual architec-
ture based on mobiles agents. /e input dataset of the machine
learning model is loaded in a virtual architecture of size
(me× ne). In the model, each agent virtual processing element
(AVPE(g)) handles its assigned elementary dataset ed(e) and
performs the different algorithm’s steps. /e computational
algorithm’s steps are achieved by the team leader agent in
cooperation with the AVPEs agents in parallel, within distrib-
uted grid computing. /e proposed DT2FL algorithm involves
the 3 steps: initialization, grid construction, and distributed type-
2 Fuzzy clustering, which are summarized in (Figure 3) and
detailed as follows:

4.2.1. Step 1: Initialization. In this step, the team leader
agent is initialized by the required algorithm’s inputs:

Dataset
Number of clusters c
/e value of column ne and line me needed for creating
the AVPE grid of size (me, ne)

4.2.2. Step 2: Grid Construction. In this step, the team leader
agent starts by partitioning the input dataset D into a set of

MRI image Elementary images
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ne
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Figure 1: Autonomous clustering model based on a mobile agent.
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(me× ne) elementary dataset. /en, it deploys NA� (me× ne)
AVPE agents, which are initialized by the elementary dataset
(Figure 4), one per AVPE(g). When it is performed, each
AVPE(g) moves to its appropriate distributed node, where it is
supposed to perform its tasks.

4.2.3. Step 3: Distributed Type-2 Fuzzy Clustering. In this
step, the team leader agent chooses the initial class centers
V

(0)
i (i� 1, . . ., c) and the threshold Eth, while each AVPE(g)

encapsulates the tasks and loads its elementary dataset e.
For each iteration t,

{
1: the team leader agent sends the class centers to all

the AVPEs.
2: each agent AVPE(g) gets the class centers from its

message and performs the distributed elementary clus-
tering task. Besides, each one determinates the mem-
bership matrix uij, and aij, and sends the results DER1,
DER2, and DER3 to the team leader agent. /ese results
consist of the following components:

DER1(g, i) � 
di

j�1
a

m
ij xj, (5)

DER2(g, i) � 
di

j�1
a

m
ij , (6)

DER3(g) � 

di

j�1


c

i�1
a

m
ij d

2
vi, xj , (7)

where DER1(g, i) contains the results of the sum of (Am × e)
computed for each class center i. DER2(g, i) contains the
results of the sum of (Am) computed for each class center i.
DER3(g) contains the results of sum of (Am × distance2)
computed for all class centers. di is the number of data of the
elementary dataset e of the AVPE(g).

3: the team leader agent performs the global clustering
task, within the three following subtasks:

Assembling the elementary results: the team leader
agent receives the AVPEs results (DER1, DER2, and
DER3) and computes the global results GDER1, GDER2,
and GDER3:

GDER1(i) � 
NA

g�1
DER1(g, i), (8)

GDER2(i) � 
NA

g�1
DER2(g, i), (9)

GDER3(i) � 

NA

g�1
DER3(g), (10)

where GDER1(i) is the global value of DER1(g, i) of all
the AVPEs of the model. GDER2(i) is the global value of
DER2(g, i) of all the AVPEs of the model. GDER3(i) is
the global value of DER3(g, i) of all the AVPEs of the
model.

Computing the class centers: the team leader agent
computes the new class centers Vi by getting the computed
global values GDER1(i) and GDER2(i) by (11)

Vi �
GDER1(i)

GDER2(i)
, i � 1, . . . , c. (11)

No 
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use of (4), and aij by (3)
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(1)

if (|Jt – Jt–1|< Eth
the algorithm converges (i.e. go to step 6)
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Figure 2: Standard type-2 Fuzzy logic algorithm’s step.
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Figure 4: Overview of AVPEs agents data initialization.
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Figure 3: Distributed type-2 Fuzzy logic method based on mobile agent team work.
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Computing the objective function Jt: the team leader
agent computes the objective function by getting the
computed global values GDER1(i) by (12)

Jt � 
c

i�1
GDER3(i). (12)

5. Implementation and Results

/e machine learning model-based distributed type-2 Fuzzy
logic is implemented in a distributed computing virtual machine
for running an MRI medical image analysis application. /e
input dataset (MRI image) is encapsulated on the team leader
agent and partitioned into elementary images. After creating the
grid computing, the team leader, in cooperation with the AVPEs
agents, will perform distributed method tasks and provide the
results, Figure 5. /e effectiveness of this method is presented
under the dynamic convergence and the speedup of the
algorithm.

5.1. Dynamic Convergence. /e proposed DT2FL method is
executed with different initial class centers initializations.
/e convergence results are presented as follows:

(c1, c2, c3, c4, c5)= (1.5, 2.2, 3.8, 5.2, 8.6): From Table 1
and Figure 6, it is clear that the dynamic convergence of the
algorithm to the final class centers (c1, c2, c3, c4, c5)� (27.
711, 82.848, 89. 817, 103.896, 94. 371). /e convergence is
achieved after 23 iterations.
(c1, c2, c3, c4, c5) = (140.5, 149.5, 150.5, 220.2, 250.5):
the algorithm converges to the final class centers (c1, c2,
c3, c4, c5)� (27.703, 82. 955, 89. 623, 103.884, 94.263)
after 49 iterations as illustrated in Table 1 and Figure 7.

5.2.ClusteringTime. In order to illustrate the effectiveness of
the proposed model for data analysis, a comparative study is
performed between the proposed DT2FL method and
DFCMmethod in [10], by using the clustering time variation
as metric according to the AVPEs agents.

From Table 2, we see clearly that the clustering time of
the DT2FL method using one agent corresponds to the
sequential method. Indeed, we see clearly from Figure 8 that
for both methods, the clustering time is saved and achieves
minimum values from 16 AVPE agents.

5.3. Speedup. /e speedup of distributed methods compared
to sequential methods is shown in Figure 9. Indeed, we see
clearly that the speedup reaches interesting values compared
to the sequential method which exceeded 4 by using 16
AVPE agents for two methods.

6. Related Work

/e main focus of this work is to propose a distributed
method for big data analysis and medical image diagnosis.

/is method used the mobile agent-based model and a
distributed approach of the type-2 Fuzzy logic algorithm.

/e type-2 Fuzzy logic method theory and applications
[11, 12] provide the important features of this method and
its future directions for modeling complex systems based
on data uncertainty. It was proposed by Zadeh [13], and it is
one of the methods that allow modeling human perception
effectively [13] and where modeling uncertainty is en-
hanced compared to Fuzzy type-1 [14]. /is method has
had great interests in several inspiring works in the liter-
ature at different domains. For example, in the medical
domain, this method is implemented [15] to develop an
automated tumor detection system. It is also widely in-
vestigated for medical image segmentation [16] and data
classification applications [17] as a combined method with
wavelets./e method has taken place as well as in image
processing [18], and pattern recognition fields [19]. /e
type-2 Fuzzy method has a great interest in medical ap-
plications [20] for decision making [21], where the method
is embedded with the neural network model. To illustrate,
the authors in [22] proposed a hybrid model for 2-lead
cardiac arrhythmia classification based on neural networks
and type-1 and type-2 Fuzzy systems. /us, the Type-2
Fuzzy drives interesting works in medical, and several other
fields, such as in [23–33].

In [27], the authors mention the great role of the cognitive
agent’s ability to handle complex tasks. /ey formulate, imple-
ment, and evaluate a cognitive agent, which combines learning by,
examples, with machine learning. /e Fuzzy logic-based agent
approach is also the aim of interest of different works. In [28], the
authors proposed multiagent model predictive control including
Fuzzy negotiation, which is implemented in a JAVA-based
platform. It is also investigated [29] for designing and imple-
menting an intelligent method for information extraction when
information is abundant, vague, or imprecise. Furthermore, the
multiagent approach is investigated for solving problems in traffic
fields, [30] and for decision making of maintenance [31]in real
time, and for effective coordination scheme [32] based on Type-2
Fuzzy decision making. /e combination of the two aspects, the
Fuzzy logic and multiagent approach, provides promising solu-
tions which lead to extension the standard type-2 Fuzzy logic
algorithm to a new distributed one based on the multiagent
architecture. Namely, in [33] the authors proposed a multiagent
architecture for the design of the hierarchical interval type-2 beta
Fuzzy system.

/us, these works’ foundations are developed in the
following way. /e proposed distributed type-2 Fuzzy logic
in this paper is based on the multiagent approach and
implements the given properties:

Scalable medical MRI image analysis method, which is
based on the distributed approach of type-2 Fuzzy logic
algorithm, within mobile agents: this method grants
fast distributed data analysis, within its computational
type-2 Fuzzy clustering model.
Accurate machine learning model-based type-2 Fuzzy
logic for medical application: this method allows deep
data analysis, within its embedded cognitive decision
making model.
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Table 1: Different states of the DT2FL algorithm for image clustering starting from class centers initializations.

Case
Initial class centers Final class centers

Number of iteration
C1 C2 C3 C4 C5 C1 C2 C3 C4 C5

Case 1 1.5 2.2 3.8 5.2 8.6 27.711 82.848 89.817 103.896 94.371 23
Case 2 140.5 149.5 150.5 220.5 250.5 27.703 82.955 89.623 103.884 94.263 49
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Figure 6: Dynamic convergence of class centers starting from class centers (c1, c2, c3, c4, c5)� (1.5, 2.2, 3.8, 5.2, 8.6). (a) Class centers and
(b) error.
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Figure 5: /e proposed method’s output clustering results.
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Autonomous and hybrid Fuzzy logic system with two
combined models: HPC computational intelligent
medical data analysis, and cognitive decision making.
/e cognitive aspect of the method, combined with
HPC clustering requirements provides a powerful
system for medical applications.

7. Conclusions

In this paper, we presented a distributed type-2 Fuzzy logic
method and its application for MRI medical image analysis.
/is method is implemented on machine learning model-
based mobile agents. /e obtained results demonstrate the
accuracy and efficiency of the proposed method. /at is, it
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Figure 8: Classification time of the DT2FL and DFCM method
based on the number of agents AVPE in the model.
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Figure 9: Speedup of DT2FL and DFCM methods based on the
number of AVPE agents in the model.
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Figure 7: Dynamic convergence of class centers starting from class centers (c1, c2, c3, c4, c5)� (140.5, 149.5, 150.5, 220.2, 250.5). (a) Class
centers and (b) error.

Table 2: Comparing metric classification time of standard methods and distributed methods.

Standard methods Distributed methods
FCM classification Time
(ms)

T2FCM classification Time
(ms)

Number of
agents

DFCM classification time
(ms)

DT2FCM classification time
(ms)

1509 4318 1 1509 4318
— — 2 860 2461
— — 4 516 1477
— — 8 371 1062
— — 16 278 796
— — 32 266 762
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can meet the data requirements of scientists and engineers
for testing and implementing their models. Indeed, the
DT2FL method provides an aspect of adaptability with
machine learning models. /us, it allows reducing the
complexity of the fuzzy clustering algorithms and modeling
flexible and high performance systems for medical appli-
cations. Furthermore, intensive works are driven for de-
signing an expert system for medical healthcare applications
based on the proposed method within the deep learning
technique and its implementation in cloud computing.
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agents to parallelize a medical reasoning system based on
ontologies and description logics as an application case,”
Expert Systems with Applications, vol. 39, no. 18, pp. 13085–
13092, 2012.

[9] F. C. H. Rhee and C. Hwang, “A type-2 fuzzy C-means
clustering algorithm,” in Proceedings of the Joint 9th IFSA
World Congress and 20th NAFIPS International Conference
(Cat. No. 01TH8569), pp. 1926–1929, Vancouver, Canada, July
2001.

[10] F. Z. Benchara, M. Youssfi, O. Bouattane, and H. Ouajji, “A
new scalable, distributed, fuzzy C-means algorithm-based
mobile agents scheme for HPC: SPMD application,” Com-
puters, vol. 5, no. 3, 2016.

[11] R. John and S. Coupland, “Type-2 fuzzy logic: a historical
view,” IEEE Computational Intelligence Magazine, vol. 2,
no. 1, pp. 57–62, 2007.

[12] O. Castillo and P. Melin, Type-2 Fuzzy Logic: >eory and
Applications, Springer Publishing Company, Berlin, Ger-
many, 1st edition, 2008.

[13] L. A. Zadeh, “From computing with numbers to computing
with words. From manipulation of measurements to ma-
nipulation of perceptions,” IEEE Transactions on Circuits and
Systems I: Fundamental>eory and Applications, vol. 46, no. 1,
pp. 105–119, 1999.

[14] R. John and S. Coupland, “Extensions to type-1 fuzzy logic:
type-2 fuzzy logic and uncertainty,” in In Computational
Intelligence: Principles and Practice, D. B. F. G. Y. Yen, Ed.,
pp. 89–102, IEEE Computational Intelligence Society, 2006.

[15] M. Zarinbal, M. H. Fazel Zarandi, I. B. Turksen, and M. Izadi,
“A type-2 fuzzy image processing expert system for diag-
nosing brain tumors,” Journal of Medical Systems, vol. 39,
no. 10, p. 110, 2015.

[16] O. M. D. S. A. Begum, “A rough type-2 fuzzy clustering al-
gorithm for MR image segmentation,” International Journal
of Computer Applications, vol. 54, no. 4, pp. 4–10, 2012.

[17] T. Nguyen, A. Khosravi, D. Creighton, and S. Nahavandi,
“Medical data classification using interval type-2 fuzzy logic
system and wavelets,” Applied Soft Computing, vol. 30,
pp. 812–822, 2015.

[18] C. I. G, G. E. M. Oscar Castillo, andM. A. Sanchez, “Review of
recent type-2 fuzzy image processing applications,” Infor-
mation, vol. 8, no. 3, 2017.

[19] P. Melin and O. Castillo, “A review on the applications of
type-2 fuzzy logic in classification and pattern recognition,”
Expert Systems with Applications, vol. 40, no. 13, pp. 5413–
5423, 2013.

[20] A. Mardani, R. E. Hooker, S. Ozkul et al., “Application of
decision making and fuzzy sets theory to evaluate the
healthcare and medical problems: a review of three decades of
research with recent developments,” Expert Systems with
Applications, vol. 137, pp. 202–231, 2019.

[21] T.-Y. Chen, C.-H. Chang, and J.-f. Rachel Lu, “/e extended
QUALIFLEX method for multiple criteria decision analysis
based on interval type-2 fuzzy sets and applications to medical
decision making,” European Journal of Operational Research,
vol. 226, no. 3, pp. 615–625, 2013.

[22] E. Ramirez, P. Melin, and G. Prado-Arechiga, “Hybrid model
based on neural networks, type-1 and type-2 fuzzy systems for
2-lead cardiac arrhythmia classification,” Expert Systems with
Applications, vol. 126, pp. 295–307, 2019.

[23] A. Kousar, N. Mittal, and P. Singh, “An improved hierarchical
clustering method for mobile wireless sensor network using
type-2 fuzzy logic BT,” Proceedings of ICETIT 2019,
pp. 128–140, Springer, Cham, Switzerland, 2020.

[24] J. Zhao, Y. Liu, L. Wang, and D. Wang, “A generalized
heterogeneous type-2 fuzzy classifier and its industrial ap-
plication,” IEEE Transactions on Fuzzy Systems, p. 1, 2019.

[25] M. Dirik, O. Castillo, and A. F. Kocamaz, “Gaze-guided
control of an autonomous mobile robot using type-2 fuzzy
logic,” Applied System Innovation, vol. 2, no. 2, 2019.

[26] F. Cuevas, O. Castillo, and P Cortes, Edited by O. Castillo, Ed.,
“Towards a control strategy based on type-2 fuzzy logic for an
autonomous mobile robot,” in Hybrid Intelligent Systems in
Control, Pattern Recognition and Medicine, Studies in Com-
putational Intelligence, P. Melin, Ed., Vol. 827, Springer,
Cham, Switzerland, 2020.

Advances in Fuzzy Systems 9



[27] A. Gkiokas and A. I. Cristea, “Cognitive agents and machine
learning by example: representation with conceptual graphs,”
Computational Intelligence, vol. 34-2, pp. 603–634, 2018.

[28] M. Francisco, Y. Mezquita, S. Revollar, P. Vega, and
J. F. De Paz, “Multi-agent distributedmodel predictive control
with fuzzy negotiation,” Expert Systems with Applications,
vol. 129, pp. 68–83, 2019.
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