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Abstract—It is considered a classification problem solution based on analysys of represented
review. It’s shown that the neural networks have important advantages beside other methods,
such as: classification using the nearest neighbor method, support vector classification,
classification using decision trees, etc. Amount of artificial neural networks exists futher
networks have the simplest structure, but the precision of the solution can be increased with
help of deep learning approach, which is supposes the use of additional neural network for the
solution of pretraining tasks(deep believe networks). It’s proposed new tophology which consist
of: Takagi-Sugeno-Kang fuzzy classifier and Limited Boltzmann Machine neural network.
Despite on this thopology was proposed early in this article it’s carried out enough researches
that permited to specify the learning algorithm. An example of proposed algorithm implantation

is represented.

Index Terms—Neural network; fuzzy neural network; deep learning.

I. INTRODUCTION

The classification problem is a widespread
especially in math and technic. It may be called, for
example in medical diagnostic systems, images
recognition — especially for search systems,
recognition and determination of the moving objects
for example unmanned aerial vehicles and others.

From mathematical point of view the task of
classification is the task of splitting a set of objects
or observations into a priori given groups, called
classes. Inside every group each object related to it
considered to be similar to each other, and have
approximately similar properties and attributes. A
finite set of objects is specified, for which it is
known for what classes they belong to. In this case,
the solution is based on the analysis of the meanings
of attributes, for the class determination.

For solving the classification problem, neural
networks are used, in particular fuzzy neural
networks. Many classifiers were created on base of
neural network architecture, which are now widely
used to solve medical diagnosis, image
classification, data classification, bankruptcy
prediction, and so on. These technologies become
indispensable in the business, industry and science
fields. Neural networks and fuzzy neural networks
have a high output quality, but like all systems, they
are not ideal and make mistakes.

II. PROBLEM STATEMENTS

Let X set of object descriptions, ¥ set of class
names. There is a target addiction — reflection

¥y : X —>Y, the meaning of which is known on the
objects of the training sample

X" ={(x, )5 (%,-2,)}-  Need to  build

algorithm (neural network) a:X — Y, capable to
classify an arbitrary object x € X [4].

The main approaches for solving the
classification problem are the following: decision
trees, reference vectors, closest neighbor, CBR-
method, linear regression, neural network method
[1]. Analysis of these methods showed that the most
effective is the neural network method.

The good classification problem solution often
demands the use of multilayer neural networks that
is determined by learning sample. To simplify the
structure of neural networks can be achieved fuzzy
neural networks, that due to fuzzification and
linguistics rules use. The representatives of this
neural network class are NEFCLASS [16], ANFIS
[18], TSK [6].

But still exist a problem how to optimize logic
rules? And how to determine its number. If system
create number of rules by its own, how can we be
sure that resulted number of rules is optimal? And if
number of rules hardcoded by human problem still
the same. Large number of rules create higher output
error, small number of rules has also high error in
output. But if problem of rules number is hard to
solve, maybe we need to overview the problem from
another angle? Let’s look for basic structure of fuzzy
neural classifier in Fig. 1.

Further improvement of the efficiency of such
classifiers can be achieved through deep learning
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[3]. It is proved [2] that the study of deep neural
networks (NN) is possible with the help of "greedy"
layer training. The essence of "greedy" learning is
finding locally-optimal solutions for each sub task,
expecting the end result to be optimal in the end.
Sub-task in the process of training the neural
network is to study a single layer.
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Fig. 1. Block diagram of the neural network classifier

weights according to
specific classes

It is proposed [2] the concept of training each
layer separately with the help of NN autoassociate
with the subsequent study of the network by a
standard method, for example, the method of reverse
error propagation.

Automobile associate networks are networks that,
in the output, should be as accurate as possible
representing the data that is fed to the network. For
problems of deep learning, limited machines of
Boltzmann and autoconverters are used. So,
summing up the information, modem out the
following statements:

— Classify an object is then, specify the number
(or class name) to which this object belongs.

— Classification of an object is the number or
class name, issued by the classification algorithm as
a result of its application to this particular object.

III. PROBLEM SOLUTIONS

As it was shown early for the improvement of
classification tasks it’s advisable to use basic
network (fuzzy neural network) and additional
neural network for pre-training of basic NN, to use
the topology of deep believe NN. So, it can be
formulated a problem statements:

e it’s necessary to choose the topology of NN;

e need to choose NN for pre-training Restricted
Boltzmann Machine or Autoencoder;

e to develop new topology of deep neural fuzzy
classifier;

o to develop new learning algorithm.

This problem belongs to optimization task with
criterion of generalized error [19].

For the solution of this problem it was researched
the NEFCLASS neural networks. But topology of
this NN doesn’t give possibility to use restricted
Boltzmann machine (RBM) for its pre-training. So it
is proposed to use a multilayer perceptron.

As network for pre-training was chosen RBM.
The restricted Boltzmann machine more popular
than for example autoencoder. It is existed a lot of
algorithms that’s permit to adjust RBM.

For solving tasks 3 and 4, RBM must be
overviewed in more detailed way.

The deep belief NN contains a lot of hidden
layers and performs a deep hierarchical
transformation of input images as shown in Fig. 2.

W O W 6\ W O W O
X O\Y‘ %O\vﬂ O v ¥
NI

O \O/ OO

Fig. 2. Neural Network of Deep Learning

The initial value of the jth neuron of the kth layer
is determined in the following way:

v =F(S}),

L kel k
sj =2 wpyi + T
i=l

where F is the activation function of the neural
element; sf is the weighed amount jth neuron of kth

the layer; wfj‘. weight coefficient between ith neuron

of (k-1)th layer and jth neuron of kth layer; T

threshold value jth neuron of kth layer.
For the first layer:

y? =X
In the matrix form, the output vector of the kth
layer:

Y =F( S =F(Wy* +T%),

where W matrix of weight coefficients; Y*' is the

source vector of (k—1)th layer; T* is the vector of
threshold values for neurons of kth layer.

Preliminary learning of the NN by the method of
layer training, starting with the first layer. This
training is conducted without a teacher.

Configuring synaptic connections across the
network using the error-return algorithm or the
"wakefulness and sleep" algorithm.

A key stage in the training of neural networks of
deep trust, which pretends to be superior to
superficial models, is the prior learning. One of the
main approaches to prior learning is a method based
on providing each layer of the network in the form
of a RBM, as well as the entire network — in the
form of a set of such machines.
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The restricted Boltzmann machine consists of
two layers of stochastic binary neuronal elements,
which are interconnected by bi-directional
symmetric bonds (Fig. 3). The input layer of the
neural elements is called visible (layer X), and the
second layer is called hidden (layer Y). A neural
network of deep trust can be imagined as a
collection of limited Boltzmann machines. A
restricted Boltzmann machine can generate
(represent) any discrete distribution if a sufficient
number of hidden neurons is used [10].

Y Y2 Yo

X1 X2 Xo
Fig. 3. Restricted Boltzmann Machine

This network is a stochastic neural network in
which the state of visible and hidden neurons varies
according to the probabilistic version of the sigmoid
activation function of the form: 1

r(y, =1|x)=0(2wijxi +Tjj,

p(xj zly)zc(zwijyi +T;‘J:

where o(x)= w, weight coefficients; 7}, T;

*X’

are threshold items.

Such a structure is called binary RBM. In
addition to the binary data-oriented model, there is a
linear-binary RBM model in which a linear
activation function is used on a visible layer. A
similar RBM is recommended for use with non-
binary (real) data.

The following rules are used to teach such an
RBM:

p(yl. =1x)=c(iwijxi +Tjal),

m

X, =N(Zwijyi +Tj,1}
J

where N(m, s) is a normally distributed random
value with an average value of m and a standard
deviation s.

The states of the visible and hidden elements are
taken independently:

P =] TP 1 9)

P10 =] PG, 1),

Thus, the states of all elements of a RBM are
determined by the probability distribution. In
restricted Boltzmann machine, the hidden layer
neurons are detector signs that keep the patterns of
input data. The main task of learning is to reproduce
the distribution of input data based on the state of
the hidden layer neurons as accurately as possible.
This is equivalent to maximizing the likelihood
function by modifying the synaptic connections of
the neural network.

The resulting RBM expressions are quite complex
in computational terms, so Hinton suggested using the
approximation that he called contrastive divergence
(CD). This approximation is based on the Gibbs
sampling (Gibbs sampling). In this case, the first
terms in the expressions for the gradient characterize
the data distribution at time ¢ = 0, while the other
components characterize the reconstruction or
generate a state model at time ¢ = k. Therefore, the
CD-k procedure can be represented as follows:

x(0) =1(0) =x(1) =y(1) >...—x(k) >y(k).

As a result, you can get the following rules for
training RBMs:

wy = (t+1)=w, (1) + o (x,(0)y,(0) - x,(k)y, (k)),
T+ 1) =T,(1) +o(x,(0) — x,(k)),
T(t+1)=T,(t) +a(x,(0)—x,(k)),

where x;(0)y,(0) are characterizes the distribution
of data at the time # = 0; x,(k)y,(k)) attime t =k, k

is the parameter defining the number of "back and
forth" iterations to perform the approximation of the
corresponding gradients. In the case of using CD-1,
k =1, obtain the following training rules

W, =(t+1) =w, () +a(x,0)3,(0) — x,(Dy, (1),
Tt +1) =T(0)+a(x,0) - x, 1),
T,(t+1) =T, (1) + o (x,(0)—x,(1)),

from the formulas it can be seen that the rules of a
RBM minimize the difference between the original
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data and the data generated by the model. Data
generating the model is obtained using the Gibbs
sampling procedure.

IV. TSK AS FUzzy CLASSIFIER

The fuzzy TSK system offered by Takagi,
Sugeno and Kang, it builds on its own unique
interpretation, good learning ability and good
approximation performance, is widely used in
system identification, image recognition, image
processing and intelligent data analysis and other
areas. The fuzzy TSK system uses linguistic rules
and fuzzy sets for processing data. TSK is simple
and has good approximation performance. However,
she still has no in-depth training. The rules for fuzzy
output TSK are expressed as follows:

Fuzzy rule R":
. k . k . k
X 18 A Ax,18 Ay A...Ax,1s A; then
k k k k k I'qr
Vi=a, tax+..+a;x;=@)[Lx ],
k=1,..,K,

where A" is the meaning of a linguistic variable x,
for the rule R,, with membership function, which

includes % the corresponding input x; d is the
dimension of the sample; K is the number of fuzzy

k k k - .
rules; a" = (a0 ,...,ad) are consistent parameters; A 1S
a fuzzy communication operator. After a series of
operations, the fuzzy system is displayed

k=1

where w* is the membership function. If the
Gaussian function is given as a membership
function, obtain next formulas:

kN2
_(xi _Vi)

W (x;)=exp (TJ,

W(x) = W_<x>

2 ()

W ()= o, (),

N
pYTS
=
v =,
2
=
N
kN2
B b G =v)
§F =

i N s

2

J=1

where, v/ and & the clustering center and the

width, respectively, can be obtained by clustering
algorithm or by other partitioning method. /4 is a
scaling constant and can be set manually or
determined by a specific training strategy.

Considering the above data, can obtain the
following expressions

x, =(Lx ),

X =pf()x,,
(NG e ()T,
a* =(ay,af,...a)",

a, = (@) (@) ,...(a®)"),

Xg

O_CZTX
Y =aX,.

Sequential parameters can be calculated using the
least square [2] or least learning machine method.

V. TSK DBN TOPOLOGY AND ALGORITHM

The architecture of a deep fuzzy classifier based
on a RBM is shown in Fig. 4. Let's consider these
parts of architecture in details.

The first part is part of the network with fuzzy
logic (left part of Fig. 4), which is used to obtain
fuzzy conclusions, as well as to obtain the final real
values as the precursor of the fuzzy network. Using
the mechanism of fuzzy conclusion, fuzzy rules can
be linguistically interpreted with expert knowledge.

The second part is an adaptive deep neural
network (right part from Fig. 4), which is introduced
for in-depth analysis of features in TSK_DBN. This
subsystem ensures that the result will be highly
accurate.

The third part contains sequences TSK DBN,
which are studied from the first and second parts,
respectively. Using the results of a fuzzy part and
data from a deep network, the classifier can solve
complex tasks of classification.
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Fig. 4. Fuzzy classifier of deep learning

With reference to Zhou's D-TSK-FC [12], use the
Least Learning Machine (LLM) [11] to compute
sequential parameters, which means that TSK_DBN
can also be expanded for large data sets with high
accuracy and a brief interpretation.

The model of the rules of this classifier is as
follows:

xis A Ax,is 4 A..Ax,is A; then

ab +d'x +..+dx, = (d)*[L o) T, a

V= )
k=1,..K.

Input data: Training sample x =[x,,%,,...,X, ]

and appropriate for it set of Ilabels, plural

Y=V Vyses vy " €RY, where x, € R’, d — length
of sample (number of elements in the plural),
y,eR,i=12,.,N; L —number of layers in system
TSK _DBN, initial value L =2; K — number of rules.

Input: Structure TSK DBN with all relevant
parameters.

Algorithm

Step 1. Calculate the matrix of fuzzy
membership function by the FCM algorithm, the
clustering center and width are obtained by the
formulas:

N
2R
=

X hj=]ujk('le_vzk)2
5 = :
jz:]ujk
C(x — Y
W, (x,)=exp( ( - J @)
Wk X

The degree of fuzzy access is obtained using the
(1), and (2), then determined.

Step 2. Study samples are entered into an
adaptive submodule. The RBM training algorithm is
used to extract the implicit function.

Step 3. The output of the last hidden layer in
RBM is introduced into the fuzzy TSK system as an
implicit function. The form of fuzzy rules
TSK DBN is considered in the formula (2).

x* =p(x)x,.
By formula (3) can be constructed matrix W.

Step 4. In accordance with the theory of LLM
(less learning machine), the successive parameters of
the fuzzy system are calculated:

-1
1
a, = (EI + WTWJ W'y,
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where C is the regularization parameter; I is the
matrix of identity.

Step 5. Calculate the output
Y =a o Xg-

Step 6. L = L + 1 increase the number of layers
in the system

Step 7. If the performance of the system does not
change or decreases after adding the layer, then stop
adding the layers and proceed to step 8; otherwise go
to step 2.

Step 8. Return to the structure TSK_DBN with
all the parameters received.

Experiments were carried out on the sets of data

presented in Table I. Experiments result given in
Table II.

layer using

TABLE I. DATASETS
DATASETS SAMP- ATTRIBU- CLASSES
LES TES
Breast (BRE) 699 10 2
Vote (VOT) 435 16 2
Seismic_bumps 2584 19 2
(SEI)
Segment (SEG) 2310 18 7
TABLE II. RESULTS
DATASETS TSK DBN TSK DBN
Breast (BRE) 0.9693 0.9703 0.9714
0.9689  0.9643 0.9704
Vote (VOT) 0.9620  0.9515 0.9604
0.9413  0.9367 0.9532
Seismic_bumps 0.9356  0.9350 0.9344
(SEI) 0.9310 0.9319 0.9337
Segment (SEG) 0.7763  0.9262 0.8530
0.7565  0.9207 0.8364

VI. CONCLUSIONS

As was shown, the integration of the fuzzy TSK
network and deep RBM-based network yields
results. The new network is better than the usual
fuzzy classifier, compared with DBN, the results
may be either better or worse. The accuracy of the
results depends on the sample provided to the
network.

Analyzing these results, generate next
conclusions that the result of the TSK_DBN network
depends on the number of rules it generates and the
source classes that defines the sample. If the number
of classes is large, the network begins to create a
large number of rules and if it is not regulated, the
network's accuracy becomes worse, so the maximum
number of rules for each dataset is regulated by the

network user. If the set does not have a large number
of output classes, the network shows itself better
than its predecessors, which allows it to be used in
applied spheres of science.
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B. M. Cunernason, P. C. Konromenko. HewiTkuii knacugikarop riaudokoro Hap4aHHs

B nawniii po0OoTi po3rIsAHYTO pilleHHS NpobieMu kKiacudikaii. [lokazaHo, 1m0 HEWPOHHI MEPEKi MArOTh BaXKIIUBI
repeBard Mopsij 3 iHIIMMU METOAaMH, TaKUMHM SIK: Kiachdikaiis 3 BUKOPUCTAHHSM METONY HaWOIMKYOro cycija,
Kiacudikaiis 3a AOMOMOTOI0 BEKTOPIB MIATPUMKH, KiacH]ikalis 3 BUKOPUCTAHHSM JIEpEB PillleHb, TOIIO. PimeHHs
MOXe OyTH pO3IIMPEHO 3a JIOMOMOTO0 TIIMOOKOro MiIXOMy A0 HaBYaHHS, IO Iepeadadac BUKOPUCTAHHS JI0JaTKOBOI
HeWpoHHOI Mepexi (TiMOOKI Mepexi) Uit BUpILNIEHHS 3a/adi IONepeHhOr0 HaBUaHHS. 3allpOlIOHOBaHA HOBA
Tothororisi cKnagaeThes 3: HewiTkux KiacudikaropiB Takari-CyreHo-Kanra i HelpoHHOT Mepexi oOMeXeHOi MalluHA
Bonbivana. HesBakarouu Ha Te, IO I TOMOJOTiS OyJia 3ampolOHOBaHA paHille, B Mid CTAaTTi OYyJIO MPOBEIACHO
JIOCTaTHBO JIOCTI/UKEHb, SIKi JIO3BOJIMJIM CTBOPHTH QITOPUTM HaBYaHHA. HaBeneHO NpHUKIa] BHUKOPUCTaHHS
3aIpOIIOHOBAHOTO AJITOPUTMY.

Karou4osi ciioBa: HelipoHHa Mepeka; HeuiTka HeHpOHHa MeperKa; rIMOOKe HaBYaHHS.

Cunernazon Bikrop MuxaiinoBuu. orcid.org/0000-0002-3297-9060

Jloxtop TexHiunux Hayk. [Ipodecop. 3aBigyBau kadeaporo.

Kadenpa aBiamiiHUX KOMIT IOTEPHO-IHTEIPOBAHUX KOMIUIEKCiB, @aKkynbTeT aepoHaBiraimii eJeKTPOHIKH 1
TeNeKoMyHikalii, HarionanpHuii aBiamiinuid yHiBepcuter, KuiB, Ykpaina.

Ocgita: KuiBchbkuii moiTexHivynuii incturyt, Kuis, Ykpaina, (1973).

HampsiMm HaykoBOi JIisUTBHOCTI: aepoHaBiralfis, yHpaBJIiHHS MOBITPSHHM pPYXOM, ileHTH(]IKallis CKIaJHUX CHCTEM,
BITPOEHEPTeTHYHI YCTaHOBKH.

Kinbkicts myOmikariii: 6inbmie 600 HayKOBUX POOIT.

E-mail: svm@nau.edu.ua

Konromenko Poman CepriiioBuu. bakanasp.

Kadenpa aBiamiiHUX KOMIT IOTEPHO-IHTEIPOBAHUX KOMIUIEKCiB, @aKkynbTeT aepoHaBiraiii eJeKTPOHIKH i
TelleKoMyHiKalii, HarioHanbHuit aBiamiiauid yHiBepcutet, KuiB, Ykpaina.

Ocgita: HanioHanpHu# aBiamiinuil yHiBepcureT, Kuis, Ykpaina, (2019).

HamnpsiMm HaykoBOi JisTTbHOCTI: HEHPOHHI MEpExKi.

E-mail: romankonyushenko@gamil.com

B. M. Cunernason, P. C. Konromenko. Heverkuii kiiaccupukarop riiydoxoro odydeHus
PaccmotpeHo pemieHue mpoOiieMbl KiIaccH(HKAllMd Ha OCHOBE aHAIU3a NpPEACTaBIeHHOro oO3opa. IlokazaHo, 4to
HEWpOHHBIE CETH OO0JIANal0T BaKHBIMHM IPEHUMYIIECTBAMU MO CPaBHEHUIO C JPYTHMU METOJaMH, TaKHMMH Kak:
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Knaccudukanys C HCHONB30BAaHHMEM MeTola OipKaimiero cocena, KiacCU(pHUKaNUs BEKTOPOB ITOAJECPIKKH,
KnaccuduKalys ¢ UCIOb30BaHUEM AEPEBhEB penieHui U T. A. CylecTByeT MHOKECTBO UCKYCCTBEHHBIX HEHPOHHBIX
cereil, KOTOpble UMEIOT POCTEUIIYIO CTPYKTYPY, HO TOYHOCTh PEUICHHs MOXKET OBITh YBEIMYEHA C IOMOIIBIO IOIX0/1a
[ITyOOKOro 00y4YeHUs], KOTOPBIHA MPEeIoiaraeT UCIoJIb30BaHUe JIOMOJTHUTEIbHOW HEHPOHHOM CEeTH JUIS pelleHHUs 3a1a4
Npe/IBapUTEIBHON MOAroTOBKH (ceTH rirybokoro oOyuenust). IIpemiokeHa HOBasi TOMOJOTHUS, KOTOpPas COCTOHT H3:
HeueTkoro kiaccudukatopa Takaru—CyreHo—KaHra W HEHpOHHOW CETH OrpaHUYCHHOW MAaIIUHBI boibIMaHa.
HecMmoTtpst Ha To, 4TO 3Ta TONMONOrUs ObUIA MPEATIOKEHa B 3TOH CTaThe, OBUIO MPOBENEHO JOCTATOYHO WCCIIECJOBAHHH,
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