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Abstract

Mobile robot is an important developing direction in the field of robotics, it is widely used in Industrial Internet of Things (IIoT)
environment, agriculture, military, transportation, services with the coming of 5G wireless communication technology. Automatic
navigation control technology is the core in these research areas, which is also the key technology for mobile robot to achieve
intelligentization and autonomation.

The article discusses and researches the neural network technology and its application in mobile robot navigation control. For the
characteristics and research of mobile robot navigation problem, it finds the way to improve the mobile robot intelligentization, level
of the self-organization, self-learning and adaptive capability. The combination of neural network with other intelligent algorithms
solves autonomous navigation problem of the mobile robot in the complex uncertain environments and unknown variable environments.
The mobile robot navigation control problem using fuzzy neural network can achieve a more effective real-time navigation control
performance through amending the network weights by self-study according to the navigation priori knowledge of human experts.
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1. Introduction

Creating the ability of artificial neural network to
simulate part of human image thinking is an approach
to simulate artificial intelligence. In particular, the
artificial neural networks combine to 5G wireless
network can be used to solve some of the problems
encountered in artificial intelligence research [1].
The application of artificial neural network theory
has penetrated into many fields, with gratifying
achievement in computer vision, pattern recognition,
intelligent control, nonlinear optimization, and
adaptive filtering phase information processing and
other aspects [2]. Meanwhile, the neural network has
also been widely used in the fields of robot kinematics,
dynamics and control, etc., due toits adaptive learning
function and non-linear mapping capability [3]. In
the mobile robot navigation, it was mainly used for
the representation of the environment model, local
planning, global planning, sensor information fusion,
robot control system and so on [4]. In this chapter,
the working principle and learning method of neural
network was systematically described, several
typical neural network models were introduced, and

a robot neural control based on fuzzy neural network
was studied. In the neural network framework, the
qualitative knowledge was introduced, namely, the
neural network was constructed by the fuzzy rule by
adding fuzzy layer to the input layer and the output
layer of the conventional neural network. The adaptive
learning mechanism of the neural network was retained
while the network weight was given with a clear
physical meaning. Finally, the fuzzy neural network
algorithm was applied to the mobile robot navigation
control simulation experiment. Based on the priori
knowledge summarized by human navigation experts,
the network weight was corrected by self-learning to
achieve more effective real-time navigation control.

2. Overview of artificial neural network

The artificial neural network is a complex network
system that is comprised of numerous simple processing
units that reflect nonlinear essential features (such as
neurons, processing elements, electronic components,
optoelectronic components, etc.). It is proposed based
on modern neuroscience research and a reflection of
the basic characteristics of human brain function.
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However, it is a certain simplification, abstraction and
simulation of the human brain, not a true portrayal [4].
The neural network is a very large-scale continuous-
time dynamic system with high nonlinearity, which
is mainly characterized by distributed storage of
information and parallel collaborative processing
of information. Although the structure of a single
neuron is extremely simple with limited function,
the network system composed of a large number of
neurons has a rich and colorful behavior. The parallel
processing capability of neural network is achieved
by a distributed structure in which processes are
represented by different numbers of neurons and
different interconnection modes and patterns. The
operation of the neural network is the transfer
process from the input to the output value in which
the storage and calculation of the information is
completed simultaneously, thus perfectly combining
the information access with the calculation. The
transfer process of values is similar to that of the
current in the resistive network, and the individual
neurons in the neural network are working in
a parallel way. This intrinsic parallelism differs from
the parallelism of the parallel computers in terms of
concepts and implementation methods. Compared
with digital computers, neural network system has the
ability to collectively compute and adaptively learn. In
addition, it is excellent at association, synthesis and
promotion with strong fault tolerance and robustness.

3. Neural network model

Thebasic structure of the nervous system is aneuron
(neural cell), which is the basic unit for processing
information between various parts of the human body.
Neurobiologists have found that there were typically
1.4x10'! neurons in a human brain. Each neuron
consists of a cell body, an axon that connects other
neurons, and dendrites which are short and protruding
outward. The function of axons is to transmit the output
signal (excitement) of this neuron to other neurons.
Numerous nerve endings at its ends allow excitement
to be transmitted to multiple neurons simultaneously.
The function of dendrites is to accept excitement from
other neurons. The neuron cell body simply processes
all the signals it receives (such as weighted summation
which takes into account all input signals and reflects
the degree of emphasis on each signal in different
weights) before being exported by axons. The part of
the neuron dendrites that is interconnected with the
nerve endings of another neuron is called a synapse [4].
The brain is able to handle extremely complex analysis
and reasoning work since there is a huge number of
neurons in the brain on the one hand and the neurons
have the ability to nonlinearly process input signal
on the other hand. Therefore, a neuron mathematical
model that is closer to engineering as Figure 1 can be
further established, which is a multi-input single-
output nonlinear unit, with weights representing the
strength of the connection between neurons, and f(x)
as a nonlinear transfer function [4].

Fig. 1. Mathematical model of neurons

The mathematical expression of the model is as
follows:

Y; :f(zwjixt_bj)’ (1)
i1
where:
x, is the input signal at the input end;
w; — connecting weight coefficient;

I
b; — the offset of the neuron;

n — the number of input signals;

y; — the output of the j** neuron;

f(¢) — excitation function (or output transform
function).

Various complex neural network systems are
composed of alarge number of interconnected neurons.
The common neural network model is the PDP (Parallel
Distributed Processing) model proposed by Rumehalt,
which covers the following eight aspects [4]. Various
complex neural network systems are composed of
alarge number of interconnected neurons. The common
neural network model is the PDP (Parallel Distributed
Processing) model proposed by Rumehalt, which covers
the following eight aspects [5].

1. The neural network is composed of a group of
neurons, which determines that the neural network
has parallel processing capability. The MP model is
used by each neuron in the neural network uses, but
can be divided into input unit that accepts input from
the outside world, output unit that sends a signal to the
outside world, and hidden unit that is an internal unit
of the system without any connection with the outside
world. The definition of transfer functions and output
functions for different neurons may vary as required.

2. The activation state of the neural network is
a state vector composed of the activation states of
all neurons, indicating the activation pattern of the
system, and characterizing the object represented by
the system at time ¢. The activation value of the unit can
be taken as continuous value, such as a value between
[0, 1], or a discrete value, such as {0, 1}.

3. The output of Unit i is calculated with the
following equation: o(t) = f(a(t)), where f(e) can be
identity function, threshold function and so on. The
output vector of the neural network, O(t)is constituted
by entire unit outputs.

4. The connection pattern means the interconnection
between units, which is represented by a connection
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weight matrix W. w;; represents the strength and
nature of the connection from unit i to unit j. If unit i
excites unit j, then w;; > 0; if unit i suppresses unit j,
then w;; <0. The absolute value of w;; represents the
connection strength. The connection pattern constitutes
the knowledge of the system, which is distributed in the
weight matrix in the form of encoding. A weight matrix
is an encoding method that reflects certain knowledge.
Thus, the connection pattern embodies the distributed
capabilities of the neural network.

5. The passing rule means the combination of the
output vector O(¢) with the connection matrix, which
is the rule that various types of input enter the unit to
generate anetinput. Thenetinput for unitiiscalculated
with the following equation: .net;, = > w;;0;(t).

7

6. The activation rule is the rule for updating of
the system pattern, which is directly reflected as the
activation rule of a single unit, namely a(¢) = F (a(t -1),
net(t)—b), represented as a(t) = F (net(¢)) under simple
pattern.

7. Learning ability is an important feature of the
neural network. The learning is the process of changing
the system knowledge in order for it to approximate the
knowledge to be learned. Since the system knowledge
is represented by the connection weight matrix, it is
the rule for changing the weight. The learning rules
in the PDP model are derived from the Hebb rules to
some extent.

8. The working environment is the overall input
pattern of the vector set to the external input.
Some PDP models require orthogonal sets or linear
independent sets, while some PDP models can be used
to learn arbitrary input patterns [5].

4, Learning rules in neural network

An appropriate learning method is required for
aneural network whose topology has been determined,
in order to enable the neural network to exhibit some
intelligent characteristics. It can be said that the
learning method is the core of researches on artificial
neural network [5].

Different functional areas in the brain have their
own learning rules. These complete and ingenious
learning rules are obtained by the brain in the process
of the evolution. For the artificial neural network,
the learning method is ultimately the method for
adjustment of the network connection weight. The
learning algorithms of artificial neural networks can
be divided into supervised learning and unsupervised
learning. Supervised learning is performed by an
external teacher signal, that is, to require a pattern
pair that gives both input and correct expected output.
When thereis any difference between calculated result
and expected output, the network will finally generate
the correct results by repeating the training through
the automatic adjustment mechanism. Unsupervised
learning rules do not involve external teacher signals,
and their learning behavior is detection rule adaptive
to the input space. Since dynamic input signals are

provided to the system in the learning process, and
each unit may compete in some way, the winner neurons
themselves or their neighborhood are enhanced while
other neurons are further suppressed, thus dividing the
signal space into multiple effective areas.

The three main rules that are commonly used
include [6]:

1) Hebb learning rule for unsupervised learning:

Hebb learning is a kind of related learning based
on the following idea: If two neurons are excited
simultaneously, the connection strength between them
is proportional to the product of their excitation. Let
o; be the activation value (output) of unit i, o; be the
activation value of unit j, and w;; be the connection
weight coefficient of unit j to unit i, then the Hebb
learning rule can be expressed by the following
equation:

Aw;; = ao;(t)o;(2), (2

where o is learning rate.

2) Supervised learning rules or Widow-Hoff
learning rules:

The supervised learning rules are created by
introducing the teacher signal into the Hebb learning
rule and substituting o, in the equation (3) with the
difference between the expected target output d; and
the actual output o; of the network.

Aw;; = ald;; (t) —0;(¢)]o; (). (3)

The above equation indicates that the change in
the connection strength between the two neurons is
proportional to the difference between the teacher
signal d; and the actual output o; of the network.

3) Supervised Hebb learning rule is created by
combining unsupervised Hebb learning rules with
supervised learning rules:

Aw;; = ald;(t) - 0;(£)]o; (¥)o;(2). 4)

This learning rule enables neurons to respond to an
unknown outside world through an association search,
namely, enhancing or weakening the corresponding
output under the guidance of the teacher’s signal
d;(t)—o0;(t) through relevant learning and self-
organization of the environmental information [6].

5. Research on mobile robot navigation
control based on fuzzy neural network

5.1. Principle for fuzzy neural network

The fuzzy neural network is a local approximation
network that combines the knowledge structure of fuzzy
logic reasoning with the self-learning ability of neural
network, which is the product of the combination of
fuzzy theory and neural network. With the advantages
of both the neural network and fuzzy control, it
integrates learning, association, recognition, adaption
and fuzzy information processing. The combination
of fuzzy logic and neural network is one of the key
technologies for achieving machine intelligence. By
organically combining fuzzy technology with neural
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network technology, it has the ability to effectively
exert their respective advantages and make up for the
shortcomings[7]; the advantage of fuzzy technology lies
in the logic reasoning ability which is easy to carry out
high-order information processing and introduce fuzzy
technology into the neural network, thereby broadening
the scope and capabilities of the neural network to
process information. In such a way, it can process not
only accurate information but also fuzzy or inaccurate
information, thus achieving accurate association
and mapping as well as inaccurate association and
mapping, especially fuzzy association and mapping.
Due to is strong advantages in learning and automatic
recognition of patterns, the neural network used for
fuzzy information processing makes it possible to
automatically extract fuzzy rules and automatically
generate fuzzy membership functions, thereby allowing
the fuzzy system to become an adaptive fuzzy system.

Currently, the fuzzy neural network model is
mostly a multi-layer forward network structure, which
is attributed to the unidirectional nature of fuzzy
reasoning. Different types of fuzzy neural networks
have been established based on different neurons and
different fuzzy components. Fuzzy neural networks
vary mainly depending on membership function, fuzzy
weighting operator, fuzzy excitation function and input
and output form, as well as structure and parameter
setting and adjustment methods [8]. In this thesis, the
qualitative knowledge was introduced under the neural
network framework, namely, adding fuzzy layer to the
input layer and output layer of the conventional neural
network. The neural network was established with
fuzzy rules in order to retain the learning mechanism
of the neural network while providing definite physical
meaning for the network weight. By combining the
advantages of the fuzzy method with those of the
neural network, this method was more targeted than
the common neural network. The fuzzy neural network
control system is designed basically the same as the
fuzzy controller. In this section, the fuzzy neural
network was controlled through correction of the self-
learning network weight, by establishing the model
for fuzzy variable set, the membership function and
the fuzzy reasoning control was established with the
multi-layer feed-forward BP network [9].

5.2. Fuzzy neural network structure

Figure 2 shows the structure of a fuzzy neural
network control model, which is a five-layer network.
First, the input and output of the fuzzy neural network
neurons is formally described. Each neuron input in the
network is defined as f(’l)(x{q’l),...,x}ﬂ‘”;w%,...,w}’i
and the output of the node as x? = g (f(9) , where the
superscript g represents the number of layers. Layer
1: This is the input layer consisting of n input values,
and its node is the input node, representing the input
linguistic variable [10]. It plays a role in transferring
the input value to the next layer, that is £V = x,
, with a connection weight of 1. Layer 2: This is the
fuzzification layer which performs a fuzzification of
the input values quantitatively, that is, to define some

Layer 1 Layer 2 Layer3 Layer4 Layer5

Fig. 2. Fuzzy neural network structure

fuzzy subsets for the input values and then convert
these input values into degree of membership on the
corresponding fuzzy subsets through the membership
function on the corresponding fuzzy subsets. Each node
represents a linguistic variable value, such as LB, RS,
etc. The radial basis function was used as the excitation
function for neurons mentioned here, which generally
had different shapes like Gaussian, bell, trapezoidal or
triangular. The radial basis function in this thesis was
Gaussian function, namely:

g &0 —ey)’
2,

12
where ¢;; and ;; in the equation (5) represents the center
and width of the Gaussian function in the j* term of
the it" input linguistic variable, respectively. When
there is an accurate signal input at the input layer, the
corresponding membership can be generated in Layer 2
under the excitation of the radial basis function [11].
The nodes in Layer 3 are rule nodes representing fuzzy
logicrules. Thelinks in this layer are used to implement
precondition or antecedent matching for generating
fuzzy logic, that is, to calculate the applicability of
each rule. Rule nodes perform the fuzzification and
operations:

, and a=ef, 5)
c

(2)

f=min(x®, x?,..., x?). (6)

The connection weight of this layer is 1.

The conclusion of the rule node is defined by the
network connection in Layer 4, that is, to generate the
output of each rule corresponding to the input. It is
anormalized calculation, with the number of nodes the
same as that in Layer 3, namely:

n . x_(S)
f=>x®, and o, ==, )
iz f

Layer 5 is the defuzzified output layer that is used

to generate the total output of the control rules, namely:

Yr = zwkj Oﬁ_j- 3)
=i

5.3. Learning algorithm of fuzzy neural network

Based on the above structure of the fuzzy neural
network, the input component is predetermined,
so only the connection weight of the last layer w;
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(i=1,2,.,n;j=1,2,...,m) and the center value c;; and
width 6; (i=1,2,...,k; j=1,2,...,m;) of membership
function in Layer 2 need to be learned. Since the
network structure is essentially also a multi-layer feed-
forward network, the learning algorithm for tuning
parameters can be designed by using the error back-
propagation algorithm like BP network [12]. The error

2
cost function is expressed by E = %Z(ydi —y;). Where
i1
Y4 and y; are, respectively, the desired output and the
actual output value [13]. The tuning parameters, w;;,
c¢;;and o;;, are calculated using error back-propagation
algorithm given below [14]. For the fuzzy neural
network as shown in Figure 2, the function of the node

at each layer is given below:

Layer 1:
fj(” =x;, xD =g =fD:i=-1,2,.. ,n. 9)
Layer 2:
1) 2
2) _ (xi _cij)
fi” = oz (10)

ij

(x; —c;)?

Tl an
c

ij

x? =u] = g = exp(f}” Yexp[-

wherei=1,2,...,n;j=1,2,...,m,.
Layer 3:

3 : 2) (2 2 . o .
£® :mm{x{il), xéiz), e xf”.: } =m1n{u{1 Jul, . uj }, (12)

m
where j=1,2,...,m; m = [m,.
i=1

Layer 4:
3)
x5 o;
[C) j
== (13)
zxi zai
i=1 i=1
and
xf = g® =7 = Ot_j; i=12,...,m
Layer 5:
i =3 = Y wo; (14)
j=1 j=1
and

2O =y =g® = £O;1=1,2, k.

Firstly, calculate with the following equation:

OE
5 =3 = Ya Yo (15)
OE —
E = _655)35;'4) = _(ydi - yi)aj’ (16)
ij
OE ¢
) _ = E 855)101']‘, (17)

T T @y
6fj( ) i=1

3 _ _ 5E

1 m m
—(854) doo— ) 3Ma,), (18)

i = 3 2
afj( ) [i J i=1,i#j i=1,i#j
a;

j=1

m ;s - . 2
52 = 35S, exp{—w}. (19)

k=1 ij

Since the minimum operation is used for f ®), when
g% =u/ is the minimum value at the £ rule node,
S;; =1; otherwise S;; = 0. Then:

oE 2(x; —¢;;)
— =3 —=, (20)
ij

ocy; c%

GE _ —8(-2) 2(xi _cij)'

ij 3
0c;; o

(21)

The resultant parameter adjustment algorithm is
as follows:

OE

w;; (t+1)=w; (t)-B4 ;i=1,2,.. .,k j=1,2,...,m, (22)
ij
cij(t+1):cij(t)—Bza—E; i=1,2,...,n;j=12,...,m,

ij

OE

(23)

G, (t+1)=0,(t)-B3 ;i=1,2,...,n;j=1,2,...,m, (24)
ij

where B34, By, and 5 are learning rates, and 3, >0, 3> 0,

and B3> 0.

6. Simulation experiment

In this section, the real-time navigation control
of the mobile robot in a variable environment was
completed by applying the above fuzzy neural network
algorithm to solve the issues on the navigation control
for mobile robots [15]. In the experiment, the control
system was used to remember the fuzzy control rules
(input-output pattern samples) summarized by human
through the neural network, so that the output pattern
approximated that of the learning sample only if the
input pattern approximated that of a certain learning
sample even if the input value deviated from the learning
samples. Based on the control requirements, there were
four input signals for defining the fuzzy neural network,
which were the sonar sensor detection distances, d,, d,
and d,, towards three directions in front of the dummy
robot, and the angle o between the movement direction of
the robot and the targeted connection, in order to realize
target location of the robot. The network outputs were
the control line speed v and steering angle increment
0 of the robot, which controlled the navigation of
dummy robots in the external environment. Next, all
the parameters were to be fuzzed. Since the Gaussian
membership function curve was smoother, all the
membership functions in this thesis were Gaussian type
in order to improve the accuracy and simplicity of the
system [6]. The fuzzy linguistic variables d,, d; and d,
that defined the input variables were {N, F}={near, far},
with the domain of (0~30). The fuzzy information from
the sensor information was mainly used for obstacle
avoidance and emergency handling, its membership
function should be determined in such a way that it made
amore detailed fuzzification presentation of close-range
information. When determining the fuzzy control rule
of the mobile robot. If the obstacle was detected in the
“far” zone, the mobile robot did not perform obstacle
avoidance processing but went straight toward the
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target. The membership functions of d,, d, and d, are
shown in Figure 3:

N F

0.5F .

i 1 ) L L )
0 § 10 15 20 25 0

Fig. 3. Degree of membership function of d,, d; and d,

The input angle a were: {—60°, —30°, 0°, 30°, 60°},
represented by {LB, LS, Z, RS, RB}, respectively. The
increment of the output steering angle 6 were: {—30°,
-15°,0°, 15°, 30°}, represented by {TLB, TLS, TZ, TRS,
TRB}, respectively. The output line speed v were: {0.1,
0.25, 0.4}, represented by {S, M, Q}, respectively.

The simulation experiment was implemented on
the Microsoft Visual C++ 6.0 software platform based
on the following steps: firstly, initialized the weight
of the network. According to the possible environment
category and target level in the operation of the
mobile robot, the training rules of the fuzzy neural
network were prepared based on the experience of
human navigation experts[16]. The empirical analysis
showed that the control factors affecting the steering
of the mobile robot were mainly the obstacle distance
information in the left, front and right directions and
the angle between the robot movement direction and the
targeted connection; the main factor affecting the speed
of the mobile robot line was the distance information
for obstacles. In other words, the closer the distance
of the mobile robot to the obstacle, the slower the
movement speed of the mobile robot, and the greater the
angle of rotation of the mobile robot to avoid obstacles.
Otherwise, the mobile robot was able to move toward
the target as quickly as possible. Therefore, the values
corresponding to the output variables v and 6 may be
designed depending on the different conditions of the
obstacle when establishing the fuzzy control rule [7].
The following 40 rules for control of robot navigation
in this experiment have been developed (r1~r40):

1) Obstacles far away or no obstacles at all:

rl: If the input d, was F, d. was F, d, was F, and a
was LB, then the output 6 was TLB, and v was Q;

r2: If the input d, was F, d. was F, d, was F, and a
was LS, then the output 6 was TLS, and v was Q;

r3: If the input d, was F, d. was F, d, was F, and a
was Z, then the output 6 was TZ, and v was Q;

r4: If the input d, was F, d. was F, d; was F, and a
was RS, then the output 6 was TRS, and v was Q;

r5: If the input d, was F, d. was F, d; was F, and a
was RB, then the output 6 was TRB, and v was Q.

64

2) The left sensor detected an approaching obstacle:

r6: If the input d, was F, d. was F, d, was N, and a
was LB, then the output 6 was TZ, and v was M;

r7: If the input d, was F, d. was F, d, was N, and a
was LS, then the output 6 was TZ, and v was M;

r8: If the input d, was F, d. was F, d, was N, and o
was Z, then the output 6 was TZ, and v was M;

r9: If the input d, was F, d. was F, d, was N, and a
was RS, then the output 6 was TRS, and v was M;

r10: If the input d, was F, d. was F, d,was N, and a
was RB, then the output 6 was TRB, and v was M.

3) Both the left sensor and the front sensor detected
an approaching obstacles:

rl11:If theinputd,wasF, d. was N, d, was N, and o
was LB, then the output 6 was TRS, and v was S;

r12: If theinput d,wasF, d. was N, d, was N, and o
was LS, then the output 6 was TRS, and v was S;

r13: If theinput d, was F, d. was N, d; was N, and a
was Z, then the output 6 was TRS, and v was S;

rl14:If theinput d, was F, d. was N, d, was N, and a
was RS, then the output 6 was TRB, and v was S;

r15: If theinput d, was F, d. was N, d, was N, and a
was RB, then the output 6 was TRB, and v was S.

4) The left sensor, the right sensor, and the front
sensor all detected an approaching obstacles:

r16: If the input d, was N, d. was N, d,was N, and a
was LB, then the output 6 was TLB, and v was S;

r17:If theinput d, was N, d. was N, d,was N, and a
was LS, then the output 6 was TLB, and v was S;

r18: If the input d, was N, d, was N, d,was N, and a
was Z, then the output 6 was TRB, and v was S;

r19: If theinputd,was N, d.was N, d,was N, and o
was RS, then the output 6 was TRB, and v was S;

r20: If theinput d, was N, d. was N, d, was N, and o
was RB, then the output 6 was TRB, and v was S.

5) The front sensor detected an approaching ob-
stacle:

r21: If theinput d,was F, d. was N, d, was F, and o
was LB, then the output 6 was TLB, and v was S;

r22: If theinput d, was F, d. was N, d;, was F, and o
was LS, then the output 6 was TLS, and v was S;

r23: If the input d, was F, d. was N, d, was F, and a
was Z, then the output 6 was TRS, and v was S;

r24: If theinput d, was F, d. was N, d;, was F, and a
was RS, then the output 6 was TRS, and v was S;

r25: If the input d, was F, d. was N, d; was F, and a
was RB, then the output 6 was TRB, and v was S.

6) The right sensor detected an approaching ob-
stacle:

r26: If the input d, was N, d. was F, d,was F, and a
was LB, then the output 6 was TLB, and v was M;

r27: If theinput d, was N, d. was F, d, was F, and a
was LS, then the output 6 was TLS, and v was M;

r28: If the input d, was N, d. was F, d, was F, and a
was Z, then the output 6 was TZ, and v was M;

r29: If the input d, was N, d. was F, d, was F, and a
was RS, then the output 6 was TZ, and v was M;

r30: If the input d, was N, d. was F, d, was F, and a
was RB, then the output 6 was TZ, and v was M.
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[ Fuzzy neural network - robot simulation” | [o3
Target distance: 2.66344

Fig. 4. Diagram of navigation simulation in fuzzy neural network

7) Both the right sensor and the front sensor de-
tected an approaching obstacle:

r31: If theinput d, was N, d. was N, d,was F, and a
was LB, then the output 6 was TLB, and v was S;

r32: If the input d, was N, d. was N, d,was F, and a
was LS, then the output 6 was TLB, and v was S;

r33: If the input d, was N, d. was N, d,was F, and a
was Z, then the output 6 was TLS, and v was S;

r34: If the input d, was N, d. was N, d,was F, and a
was RS, then the output 6 was TLS, and v was S;

r35: If the input d, was N, d. was N, d,was F, and o
was RB, then the output 6 was TLS, and v was S.

8) Both the right sensor and the left sensor detected
an approaching obstacle:

r36: If the input d, was N, d. was F, d, was N, and a
was LB, then the output 6 was TLB, and v was M;

r37: If the input d, was N, d. was F, d, was N, and o
was LS, then the output 6 was TLS, and v was M;

r38: If the input d, was N, d. was F, d, was N, and o
was Z, then the output 6 was TZ, and v was M;

r39: If the input d, was N, d. was F, d, was N, and o
was RS, then the output 6 was TRS, and v was M;

r40: If the input d, was N, d. was F, d; was N, and
o was RB, then the output 6 was TRB, and v was M.

The fuzzy neural network might perform learning
training based on the navigation control rules
upon completion [17]. Considering the convergence
speed of network learning, the value was taken as
B1 = P2 = PBs = 0.5. Upon completion of the network
learning, the dummy robot might be directed to
perform a navigation and obstacle avoidance in the
simulation environment. The dummy robot detected
the target and information on the obstacle in the
external environment using three analog sonar sensors
that were placed in front, while the navigation
controller determined the position, distance, direction
of movement, etc. of the robot based on the detected
information, and then transmitted the information to
the internal fuzzy neural network in order to generates
corresponding output actions which controlled the
dummy robot to avoid obstacles and continuously
approach the target area.

The experimental results are shown in Figure 4.
After training with the navigation control rule set,
dummy robots controlled by fuzzy neural network
performed several simulation experiments in different
simulation environments. The results indicated that
all robots met the requirements of safety since they
successfully avoided obstacles in the environment
and reached the target area safely without collision.
However, the dummy robot sometimes took a long
walk since it failed to find the optimal path between
the travels in the navigation process. This was mainly
attributed to the coverage of the robot’s navigation
control rule set based on navigation experience
summarized by people was not sufficient to cover
all possible complex environmental state spaces. In
addition, some paths might not be smooth enough
due to the insufficient quantity of sensors and lack of
comprehensive information during the operation of the
robot. However, if the information input was increased,
the navigation control rule set might grow rapidly,
thus resulting in some defects such as difficulty in
preparing the rule base, excessive data calculation, and
slow processing speed [18].

7. Conclusion

In this article, the working principle and learning
method of neural network was systematically described,
several typical neural network models were introduced,
and a robot navigation control method based on fuzzy
neural network was studied. In the neural network
framework, the qualitative knowledge was introduced,
namely, the neural network was constructed by the
fuzzy rule by adding fuzzy layer to the input layer and
the output layer of the conventional neural network. The
adaptive learning mechanism of the neural network was
retained while the network weight was given with a clear
physical meaning. Finally, the fuzzy neural network
algorithm was applied to the mobile robot navigation
control simulation experiment. Based on the priori
knowledge summarized by human navigation experts,
the network weight was corrected by self-learning to
achieve more effective real-time navigation control.
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AJITOPATM ABTOMATUYHECKOI'O YINPABNEHNA
HABUTALUMEN MOBUJIbHOIO POBOTA

HA OCHOBE HEYETKOU HEMPOHHOW CETU

B MPOMbILWIEHHOM UHTEPHETE BELLEWN

M. Nai’, 0. H. MeTpeHkKo'
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Annomayusn

C rrosiBJIeHVEM TeXHOJIOTU U 6eCHpOBOﬂHOﬁ c¢BA3U 5G BayKHBIM U IIOCTOSIHHO PpasBUBaAKIIMCA HAIIpaABJIEHUEM pOﬁOTOTeXHI/IKI/I CTaHO-

BATCS MOOUJIBLHBIE POOOTHI, KOTOPBIE MITUPOKO UCIIOJIb3YIOTCA B IPOCTPAHCTBE IMPOMbIIIeHHOro nHTepHera Beiei (Industrial Internet of
Things — IToT), B ceJIbCKOM X0351CTBE, B apMUU, HA TPaHCIopTe. TeXHOIOrna aBTOMATUYECKOT0 YIIPABJICHU A HABUTAIINEN — SIIPO B 9TUX
00J1aCTAX UCCIeLOBAHUI, a TAKIKe KIII0UeBasi TeXHOJIOT U JJIsI JOCTIIKEeH S NHTEJIEK TYAIN3aI[Ny ¥ aBTOHOMU3AIlNY MOOMIHHOTO POOOTAa.
B nanHOIi cTaThe MOAPOGHO PACCMATPUBAIOTCS U MCCJIEAYIOTCA TeXHOJIOTUY HEIPOHHBIX CeTel U UX IPUMeHeHNe B YIPABIeHUN Ha-
BUTaIme, npejaraeTca Crocod AJs MOBBIINIEHUA YPOBHA UHTEIEKTYaIn3alil MOOMIIBHOTO po00oTa ¢ caMoOpraHu3arueil ooyuyeHus,
OPUAAHUA aNAITUBHBIX BOSMOYKHOCTE [IJId PeIlleHU aBTOHOMHOM 3a/Jauyy HaBUTAIIUY MOOMJIEHOTO POOOTA B CJIOKHBIX HEOIIPeJeJI€HHBIX
¥ HeM3BECTHHIX IIePEeMeHHBIX CPeaX C NCI0JIb30BaHNEeM HefIDOHHOM CeTH B COUETAHUH C APYTUMY NHTEJIEKTYaIbHbBIMU AJITOPUTMAMU,
TAKNMU KaK o0yUeHUe C IOAKPeIlJIeHreM U T. II. PellteHre 3afaun yIpaBieHUs HaBUTramyueil MOGUILHOTO POOOTa ¢ NCIOJIHL30BaAHUEM He-
YETKOU HeHIPOHHOM CeTU MOKEeT 00eceunTs 6oJiee 3(pHEeKTUBHYIO IIPONU3BOANTEIHLHOCTh YIIPABJIEHNUS B PEKUIME PeaJIbHOTO BpDEMEHHU 3a
cueT U3MEHEHUs Beca CeTH IyTeM CaMOOOYyYEeHUA B COOTBETCTBUY C AIIPUOPHBIMY 3HAHUAMYU HABUTAIMH 9KCIEPTOB-0IIEPATOPOB.
Knmuesvle cnosa: aBToMaTu4eCcKoe yIIpaBjaeHue HaBuramueii, 5G, HelipoHHas ceTh, HeUeTKas HeMPOHHAS CeTh.
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HOBOCTMU

10 TexHOMOTMI1, CMOCOOHBIX KapAMHAIBHO U3MEHNTDh OM3Hec yke B 2020 rogy

CNews Analytics BpImenun mecsATOK Hambosee 4acTo
YIOMMHAaeMBbIX TEXHOJIOTUII ¥ METOJOJIOTUI, KOTOPBIM
B 2020 rogy mpodyaT Ba)XHYIO PO/Ib B IpPe0Opa3oBaAHMAX
OusHeca.

1. VIckyccTBEeHHBIN MHTE/UIEKT CTOUT Ha IEPBBIX MeCTax
MIPaKTNYECK) BO BCeX MPOrHo3ax. HecMoTps Ha omaceHus,
4TO MAllMHBI OTHMMYT paboudne MecTa y JIofieli, Hoka 6aro-
Japsi eMy KOMIIBIOTEPbI CTa/IM BBIIOTHATD 3a JIOAel IMPOKIIA
criekTp pa6or. VV-peuieHus CIOCOOHBI M aBTOMAaTUYeCKU
CO37aBaTh MeTAJAHHBIE /IS 3BYKO3AIIICell C BO3MOYKHOCTBIO
THOMCKa 10 HUM, 11 06ecreqnBarh Knbep6e30macHOCTb, aHaIN -
3MpyA B peaJlbHOM BpeMeH) MACCUBBI JAHHBIX O MOBeJeHNN
KOMITOHEHTOB KOPIIOPATVBHOI CETH M BbIfjaBasi peKOMEeH/ja-
LUV IO PeIIeHNI0 BO3HUKAIOMUX MPO6IeM.

2. Kpome Toro, MIJI — ocHOBa TeKCTOBBIX U TOJIOCO-
BBIX 4aT-00TOB, MOMB3YIOLIMXCS TEXHOMOTMAMHU 06paboTKN
€CTEeCTBEHHOIO A3bIKA U aHaIM3a TOHAJIBHOCTYM BBICKA3bI-
BaHUA.

3. B ToM e psImy CTOST cpefcTBa poboTusaiym 6usHec-
npoueccos (Robotic Process Automation, RPA), xoTopsie
HO3BO/IAIOT aBTOMATM3MPOBATh IOBTOPSAIOIIMECA AENCTBUA
nonb3oBareneil. [Ipndem ecm mepBOHAavYaIbHO IIPEATIONara-
JIOCB, YTO OHU OYAYT A/aTh UCK/IIOUNTETHHO «MEXaHINIECKYIO»
paboTy — CKaXKeM, IIepeHOCUTD JJAaHHbIE 13 OJfHOI TaOINIbI
B IPYTyI0, — TO B IIOC/ICHEE BpeMs OHM OYeHb OBICTPO «yM-
HEIOT» U TOTOBBI BBIIIO/IHATD KOHTPOJ/IbHbIE (PYHKIMN U laKe
pasgaBaTh MPOCThIe, HOBTOPSIONIECA 3a/JaHNA.

4. Metognonoruto Agile, n3Ha4anbHO MCIIONTB30BABIIYIOCST
paspaborunkamu I1O, mepeHMMalOT U OU3HEC-CTPYKTY-
pbl. B3amMogpeiicTBie B reorpauyecky pacpefie/IeHHbIX
KOMaH/ax 00ecreunBaeTcsi CpefcTBaMy KOH(epeHI]-CBA3M,
KOTOpasi IepeXXuBaeT HOBBII mopgbeM. He Tak maBHO cre-
MamncThl MaccadyceTcKOro TeXHOMOIMYeCKOTO MHCTUTYTA
IIPOBE/IM OIPOC IIPYIMEPHO B TPeX COTHAX KOMIIAHMIA, BbI-
SICHAA, KaKye TeXHMYeCKye CPefcTBa IIOMOraloT CO3IaBaTh
HayTydlline yCIOBUSA pabOThI COTPYAHMKOB, M Ha IIepBOe
MeCTO Cpefiyl OTBETOB HEOXXM/IAHHO BBILIIO BMJEO: MHBe-
CTMLMM B BUIEOTEXHOJIOTMY CIIOCOOCTBYIOT MHHOBAILIVN,
CTTAXEHHOMY B3aMMOJENCTBIIO ¥ POCTY MPOJYKTUBHOCTI.
B manbHeitimeM 3¢ dexT IpUCYTCTBUSA NMpU B3aMMOZEIl-
CTBMM IIO BMUIEO CTaHeT elle 6ormee IIybokuM Onaropapsi
TeXHOJIOTVSIM JIOTIOTHEHHOJ M BUPTYa/lbHOM peanbHOCTH,
npenckasbiBaioT B MTIL.

5. Taxoke cpefyt BAMATENbHBIX TEXHOTOTMYECKUX TeUeHNI
aKkcnepThl ynommuHaoT DataOps. Cam 3TOT TepMUH BIepBble
OBIT TIPEIOXKEH BCETO TISITH JIET TOMY Hasaj B Orore IBM,
Y CeTORHA IIOJ HYM IIOHMMAIOT IIPOLeCCHO-OPMEHTHPOBAH-
HYIO METOIO/IOTUIO OPTaHM3aIMM PabOTHI TPYIII aHATUTUKOB
U JICCTIefloBaTeiell JaHHbBIX, HallpaB/IeHHYI0 Ha IOBBILIEHNe
Ka4yecTBa aHAIMTIYECKUX CBEIEHNIT U YCKOPeHMe X IIOMy-

yeHNA. [IoMMMO IPUMHIVIIOB OpraHM3alMy AEATENbHOCTH,
yepraroyx npen n3 Agile-paspaborku, DataOps onupaercst
Ha yIIpaBjIeHJe TaHHBIMU [PV IOMOIIY CPeACTB MAIIMHHOIO
00y4eHMs M MCKYCCTBEHHOTO MHTemtekTa. Ha ceropHs, mo
manHbIM Gartner, DataOps BHeppuau nuimb MeHbuie 1 %
Y4YaCTHUKOB aJJpeCcyeMOro pbIHKa, HO aHa/IUTUKY YOeXK IeHBI,
9TO 9TMM OPTaHM3ALMAM IapPAaHTUPOBAHO OOJIbIIOE KOHKY-
PEHTHOE IIPEeNMYILEeCTBO.

6. Boxpyr ceteit 5G pasgyra 6onbluas IIyMyUXa, Ha HUX
BO3/IAraloTcsi GOJBIINE HAJEXAbL, XOTs paboTa HAf CTaH-
fapTaMM) ellle He 3aBeplieHa, U [0 pa3BepThIBaHMA ceTeil
B 06IIerocyapcTBEHHBIX MAcIITabax elje MOTYT IIPONTU
rogol. TeM He MeHee, B OT/Ie/IbHBIX OPraHM3ALVAX yKe IIIa-
HUPYIOT CTpaTeruy BHEAPEHNUA CHUCTeM CBA3U 5G, KOTopble
06emaT CKOPOCTb Hepefady K abOHEHTY M OT Hero Ha
ckopoctu fo 20 I'éur/c n o 10 I'6ut/c cOOTBETCTBEHHO,
a TaKXXe BO3MOXXHOCTb COXPaHEHNS COeMHEHNs IIpU Iiepe-
IBIDKEHUI CO CKOPOCTBIO 10 500 KM/4.

7. Cranpgaptusauua 5G CymuT pocT IpMMEHEHUs CH-
CTeM MHTepHeTa Belleil ¥ nepudepuitHbIX BHIYUCICHUI
U COOTBETCTBYIOIlee pe3Koe BO3pacTaHMe JOCTYIHBIX JIA
aHa/M3a IIOTOKOB JJAHHBIX, K YeMy IPefUpUATIAM IPUAETCA
IIOZITOTOBUTBCA IyTeM pa3BepThIBAHNA HAJEKHBIX aPXUTEK-
Typ moto4Hoil obpaborku. ITo mHpoOpMary acconmanum
CompTIA, npnbmmsnutenbHO B TpeTU KOMIIAHMII YBEpPEeHBI,
YTO CTpareruy B OO/IACTM MHTEPHETA Belell CIOCOOHBI
06ecednTh POCT BBHIPYYKM 3a CYET yBeIMYeHMA 0ObeMOB
IIPOM3BOJCTBA, MOHETH3ALVM JAHHBIX 1 IIPOJAXKI IIPOYKTOB
B BUJIEe CEPBUCOB.

8. PacteT mHTepec K KOHTeJHEpPaM M MUKPOCEpPBUCAM,
KaK K TeXHOJIOIMIAIM, TIO3BOJLIIOLIVM OBICTPO pa3pabaTbiBaTh
BBICOKOMACIITA0MpyeMble IIPOrpaMMHbIE CUCTEMBbI, 0COOEH-
HO Oo0jauHble ¥ IIpefHAasHauYeHHble [l pelleHMil Ha Gase
VHTEPHETa BeIeln.

9. Ompocsl, nposefenHble Gartner B 2019 ropny, ceuse-
TEIBCTBYIOT O Hadaje IIMPOKOro IPUMEHEHMA «IU(pPOBBIX
IBOIHMKOB» — IPOJIYKTOB, IIPOL[ECCOB M CUCTEM, II03BOJIA-
IOIIMX KOHTPO/INPOBATb COCTOAHNUE «VCXONHBIX» (PU3NYECKIX
00BEKTOB I IIPEACKA3bIBATH BO3MOXKHbIE IIPOOIEMBI 10 TOTO,
KakK OHM BO3HUKHYT. [To 06lieMy MHeHUI0, B OrmypKaifiime
TOIbl HAYHYT IOSBIATHCA «UM(POBbIe ONIM3HEIbI» OpraHMm-
3alMif, KOTOpbIe MO3BOAT BECTM MOHUTOPUHT KOMITAaHUI
B IIJIOM, @ He VX OTJE/IbHBIX CUCTEM.

10. U, HakoHel, 4TO KacaeTcs G/IOKYeliHa, BOKPYT KO-
TOPOTro TOXKe HeMaJIo LIyMa. Bo3amoskHoCTelt 3apaborarh Ha
nepBUYHBbIX npepnoxeryax MoHeT (ICO) Bce MeHblue, HO
MIMPUTCA HNpPUMEHEHMe pacIpefie/IeHHbIX peecTpoB B Iie-
HOYKe NOCTAaBOK, (PMHAHCOBOII OTPAC/IN U HE TONbKO, B TOM
4pcae Ha 6ase mIaTGOpM C OTKPBITBIM KOJOM, TAaKMX Kak
Hyperledger Fabric.

(Ilo mamepuanam CNews)




