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A SOFT FUZZY ALGORITHM OF THE MOBILE ROBOT CONTROL

Context. The task of a mobile robot control on the base of soft algorithm fuzzy inference has been solved.

Objective is the creation of soft algorithm of the fuzzy inference which allows to provide additivity of fuzzy control system.

Method. A soft algorithm of fuzzy inference used to control the mobile robot is suggested. Given algorithm allows to compensate errors
inherent to the traditional models of fuzzy inference. Errors include: the curse of dimensionality, the absence of additivity and the fuzzy
partition. This soft algorithm of fuzzy inference at the expense of rational allocation of premises and conclusions in a matrix of fuzzy
relations, reduces the number of operations of the fuzzy inference. Another distinctive feature of the proposed soft algorithm is that in
fuzzy inference to find minima and maxima used soft arithmetic operators. The paper shows that during the work of hard formulas for the
implementation of these formulas while controlling the mobile robot the situations will appear when the robot loses control. The article
points out that the implementation of the possibility in soft algorithm of fuzzy inference option of changes in parameters of sigmoidal
membership functions will minimize the error at fuzzy system output. Dynamics of changing RMSE ratio from the varying parameters of
sigmoidal membership functions proves it. The additional simulations presented in the article shows that during varying the parameters of
sigmoidal membership function, during in increasing of the parameter a, is being observed decrease in the value of RMSE. The effectiveness
of the proposed soft algorithm is confirmed by numerical simulation and experiments in the researching of a mobile robot movement along
a line.

Results. The specialized software for microcontroller Arduino Uno is developed and it realizes the proposed soft algorithm which
allows to carry out an experimental study of its properties.

Conclusions. The software realizing proposed algorithm has been developed and used in computational experiments investigating the
properties of the algorithm. The experiments confirmed the efficiency of the proposed algorithm and software.

Keywords: fuzzy inference system, fuzzy set theory, RMSE, soft computing, mobile robot.

NOMENCLATURE

RMSE is a root mean square error;
MF is a membership functions;
MISO is a multi input single output;
FR is a fuzzy rules;

FIS is a fuzzy inference system;

y is an output parameter;

x,is an input parameter;

n is a number of input parameters;
X is a vector of the input parameters;
k is a number of fuzzy rules;

m is a number of terms;

Y is an operator of the parameterization;
M is the number of observations in the learning sample.

1 INTRODUCTION

Algorithms of the fuzzy-logic inference are successfully
applied in modeling of difficult technological processes of
the modern control systems [1, 2, 3]. The algorithms allow
increasing accuracy of the control process by balancing
outside effects in real-time mode.

However, in practice, implementation of the system based
on algorithms of the fuzzy-logic inference has some
problems concerning continuous differentiability of MF.
They are curse of dimensionality [4, 5, 6]; non-observance

[ is a number input parameters;

a,b,c are the parameters of the Gaussian membership
function;

S is a softness operator;
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of the condition of the partition of unity condition [7] and
non-compliance of the condition of additivity [8].

The main purpose in the article is to design a soft
algorithm of fuzzy inference that allows to control robotic
systems in real time.
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2 PROBLEM STATEMENT

Fuzzy inference systems, based on the Zadeh rule, are
used for modeling modern systems [12, 13, 14, 15]. For
example, when MISO-system with n-input and one output
parameter is designated, then dependence between these is
defined as

y:f(X) :f(xlaxza“~axn)a
where y — an output parameter, X;— input parameters, i=1...n,
n — number of input parameters.

The vector X of the input parameters is shown on the
Cartesian product of the determination of input parameters
X x X, x..x X : X=[x,, x,,...,x,]. At the same time, the
function f shows a condition multiplicity of the output
parameter Y in the area of the determination of the input
parameters X

X xXyx..xX —7Y.
According to the Zadeh rule the fuzzy multiplicity in a
MISO-system is determined as

(X, AAX (), 1)

where v is a symbol, which means the operation of the hard
fuzzy maximum; A is a symbol, which means the operation
of the hard fuzzy minimum.

At the same time, the membership function of the output
parameter takes the form
uy ()= M (“X (X)) AApy (xn))' @
.V:f(xl >"'7Xn) ! !

The disadvantage of the MF relation, based on the Zade
rule using hard formulas is evident. When the equation (2)
min(x ; x,)=min(0,7; 0)=0, the result at the output is zero.
Therefore, a fuzzy system will be non-sensitive to changes
of the input parameter x, because its value will depend on
the second parameter x,=0; if x, = 0.2 and the output is 0.
Thus, the FIS does not possess additivity. Therefore, values
of the RMSE parameter are increasing when modeling. For
example, in [16] when modeling a similar system, RMSE
(without training) is more than 120.

Another huge disadvantage of ANFIS models, which
are created on the Zadeh rule, is existence of empty decisions
in conclusions of the fuzzy inference. They increase with
the conclusion of input parameters and FR, which are the
knowledge base. The growth of the conclusion of FR is so
fast, that it causes an error, which is concerned the dimension
damnation. In recommendation [17], the conclusion of fuzzy
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rules k£ should be the same as the conclusion of terms m.
They describe a fuzzy input parameter. For example, if MISO-
system has 2 input parameters and each of them is described
by 3 terms, than the amount of FR will be defined as
k=m'=3>=9. If the fuzzy MISO-system has 12 input
parameters and each of them consists of 3 terms, than the
amount of FR will be defined as £=531441. The growth of
the conclusion of input parameters from 2 to 12 will increase
the conclusion of fuzzy rules in 59049 times [18].

To compensate for the above drawbacks is solved the
following task: the development of a fuzzy algorithm uses
of soft arithmetic operations. A comparison of the proposed
method with the traditional models of fuzzy inference is
implemented based on the RMSE evaluation.

3 REVIEW OF THE LITERATURE

Currently, there are a large number FIS used as a decision-
making system [319]. However, these FIS in the composite
rule Zadeh use hard arithmetic operations of finding the
minimum and maximum [12, 13, 15, 16]. Typically, such systems
are not additive, and are not monotone [8, 15]. Also hard
fuzzy inference system may cause such error as the curse of
dimensionality [446]. This leads to the fact that in some cases
FIS cannot learned. In some cases, FIS do not provide the
condition of the partition of unity [7]. To resolve this issue
we recommend to use parameterized MF for ensuring the
partition of unity condition and continuity through the
intersection point of the adjustment linguistic terms which
equal 0.5. Also, to overcome the above errors in the studies
recommended to use soft arithmetic operations [9, 10, 11, 21].

4 MATERIALS AND METHODS

A soft algorithm of the fuzzy logic inference includes the
following steps:

Step 1. Fuzzification of the input parameters. The fuzzy
MISO-system Y =f{x, x,), which has 2 input and 1 output
parameters should be considered. If each input parameter
has 3 fuzzy terms (Fig. 1) with a MF then the output
parameter has 5 fuzzy terms

b 9
xX—c
1+
a
where a, b, ¢ are the parameters of the MF; x is a quantitative
value of the input parameter.
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Figure 1 — Graphics of MF: a — the first input parameter x; b — is the second input parameter x,
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Step 2. Determination of values of MF for every
implication of the input parameters, based on the information
received from sensors of active control systems, for example
(Fig.1), ifx =140 then x,=262:

x =(x],,x),,x;,)=1(0,9;0,144; 0),

Xy = (x5, X5, X0 ,) =(0;0,25;0,79). 4

Step 3. Synthesis of the knowledge base, which contains
fuzzy rules of the type «If ... then» (see Table 1) [19].

Step 4. Creation of a fuzzy ratio matrix. Soft arithmetic
operations are used while calculating MIN and MAX [8].

The operation of determination the soft MIN is obtained
as follows:

X +Xy +82 - (xlfx2)2+52

mBin(xl , X)) = 5 , where §=0.05. (5)
The Eq. (5) demonstrates that
2 2 2
. El 5 - sl 090
m;n(0,7;0):07+0+005 2(07 0)° +0,05 00076,

Therefore, the soft MISO-system, will give the value different
from zero and respond to the changing parameter x,, if the
second parameter is x,=0. In this case the fuzzy system will
be additive in the whole range of input parameters.

The equation of parameterized soft maximum capture is
obtained as follows

mglx(xl,xz):|y-max(x1 %) +0,5(1-7)(x +x2)| . (6)

where Y 1is an operator of the parameterization. If =1,
then Eq. (6) will apply operations of hard-MAX. If v =0,
then Eq. (6) will apply arithmetic operations.

The Eq. (6) can be applied only with 2 operands. If there
are more than 2 operands, then it is necessary to apply the
soft-MAX operator

n
soft —MAX = ‘vl(mglx(xli , X1)). (7
i=
Taking into consideration the (Egs. (5), (6), (7)) the fuzzy
ratio matrix is given as in Table 2.
The conclusion of conclusions equals to the conclusion
of terms of the output parameters, i.e. 5. In a hard model of
the fuzzy inference the conclusion of conclusions will be

equal to 9. Therefore, a rational location of elements in the
fuzzy ration matrix will be of the curse dimension.

Step 5. Truncation of output parameter terms, according
to the equation

W(); = soft : min = (75 u(y);)s ®)

i=1
where i=1..n is the conclusion of the conclusion of the fuzzy
logic inference; n is the amount of conclusions of the fuzzy
logic inference.
Step 6. Integration of the transformed terms of the output
parameters

n(y)' = s0ﬁ:max[u’(y)l;u’(y)z;u’(y)3;u’(y)4;u’(y)s]- ©)

i=1

Step 7. The obtained result is defuzzification by the
weighted average method [20, 21]

D Vi)

n_ i=l1

D u();

i=1

(10)

Therefore (Eqs. (3)+(10)) present a soft algorithm of the
fuzzy logic inference.

4 EXPERIMENTS

The task of estimation of the created soft algorithm of
the fuzzy logic inference assumes finding an optimal decision
where RMSE is MIN [22, 23]

n
RMSE = fLZ(y—y") — min.
Ml':1

Experimental data y= f'(x, x,, ... x,) is given in Table 3.
Calculation of RMSE in the hard fuzzy inference
system.

The data obtained from the defuzzification of the output
result. Table 4 shows applying the hard algorithm of the
fuzzy logic interference.

Table 4 demonstrates a non-sensitive zone. The hard
fuzzy logic inference model does not react to changes of the
input parameters, and it is additive.

(1)

Table 1 — Knowledge base with FR

Fuzzy if then Fuzzy if then Fuzzy if then
rule rule rule
FR 1 X11 X21 Vs FR4 X12 X21 V4 FR7 X13 X21 V3
FR 2 X1 X2 V4 FR'S X12 X2 V3 FR 8 X13 Xn pp)
FR 3 X11 X23 V3 FR 6 X12 X23 2 FR 9 X13 X23 Vi
Table 2 — Fuzzy ratio matrix
Output term Composition Maximum

V' bi=soft-min(x,; x»1) by

Vs by=soft-min(x;; x2) bs=soft-min(x;; x21) soft-max(b,, bs)

V'3 bs=soft-min(x;; x23) bs= soft-min(x2; x22) b7=soft-min(x;3; x21) soft-MAX(bs, bs, b7)

Vs be=soft-min(x;; x23) bs= soft-min(x3; x22) soft-max(bs, bs)

b bo=soft-min(x;3; x23) by
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Calculation of the RMSE parameter with the use of the
experimental data (see Table 3) and the data, obtained from
the modeling of the hard fuzzy inference model (see Table 4)
is designated as RMSE, =247,54.

Calculation of RMSE in the soft fuzzy inference
system.

RMSE of with the appliance of soft arithmetic operations
is calculated in (Egs. (3)+(10)). The obtained data is given in
Table 5.

As shown in Table 5 there are no non-sensitive zones.
Thus, soft fuzzy model reacts to all changes of the input
parameters and becomes additive. It helps to minimize the
value of the RMSE parameter.

Calculation of the RMSE parameter with the use of the
experimental data (see Table 3) and data, obtaned from the
modeling of the soft fuzzy inference model (see Table 5) is
defined as RMSE =16,19.

It is shown that the soft model of the fuzzy logic inference
is in 15,3 times more corresponded to the experimental
selection in Table 3.

A graphic version of the modeling is shown in Fig. 2.

Several numerical experiments are necessary to perform
to study the soft algorithm of the fuzzy inference system.

Additional imitation modeling of RMSE calculation.

Some additional experiments, which allow proving
effectiveness of the introduced soft algorithm, are to be
performed with the random conclusions from 430 to 470. It
is necessary to fill values of the output parameter in Table 3
and to calculate RMSE for hard and soft algorithms of the
FIS. It is necessary to change only the values of the
coefficients ¢ and b of the output MF y if using fuzzy logic
modeling Eq. (3). The value of the parameter c is not changed
(see Table 6).

MIN RMSE for the soft fuzzy logic inference is obtained
in the 3" experiment: RMSE=11.14. MIN RMSE of the hard
fuzzy logic inference is obtained in the 4% experiment:
RMSE=244.88, then a=40, then b=2 (see Eq. (3)).

A graphic version of the best variants for the RMSE
parameter is illustrated in Fig. 3.

The data, which show dynamics of RMSE depend on
the parameter a (see Table 7).

Interpretation of the data (see Table 7) is given in Fig. 4.

Table 3 — Experimental selection

X 210 | 220 | 230 | 240 | 250 | 260 | 270 | 280 | 290 | 300
X1 y
110 457 432 460 440 466 468 440 451 459 444
120 451 446 464 452 452 470 442 443 438 445
130 470 434 456 464 463 452 453 469 434 432
140 470 457 465 448 434 431 442 435 435 467
150 435 455 467 464 468 455 458 464 462 430
160 461 434 442 439 462 439 458 457 466 434
170 435 448 465 442 445 446 443 455 442 447
180 446 436 456 434 452 464 432 445 444 450
190 446 453 463 447 441 455 435 465 446 465
200 461 462 455 444 446 432 452 445 436 463
Table 4 — Defuzzification on the hard fuzzy model
% 210 | 220 230 | 240 250 | 260 270 | 280 | 290 | 300
X1 y
110 0 0 0 0 0 0 0 0 0 0
120 473.99 47272 466.44 465.7 459.01 456.76 456.76 450.12 450.05 450.33
130 474.24 481.39 481.14 47361 465.6 457 .94 45043 450 450 449 .96
140 467.64 47745 478.12 47024 462.62 454.6 44754 446.05 44311 449 96
150 461.85 465.67 465.33 457.85 450.01 442.17 434.69 43435 43836 449 .96
160 457.04 453.96 452.48 44542 3742 429 81 421.93 422.61 432.89 44525
170 450.1 450 449.58 442.06 434.43 426.45 418.9 418.67 426.32 44525
180 450.05 449.99 44344 443 44 441.54 434.87 434.09 427 .84 426.54 438.92
190 0 0 0 0 0 0 0 0 0 0
200 0 0 0 0 0 0 0 0 0 0
Table 5 — Defuzzification on the soft fuzzy model
x 210 | 220 | 230 | 240 | 250 | 260 | 270 | 280 | 290 | 300
X1 y
110 450.5 450.5 458.87 450.5 450.5 450.5 441.74 450.5 450.5 450.5
120 450.5 473.98 474.22 466.64 464.07 456.85 450.06 450.06 450.5 450.5
130 475.4 481.41 481.16 473.75 465.66 458.11 450.42 450 450.04 458.84
140 469.12 477.63 478.36 470.57 462.89 454.68 447.52 445.98 444.58 454.66
150 464.48 465.67 465.49 458.03 450.01 441.99 434.52 434.27 435.67 448.78
160 455.12 453.91 452.44 445.43 437.15 429.48 421.69 422.44 431.47 438.73
170 450.04 450 449.6 442.07 434.42 42631 418.88 418.67 425.13 436.08
180 450.5 450.05 450.05 444.11 436.12 433.9 42631 426.55 450.5 450.5
190 450.5 450.5 458.87 450.5 450.5 450.5 441.74 450.5 450.5 450.5
200 450.5 450.5 458.87 450.5 450.5 450.5 441.74 450.5 450.5 450.5
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Table 6 — Imitation modeling of RMSE
RMSE,¢ RMSE¢
No. Hard-FIS Soft-FIS
of experiment a=8 a=20 a=40 a=8 a=20 a=40
b=4 b=4 b=2 b=4 b=4 b=2
1 247.54 247.42 2473 16.19 14.21 11.99
2 247.55 247.35 247.19 17.95 14.65 11.74
3 247.65 247.46 247.33 17.1 13.8 11.14
4 245.04 244.88 244.69 18.84 15.95 12.6
5 24743 247.26 247.1 17.07 14.37 11.42
6 247.55 247.39 247.28 17.15 14.12 11.98
7 246.78 246.59 246.45 17.87 14.52 11.9
8 247.23 247.04 246.88 19.22 15.67 12.71
9 247.33 247.2 247.09 16.44 13.73 11.44
10 247.63 247.51 247.37 16.76 14.87 12.38
Average 247.17 247.01 246.87 17.46 14.59 11.93
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Table 7 — Dynamics of RMSE when the parameter a is changed

a 10 20 30 40 50 60 70 80 90 100
RMSE 15.73 14.21 13.22 12.42 11.96 11.72 11.63 11.61 11.61 11.63
5 RESULTS used to control two wheel rotation. Its work is similar to the

The process of mobile robot control, which is moving
along the line, is illustrated in Fig. 5. The decision of this

task is made for 2 lengths: 2 meters and 2.5 meters.

There are a lot of ways to solve the task [27, 28]. A robot
based on the two-wheeled platform mini Q, is applied in the

experiment.

Scheme and the principle of the mobile robot

operation.

Mobile robot includes the following elements: A
microcontroller, based on the Arduino Uno scheme, made
on ATmega328p processor with 16 MHz CPU speed with 32
Kb memory; A two-wheeled platform mini Q with a disc, 2
wheels 42419 mm and 2 micro motors with 3-9 V; A Motor
Shield card for Arduino Uno, based on L.298P driver, which
allows controlling two micro motors with 5-24 V voltage;
Troyka Shield card connects necessary sensors to the mobile
robot; Two digital line sensors. A structural scheme of the
mobile robot is shown in Fig. 6.

The line sensors, which determine the colour of the
surface under the mobile robot, should be used for the robot
moving along the line. The output signal from the sensor is
a binary signal: logical 0 or 1 depends on the colour under

the mobile robot. 1 means “black”, 0 means “white”.

The use of the Troyka Shield card allows connecting to
the Motor Shield. Three different signals are transmitted
through the three-wire loopback: G means “ground”; V
means “voltage”; S means “signal”. The Motor Shiels is

Arduino Uno

/ L
Platform Mini Q Zd"
cro

motor

3 mm Spindle

Figure 6 — Structural scheme of the mobile robot

scheme H-bridge, for example 1293d. Two pins are applied to
indicate the direction of the wheel rotation. For example, if
there is a signal 1:1, then the mobile robot moves straight
ahead.

If the signal 1:0, then the mobile robot rotates around its
axis. If the signal 0:0, then the mobile robot moves back. The
other two pins are used to supply the voltage to the micro
motors ranging from 0 to 5 V. The process of control is
implemented with the help of pulse-wide modulation. If the
pin is under 5V, then the mobile robot moves at the maximum
speed. If V=0, then the mobile robot does not move. The
Motor Shield card is put on the Arduino Uno.

Fuzzy system of the mobile robot control.

Input parameters for the mobile robot control are
linguistic variables: power supply voltage — u (V) and robot’s
weight — m (gr). It is possible to use the range of values of
linguistic variables. If the power voltage is within the range
from 6 to 9 V (see Fig. 7, a) then a FM of the linguistic
variables of the power voltage is defined as U = [u ] + [u,] +
[u,]. The weight of the mobile robot depends both on the
conclusion of its sensors and a type of the voltage supply.
The presented weight is within the range from 180 to 270
grams. FM of the linguistic variables of the mobile robot
weight is defined as M= [m,] + [m,] + [m,] (see Fig. 7, b). The
MF is designated as Eq. (3).

The MF of the output linguistic variable Speed, depends
on the ADC precision. Therefore its range is occurred as [0 ...
255] (see Fig.7, c). This variable is also defined by the sigmoidal
function Eq. (3) Speed =[s ]+ [s,] + [s,] + [s,] + [s,].

Hard and soft algorithms of the fuzzy logic inference
should be used for calculation the variable Speed. A matrix
should be created for the robot with a FIS applying the
(Egs. (5)+ (7)) outlined in Table 8.

Defuzzification uses a method of the center of gravity to
determinate the output variable Speed outlined in Table 9
and Table 10.

Calculation of the RMSE by the methods presented in
Section 4 shows that RMSE_=11.93 in modeling of the soft
model of the fuzzy inference and RMSE, =35.59 in modeling
of the hard model of FIS. The area, which is grey (see Table
10), is an area of non-sensitivity of the mobile robot with a
FIS. The output of the MISO system will be the same if the
robot’s weight is in the range from 180 to 190 grams. It will
also influence its work. Therefore, the robot will not move if
the variable Speed equals 0. The results are illustrated in
Fig. 8 and in Table 9 and Tables 10.

Table 8 — Fuzzy ratio matrix

Output Composition Maximum
term
s’s by =soft-min(u;; m;) by
sS4 by=soft-min(u;; m,) by=soft-min(u,; m;) soft-max(b,, bs)
) by=soft-min(u,; m;) bs= soft-min(uy; my) b;=soft-min(uz; m,) soft-MAX(bs, bs, b7)
) be=soft-min(us; m3) bs= soft-min(uz; my) soft-max(bs, bs)
s’ bo=soft-min(us; m3) by
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Figure 8 — Modeling: a — soft model; b — hard model

The moving time of the mobile robot along the line ¢
(see Fig. 5) and the amount of successful robot’s passes are
estimated withing the experiment. The experimental data of
the mobile robot when it moves along the first track (see
Fig. 5, a) are given in Table 11. The experimental data of the
mobile robot when it moves along the second track are given
in Fig. 5, b (see Table 12).

The analysis of the experimental results (see Table 11)
shows that the mobile robot has not done a move along the
track in the experiment no. 1, when using the hard FIS.
However, the mobile robot has successfully done all the
movements along the track in the all experiments
(see Table 11), when using the soft FIS.

Table 9 — Defuzzification variable Speed based on the soft fuzzy inference algorithm

m 180 | 190 | 200 | 210 | 220 | 230 | 240 | 250 | 260 | 270
u Speed

61| 75 75 75 75 90.36 85.89 80.14 76.85 75 75
64 | 75 75 75 75 95.15 90.49 84.11 79.68 75 75
6.7 | 75 75 88.9 93.71 99.17 94.53 85.09 80.28 79.6 75

7 | 842 84.2 89.89 93.29 99.06 94.49 84.79 79.86 79.84 79.56
73 | 75 75 84.51 89.31 945 89.8 80.02 75.13 75.14 74.45
76 | 75 75 83.23 87.58 88.72 84.2 74.29 69.34 70.87 71.26
7.9 [ 72.76 72.76 78.4 81.19 82.11 76.93 67.23 62.88 65.12 65.86
8.2 | 69.88 69.88 77.52 78.91 79.68 74.85 65.22 60.58 62.39 64.69
85| 75 75 75 79.55 79.37 74.56 65.55 60.87 61.72 75
88 | 75 75 75 75 79.37 75.53 66.9 62.37 75 75
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Table 10 — Defuzzification variable Speed based on the hard fuzzy inference algorithm

m 180 | 190 | 200 | 210 | 220 | 230 | 240 | 250 | 260 | 270
u Speed
61 |0 0 88.9 86.74 82.39 81.25 81.25 81.25 80.02 78.74
64 | 0 0 88.9 93.09 89.79 86.2 85.02 83.35 80.01 78.74
67 |0 0 86 92.2 99.09 94.41 84.98 80.27 79.58 77.1
710 0 84.39 88.57 98.53 94.02 84.68 79.85 75.29 75
73 10 0 81.88 88.06 94.37 89.52 80.01 75.23 75.27 74.91
76 | 0 0 80.03 83.05 88.33 83.83 74.44 69.55 69.21 73.72
79 | 0 0 80.03 82.89 82.16 76.95 67.51 63.1 67.13 71.6
82 |0 0 80.03 80.81 79.73 74.87 65.46 60.77 65.51 69.97
85| 0 0 78.84 78.68 79.05 74.4 65.85 61.29 63.15 68.12
88 | 0 0 78.74 77.76 74.48 71.53 71.53 68.71 64.46 65.61
Table 11 — The robot moving along the track no. 1
Experiment Hard fuzzy inference Soft fuzzy inference
no. u Vv m, gr. Speed t, sec. u, V m, gr. Speed t, sec.
1 6.1 180 0 - 6.1 180 75 11.49
- 12.46
- 13.6
7.5 180 0 - 7.5 180 75 6.97
- 7.83
— 7.94
9 180 0 - 9 180 75 6.19
— 5.95
- 6.54
2 6.1 230 81 12.84 6.1 230 86 6.01
13.81 7.54
14.13 7.12
7.5 230 85 5.88 7.5 230 85 5.88
6.81 6.81
6.64 6.64
9 230 75 5.59 9 230 78 5.37
6.05 6.52
6.47 6.07
3 6.1 260 80 11.45 6.1 260 75 12.11
13.81 13.72
13.49 11.94
7.5 260 71 7.53 7.5 260 71 7.14
8.32 7.95
8.24 8.19
9 260 63 5.62 8.5 260 62 5.37
6.17 6.52
6.27 6.07
Table 12 — The robot moving along the track no. 2
Experiment Hard fuzzy inference Soft fuzzy inference
no. u, vV m, gr. u, vV m, gr. u, V m, gr.
1 6.1 180 - - 6.1 180 75 27.61
26.15
27.27
2 7.5 210 84 10.29 7.5 210 88 9.93
10.85 10.45
10.66 10.42
3 9 250 72 9.31 9 250 64 11.08
8.81 10.35
8.9 10.32
The result of the robot moving along the track no.2 are 6 DISCUSSION

similar to the above mentioned result. Thus, the experiments
show that the process of the mobile robot control is unstable.

Analyzing the results given in Table 12 one can conclude
that if the power voltage supply of the mobile robot increases
then the time of its passing the track decreases (see Fig. 9).

Different methods are possible to minimize RMSE. For
example, ANFIS technology of finding the optimal
conclusion of fuzzy rules is described in paper [24, 25, 26].
Nevertheless, the present research proves that it is possible
to decrease RMSE at 30 % off if change the parameters a
and b of the sigmoidal function Eq. (3). RMSE should be
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Figure 9 — Dependence of robot’s decision time on the power voltage t=f{u): a — track no.1; b — track no. 2

calculated for experimental values (see Table 3), if the
parameters a and b of the sigmoidal function are changed
(see Eq.(3)). Other parameters (see Table 3) are constant.

According to the results of the experiments, it is possible
to conclude that: RMSE is 20,7 times less when using a soft
fuzzy algorithm in comparison with a hard one. It is possible
to minimize RMSE in 1,46 times if the parameters of the
sigmoidal MF are changed. The mobile robot does not
always accomplish a task if the hard FIS is used. The decision
time for a track is minimized if the power voltage supply is
increased. Therefore, a soft fuzzy system of decision-making
is recommended to apply for a mobile robot control.

CONCLUSION

The problem of building a soft algorithm of fuzzy
inference used to control a mobile robot is solved in the
paper.

Scientific novelty of the results obtained in the article is
that for the first time proposed soft algorithm, which in fuzzy
inference to find minima and maxima uses soft arithmetic
operators that provides additive of fuzzy control systems.

The practical significance of these results is that for the
movement of the mobile robot along a line the specialized
software based on the soft fuzzy algorithm is developed.

Prospects for further research consist in the fact that the
improvement of the developed software for control of a
mobile robot will allow to study given soft algorithm of fuzzy
inference for a wide class tasks to control mobile robots.
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MSTKAA HEYETKAMA AJITOPATM JIJIST YIIPABJIEHUSI MOBAJIBHBIM POBOTOM

AKTyaJbHOCTB. Periena 3aja4a ynpasieHUss MOOMIBHBIM POOOTOM Ha OCHOBE MSTKOTO ajrOpUTMa HEYETKO-JIOTHYECKOTrO BBIBOJA.

Lleas padoThl — cOo3JaHNE MATKOTO aJITOPHTMa HEYETKO-JIOTMYECKOTO BHIBOAA, MO3BOJISIONIETO O0ECICYUTH aIUTHBHOCTD HEYETKOW
CHCTEMBI YIIPaBJICHHS.

Meton. [Ipeioxen MArKUii aIropuT™ HEYETKO-JIOTHYECKOTO BBIBOJIA, HCIIOIB3YIOMIHUIICS IUIsl yIpaBIeHNs MOOHIBHBIM poOOTOM. [laHHBIN
AJITOPUTM II03BOJISICT KOMIIEHCHPOBATh OLIMOKU MPHUCYIINE TPAJAULHOHHBIM MOJIEISIM HEYETKOro BbiBozia. K OmHOKaM OTHOCSTCS: NPOKIISITHE
Pa3MepHOCTH, OTCYTCTBHS aINTHBHOCTH U YCIOBHsI pa30HeHHs eMUHUIBI. J|aHHBIIH MSITKHIA alTOPUTM HEYETKOTO BBIBO/IA, 3@ CUET PAL[OHAb-
HOTO pa3MEIeHHUs MPEANOCHUIOK U 3aKITFOUYCHHI B MAaTPHUIIE HEYETKUX OTHOIICHHUIT, TO3BOJISET COKPATHTH YHCIIO ONEpaIiii HEOOXOIUMBIX ISt
peanmM3anuy HEYeTKOro BeIBOmA. Jlpyrasi OTIMUYHUTENbHAS 0COOCHHOCTh MPENIOKEHHOTO MSTKOTO ajJrOpUTMa 3aKJFOYaeTcsi B TOM, 4TO IS
HAXOXK/ICHUS B HEYETKOM BBIBOJIE MUHUMYMOB M MAKCHMYMOB HCITOJIb3YFOTCSI MSITKHE apr(MeTHUeCKre onepaTopsl. B crathe mokaszaHo, 4To npu
HCIIOIb30BAHUH KECTKUX (DOPMYII TSI pean3aliiii 3THX ke (OPMYIT B IPOLIECCe yIpaBiIeHHuss MOOMIBHBIM POOOTOM OyIyT BO3HUKATh CHTYaIluH
B KOTOPBIX POOOT MOTEPSIET YIPaBIIEMOCTh. B cTaThe yka3aHo, 4TO peaan3aiusi BO3MOXXHOCTH B MSITKOM aJrOPUTME HEYETKOTO BBIBOJIA OIIIUU
W3MCHEHHUS MapaMeTPOB CUTMOAANBHBIX (DYHKIMI MPUHAIISKHOCTEH, MO3BOIMT MHHUMU3UPOBATH MOTPEITHOCTH Ha ero Bbixome. O6 3ToM
CBHUJICTEILCTBYET AWHAMHUKA M3MeHeHus: koddduuuenta RMSE oT BapbupOBaHUS MapaMeTpoB CHIMOIAIbHON (GyHKUWH. J[omonHUTEeIbHOE
MMHTAMOHHOE MOJICITUPOBAHHE MPEACTABICHHOE B CTAThe IMOKA3bIBACT, YTO MPH BaPbUPOBAHUU KO3(D(DHUIIMEHTOB CHTMOAATbHON (DYHKIIMU
MIPUHA/ISKHOCTH, B YaCTHOCTH [IPU YBEIMYCHHH TapaMeTpa a Habmonaercs ymenbinenue 3Hadenust RMSE. DddexTuBHOCTS npeiokeHHOro
MSTKOTO QJITOPUTMa MOATBEPIKIAIOT MPEACTABICHHOE B CTAThe YHCICHHOE MOICIMPOBAHMUE M SKCIIEPUMEHTHI MCCICIOBAHMS TEPEMEICHNUS
MOOMIIBHOTO po0OoTa BIIOJb JIMHHH.

Pesyabrarel. Pa3paborano crenuaan3upoBaHHOE MPOrpaMMHoe obecriedeHue st MUKpokoHTpoiuiepa Arduino Uno, peanusyroiree
MIPEIOKECHHBII aJrOPUTM, U MO3BOJISIOIIEE OCYIIECTBUTh IKCIIEPUMEHTAIBHOE MCCICIOBAHNE €r0 CBOMCTB.

BoiBoasbl. [IpoBe/ieHHbBIEC YHCIICHHBIE U SKCIIEPUMEHTAIBHBIC HCCICIOBAHUS TMOATBEPAMIN PabOTOCIIOCOOHOCTD MPEATIOKEHHOTO MSITKOTO
aJITOPUTM U PEaNM3yOIIEro ero MporpaMMHOIO O0ESCIICUCHUsI, a TAK)KE MO3BOJIIIOT PEKOMEHIOBATh MX Ul MPUMEHEHHUS Ha MPAaKTHKE IS
YIpaBICHUS] MOOHIBHBIME POOOTAMH.

KaroueBble ci10Ba: HedeTKas CHCTEMa BbIBOJA, HeueTkne MHOKecTBa; RMSE; Msirkue BhIYKCIICHNS; MOOHIIBHBINA POOOT.
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MSITKHI HEYITKO AJITOPUTM JIJIS1 YIIPABJIIHHS MOBLIbHAM POBOTOM

AKTyaJIbHiCTh. BupilieHo 3aBIaHHs ynpaBiiHHS MOOLTBHEM pOOOTOM Ha OCHOBI M’SIKOTO aJTOPUTMY HEYITKO-JIOTIYHOTO BHBOLY.

MeTa poGOTH — CTBOPEHHS M’SIKOTO aJrOPUTMY HEUIiTKO-JIONYHOTO BHBOIY, IO J03BOJISIE 3a0€3MEUUTH aJAUTUBHICTh HEUITKOI CHCTEMHU
YIpaBITiHHS.

Mertoa. 3anpOnoOHOBaHUN M’SIKHIl aJTOPUTM HEYITKO-TOTIYHOTO BHUBOLY, IO BUKOPHCTOBYETBHCSA IS YIPABIIHHSA MOOLTEHUM POOOTOM.
JlaHuii aNropuT™M J03BOJISE KOMICHCYBATH TIOMMIIKH BJIACTHBI TPAJULIMHUM MOAEISIM HEUITKOTO BHBOAY. Jl0 MOMMIIOK BiHOCSATBHCS: MPOKIIIH
PO3MIPHOCTI, BiICyTHICTh aJUIUTUBHOCTI 1 YMOBH PO30OMTTS OAMHULI. JaHUi aqropuT™ 3a paxyHOK PalliOHAIBHOTO PO3MILIEHHS HEepeIyMoB i
BHCHOBKIB B MaTPHIIi HEYITKAX CTOCYHKIB, JI03BOJISIE CKOPOTUTH, YKCIIO OIeparliii HeoOXiMHUX ISl peai3allii HediTKoro BUBOAy. [Hia BigMiTHA
0COOJMBICTD 3aITPOIIOHOBAHOIO M’SIKOTO AITOPUTMY TIOJISTa€ B TOMY, IO JUIS 3HAXOJDKEHHSI B HEYITKOMY BHBOJAI MIHIMYMIB i MakCHMyMiB
BHUKOPHCTOBYIOTBCSI M SIKi apu(METHUHI oreparopu. Y CTaTTi MOKa3aHO, MO MPU BUKOPHCTAHHI KOPCTKUX (GOPMYIT AJIs peammizaiii ux xe
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(dopmyit B mporeci ynpasiiHHS MOOUIBHUM POOOTOM BUHHMKATUMYTh CUTYaLil B SIKUX POOOT BTPATUTh KePOBaHICTh. Takox B CTATTi OKAa3aHO,
10 peaji3allisi MOXIMBOCTI B M’KOMY aJrOpPUTMI HEYiTKOro BMBEJEHHs OILIl 3MiHa IapaMeTpiB curMonanbHuX (QYHKLIH IpHHAIEKHOCTEH,
JIO3BOJIMTH MiHIMi3yBaTu morpimHocti Ha Horo Buxoxi. IIpo ne cBiguuth nuHamika 3MiHK Koedinienta RMSE Bin BapitoBaHHs mapameTpiB
curmozainbHoi QyHkuii. Jlonarkose iMiTaliiiHe MOJENIOBAHHS IPECTABIEHE B CTATTI [TOKA3Ye€, 110 [IPU BapiloBaHHI koeillieHTIB CUTMOIAIbHON
(yHKUIT MpUHANEKHOCTI, 30KpeMa Ipu 30UIbIIEHH] TapaMeTpa a CIOCTePIiraeThCsl 3MEHIIEHHs 3HaueHHs koedinienta RMSE. EdexruBHicTh
3aIPOIIOHOBAHOTO M’SIKOTO aJrOpPUTMY HiATBEPKYIOTh IPEACTABIEHE B CTATTi YMCEIbHE MOIEIIOBAHHS i EKCIIEPUMEHTH JIOCIIIKEHHs Hepe-
MillleHHs] MOOLTBHOrO po6oTa B3JOBK JIHIi.
Pe3ynabraTn. Po3pobieHo crenianizoBaHe nporpamue 3abes3nedeHHs ajs MikpokoHTpomiepa Arduino Uno, o peasizoBye 3alpOIOHOBa-
HHH aIrOpUTM, 1 10 J03BOJISE 3AIHCHUTH eKCIIEPUMEHTAIbHE JIOCiKEeHHs H1oro Bl1acTHBOCTEH.

BucHoBku. IIpoBesieHi uncenbHi 1 eKCIEpUMEHTAIbHI JOCITIIKEHHs MiATBEPANIHN NPALe3IaTHICTh 3aIIPOIIOHOBAHOIO M SIKOTO aJIrOpPUTM i
peati3oBaHOro NPOrpaMHOIo 3a0€3IeUeHHs, a TAKOK JO3BOJISIIOTh PEKOMEHIyBaTH 1X A1 BKUBAHHS HA IPAKTULI AJIs YIIPaBIiHHI MOOLIbHUMU
poGoramu.
KurodoBi cioBa: HediTKa cucreMa BUBEICHHS, HediTki MHOXUHE; RMSE; M’ski oOuucieHHs; MOOUIbHHI POOOT.
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