POBOTbIl, MEXATPOHUKA
N POBOTOTEXHUYECKUE CUCTEMDI

DOI: 10.17587/mau.21.470-479

A. R. Gaiduk, D.Sc, gaiduk_2003@mail.ru, O. V. Martjanov, C.Sc , martyanovov@fpi.gov.ru,
M. Yu. Medvedev, D.Sc , medvmihal@sfedu.ru, V. Kh. Pshikhopov, D.Sc, pshichop@rambler.ru,
N. Hamdan, Postgraduate student, dr.nizar.abou.hamdane@gmail.com,

A. Farhood, Postgraduate student, azhar.kadhum@stu.edu.iq,

Southern Federal University, Shevchenko str. 2, Taganrog, Russia

Corresponding author: Medvedev Mikhail Yu., D.Sc , Southern Federal University,
Shevchenko str. 2, Taganrog, Russian Federation, e-mail: medvmihal@sfedu.ru

Accepted on March 27, 2020

Neural Network Based Control System for Robots Group Operating
in 2-d Uncertain Environment

Abstract

This study is devoted to development of a neural network based control system of robots group. The control system performs
estimation of an environment state, searching the optimal path planning method, path planning, and changing the trajectories on via the
robots interaction. The deep learning neural networks implements the optimal path planning method, and path planning of the robots. The
first neural network classifies the environment into two types. For the first type a method of the shortest path planning is used. For the
second type a method of the most safety path planning is used. Estimation of the path planning algorithm is based on the multi-objective
criteria. The criterion includes the time of movement to the target point, path length, and minimal distance from the robot to obstacles. A
new hybrid learning algorithm of the neural network is proposed. The algorithm includes elements of both a supervised learning as well
as an unsupervised learning. The second neural network plans the shortest path. The third neural network plans the most safety path.
To train the second and third networks a supervised algorithm is developed. The second and third networks do not plan a whole path
of the robot. The outputs of these neural networks are the direction of the robot’s movement in the step k. Thus the recalculation of the
whole path of the robot is not performed every step in a dynamical environment. Likewise in this paper algorithm of the robots formation
Jfor unmapped obstructed environment is developed. The results of simulation and experiments are presented.
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®rAQY BO HOxHbIV PegepanbHbIv yHUBEpCUTET, TaraHpor, Poccus

HenpoceteBasa cuctema ynpasrieHUs rpynnom po6oTos
B HeonpeaeneHHOW ABYMEpPHOU cpeae

Onucana paspabomanHas cucmema ynpaeieHus epynnou MoOUAbHbIX poOOMOs, UCKOAb3YIoWas HelipouHsie cemu. Cucmema
YAPABACHUS BbINOAHAEM OUEHKY COCIOSAHUA cPedbl PYHKYUOHUPOBAHUS, NOUCK ONMUMAALHO20 Memo0a NAAHUPOBAHUS NymMU, NAA-
HUPOBAHUE nymu, KOPPeKUUI0 mpaeKkmoputi 08UNCEHUs N0 Pe3VAbmamam e3aumooeiicmeus pobomog epynnsl. Boi6op onmumansro-
20 Memo0a NAGHUPOBAHUS U NAAHUPOBAHUE NYMU 2PYNNbL POOOMOE Pearu3yemcs mpems HellpOHHbIMU CeMAMU 2AY00K020 00YHeHU .
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Ilepsas neiiponnas cemo kaaccuguyupyem cocmosnue cpedsvt Ha 08a Kaacca. s nepeozo Kaacca OnmMuMAanibHblM MEmo-
00M NAGHUPOBAHUS NYMU A8AeMCs Memo0d NOCMPoeHUs Kpamyaiiueeo nymu. J{as emopozo Kaacca OnmuMaibHolmM Memooom
A6aAemcs Memoo NAAHUPOBaAHUs be3onachozo nymu. Boibop memooda naanuposanus nymu 6azupyemcs Ha COCMAGHOM Kpume-
puu, Komopbill eKal04aem 6 cefs epems 0BUNCEHUs 8 YeAeBYI0 MOUKY, OAUHY NYMU U MUHUMAAbHOE PACCMOosHUe 0m po6omoé
epynnut 00 npenamcmeuii 6 xode dsuscerus. I[Ipedaoscen HOBbLI areopumm 00y4enus HeUpoOHHOU cemu, N0380AAIOUWUL UmMepa-
YUOHHO CKOHCMPYUPOBAMb 00Y4AIOUYIO 8bl00PKY U CMPYKMYPbl HEUPOHHOU cemu. Aneopumm exarouaem 6 cebs Kak d1emMeHmol
o0yuenus ¢ yyumenem, max u 6e3 yuumens.

Bmopas neiiponnas cems pearusyem anseopumm naanupoganus kpamuatiweeo nymu. Tpemos HelipoHHAs cemb peaiusyem
anreopumm NAAHUPOBaHUs Oe3onachoeo nymu. Jlas oGyvenus emopoil u mpemoeli HEUPOHHbIX cemell UCNOAb3Yemcs umepa-
YUOHHBLI aseopumm o0yuenus ¢ yyumenem. Ilpu smom Helipocemegvie NAGHUPOBWUKU OBUNCCHUS He NAAHUPYIOM 8€Cb NYMb
yeaukom. Boixodom amux HelupoHHbIX cemell 184semcs meKyujee Hanpasienue 0gudicenus poboma epynnel Ha k-m waee. B cuny
2moeo He mpelyemcs nepecuem 6celi MpaeKmopuu O8UNCEHUS HA KAXNCOOM uiaze, 4mo N0360451em UCHOAb308AMb Helpoceme-
6ble NAAHUPOBUUKYU 6 OUHAMUYECKOU cpede.

Taxoce 6 dannoli cmamoe pazpaboman ai2opumm GopmMupo8anus cmpos epynnsl MOOUAbHbIX pOOOMO8 6 HeKapmozpapupo-
eaHHoU cpede ¢ npensmemeusmu. Ipu eodamces pe3yrbmamol MOOCAUPOBAHUS U IKCNEPUMEHMANbHbIX UCCACO08AHUL.

Karoueesnie caosa: naanuposanus nymu, epynnogoe ynpasieHue, HelipoHuvle cemu, MauuHHoe odyuerue, cpeda ¢ npensm-

cmeuAmu

Introduction

The most urgent fields of a mobile robotics are
the autonomous control and the group control [1].
On one hand control problems for mapped environ-
ments are solved at a high level [2, 3]. On other
hand in unmapped obstructed environments mo-
bile robots are controlled by operator. Therefore the
control methods and algorithms are to be improved.

The problem of mobile robots group motion
control in unmapped obstructed environments is
studying intensively. The papers [2—9] are reviews
of the group motion planning methods. In article
[2] the review of planning algorithms for 3-D en-
vironments is presented. A taxonomy and descrip-
tion of conventional and bio-inspired algorithms
are given including the problem of the robots group
path planning. The intelligent path planning meth-
ods including genetic, neural network based, bio-
inspired, and hybrid algorithms is presented in pa-
per [4]. Paper [5] includes review of the planning
algorithms for stationary, dynamical, and uncertain
environments. Both the global planning algorithms,
based on map of environment, as well as the re-
active algorithms, based on sensor information are
studied. Special attention is paid to predictive con-
trol and sliding mode control. Article [6] is devoted
to overview of the robots swarm’s control methods.
Report [7] is review of Particle Swarm Optimiza-
tion methods. Paper [8] describes main methods
of the robot’s collective control. Taxonomy of the
methods is given. Different task statements and ap-
proaches are described. In paper [9] the review of
bio-inspired swarm control algorithms is presented.
Studied algorithms are evaluated via the require-
ments for the hardware implementation. Novel

algorithm of a swarm of robot configuration in a
three-dimensional environment is suggested.

Reviews [2—9] and papers [10—12] notes the ur-
gent problems of the group control methods. They
are uncertainty, dynamics of the environment, and
high computational requirements of the optimal
path calculation.

In article [10] a hybrid algorithm of the global
path planning, including a logical block and A*
block, is described. Algorithm A* is used to com-
pensate the uncertainty of the dynamical environ-
ment. Simulations and experiments demonstrate
high performance of the optimal path searching.

According to paper [11] planning the movement
of groups of robots in the uncertain environments
is the problem solved by methods of artificial in-
telligence. An uncertainty is the main problem for
conventional methods among them artificial poten-
tial fields, discrete searching (D*, A*), road maps,
and Voronoi diagrams. To increase performance of
the global searching procedure algorithm FireFly
is proposed. A numerical and experimental study
of the algorithm is developed for the mobile robot
moving in obstructed environment.

The main disadvantages of the well-known path
planning methods are errors in the improper situ-
ations and non-optimality of the planned trajecto-
ries [12]. In article [12] prediction method of mobile
objects movement and integration of the prediction
method with path planning algorithms are presen-
ted. Different methods are studied in the 2-D en-
vironment. Advantages of prediction for obstructed
environments are demonstrated.

Thus development of autonomous robots on base
of the artificial intelligent and bio-inspired methods
is an urgent direction of investigations.
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For instance, in the articles [13, 14] genetic algo-
rithms are used to plan the path of a robots group.
In paper [13] a hybrid planning method based on the
combination of artificial potential fields and genetic
global search procedure is proposed. The method
increases performance of the feasible path searching.
The path is evaluated by a composite criterion in-
cluding length, safety, and smoothness. Results of
comparative investigation of the developed method
and other approaches are presented. The paper [14]
proposes a method of the path planning of aircraft
based on the division of space into cells by Voronoi
diagrams and Delaunay triangulation. Then genetic
algorithm searches the optimal path in the celled
space. Investigation of the developed algorithms is
performed by numerical simulations.

In article [15] the method of group control of
robots using fuzzy logic is offered. The methods
solved the problem of robots formation motion in
the uncertain obstructed environment.

In the papers [16 — 18] hybrid algorithms based
on unstable modes of movement is developed for the
group of mobile robots. Offered control algorithms
ensure movement of the group of robots in the ob-
structed 2-D and 3-D environment with moving
obstacles. Delaunay triangulation and optimization
procedure for the problem of robots formation mo-
tion are used. The developed algorithms allow set
formation automatically without preliminary deter-
mination of the robot’s place in the ranks. Algo-
rithm of collision avoiding consists of a delibera-
tive component and an unstable reactive component
[16]. Feasibility of the algorithms is demonstrated
by the experiments including fly of two copters in
the environment with stationary obstacles.

In the articles [19—25] different bio-inspired al-
gorithms are developed. In the paper [19] pigeon
algorithm is proposed. In article [20] the problem
of path the planning routing a group of robots in
an uncertain dynamic environment using the wolf
flock algorithm is solved. The proposed solution
takes into account the distance between mobile
robots and obstacles and the distance to the tar-
get point. The algorithms are verified by numerical
simulation results. In report [21] the modification of
an ant colony algorithm is presented. The algorithm
is used to solve the problem of path planning of the
group of robots. The problem of path planning of
the ground robots group in the environment with
stationary obstacles is studied. To solve the problem
a bee algorithm is used. Performance of the solution
is evaluated by the composite criterion including
the distance to the target point and distances from

robots to obstacles or other robots. Advantages of
the method are demonstrated by numerical simula-
tion results.

In the papers [22, 24] the Particle Swarm Optimi-
zation based algorithm is used to solve the problem
of robots group path planning. In article [22] the
problem of path planning in the plain environment
with stationary dangerous obstacles and areas. Com-
position of the path length and safety is the optimiza-
tion criterion. Different modifications of the Particle
Swarm Optimization based algorithms are proposed.
Advantages of the algorithms are demonstrated by
numerical simulation results. In paper [24] the Par-
ticle Swarm Optimization based algorithm is used to
solve the problem of robot’s coalition formation. The
proposed PSO algorithm improves convergence and
weakens the problem of local minima. Comparative
study is performed by numerical simulation.

Research [25] proposes the method of a group con-
trol for UAVs based on a multi-agent approach and
relative state space conception. Advantages of the
method are shown in comparison of the proposed
control system and the control system with a leader.

Based on neural networks control systems are
perspective field of robotics [26, 27]. Neural net-
works are effective adaptation mean. Therefore neu-
ral networks are applied in uncertain environments.
In paper [26] the problem of adaptive coordinating
control of the multi-agent systems is investigated.
Proposed neural network operates in the system
with variable topology, limited communications be-
tween robots, and actuators faults. Performance of
the neural network control system is demonstrated
by numerical simulation results. In article [27] dy-
namical neural network of Elman is designed. The
network is training by flock algorithms.

The last success of neural networks application
is based on deep learning neural networks [28—32].
Reports [29, 30] demonstrate the possibility of trans-
ferring knowledge from one area to another area
using deep learning neural networks. In article [31]
deep learning neural network is applied to manipu-
late objects by a human like robot. The reinforce-
ment learning procedure is used. A two level pla-
nning system is developed. Experimental results are
presented.

Paper [32] presents the motion control system of
a wheeled mobile robot in an uncertain environ-
ment. Deep learning networks plan the robot path.
The novel cascade topology of the neural network is
developed. In different situations the different num-
ber of cascades is involved into planning process.
Simulation results and experiments are presented
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for the wheeled robot in uncertain obstructed en-
vironment.

Paper [33] presents the onboard machine vision
system with the aim of unmanned aerial vehicle
navigation and control. New original methods are
proposed for multiband images fusion based on dif-
fuse morphology. The original methods are devel-
oped for deep machine learning.

This article is devoted to development of a neural
network based control system of robots group. The
control system performs estimation of an environment
state, searching the optimal path planning method,
path planning, and changing the trajectories on via
the robots interaction. Set of the path planning me-
thod consists of two algorithms. The first algorithm
is the shortest path searching (D*). The second algo-
rithm is a safety path searching (modified D*).

The criterion of the planned path is evaluated as
follows.

JZ =k1J1+k2J2 +k2J3 — max,

(1)

where k;, k,, k3 are weight coefficients, k| + k, +
+ k3 = 1, J; is a normalized time of the movement
to ta target point taken with the opposite sign, J, is
a minimal normalized distance between robots and
obstacles, J; is a normalized path length taken with
the opposite sign.

The paper is organized as follows. Section 2 pres-
ents a mathematical model of a mobile robot, de-
scription of environment, a navigation system, vision
system, and communication system. Problem state-
ment is given. Section 3 describes a block diagram
of the control system and the global path planning
algorithms. In section 4 neural networks based algo-
rithms are developed. Likewise interaction algorithms
between the robots are proposed. Section 5 describes
results of numerical simulation and experiments.

Problem statement

A group of Ny mobile robots in a 2-D environ-
ment is considered. The mathematical model of the
mobile robot is described as follows [1, 18].

Vi) = R(y;)x;,

2
©)
where y; = [,y y31" is a vector of position (yy;, y»;)
and orientation (y5;) of i-th robot in the fixed frame
0,Y, 1Y,y (Fig. D), x; = [x}; Xy x3]" is a vector of
linear (x;;, x,) and angular (x;) velocities of i-th
robot in the moving frame OY,Y,, R(y,) is the ma-

trix of kinematics, M, is the matrix of inertia, F;
is a vector of the dynamical forces, u; is a vector of
the controls, B, is the input matrix, i = 1, 2, ..., Np,
Ny is number of the robots.

The navigation system of the robot measures
vectors y; and x;. The vision system of the robot
detects obstacles located on distance from 0 to R,,.
Field of view of the vision system is o, Likewise
the communication system of the group robots en-
sures communication with each other.

Environment includes areas Q, ;, and Q,.
These areas are presented in Fig. 2.

At start time moment 7 = ¢, the robots are within
area Q. Area , is a target area. All robots are to
be in the area Q,. Area ), is an uncertain environ-
ment with moving and stationary obstacles. At time
moment ¢ = f, information about the obstacles in
area Q) is absent at the control system of the robots.

Thus task of the group is movement from the
area Q, through area Q, to area Q,. Also the robots
have to locate in area , such way to optimize a
given criterion. The robots transmit each other vec-
tors y;, X;, distances to obstacles r,,(i, j), and vector
E;, describing area Q;.

In the uncertain environment it is possible to use
global and local planning algorithms [1, 18]. Aim of

| Y |
| Yo W 0 |
g
i A xz"w . Y, i
| |
| 4 Y3 |
| |
| |
| |
| |
| o |
| ( ) |
! r Vlryl !
| oo
o - |

(v, ¥%21)

Fig. 2. Start, uncertain, and target areas
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the global planning algorithm is calculation of the
preliminary path. Aim of the local planning algo-
rithm is correction of the path in the neighborhood
of obstacles. There are two problems of the global
path planning in the uncertain environments. First,
in the uncertain environment it is hard to construct
proper criterion of a mobile robot control system.
Second, in the neighborhood of obstacle the target
point should be moved. Therefore the position of
the target point is function of the time and the path
planning algorithm has to calculate all optimal tra-
jectory every step.

Thus in the uncertain environment the criterion
of motion and trajectory planning should be formed
directly in the process of the robot moving. The
global planner calculates a simple strategy based on
the most general assumptions.

The global planning algorithms

Block diagram of the group control system is
presented in Fig. 3.

The inputs of Global Planning block are a priory
map (Map), data packet G from another robots of
the group, and the target point y? , x? of i-th robot.
Global planning algorithm calculates optimal path
P’ of i-th robot. Local planning block corrects op-

! *
timal path P. using measured obstacle’s position

]
Yip» X;p- Corrected path P; feeds to Motion Control
System block.

The global planning is based on the following
assumptions.

1) Starting locations of the robots are calculated as
the problem of uniform distribution solution of area €.

2) The global path of i-th robot is a direct line
between current location and final location at target
area Q,.

Distribution of the robots in area €, includes
Delaunay triangulation and optimization of i-th ro-
bot’s location. This operation consists of the follo-
wing steps.

Communication

Step 1. The aggregated group is formed. This
group includes all mobile robots of the group, de-
tected obstacles, and vertices of rectangle area .
In Fig. 2 the vertices are presented as white squares.

Step 2. Neighbors of i-th robot are calculated
using Delaunay triangulation [14, 18]. The result of
Delaunay triangulation is set My; of adjacent ob-
jects to which i-th robot is connected by edges.

Step 3. The distances from i-th robot to the
adjacent objects are calculates as follows.

ry =1 - J’1j)2 + (Vo — J’2j)2]0'5,

) Iaj:LNG, (4)

where n; is a number of the adjacent objects of i-th

robot, r; is the distance from i-th robot to j-th object.
Step 4. Distances (4) are optimized. Free variables

are y;;, V. The optimization criterion is as follows.

i=1n;

®)

(mi.n(r,»j j — max.
LJ V1> Y2i

The solution of problem (5) is optimal location
of i-th robot.

¥}, = max mingr) | ©)

NMisYai \ bJ
Current direction of the robot movement is de-
scribed by the following direction vector.

Pui ==y yy-vul i=LNz (D)
Vectors (7) are the output of the global planning
algorithm.

The local planning algorithms

State classification. Tasks of the local planning
algorithms are:

— the state classification;

— optimal path planning algorithm searching;

— path planning.

The state classification uses data
from the vision system of the robot.
Vector E; is introduced.

The first element of vector £, is in-
teger C,. If obstacles are not detected

by the vision system then integer C,; is

equal to 0. If obstacles are detected by

|
|
! ip + Xi isi
| system Vip » Xip Vision
| system
|
|
| | . -
c ' Motion
! Map, G Global P, Local i ! u; + Xi .
Ly x Planning Plannin Coatral »{ Robot t—>] Environment
| Yiexs — 8 System
|
|
: Yin, Xin | Navigation
! ) ) system
|

Fig. 3. Block diagram of the group control system

the vision system, and sector I (Fig. 4)
is free then integer C; is equal to 1. If
sector I is occupied by obstacles then
integer C; is equal to 2. If all sectors

474

MexaTpoHHKa, aBToMaTu3anus, ynpasienune, Tom 21, Ne 8, 2020



Obstacle

Fig. 4. State classification

are occupied by obstacles then integer C; is equal to 3.
Integer C; is a characteristic of area Q; complexity.

The second element of vector E; is integer 1 or 2.
If the optimal path planning algorithm is D* then
the second element is equal to 1. If the optimal path
planning algorithm is modified D* then the second
element is equal to 2.

The first element of vector E; is estimation of
the state complexity [30]. To correct coordinates
(yf,-, y;i) weighting coefficients are introduced into
expression (4) as follows.

ry =kl _ylj)2 + (i — yzj)z]o'sa
i=1n, j=1Ng.

N ®)
Weighting coefficients k; depends from the first
element of vector E,. If C; is small then coefficients k;
tends to 1. If C; is big then coefficients & tends to 0.
The optimal path planning algorithm is searched
by a neural network. A block diagram of the learn-
ing system for the neural network is presented in
Fig. 5. A supervised and unsupervised learning [28]
could be performed on base of the presented block
diagram. The inputs of the neural network are im-

i+ Xi, Npgs,
SJ u; rabs“znf tf
Control - Simulation -
system

Planning >
algorithms P;

) J

Estimation of
results

Vision system

Fig. 5. Block diagram the training system

age P; from the vision system and planning algo-
rithm §;. Based on the results of the control sys-
tem simulation, the evaluation of the criterion (1) is
formed. Criterion Jy (1) also enters the neural net-
work. Planning algorithm §; is D* or modified D*.

The optimal path is a reference input of the con-
trol system [1]. The control system includes the col-
lision avoiding algorithm based on unstable modes
[18]. Proposed block diagram allows learn the neu-
ral network in uncertain environment.

Path planning neural networks

The local planner is a deep learning neural net-
work [25]. Algorithm D* is supervisor for the deep
learning neural network. The map is split into cells
as it is shown in Fig. 6. The resulting map is then
presented as a matrix. Each element of the matrix
corresponds to a specific cell of the map.

For example shown in Fig. 6 map is described by
matrix P;, 7x9, as follows.

)

"

Il
S O O O O o O
SO O O o o O
S O O o o O
S O O O o O
S O O o o O
—_— == O O O O
—_— == O O O O
—_—— = O O O O
S O O O o o o

0000

If a cell is free then corresponding element of
matrix P; is equal to 0. If a cell is occupied by ob-
stacle then corresponding element of matrix P; is
equal to 1.

Current and target location of the robot are pre-
sented in other matrices. Thus matrix P;, matrix of
current location, and matrix of target location of the
robot are description of the state. The state is clas-

Fig. 6. Celled map
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Fig. 7. Classes of the state

sified by algorithm D* into 9 classes. If planned by
D* path passes through cell number N =1, 2, ..., 8
(Fig. 7) then the state class is V. If there is no path
from the current location to the target location of the
robot then the state class is 9.

As a result, the neural network is trained to choose
the current direction of motion. This direction is co-
inciding with the trajectory constructed by D* The
trained neural network does not plan whole path of
the robot. Therefore the network could operate ef-
fectively in uncertain dynamical environments.

The training sample should contain all the situa-
tions required for training, and in sufficient quantity.
In practice different samples occur with different fre-
quency. Thus accumulation of rare situations is pos-
sible either through their special creation or a signifi-
cant increase in the training sample. Special creation
of the samples for training is complex, hard, and labo-
rious process. In fact, it is necessary to determine the
most important situations manually. Control of accu-
mulation of the training sample is manual operation
also. Random accumulation of the training sample
leads to a significant increase in the training sample.

In this article the following iteration algorithm
of creation of the training sample is proposed.

I) Sample P, is generated in step k of the itera-
tions. A dimension of sample P, is N,. Starting and
target location of the robots, location, number and
sizes of obstacles are random variables.

2) Algorithm D* calculates the path of the robot
for every element of sample P,. The path belongs to
the class 1, 2, 3, 4, 5, 6, 7, 8, or 9 (Fig. 7).

3) If £ > 1 then the element of sample P, is clas-
sified by trained in the previous step neural network
NN,_,. If the output of neural network NN,_; is
equal to number of the path cell then the element of
sample P, is deleted from the sample. In other case
the element of sample P, is saved in the sample.

4) Neural network NN, is trained by sample P,.
Let’s note that every step the structure of the neural
network NN, is enhanced.

5) Iterations are broken if the given accuracy of
training is achieved.

The proposed procedure allows select for training
situations that the neural network classifies with errors.

The described algorithm is similar to reinforce
training [31] because selection of the sample elements
is based on the results of the trained network opera-
ting. In report [35] two networks are used to select ele-
ments of training sample, and one network trains an-
other one. In our proposition the network trains itself.

Numerical simulation results

Studying of the training set development algo-
rithm. Implementation of the algorithm above in-
cludes four iterations.

In iteration 1, the neural network NN1 was se-
lected, including the input layer, 4 convolutional
layers with 16 filters and 2 fully connected output
layers containing 16 and 8 neurons, respectively.
A starting training sample has been created, con-
sisting of 4000 examples for each class. An example
of the map, on the basis of which educational ex-
amples are created, is presented in Fig. 8 (see the
second side of cover).

The results of the neural network NN1 training
are presented in Table 1.

Table 1

The results of iterative training of the neural network

Iteration number 1 2 3 4

Sample size 4000 [ 10000 | 11 800 | 12 600
Estimation of training accuracy |79 % | 84 % | 89 % | 94 %
Frequency of goal achievement | 50 % | 79 % | 85 % | 92 %

without collisions according
to the simulation results

In iteration 2, the neural network NNI is used
to filter out new training examples. Only those ex-
amples that the NN2 neural network has classified
incorrectly are added to the training set. At the same
time, at the second iteration, the NN2 neural network
is trained, which includes the input layer, 5 convo-
lutional layers with 32 filters and 3 fully connected
output layers containing 32, 16 and 8 neurons. As
a result of the second iteration, the training set was
increased to 10000 examples per class. Estimation of
the accuracy of training was equal to 84 %.

In iteration 3, the NN2 neural network is used to
select training examples. The N N3 network is being
studied, it includes an input layer, 9 convolutional
layers with 40 filters and 3 fully connected output
layers containing 32, 16 and 8 neurons.

Upon completion of the second iteration, the ef-
fect of a further increase in the sample by adding
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situations in which the network trained at the previ-
ous iteration makes the wrong decisions did not lead
to an increase in the accuracy of training. In this
regard, at the third and fourth iterations, all points
of the paths on which the network trained at the
second and third iteration allowed collisions were
added to the training set. This approach has signifi-
cantly improved the accuracy of the training net-
work. As a result of the third iteration, the training
set was increased to 11 800 examples for each class.
At the same time, 1800 additional examples were
created by filtering initial situations by the NN2
network. The estimation of accuracy for training on
a filtered sample was 89 %.

In iteration 4, the NN2 neural network is used to
select training examples. The NN4 network is being
studied, it includes an input layer, 10 convolutional
layers with 40 filters and 3 fully connected output
layers containing 32, 16 and 8 neurons. As a result
of the fourth iteration, the training set was increased
to 12600 examples for each class. The estimation of
accuracy for training on a filtered sample was 94 %.

The assessment of accuracy during training is
formed as follows. The training sample is divided
into two parts. The first part, which contains 80 %
of the examples, is used for training. The second
part, which contains 20 % of the examples, is used
to test the trained network. Since the training and
validation samples contain sections of the same tra-
jectories, the accuracy of the trained network is ad-
ditionally checked on a separately generated sample,
which contains 2000 test situations.

The sufficiency of the obtained training accuracy
is estimated by the frequency of reaching the target
point without collisions. During the simulation, an
additional evaluation sample was created, including
500 examples. For each example, a simulation of
the movement of the robot with a neural network
planner was carried out. An example is considered
to be completed successfully if the robot will reach
the target point without collisions and loops.

According to the simulation results, the prob-
ability estimation of achieving the goal is obtained:
50 % for the first iteration; 79 % for the second
iteration; 85 % for the third iteration, 92 % for the
fourth iteration.

The simulation results of a trained neural network,
presented in Fig. 9 (see the second side of cover) al-
low us to conclude that a trained neural network is
able to plan a route in a rather complex environment,
for example, in a city. In Fig. 9 points show the route
set by the D* algorithm, and asterisks indicate the
route set by the NN3 neural network.

Further, to assess the effect of using the proposed
iterative procedure, the modeling of the NN4 neu-
ral network trained on a simple (unfiltered) sample
of 12 600 situations for each of the eight classes
was simulated. The estimation of traning accuracy
is 91.3 %. The probability of reaching the target
point without collisions for a neural network trained
on a regular sample was equal to 79 %. Thus, the
increase in efficiency in the frequency of successful
achievement of the goal was about 12 %.

Then, an increase in the simple training sample
was applied to obtain the same frequency of success-
ful achievement of the goal as in the sample created
using the suggested iterative procedure at iteration 4.
The shown indicator (92 %) was achieved on the
volume of the training sample of 20,000 situations
for each of the eight classes. Thus, the proposed
procedure permits to reduce the training sample
by 40 %.

Simulation results of the path planning algorithms.
Considered group consists of 5 mobile wheeled ro-
bots, N = 5. Environment is presented in Fig. 2.
Width of area € is equal to 20 m, L; = 20 m. Length
of area Q is equal to 5 m, L, = 5 m. Distribution
of robots in area Q is described by solution prob-
lem (5). Vertices of area Q, are [0; 0], [0; 5], [20; 5],
and [20; 0]. Problem (5) with 10 free variables (de-
sired coordinates of the robots) is solved by Matlab
function fminimax.

In Fig. 10 (see the second side of cover) evolution
of the desired locations of the robots are presented.
In Fig. 10a the complexity of the environment is not
taken into account. If Fig. 10b the complexity of the
environment is taken into account.

Starting locations of the robots are indicated by
circles. Target locations of the robots are indicated
by clear squires. Obstacle is indicated by filled rec-
tangular. The vision system detects obstacle on the
firth step of simulation. Coefficients k; = 1.0 in
Fig. 10a, but k; = 0.5 in Fig. 10b. Coefficients k; are
used in expression (8). From Fig. 10 it is clear that
the distances from the robots to the obstacle in the
second case are more than in the first case. It should
be noted that the group when moving independently
forms a formation. The formation changes when the
appearance or disappearance of obstacles.

In Fig. 11 (see the thired side of cover) simula-
tion results are presented for environment with two
obstacles. In this case the group is divided into two
clusters while the obstacles avoiding. Coefficients
ki = 0.7. Also, when approaching an obstacle at a
dangerous distance, the algorithms of obstacle avoid-
ance presented in [18] are used at the lower level.
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Simulation of path planning and environment
classification algorithms. Evaluation of the neural
environment classification is based on criterion (1).
Coefficients of criterion are k; = 1; k, = k3 = 0.
Thus criterion is the time of movement. Evaluation
is performed on additional sample of 500 elements.

Velocity of the robot is calculated as follows.

7
VR _ Vmin + (Vmax - Vmin)Zﬂ VR < Vmaxﬂ (10)
Vmaxa VR > Vmax’

where r is the distance from the robot to the ob-
stacle, r, = 3 m is safety distance, V,;, = 0.25 m/s
is minimal velocity of the robot, V., = 1.0 m/s is
maximal velocity of the robot.

According to the results of numerical studies, the
average time of movement is about 30 seconds. If
the optimal algorithm is chosen then the time of
movement is about 28,2—28,8 seconds. Thus the
effect of environment classification is 4—6 %.

Simulation results of five robots movements in
the uncertain environment with four obstacles are
presented in Fig. 12 (see the thired side of cover).

Starting locations of the robots are [5; 4], [15; 2],
[17; 1], [30; 3], and [35; 3]. Vertices of area Q are
[0; O], [0; 5], and [50; 5], [50; 0]. Aim of the group
is movement to the target area with vertices [0; 45],
[0; 501, [50; 50], and [50; 45]. Aim is achieved if all
robots of the group are in the target area.

In figure 12, the three main maneuvers performed
by the group during the movement are clearly visible.
The first time the group performs a maneuver when
it detects an obstacle located in the area of the first
robot. The second time the group performs a ma-
neuver when it detects obstacles in the right part of
the environment. The last maneuver is forced by the
obstacle located in the target area.

Experiments results. The first aim of experi-
ments is evaluation of computational efficiency of
neural networks in comparison with optimal algo-
rithm D* (modified D*). The second aim of ex-
periments is evaluation of feasibility of the proposed
algorithms.

Experiments are performed with the group of
two mobile robots equipped by wheeled platform,
onboard computer Raspberry PI 3B +, all-around
looking lidar RP Lidar A2, controller Arduino
Uno, and optical encoders.

Implementation of the planning and classifica-
tion algorithms are based on the neural network de-
scribed as follows.

Computational efficiency is evaluated in 512x512
cell environment. The results of the evaluation are
as follows.

The time for path planning of D* algorithm is
0.3—3.0 seconds. The average time is 1.3 seconds.
The time for path planning of the proposed neural
network is about 0.4 seconds.

The obtained effect is achieved due to the fact
that the neural network calculates only the current
direction of movement. The D* algorithm calcu-
lates the entire path of the robot. In a stationary
environment this advantage is not important. In a
dynamical environment or for a moving target point
this advantage is very important.

In Fig. 13 (see the thired side of cover) results of
experiments are presented. Planned points are indi-
cated by squires, and paths of the robots are shown
by lines. Step of the grid is 0.5 m. There are two
stationary obstacles in the Fig. 13.

Mean error of the robot’s path is about 0.12 m.

Conclusion

The algorithms of the group control of mobile ro-
bots for 2-D uncertain environment are proposed.
The novelty of the algorithms is described as follows.

Algorithm of robot’s formation constructing is
proposed. The algorithm includes Delaunay triangu-
lation and optimization of i-th robot’s location. This
is development of algorithms presented at [18], but in
this article a maximin optimization problem is used.

Coefficients k; as function of the state comp-
lexity are introduced. These coefficients shift the
robots from obstacles to free areas.

Neural path planning algorithm is proposed.
The algorithm is characterized by the use of a neu-
ral network that produces the current direction of
movement. The algorithm decreases time of the
path planning by three times. The effect is achieved
for uncertain dynamical environments.

Novel iterative algorithm of neural networks
training is proposed. The algorithm allows select for
training situations that the neural network classifies
with errors. The algorithm reduces the amount of
training sample to 40 %. Also the proposed algo-
rithm reduces the time of creating a training sample.

Further development of the results is to take into
account the limitations imposed on the planned
path of dynamic and kinematic properties of robots.
Due to inertia the robot may not get to the planned
point, so taking into account the inertial properties
of the robot is an important problem. Also, when
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driving at high speeds, it is important to specify not
only the next target point, but also a certain num-
ber of path points. The solution to this problem will
increase the possible speed.
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