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One of the main trends in the development of robotics is the increasing autonomy and
intellectualization of robotic complexes. The main source of data for decision-making and
implementation of certain actions by the ground-based robotic complex (GBRC) is the
technical vision system (TVS). Therefore, improving the TVS and data processing algo-
rithms is an important task. The article presents the results of research on estimating the
density of an obstacle based on measurements of the radar channel of the TVS of the
GBRC. This task is relevant when the GBRC builds its route autonomously, i.e., when the
GBRC builds its route from point A to point B and adjusts it if obstacles are detected. It
is obvious that if the GBRC is used in a rural area, the optical channel will perceive tall
grass as an obstacle and start rearranging the route, which may result in a longer path or,
ultimately, the GBRC not completing its task. An analysis of existing studies has shown
that it is possible to estimate the density of an obstacle using measurements from a mm-
range radar system (RS). The results of evaluating the possibility of determining the den-
sity of obstacles using the radar channel of the onboard TVS of the GBRC using a simula-
tion model of the radar channel showed that the density of obstacles can be estimated
based on the normalized radar cross-section (RCS) of various obstacles. The normalized
RCS of obstacles is determined with the least errors at short distances (about 10-15 m).
Certain types of obstacles (trees, shrubs, and tall grass) can be further selected based on
the correlation time of the received signal, which is significantly lower than that of homo-
geneous solid obstacles (wooden or concrete walls, and cars). The principle of using nor-
malized RCS and signal correlation time depends on the type of classifier (artificial neu-
ral network, decision tree, etc.). Further research by the authors will focus on the specif-
ic implementation of this algorithm.
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Introduction

Modern technical vision systems (TVS) for ground-based ro-
botic complex (GBRC) are complex systems with a variety of
multi-range sensors [1, 2]. Optical, infrared, and radar sensors are
the most commonly used sensors in TVS [3]. Each measurement
channel has its own advantages and disadvantages [4]. For exam-
ple, an optical channel, which usually consists of several video
cameras, can provide high-detail images in real time. However,
passive optical sensors can only work in conditions of sufficient
illumination, i.e., during the day and in the absence of interfering
weather phenomena (fog, rain, etc.). The infrared channel (thermal
imager) allows us to receive images of our surroundings at night,
but the image quality and range will be much lower than those of an
optical imager. It is the specific features and limitations of various
sensors that have led to the fact that the TVS of the GBRC is a com-
plex of multi-range sensors that are combined into a single system
through the integrated processing of multi-range data [5, 6].

A large number of papers have been devoted to the problem of
selecting an optimal (rational) set of sensors [7-9]. These studies
have shown that in addition to sensors for obtaining visual infor-
mation (images), the TVS of the GBRC should include devices for
measuring the parameters of the observed objects: range, speed,
etc. One of the interesting properties of observed objects is their
density. This property is especially relevant for GBRC when they
are building a route autonomously, i.e., when the GBRC builds a
route from point A to point B and adjusts it if obstacles are de-
tected. Obviously, if the GBRC is used in a rural area, the optical
channel will perceive tall grass as an obstacle, and the GBRC will
start rearranging the route. Obtaining radar or infrared images will
not solve the problem either. Recognizing grass from images won't
provide the desired result either, as there’s no guarantee that there
isn’t a large rock or a fallen tree in the grass that the TVS doesn’t
currently see.

The solution to this problem is to measure the density of the
obstacle, which will allow the GBRC’s onboard algorithm to make
a rational decision about the route. The density of the obstacle can
be measured using a special radar channel in the TVS of the
GBRC.

1 Analysis research in the subject area

As mentioned above, the TVS’s channels, including radar
channels, are used not only to solve classical problems of deter-
mining the range and geometric parameters of environmental ob-
jects, but also to determine such characteristics as their density
[10, 11], type of material [12-17], structure [18-21], electrical con-
ductivity [22], and volume [13, 15]. At the same time, radar data
can both complement optical channel data and be used inde-
pendently.

Paper [10] proposes an approach to estimating forest cover
density based on the combination of optical and radar satellite
data. 411 parameters were extracted from sub-meter optical satel-
lite images, synthetic aperture radar satellite images, and digital
elevation model data, and 17 of them were selected to build an
estimated model of vegetation density. Three different models
have been developed: multiple stepwise regression; neural net-
work; and decision tree-based. As a result, the accuracy of density
estimation increases from 76.50% for optical images and 78.50%
for radar images to 78.66% for both options. The neural network-

based model achieved the highest overall accuracy (79.19%) and
demonstrated excellent accuracy in estimating low tree cover den-
sity (75.37%), while the decision tree-based model using radar im-
age features showed excellent accuracy in estimating medium
density (87.46%). It is noteworthy that the integrated decision
tree-based cubic model, which combines optical and radar data,
achieved the highest accuracy in estimating high vegetation cover
density (89.17%).

n [11], the possibility of detecting a human body dummy by
changes in the acoustic field caused by various boundary condi-
tions in the low and moderately low frequency ranges is investi-
gated.

Paper [12] presents the results of modeling the transmission of
infrasonic energy in the range from 3 to 5 Hz through various
types of fabrics (cotton, linen, wool, and nylon) with different
wave propagation properties. Depending on the refractive index,
these materials have different acoustic transparency, which in turn
affects the reflected acoustic power.

A large number of modern vision systems use millimeter-wave
radars. These systems are used to solve a wide variety of tasks:
determining the level of liquids in various tanks, calculating the
volume occupied by solid materials, assessing the surface in in-
dustry, measuring and monitoring vibration [13].

A number of papers consider the use of millimeter wave radars
for monitoring a variety of materials, as well as objects, without
their direct destruction, i.e. without penetration. For example, [13]
presents a scheme for identifying various materials, and this
scheme also contains a radar operating in the millimeter wave
range. Identification of materials is performed using a set of spe-
cific machine learning methods. Reflected radar signature is used
for machine learning. To solve this problem, the scheme uses three
approaches: convolutional neural networks (CNN), the k-nearest
neighbor method, and the dynamic time distortion (DTW) method.
The authors managed to achieve almost 100% accuracy for the
classification of six types of materials. The paper also contains the
results of a study on whether it is possible to calculate the volume
of material classified a step earlier. The research is conducted for
three different levels. The results showed a classification with
98% accuracy.

In [14], the use of synthetic aperture radar (SAR) is investi-
gated, a technology often used to solve problems of this class.
Based on the information from the SAR, the intensity of yield in
each single pixel of the image is identified. At the first stage, syn-
thetic radar data is calculated. For this purpose, the parameters that
are characteristic of a broadband radar are used if it operates in
searchlight mode and illuminates several scattering regions, and
these regions differ in frequency characteristics. At the second
stage, the data set is divided into frequency sub-ranges, and the
variance is calculated for each pixel. Finally, at the final stage, an
elementary classification analysis makes it possible to identify the
yield intensity.

Wireless classification of various materials is demonstrated in
[15]. For this purpose, a broadband CMOS receiver operating in
the millimeter range is used in the work. The experiment is ar-
ranged as follows: power is transmitted through several solid ma-
terials at different distances from the receiver, then it is recorded
by the receiver in the W-band, which corresponds to frequencies
in the range of 75-110 GHz. Based on the obtained data, materials
are classified into various categories using machine learning meth-
ods. Trained classifiers were used to predict the values of the type
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of material and its thickness. As a result, the classification accu-
racy was 96% for the type of material and 88% for the thickness.

The material identification system is described in [16]. This
system uses a portable 3D imaging radar system. In this system, a
3D brightness map of an object is sent to the CNN input, and at
the output, the authors receive an assumption about the class of
the object's material. The authors proved that this approach gives
better results than using raw data coming from antennas.

In [17], the problem of classifying materials in a set of differ-
ent plates using a Siamese network is solved. This network uses a
similarity metric that is directly related to the distance to the object
under study. This indicator takes small values for identical mate-
rials. If the objects are made of different materials, then the value
of the similarity indicator also increases. The results were tested
in the classification of four different materials, using a short-range
radar operating at a frequency of 60 GHz. The classification accu-
racy was more than 99%.

In [18], the application of X-ray diffraction analysis to deter-
mine the characteristics of materials with a crystal lattice is con-
sidered. The following characteristics are investigated: structure,
phase, texture, average grain size, crystallinity, deformation, crys-
tal defects. The paper contains a comparative analysis of the latest
scientific developments in such industries as pharmaceutical and
glass industry, flaw detection, forensic examination, electronics
and geology.

Paper [19] presents an imaging method that uses coherent scat-
tered or diffracted X-rays to identify potentially harmful or pro-
hibited building materials.

Paper [20] describes the basic physical interaction of electro-
magnetic waves in the range of wavelengths from decimeters to
millimeters (in a vacuum, frequencies from 300 MHz to 300 GHz)
with various objects hidden behind dielectric materials (paper,
wood, ceramics, concrete, polymer materials, and fiber compo-
sites) for their detection and evaluation of various characteristics.
Practical examples of determining the moisture content of porous
materials and controlling the process of injection molding of pol-
ymers are provided. Special attention is paid to visualizing objects
hidden under clothing that need to be detected with maximum
speed and accuracy, such as weapons and explosives.

Paper [21] discusses the use of artificial neural networks and
machine learning to interpret ground-based radar data, taking into
account knowledge about the propagation of electromagnetic
waves, material properties, and antenna theory. Paper [22] ex-
plores the use of passive RFID tags to determine the dielectric
constant of a test material.

Thus, a review of methods for assessing the density of materi-
als shows that the mm-range radar channel of the TVS of the
GBRC can be used to solve this problem [23]. In order to assess
this possibility and evaluate the numerical characteristics, the au-
thors conducted mathematical modeling.

2. Mathematical model of the radar channel
of the TVS of the GBRC

Almost all modern on-board radar systems of the TVS of the
GBRC use complex broadband probing signals that provide high
resolution in range and angular coordinate (Doppler frequency).
Taking into account modern means of digital signal generation and
processing, pulsed signals with intra-pulse linear frequency mod-
ulation (IFM) and signals with direct spectrum expansion are the
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most preferable for radar tasks. In our case, we will limit ourselves
to signals with direct spectrum expansion.

Let's consider the mathematical description of the GBRC radar
channel. It contains, firstly, a description of the surface to be lo-
cated, secondly, the ways in which the probing signal interacts
with the surface to be located, and thirdly, a description of the re-
flected signal. The interaction of the probing signal with the re-
flecting surface is the main component, because depending on
this, both the reflecting surface itself and the initial data used to
describe the signal after reflection are described.

Let's apply a certain approach that describes the GBRC radar
channel from a mathematical point of view. There is a concept of
an independent reflector in this approach. Then the reflecting sur-
face is represented as a set of independent reflectors. When using
this approach, the output signal of the system will be a superposi-
tion of elementary reflected signals [24]. When using this descrip-
tion, the channel is defined by the scattering function. This func-
tion represents the average power distribution of the reflected sig-
nal, described in a special coordinate system from the delay and
from the Doppler frequency shift.

When modeling a useful signal in the multi—position radar sys-
tem of the TVS of the GBRC, used to detect obstacles, the main
thing is the stage of forming the input radio signals in each re-
ceiver from the probing radio signals of all transmitters. This will
allow us to take into account important properties of the model. It
should also take into account the propagation of signals on the
highway, their scattering on obstacles of various types, primarily
targets, as well as passive interference and reflection from the un-
derlying surface [24, 28-31].

In such tasks, solutions in a general matrix form for a system
consisting of M transmitters and N receivers have proven them-
selves well. In a specific case, these systems can work for both
reception and transmission, so the coordinates of the individual
transmitters and receivers will match.

Thus, a linear system with M inputs and N outputs is formed,
whose signal transmission can be described by an M x N trans-
fer function matrix K (z-, t) . In this case, the output signal vector

S(t) is described by the time-domain convolution of the input

(emitted) signal vector X (t) and the transfer matrix X (r,z) :

S(t) = J. K(z’,t)X(t —r)dz',

0

where Lo — maximum duration of transmission characteristics.

Let's take the following for granted: the input signals of the
system are samples from the output of the probing generator,
which are taken with a certain modeling step Af = 1=t At the

same time, the receiver input responses are calculated in incre-
ments that do not contradict Kotelnikov's criterion for the simula-
tion bandwidth. This term refers to a band that is unifying for all
the bands that are occupied by the emitted signals.

Let's define the matrix of transfer characteristics in discrete
form:

KZXA 'Ktr .Gm 'FPTm(a’ﬂ)'Luk ‘Afp”m’

where n — index of receiving modules; m — index of transmitting
modules; k£ — index of propagation paths taken into account during

—_—
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G For, (a 14 ) G, — gain of the transmitting
Afprn

antenna of the m-th transmitter; F,

modeling; X,

Tm (a 0 ) — normalized radia-

tion pattern of the m-th transmitter’s transmitting antenna; Afprm

— bandwidth of the m-th transmitting module’s probe signal; Gn

— gain of the receiving antenna of the n-th receiver; L, — losses
due to signal propagation in the atmosphere; £, (a, ,3) — nor-

malized radiation pattern of the n-th receiver’s receiving antenna;
Afpm — center frequency of the n-th receiving module bandwidth;

K, —matrix of propagation coefficients of radio signals from the

m-th transmitter to the n-th receiver input.

The following types of paths must necessarily be taken into
account at the stage of constructing the distribution coefficient
matrix:

1) Direct transmission of the transmitter’s radio signal to the
receiver’s input, then

|
Ktr = — o hm ,
R
where R — the distance between two objects (in this case, between
transmitter and the receiver),

R= J X ()] (1) =Y (1)) +(Zen(8) =200
where X Y , 7

txm txm’ txm

module at the current time; X , Y Z

rxn

— coordinates of the m-th transmitting
— coordinates of the

n-th receiving module at the current time; k - propagation constant
of the m-th transmitter.
2) ngle-time reflection of a radio signal from an object (target)

Ktr = _R 1 efjkalxmch-c 5

txm—c

where i — the index for the targets; R — distance between the

transmitter and the i-th target; o — target RCS value depending

on the irradiation angle.

3) Radio sign scattering by the underlying surface.

Consider the signal emitted by the transmitting device and
scattered by the underlying surface. Obviously, this signal has a
strong influence on the response that is received at the receiver
input. This signal is the sum of the signals that have been reflected
from each elementary area of the surface. The surface sections
here mean a rectangular facet, but it can also be a triangular facet
and an edge. This circumstance significantly complicates calcula-
tions, as it increases the amount of calculations. The set of multi-
ple point reflectors will be a model of the underlying surface. Let's
assume that they (reflectors) are randomly distributed over the sur-
face. Since the reflection is almost specular, the reflectors in the
model are located at different heights.

A commonly used law for the distribution of reflectors in
height is the normal distribution. The mathematical expectation in
this case will be zero. The variance will correspond to the standard
deviation of the surface heights &

hZ

1 202
w(h)= e .
( ) V2ro,
The phase distribution of elementary reflectors is uniform over

the ¢ interval, and the RCS distribution occurs according to Ray-
leigh's law:

here , _ 9,
\%% O-o i
o
p — density of point reflectors.

o normalized RCS of the reflecting surface;

Both the complication and simplification of the model occurs
by changing the density of the distribution of reflectors. It depends
on what is more important for the researcher: to obtain the required
accuracy or to achieve the specified speed of calculations. If you
change the law of the distribution of reflectors in height, or change
the parameters of this distribution law, you can get models with
different reflective surfaces.

Background reflecting surfaces (RS) will be called statistically
homogeneous areal formations of both natural and anthropogenic
origin. The area of the RS should be significantly larger than the
area of the radar resolution element §  and local anthropogenic

objects (AO) located on their background.
The reflection characteristics of RS as areal formations are de-
scribed by the normalized RCS,

=4zD* L ”ﬂ

x-r

where D — the distance from the radar of the GBRC to the object;
I, —the intensity of the emitted (incident) wave at a unit distance

from the emitter; I, o the intensity of the reflected wave at a

given viewing angle at a unit distance from the object; § — the

area of the radar resolution element (RE) on the ground.
In turn, the intensity of the reflected signal can be represented
as follows:

=1

refl.bas. + I

refl.misc.>

L,

where I, fbas, the main polarization component, in which recep-

tion and radiation are carried out on the same type of linear polar-
ization: vertical or horizontal.

Then the propagation coefficient of the radio signal will be de-
fined as

N—
(‘Pl ‘Pz)

Z o Mol um—si*dsicrn )01 ,

:0 txm—zi~" zi—rxn

where N — the number of diffusers on a given surface area; ¢

txm—zi
— the distance between the transmitter and the i-th reflector of the
underlying surface; 4 —the distance between the i-th reflector

of the underlying surface and the receiver; o_ (¢1 .0, ) — the value

of the RCS of the i-th reflector when it is irradiated at an angle of
@, and the signal is received at an angle of ¢,:
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where o (q)) — the value of

o.(9.0,)=\o.(@)||o-(2)
monostatic RCS depending on the irradiation angle.

4) Re-reflection of the radio signal first from the reflecting sur-
face, and then from the target

b

_ 1 LA (e By |y ()]

Kt,. txm—zi "% zi
d._.d._d

xm—zi~" z—c c—rxn

9

where F(¢) — reflection coefficient from the RS.

5) Re-reflection of the radio signal first from the target and
then from the RS:

1 O COM A Iy 0

d. .d

xm—ci~" c—z z—rxn

Ktr
d

Obviously, other types of trails not discussed above will not
have a significant effect on the reflected signal, therefore, within
the framework of the model under consideration, we can neglect
them.

The total number of propagation paths for each n-th receiving
and m-th transmitting module is defined as

K=2+3N.

Thus, taking into account the combinations of all receiving
modules, propagation paths, transmitting modules and targets, a

three-dimensional matrix of propagation coefficients K . is

obtained, where N — total number of receiving modules, M — total
number of transmission modules, K — total number of paths.

Taking into account all of the above, the final expression for
the radio signal samples at the input of the n-th receiving module
is as follows:

sn(tj)ng,,(tj).Xn(tj 7o) (e -)

where t, - the time point at which the receiver input signal is cal-

culated, T, simulation time.

Assessment of the possibility of determining the density of
obstacles by the radar channel of the on-board TVS
of the GBRC

The above-described simulation model of the radar channel of
the on-board TVS of the GBRC was developed in the Matlab
mathematical programming environment and includes: an obsta-
cle detection channel (a spatially distributed object) and a channel
for measuring (evaluating) the received signal power.

The initial data for the model of the radar channel of the TVS
of the GBRC for assessing the density of obstacles were:

— ypical obstacles and their dielectric characteristics [25];

— he size of the obstacle;

— distance to the obstacle;

—radar channel parameters of the on-board TVS of the GBRC.

The parameters of the radar channel of the on-board TVS of
the GBRC during the assessment were:

— transmitting device power— P =1W;

— operating frequency of the probe signal f; =77 GHz;

— polarization of the probing signal — vertical;

E’;
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— the probing signal is pulsed, modulated by a 63rd element
Gold sequence;
— he width of the signal spectrum [T =1 GHz;

— pulse duration 7 = 6.3 ns;
— pulse sending frequency [ =10 kHz;

— width of the antenna system’s radiation pattern in the azi-
muthal plane AS =0.5%

— width of the antenna system’s radiation pattern in the angu-
lar plane Ag =0.5%

— the type of space survey — consistent in azimuth and angle
of location;

— antenna pattern scanning sector is £30° by azimuth and 0-
30° by location angle;

— height of the antenna system phase center — 1.5 m;

—noise factor of the receiving device — 3.

Studies to assess the possibility of determining the density of
obstacles are carried out in the following sequence:

1) The operator downloads a simulation model of the radar
channel of the TVS of the GBRC in the Matlab simulation
environment;

2) the operator enters the initial data for the experiment
(simulation), which includes:

® the type of obstacle, its size and dielectric characteristics;
® the required distance to the obstacle Rr e at which it

should be detected with a given probability and the density of
obstacles estimated,;

® the required probability of detecting an obstacle P, —and
the probability of a false alarm Pﬁl ;

® power of the transmitting device P ;
® the operating frequency of the probe signal f;

® polarization of the probe signal;
® probe signal type and modulation parameters;

® the width of the signal spectrum [T ;
® duration of the signal T ;

® the width of the radiation pattern of the transmitting and
receiving antenna in the azimuthal (Af) and angular planes

(Ag);
® height of the antenna phase center;
® signal polarization;
® the upper limit of the range measurement error o, ;

3) the operator starts the process of simulating the functioning
of the radar channel of the TVS of the GBRC in order to
determine the density of obstacles;

4) 1O OKOHYAHWW MOCIHPOBAHUS OMNEPaTop (GUKCHPYET
BBIXOJIHBIC MAPAMETPhI MOJENN PAIHONIOKAMOHHOTO KaHaia of
the TVS of the GBRC:

® radar portrait of an obstacle (spatially distributed object),
as a function of the dependence of the received signal power
normalized to the receiver noise level by resolution elements;
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® the normalized RCS of the obstacle (spatially distributed
object) g, in each element of the resolution;

® the width of the spectrum of fluctuations of the received
signal AF r and the correlation interval of the signal T, in each
element of the resolution;

® polarization characteristics of the received signal.
The normalized RCS of an obstacle in each element of the
resolution g is calculated using a reference object with a known

RCS and located at a known range using the formula:
R’xﬁ;easo-ref Cos 0

O, = 2 5
P,R! ARASAE

ref

where P — the power of the signal received from the obstacle;

R — the measured distance to the obstacle; O ~ RCS of

meas

the reference object; R, ; distance to the reference object; P, o

— signal power from the reference object; AR — range resolution;
@ — obstacle exposure angle; A — azimuth resolution; Ag —

location angle resolution.

For each resolution element, the signal correlation interval is
additionally calculated based on the results of receiving a
sequence of echo signals during modeling 7. The correlation

interval T, is an additional information parameter when

assessing the type of obstacles by the radar channel of the TVS
of the GBRC.

The simulation was performed at several frequencies using
vertical and horizontal polarization of the signal.

The determination of the density (type) of an obstacle is
carried out by comparing the simulation results obtained for
determining the normalized RCS of obstacles with the data given
in the reference literature on the normalized RCS of materials of
different densities at appropriate frequencies and signal
polarization [25].

For extended obstacles (spatially distributed objects), a radar
portrait of the obstacle is formed, representing a 5 % N, matrix

(where N 5 N, - the number of azimuth and location angle

resolution elements, respectively), whose elements are the values
of the received signal power normalized to the noise level of the
receiving device.

The calculated values of the normalized RCS of the obstacle
obtained as a result of experimental studies, the correlation time
of the signal at the frequency f (ata wind speed of 1 m/s) and

the specified signal polarization are summarized in Table 1.

The results shown in Table 1 of the assessment of the possi-
bility of determining the density of obstacles by the radar channel
of the on-board TVS of the GBRC using a simulation model of
the radar channel showed that the density of obstacles can be es-
timated by the normalized RCS of various obstacles. The normal-
ized RCS of obstacles is determined with the least errors at short
ranges (about 10-15 m). This is due to the fact that with a narrow
antenna pattern at a short range, the signal is reflected from a small
area of homogeneous material. As the range increases for non-uni-
form obstacles (such as a tree, shrub, tall grass), the density deter-
mination error increases.

Table 1

The results of the assessment of the possibilities of determining
the density of obstacles by the radar channel of the on-board

TVS of the GBRC
Normalized RCS Signal
Type of obstacle/ ormanze % correlation
Distance Reference [25] Average time, s
calculated
Drv tree 10 m 0.19 0.196 >10
Y 50 m 0.19 0.2 >10
Tree 10 m 0.33 0.24 0.7
(separate) | 50 m 0.33 0.21 0.7
10 m 0.17 0.18 0.051
Shrub 50 m 0.17 0.14 0.17
Grass 10 m 0.10 0.13 0.035
30 m 0.17 0.12 0.12
Wall 10 m 0.31 0.29 >10
(concrete) | 50 m 0.31 0.28 >10

This is determined by the fact that at long range, the geometric
dimensions and the cross-sectional area of the beam increase, and
the size of the resolution element increases accordingly. Within
the beam, the reflecting surface becomes more heterogeneous due
to the illumination of elements with different normalized RCS (for
example, the trunk of a tree and the leaves of a crown).

As the simulation results have shown, certain types of obsta-
cles (trees, shrubs, tall grass) can be additionally detected by the
correlation time of the received signal, which is significantly
lower than for homogeneous solid obstacles.

During the simulation, radar portraits of heterogeneous obsta-
cles, such as a single tree, shrub, and tall grass, were obtained at
ranges of 10-50 m. The radar portrait of an obstacle represents
the dependence of the received signal power on the angular coor-
dinates of the antenna pattern during a sequential survey of space.
The more powerful signal in the drawing corresponds to the
lighter color of the palette. The radar portraits of radar-con-
trasting objects (obstacles) obtained during the simulation are
shown in Figures 1-5.

location angle, ©

azimuth, ©

Figure 1. Radar portrait of a single tree (model) at a distance of 10 m
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Figure 2. Radar portrait of a single tree (model) at a distance of 30 m
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Figure 3. Radar portrait of a single tree (model) at a distance of 50 m
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Figure 4. Radar portrait of an area with a shrub 3.9 m wide and 1.0 m
high (model) at a distance of 10 m
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Figure 5. Radar portrait of an area with a shrub 3.9 m wide and 1.0 m
high (model) at a distance of 30 m

Thus, the estimation of the obstacle density can be used as ad-
ditional information in the TVS of the GBRC object recognition
algorithm based on the well-proven Shortliffe scheme [26, 27]:

N

R =1-TT(1-P(4))

i1
where: N — number of measuring channels, 4, — information from

the i-th channel, P( A ) — the probability of correct object recog-

i

nition based on 4 . The algorithm diagram is shown in Figure 6.
In this scheme, information about the normalized RCS o, and

the signal correlation time 7 is used as additional features in the

classification (recognition) of objects by radar measurements. The
principle of using this information depends on the type of classi-
fier (artificial neural network, decision tree, etc.). Further research
by the authors will be devoted to the specific implementation of
this algorithm.
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Figure 6. The scheme of the object recognition algorithm
based on the Shortliffe scheme

Conclusion

The results of evaluating the possibility of determining the
density of obstacles using the radar channel of the onboard TVS
of the GBRC using a simulation model of the radar channel
showed that the density of obstacles can be estimated based on the
normalized RCS of various obstacles. The normalized RCS of ob-
stacles is determined with the least errors at short distances (about
10-15 m).

Certain types of obstacles (trees, shrubs, and tall grass) can be
further selected based on the correlation time of the received sig-
nal, which is significantly lower than that of homogeneous solid
obstacles (wooden or concrete walls, and cars). During the simu-
lation, radar portraits of heterogeneous obstacles, such as individ-
ual trees, shrubs, tall grass, and cars, were obtained at ranges of
10-50 m.

The results of evaluating radar portraits of radar-contrasting
objects (obstacles) show that, with a high angular resolution of the
radar channel, they can be classified using appropriate image
recognition methods.
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OLIEHKA NJTIOTHOCTU NMPEMATCTBUA NO NSMEPEHUAM PAANOJTIOKALIMOHHOIO
KAHAJIA CUCTEMbl TEXHUA4YECKOIO 3PEHUA HASEMHOIO POBOTOTEXHUYECKOIO
KOMIJIEKCA

Besymuoe [JaHun Hukonaeeu4, Mockosckuli mexHu4ecKkul yHusepcumem cessu u uHgpopmamuku, Mockea, Poccus,
d.n.bezumnov@mtuci.ru
Yupoe feHuc Cepzeeeud, Mockosckuli mexHu4ecKkutl yHusepcumem cesAsu u uHgpopmamuku, Mockea, Poccus, d.s.chirov@mtuci.ru

AHHOTaumsa

OpfHUM 13 OCHOBHbIX TPEHAOB Pa3BUTUA POBOTOTEXHUKU ABNAETCA MOBbILLEHWE aBTOHOMHOCTU U UHTENNEKTYanm3aumun poboTOTEXHUHECKUX KOMMIEKCOB.
OCHOBHBIM UCTOYHMKAM AaHHbIX A1 MPUHATUA PELUEHUA U OCYLLECTBNIEHUA TeX WM MHbIX Aeicteuii PTK ABnfsetca cucteMa TeXHUYECKOro 3peHus.
MostoMy cosepuieHcTBoBaHMe CT3 M anroputMoB O6pabOTKM fAaHHbIX OT Hee ABNAETCA BaXKHOM 3ajaveil. B cratbe npepcTaBneHbl pesynbTathl
MCCNeAOBaHUN MO OLEHKU MNOTHOCTU MPEnATCTBUA MO WM3MEPEHWAM PaJMOSIOKALMOHHOIrO KaHana CUCTEMbl TEXHUYECKOrO 3PeHUA Ha3eMHOro
poboToTexHuyeckoro koMnnekca. [laHHas 3aa4a akTyasnibHa Npy aBTOHOMHOM MOCTPOeHUK MapLupyTa HaseMHoro PTK, 1.e. korga HPTK ctpout mapuipyTt
CaMOCTOATENbHO U3 TO4KM A B TOUKY B 1 koppekTupyert ero B ciyqae obHapyxeHua npenatcteuit. OueBnaHo, YTo B cnyvae npumeHenuna HPTK B cenbckoit
MECTHOCTU, ONTUYECKUIM KaHasl BOCMPUMET BbICOKYIO TPaBy Kak MPEMATCTBME M HAYHET MepecTpamBaTh MapLUPYT, YTO MOXET MPUBECTU K YANIMHEHUIO MyTH
WK, B KOHEYHOM CYeT, He BbinosHeHua 3aga4n HPTK. Ananus cyluecTBytoLMX UCCneJoBaHMI NOKa3asl, YTO OLEHWUTb MIOTHOCTb NPENATCTBUA BO3MOXHO
¢ ucnonb3oeaHueM usMepeHuit PJIC MM-agnanasoHa. PesynbraTbl OLiEHKM BO3MOXHOCTM OMPEeAeneHus MNOTHOCTU MPEnATCTBUIA PavONiOKaLIMOHHBLIM
kaHanom 6optoeoit CT3 HPTK c ncnonbsoBaHneM MMUTaLMOHHOM MOAENW PaMONIOKALMOHHOIO KaHana MoKasaau, YTO NNOTHOCTb MPEnATCTBUN MOXET
ObiTb oueHeHa Mo ygenbHow DIP pasnuuHbix npenatcteuit. YaenbHaa S1P npenAatcTBuii ¢ HauMMeHbLIMMM OLUIMGKaMW onpejenfeTca Ha HebonbLUKMX
AanbHocTtax (nopagka 10-15 m). OtgenbHble TMNbI NPENATCTBUIA (4epeBbA, KYCTapPHUKM, BbICOKasA TPaBa) MOTYT GbiTh AOMNOMHUTENIbHO OTCENEKTUPOBAHbI MO
BPEMEHW KOPPESNIALMMN NPUHATOrO CUrHasMa, KOTOPOE Y HUX 3HAYUTENBHO HUXKE, HYEM Yy OAHOPOAHbIX TBEPAbIX MPENATCTBUM (CTeHbI U3 AepeBa UK 6eToHa,
aBToMO6umb). MpuHUMN Ucnonb3osanua yaenbHon SMP 1 BpeMeHU KOppenAuMmM CUrHana 3aBUCUT OT TuMa KiaccudukaTopa (MCKyCCTBEHHAA HelipOoHHas
ceTb, AepeBO peLleHnit u T.n.). KoHKpeTHOM peanusauumn gaHHoro anroputMa GyyT NocBsALLeHbl AanbHeNLe UCCeA0BaHNA aBTOPOB.

Knioueeble cnoea: pobomomexHU4YeCKUl KOMNJIEKC, CUCMEMA MEXHUYECKO20 3peHus, paduosioKauuoHHble u3mepeHus, obpabomka uHpopmauuu,
pacnosHasaHue 06bekMos.
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